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Περίληψη. Τα Νευρωνικά Δίκτυα Γράφων (Graph Neural Networks - GNNs) έχουν επι-
δείξει εντυπωσιακή επιτυχία σε ένα ευρύ φάσμα εργασιών που αφορούν σχεσιακά δεδο-
μένα. Ωστόσο, η απόδοσή τους επιδεινώνεται όσο αυξάνεται το βάθος τους, λόγω του
φαινομένου της υπερ-εξομάλυνσης (oversmoothing), κατά το οποίο οι αναπαραστάσεις
των κόμβων καθίστανται σχεδόν πανομοιότυπες μεταξύ των επιπέδων. Η παρούσα δια-
τριβή παρουσιάζει μια συστηματική μελέτη του προβλήματος της υπερ-εξομάλυνσης και
προτείνει νέες θεωρητικές και εμπειρικές προσεγγίσεις για την αντιμετώπισή του, καθι-
στώντας δυνατή τη σχεδίαση βαθύτερων και εκφραστικότερων αρχιτεκτονικών GNN.
Πρώτον, εισάγουμε μία νέα μετρική σε κάθε επίπεδο (layer-wise) για τη μέτρηση της υπερ-
εξομάλυνσης, συνοδευόμενη από θεωρητικά όρια και εργαλεία πρακτικής ανίχνευσης [1].
Δείχνουμε ότι η υπερ-εξομάλυνση επιδεινώνεται όταν ο αριθμός των πινάκων βαρών συ-
σχετίζεται με το βάθος της διάδοσης μηνυμάτων, και προτείνουμε το G-Reg, μια στρατη-
γική κανονικοποίησης που διατηρεί την ποικιλομορφία των αναπαραστάσεων.
Στη συνέχεια, μελετούμε τις residual συνδέσεις και αναλύουμε τους περιορισμούς τους
στην υποστήριξη αλληλεπιδράσεων μακρινής εμβέλειας μεταξύ κόμβων. Η ανάλυσή μας
δείχνει ότι, παρόλο που τα μοντέλα με residuals (π.χ. APPNP, GCNII) αντιστέκονται στην
υπερ-εξομάλυνση σε τυπικά benchmarks, αποτυγχάνουν σε σενάρια που απαιτούν βαθιά
και εκφραστική διάδοση πληροφορίας [2]. Για την ανάδειξη αυτού, εισάγουμε ένα συνθε-
τικό σύνολο δεδομένων σχεδιασμένο να αξιολογεί την ικανότητα ενός GNN να αποτυπώ-
νει μακρινές εξαρτήσεις.
Έπειτα, εξετάζουμε τη μερική εκπαίδευση (partial training) σε GNNs, όπου εκπαιδεύεται
μόνο ένα επίπεδο ενώ τα υπόλοιπα παραμένουν σταθερά. Τα αποτελέσματά μας αποκα-
λύπτουν ότι η αύξηση του πλάτους του μοντέλου αντισταθμίζει την απουσία πλήρους
εκπαίδευσης και μειώνει σημαντικά την υπερ-εξομάλυνση, ακόμη και σε βαθιές αρχιτε-
κτονικές. Η προσέγγιση αυτή ισοφαρίζει ή ξεπερνά πλήρως εκπαιδευμένα μοντέλα τόσο
σε τυπικά όσο και σε ”cold start” σενάρια [3].
Επιπρόσθετα, προτείνουμε τη μέθοδο G-Init, μια στρατηγική αρχικοποίησης βαρών ενη-
μερωμένη από τη δομή του γράφου, εμπνευσμένη από κλασικές τεχνικές αρχικοποίησης
για βαθιά νευρωνικά δίκτυα [4]. Η G-Init λαμβάνει υπόψη την τοπολογία του γράφου
και βελτιώνει τη ροή των gradients σε βαθιά GNNs, μειώνοντας την υπερ-εξομάλυνση και
ενισχύοντας την επίδοση τους σε προβλήματα ταξινόμησης.
Τέλος, διερευνούμε την επίδραση της συνάρτησης ενεργοποίησης στην υπερ-εξομάλυνση.
Τα θεωρητικά και εμπειρικά ευρήματά μας δείχνουν ότι η τροποποίηση της κλίσης της
ReLU οδηγεί σε καλύτερη ποικιλομορφία αναπαραστάσεων και βελτιωμένη απόδοση σε
βαθιά GNNs, χωρίς να απαιτούνται αλλαγές στην αρχιτεκτονική ή residual συνδέσεις [5].
Συνολικά, οι συνεισφορές αυτές προωθούν την κατανόησή μας σχετικά με τις προκλήσεις
που σχετίζονται με το βάθος στα GNNs και προσφέρουν πολλαπλές, επεκτάσιμες και θεω-
ρητικά τεκμηριωμένες λύσεις για την αντιμετώπιση της υπερ-εξομάλυνσης. Τα ευρήματα
υποδεικνύουν την ανάγκη επαναπροσδιορισμού των αρχών σχεδίασης των βαθιών GNNs
και ανοίγουν τον δρόμο για πιο αξιόπιστες αρχιτεκτονικές κατάλληλες για πραγματικές
εφαρμογές.

Λέξεις κλειδιά: Νευρωνικά Δίκτυα Γράφων, Υπερ-εξομάλυνση
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Abstract. Graph Neural Networks (GNNs) have achieved remarkable success in a wide
range of tasks involving relational data, yet their performance deteriorates as depth in-
creases due to the phenomenon known as oversmoothing, where node representations be-
come indistinguishable across layers. This thesis presents a systematic investigation into
the oversmoothing problem and proposes novel theoretical and empirical approaches for
mitigating it, thus enabling deeper and more expressive GNN architectures.
We first introduce a novel layer-wise metric to quantify oversmoothing, providing theoret-
ical bounds and practical detection tools [1]. We show that oversmoothing is exacerbated
when the number of weight matrices is coupled with the depth of message passing, and
propose G-Reg, a regularization strategy that preserves representational diversity.
Next, we study residual connections and analyze their limitations in enabling long-range
node interactions. Our analysis shows that while residual-based models (e.g., APPNP, GC-
NII) resist oversmoothing on standard benchmarks, they fail in settings requiring deep and
expressive propagation [2]. To highlight this, we introduce a synthetic dataset tailored to
evaluate the capability of a GNN to capture long-range dependencies.
We then explore partial training in GNNs, where only a single layer is trained while oth-
ers remain fixed. Our results reveal that increasing model width counteracts the lack of
full training and significantly reduces oversmoothing, even in deep architectures. This
approach matches or outperforms fully trained models in both standard and “cold start”
scenarios [3].
Building on this, we propose G-Init, a graph informedweight initialization strategy inspired
by classical deep learning initialization techniques [4]. G-Init accounts for graph topology
and improves gradient flow in deep GNNs, reducing oversmoothing and enhancing classi-
fication performance across tasks.
Finally, we investigate the impact of the activation function on oversmoothing. Our theo-
retical and empirical findings demonstrate that modifying the slope of ReLU leads to better
representational diversity and improved performance in deep GNNs, without employing
architectural changes or residual connections [5].
Together, these contributions advance our understanding of depth-related challenges in
GNNs and offermultiple scalable, theoretically grounded solutions to overcome oversmooth-
ing. The findings support a rethinking of GNN design principles and pave the way for more
robust architectures suited to real-world problems.

Keywords: Graph Neural Networks, Oversmoothing
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Κεφάλαιο I

Εκτενής Περίληψη στα Ελληνικά

I Εισαγωγή

I.I Νευρωνικά Δίκτυα Γράφων (Graph Neural Networks - GNNs)

Τα Νευρωνικά Δίκτυα Γράφων (GNNs) έχουν αναδειχθεί ως ο ακρογωνιαίος λίθος για την
ανάλυση και την εκμάθηση από δεδομένα δομημένα σε μορφή γράφου. Η ικανότητά τους
να συνδυάζουν τα χαρακτηριστικά των κόμβων με την εγγενή συνδεσιμότητα των γρά-
φων έχει οδηγήσει σε αξιοσημείωτες προόδους σε πολλούς τομείς. Τα GNNs αποτελούν
μια κατηγορία νευρωνικών δικτύων ειδικά σχεδιασμένων για την επεξεργασία δεδομένων
που μπορούν να αναπαρασταθούν ως γράφοι. Σε έναν γράφο, οι οντότητες μοντελοποιού-
νται ως κόμβοι και οι σχέσεις μεταξύ τους ως ακμές.

Τυπικά, έστω G = (V,E,X) ένας μη κατευθυνόμενος γράφος, με N = |V | κόμβους ui ∈
V , ακμές (ui, uj) ∈ E και X = [x1, . . . , xN ]

T ∈ RN×C τα αρχικά χαρακτηριστικά των
κόμβων. Οι ακμές σχηματίζουν έναν πίνακα γειτνίασης A ∈ RN×N , όπου το στοιχείο Ai,j

συσχετίζεται με την ακμή (ui, uj). Κατά τη φάση της εκπαίδευσης, είναι προσβάσιμες μόνο
οι ετικέτες ενός υποσυνόλου Vl ⊂ V . Ο στόχος είναι η ανάπτυξη ενός ταξινομητή που
αξιοποιεί την τοπολογία του γράφου και τα παρεχόμενα διανύσματα χαρακτηριστικών
για να κάνει προβλέψεις. Τα GNNs μαθαίνουν μια συνάρτηση F : G → Z , όπου Z ∈
RN×m είναι ο πίνακας των τελικών αναπαραστάσεων (embeddings).

I.I.1 Το Πλαίσιο Διάδοσης Μηνυμάτων (Message-Passing Framework)

Το κυρίαρχο πλαίσιο για τα GNNs είναι το πλαίσιο διάδοσης μηνυμάτων (ή συνάθροισης
γειτονιάς). Ένα GNN αποτελείται από L επίπεδα (layers), όπου στο επίπεδο l κάθε κόμβος
u διατηρεί μια κρυφή αναπαράσταση h

(l)
u ∈ Rdl . Η ενημέρωση από το επίπεδο l − 1 στο

επίπεδο l περιλαμβάνει δύο βήματα:

1. Συνάθροιση (Aggregation): Κάθε κόμβος συλλέγει πληροφορίες από τους γείτονές
του. Έστω N(u) το σύνολο των γειτόνων του κόμβου u.

m(l)
u = AGGREGATE(l){h(l−1)

v : v ∈ N(u)}

Η συνάρτηση AGGREGATE(l) είναι συνήθως αμετάβλητη ως προς τις μεταθέσεις
(permutation-invariant), όπως το άθροισμα, ο μέσος όρος ή ένας συνδυασμός με
βάση την προσοχή (attention), διασφαλίζοντας ότι η έξοδος δεν εξαρτάται από την
αυθαίρετη σειρά των γειτόνων.
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2. Συνδυασμός (Combination): Το συναθροισμένο μήνυμα συνδυάζεται με την προη-
γούμενη αναπαράσταση του κόμβου για να παραχθεί η νέα κρυφή αναπαράσταση:

h(l)
u = COMBINE(l)(h(l−1)

u ,m(l)
u )

Στην πράξη, η COMBINE(l) αποτελείται συχνά από έναν γραμμικό μετασχηματισμό
(μέσω ενός πίνακα βαρών) ακολουθούμενο από μια μη γραμμική συνάρτηση ενερ-
γοποίησης (π.χ., ReLU).

Μετά από L τέτοιες επαναλήψεις διάδοσης μηνυμάτων, κάθε κόμβος u αποκτά μια τελική
αναπαράσταση h

(L)
u .

I.I.2 Εκφραστική Ισχύς και Περιορισμοί

Η αναπαραστατική ικανότητα των GNNs που βασίζονται στη διάδοση μηνυμάτων έχει
αναλυθεί μέσω του τεστ ισομορφισμού γράφωνWeisfeiler–Lehman (WL). Έχει αποδειχθεί
ότι αν δύο μη ισομορφικοί γράφοι δεν μπορούν να διακριθούν από το 1-WL τεστ, τότε
κανένα τέτοιο GNN δεν μπορεί να τους αντιστοιχίσει διαφορετικές αναπαραστάσεις [6].
Ωστόσο, καθώς τα GNNs γίνονται βαθύτερα, αντιμετωπίζουν σοβαρούς περιορισμούς,
όπως:

• Υπερ-εξομάλυνση (Oversmoothing):Οι αναπαραστάσεις των κόμβων συγκλίνουν
σε παρόμοιες τιμές, ανεξάρτητα από τις δομικές διαφορές, οδηγώντας σε απώλεια
διακριτικότητας.

• Υπερ-συμπίεση (Oversquashing):Η ροή πληροφορίας από απομακρυσμένους κόμ-
βους παρεμποδίζεται, καθώς τα σήματα από εκθετικά επεκτεινόμενες γειτονιές διο-
χετεύονται μέσω περιορισμένης χωρητικότητας διαδρομών.

I.II Βαθιά Νευρωνικά Δίκτυα Γράφων (Deep GNNs)

Τα Βαθιά Νευρωνικά Δίκτυα Γράφων στοχεύουν στην ενίσχυση της εκφραστικής ισχύος
των τυπικών αρχιτεκτονικών μέσω της στοίβαξης πολλαπλών επιπέδων διάδοσης μηνυ-
μάτων. Κάθε επίπεδο GNN επιτρέπει σε έναν κόμβο να συναθροίζει και να μετασχηματίζει
πληροφορίες από τους άμεσους γείτονές του, χτίζοντας σταδιακά μια αναπαράσταση που
αποτυπώνει τόσο τα χαρακτηριστικά του κόμβου όσο και το τοπικό δομικό του πλαίσιο.

I.II.1 Κίνητρα για Βάθος

Το κίνητρο για τη χρήση βαθιών GNNs πηγάζει από την ανάγκη ενσωμάτωσης πληροφο-
ριών από απομακρυσμένα μέρη του γράφου. Σε πολλές εφαρμογές, όπως η πρόβλεψη μο-
ριακών ιδιοτήτων ή η ανάλυση κοινωνικών δικτύων, η υποκείμενη σημασιολογία εξαρτά-
ται από εξαρτήσεις μεγάλης εμβέλειας (long-range dependencies). Τα ρηχά GNNs, περιο-
ρισμένα σε ένα ή δύο «άλματα» (hops), είναι ανεπαρκή για τη σύλληψη τέτοιων πολύπλο-
κων, μη-τοπικών εξαρτήσεων, οδηγώντας στο πρόβλημα της υπο-προσέγγισης (under-
reach), όπου το μοντέλο δεν έχει πρόσβαση στην κατάλληλη πληροφορία.
Επιπλέον, από θεωρητική άποψη, τα βαθύτερα GNNs είναι πιο εκφραστικά και ικανά να
διακρίνουν διαφορετικές δομές γράφων, καθώς μπορούν να συλλάβουν μοτίβα που βρί-
σκονται πέρα από την αναπαραστατική ικανότητα των ρηχότερων μοντέλων.
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I.II.2 Προκλήσεις των Βαθιών GNNs

Παρά τα θεωρητικά τους πλεονεκτήματα, τα βαθιά GNNs αντιμετωπίζουν μια σειρά από
κρίσιμους περιορισμούς που εμποδίζουν την πρακτική τους χρηστικότητα. Πέρα από ένα
ορισμένο βάθος, η απόδοση συχνά επιδεινώνεται αντί να βελτιώνεται. Αυτή η υποβάθμιση
αποδίδεται σε διάφορα φαινόμενα:

1. Υπερ-εξομάλυνση (Oversmoothing): Καθώς αυξάνεται το βάθος, οι αναπαραστά-
σεις των κόμβων τείνουν να συγκλίνουν σε ένα σταθερό σημείο, οδηγώντας σε απώ-
λεια της ικανότητας του μοντέλου να διακρίνει διαφορετικές κλάσεις. Αυτό αποτε-
λεί το κύριο εμπόδιο στην κατασκευή αποτελεσματικών βαθιών GNNs [7].

2. Υπερ-συμπίεση (Oversquashing): Το φαινόμενο αυτό εμποδίζει την ακριβή μετά-
δοση εξαρτήσεων μεγάλης εμβέλειας, καθώς τα σήματα από απομακρυσμένους κόμ-
βους παρεμβάλλονται ή χάνονται εντελώς λόγω του φαινομένου της «συμφόρησης»
(bottleneck effect) [8].

3. Εξαφάνιση και Έκρηξη Κλίσεων (Vanishing and Exploding Gradients):Όπως και
σε άλλες βαθιές νευρωνικές αρχιτεκτονικές, η εκπαίδευση γίνεται δύσκολη λόγω
ασταθών κλίσεων, ένα πρόβλημα που επιδεινώνεται από τις μη γραμμικές συναρ-
τήσεις ενεργοποίησης και τα επίπεδα κανονικοποίησης.

4. Ομογενοποίηση Κλίσεων (Gradient Homogenization):Οι κλίσεις που σχετίζονται
με διαφορετικούς κόμβους γίνονται όλο και πιο παρόμοιες, περιορίζοντας την ικα-
νότητα του μοντέλου να εστιάζει σε χρήσιμες πληροφορίες.

5. Απώλεια Τοπικότητας (Loss of Locality): Ενώ τα βαθιά δίκτυα συναθροίζουν πε-
ρισσότερη παγκόσμια πληροφορία, μπορεί να χάσουν την ευαισθησία τους σε ση-
μαντικά τοπικά χαρακτηριστικά, καθώς τα μηνύματα από απομακρυσμένους κόμ-
βους κυριαρχούν στην αναπαράσταση.

6. Περιορισμοί Κλιμάκωσης και Πόρων (Scalability and Resource Constraints): Τα
βαθύτεραGNNs συνεπάγονται υψηλότερο υπολογιστικό κόστος και κόστος μνήμης,
ειδικά σε γράφους μεγάλης κλίμακας.

I.III Υπερ-εξομάλυνση (Oversmoothing): Ορισμός και Σημασία

Η υπερ-εξομάλυνση αναφέρεται στο φαινόμενο κατά το οποίο οι επαναλαμβανόμενες λει-
τουργίες διάδοσης μηνυμάτων ή συνάθροισης σε ένα GNN οδηγούν τις αναπαραστάσεις
χαρακτηριστικών των κόμβων να γίνονται όλο και πιο παρόμοιες ή ακόμα και μη διακρι-
τές σε όλο τον γράφο.
Τυπικά, έστω H(l) ∈ RN×dl ο πίνακας των αναπαραστάσεων των κόμβων μετά από l
επίπεδα ενός GNN. Σε πολλές αρχιτεκτονικές GNN, ο κανόνας ενημέρωσης μπορεί να
εκφραστεί ως:

H(l) = σ
(
ÃH(l−1)W (l−1)

)
όπου Ã είναι ένας κανονικοποιημένος πίνακας γειτνίασης, W (l−1) είναι ένας πίνακας βα-
ρών προς εκμάθηση, και σ(·) είναι μια μη γραμμική συνάρτηση ενεργοποίησης. Καθώς
το l αυξάνεται, ο επαναλαμβανόμενος πολλαπλασιασμός με τον Ã συναθροίζει πληροφο-
ρίες σε μεγαλύτερες γειτονιές, με αποτέλεσμα οι γραμμές του H(l) να ευθυγραμμίζονται
με τα κυρίαρχα ιδιοδιανύσματα του Ã. Όταν οι αναπαραστάσεις συγκλίνουν με αυτόν

19



τον τρόπο, αντανακλώντας μόνο την τοπολογία του γράφου και αγνοώντας τα χαρα-
κτηριστικά εισόδου, η διακριτική ικανότητα των κόμβων χάνεται προοδευτικά. Αυτή η
κατάρρευση της αναπαραστατικής διακύμανσης ονομάζεται υπερ-εξομάλυνση [9].
Το φαινόμενο αυτό χαρακτηρίστηκε αρχικά από φασματική σκοπιά, εξετάζοντας τη συ-
στολή του ιδιοχώρου από την επαναλαμβανόμενη συνέλιξη γράφου: κάθε βήμα διάδοσης
μειώνει τη διασπορά των αναπαραστάσεων, ωθώντας τις προς έναν κοινό υποχώρο. Η
υπερ-εξομάλυνση αποτελεί το πιο θεμελιώδες και μελετημένο εμπόδιο στην κλιμάκωση
των GNNs σε μεγαλύτερο βάθος.

II Υπόβαθρο και Ανασκόπηση Βιβλιογραφίας

II.I Βασικές Έννοιες και Αναπαράσταση Γράφων

II.I.1 Βασικές Έννοιες Γράφων

Ένας γράφος είναι μια θεμελιώδης δομή δεδομένων, οριζόμενηως ένα διατεταγμένο ζεύγος
G = (V,E), όπου V είναι το σύνολο των κορυφών (ή κόμβων) και E ⊆ V × V είναι το
σύνολο των ακμών. Ο αριθμός των κορυφών συμβολίζεται με N = |V |.
Οι γράφοι μπορούν να ταξινομηθούν ανάλογα με την κατεύθυνση των ακμών:

• Μη Κατευθυνόμενοι Γράφοι: Κάθε ακμή {u, v} ∈ E αντιπροσωπεύει μια αμφί-
δρομη σύνδεση. Ο πίνακας γειτνίασης A είναι συμμετρικός (Aij = Aji).

• Κατευθυνόμενοι Γράφοι: Κάθε ακμή (u, v) ∈ E είναι ένα διατεταγμένο ζεύγος που
υποδηλώνει σύνδεση από τον κόμβο u στον κόμβο v. Ο πίνακας γειτνίασης είναι
γενικά ασύμμετρος.

Ο πίνακας γειτνίασηςA ∈ {0, 1}N×N κωδικοποιεί την παρουσία ή απουσία ακμών:Aij =
1 αν υπάρχει ακμή από τον κόμβο i στον κόμβο j, και 0 διαφορετικά.
Ο πίνακας βαθμούD ∈ RN×N είναι ένας διαγώνιος πίνακας του οποίου τα στοιχεία αντι-
στοιχούν στους βαθμούς των κορυφών. Για μη κατευθυνόμενους γράφους, ο βαθμός του
κόμβου i ορίζεται ως deg(i) =

∑N
j=1 Aij , και Dii = deg(i).

II.I.2 Χαρακτηριστικά Κόμβων και Αναπαραστάσεις

Σε πολλές εφαρμογές, οι κορυφές ενός γράφου συσχετίζονται με διανύσματα χαρακτηρι-
στικών που κωδικοποιούν εγγενή ή περιβαλλοντικά χαρακτηριστικά. Αυτά συλλέγονται
σε έναν πίνακα χαρακτηριστικών X ∈ RN×C , όπου κάθε γραμμή xi ∈ RC αντιπροσω-
πεύει τα χαρακτηριστικά της κορυφής i, και C είναι η διάσταση των χαρακτηριστικών
εισόδου.
Μια αναπαράσταση (embedding) είναι ένας μετασχηματισμός που προβάλλει αυτά τα
διανύσματα χαρακτηριστικών σε έναν χώρο χαμηλότερης (συνήθως) διάστασης, διατη-
ρώντας παράλληλα τις δομικές και τις βασισμένες σε χαρακτηριστικά σχέσεις. Ο στόχος
είναι οι γραμμές hi ∈ Rd του πίνακα αναπαραστάσεων H να κωδικοποιούν τόσο τα το-
πικά μοτίβα συνδεσιμότητας όσο και τα αρχικά χαρακτηριστικά της κορυφής i.

II.II Γεωμετρική Μάθηση (Geometric Learning)

Η Γεωμετρική Μάθηση (ή Γεωμετρική Βαθιά Μάθηση) είναι η μελέτη και ανάπτυξη μοντέ-
λων μηχανικής μάθησης που εκμεταλλεύονται ρητά τη γεωμετρική και τοπολογική δομή
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που είναι εγγενής σε πεδία δεδομένων που δεν αναπαρίστανται φυσικά στον Ευκλείδειο
χώρο.
Ενώ τα παραδοσιακά μοντέλα βαθιάς μάθησης (όπως τα CNNs για εικόνες) έχουν σχε-
διαστεί για την επεξεργασία δεδομένων με κανονικές δομές, η γεωμετρική βαθιά μάθηση
επεκτείνει αυτές τις έννοιες (π.χ., συνέλιξη, ομαδοποίηση, συνάθροιση χαρακτηριστικών)
για να χειριστεί δεδομένα που βρίσκονται σε μη Ευκλείδειους χώρους, συμπεριλαμβανο-
μένων γράφων με ακανόνιστη συνδεσιμότητα.
Στον πυρήνα της, η γεωμετρική μάθηση στοχεύει στον εντοπισμό και την επιβολή κατάλ-
ληλων επαγωγικών προκαταλήψεων (inductive biases), συνήθως με τη μορφή αναλλοίω-
σης (invariance) ή ισομεταβλητότητας (equivariance) σε μετασχηματισμούς που υπαγο-
ρεύονται από την υποκείμενη γεωμετρία [10].

II.II.1 Κατηγορίες Γεωμετρικής Μάθησης

Η γεωμετρική μάθηση μπορεί να χωριστεί σε πέντε αλληλένδετες κατηγορίες, γνωστές ως
τα «πέντε G’s» [10]:

1. Grids (Πλέγματα): Κανονικά πλέγματα (π.χ., εικόνες), όπου οι κλασικές αρχιτεκτο-
νικές συνέλιξης εκμεταλλεύονται τη μεταφορική αναλλοίωση.

2. Groups (Ομάδες): Συμμετρικές ομάδες και οι δράσεις τους, όπου οι συνελίξεις ομά-
δων επεκτείνουν την ιδέα της κοινής χρήσης βαρών σε πιο γενικές ομάδες μετασχη-
ματισμού (π.χ., περιστροφές).

3. Graphs (Γράφοι): Διακριτές σχεσιακές δομές, όπου οι μέθοδοι βασισμένες σε γρά-
φους γενικεύουν την αρχή ορίζοντας λειτουργίες συνέλιξης μέσω σχημάτων διάδο-
σης μηνυμάτων.

4. Geodesics (Γεωδαισιακές): Συνεχείς πολλαπλότητες με Ριμάνιες μετρικές, όπου οι
μέθοδοι ορίζουν πυρήνες συνέλιξης σε σχέση με γεωδαισιακές αποστάσεις.

5. Gauges: Τοπικά πλαίσια αναφοράς σε πολλαπλότητες, όπου οι αρχιτεκτονικές ισο-
μεταβλητότητας βαθμίδας μοντελοποιούν ρητά τις αναπαραστάσεις ως πεδία που
μετασχηματίζονται κατάλληλα υπό αλλαγές τοπικών πλαισίων αναφοράς.

II.II.2 Εφαρμογές

Η ανάγκη για γεωμετρική μάθηση προέκυψε από την παρατήρηση ότι πολλά δεδομένα
του πραγματικού κόσμου είναι εγγενώς μη Ευκλείδεια (π.χ., κοινωνικά δίκτυα, μοριακές
δομές, 3D πλέγματα). Η κωδικοποίηση γνωστών συμμετριών και αναλλοίωτων απευθείας
στην αρχιτεκτονική του δικτύου μειώνει τον χώρο υποθέσεων, βελτιώνοντας την αποδο-
τικότητα του δείγματος και μειώνοντας την υπερ-προσαρμογή (overfitting).
Οι μέθοδοι γεωμετρικής μάθησης έχουν επιδείξει κορυφαία απόδοση σε ένα ευρύ φάσμα
εργασιών, όπως:

• Πρόβλεψη μοριακών ιδιοτήτων.

• Ταξινόμηση και τμηματοποίηση σημειακών νεφών (point-cloud).

• Ανάλυση κοινωνικών δικτύων.

• Πρόβλεψη κυκλοφορίας σε γράφους οδικών δικτύων.
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Η ιστορική εξέλιξη της γεωμετρικής μάθησης περιλαμβάνει τρεις φάσεις:
1. Πρώτη Φάση: Εστίαση σε πρώιμες αρχιτεκτονικές βασισμένες σε γράφους, όπως

τα επαναλαμβανόμενα GNNs και οι φασματικές μέθοδοι που βασίζονται στον Λα-
πλασιανό του γράφου.

2. Δεύτερη Φάση: Άνοδος των χωρικών GNNs, με κυρίαρχο το παράδειγμα διάδοσης
μηνυμάτων.

3. Τρίτη Φάση: Χαρακτηρίζεται από προσπάθειες ενοποίησης αυτών των προσεγγί-
σεων υπό ένα ενιαίο μαθηματικό πλαίσιο, αναγνωρίζοντας κοινές έννοιες συμμε-
τρίας και ισομεταβλητότητας.

II.III Σχετικές Εργασίες για την Αντιμετώπιση της
Υπερ-εξομάλυνσης

Η αντιμετώπιση της υπερ-εξομάλυνσης αποτελεί κεντρικό ερευνητικό ζήτημα, με τη βι-
βλιογραφία να προτείνει λύσεις που μπορούν να κατηγοριοποιηθούν σε τρεις κύριες κα-
τευθύνσεις: (i) Τροποποιήσεις στην Αρχιτεκτονική, (ii) Τεχνικές Εκπαίδευσης και (iii) Μέ-
θοδοι Διάδοσης.

II.III.1 Τροποποιήσεις στην Αρχιτεκτονική

Αυτές οι μέθοδοι στοχεύουν στην αλλαγή του τρόπου με τον οποίο τα επίπεδα του GNN
αλληλεπιδρούν μεταξύ τους, ώστε να διατηρείται η πληροφορία των κόμβων σε μεγαλύ-
τερο βάθος.

• Residual και Skip Συνδέσεις: Η πιο διαδεδομένη προσέγγιση είναι η ενσωμάτωση
συνδέσεων παράκαμψης (skip connections), όπως οι residual συνδέσεις, οι οποίες
επιτρέπουν την απευθείας ροή πληροφορίας από τα αρχικά επίπεδα στα βαθύ-
τερα. Αυτό βοηθά στη σταθεροποίηση των κλίσεων και στην άμβλυνση της υπερ-
εξομάλυνσης, καθώς η τελική αναπαράσταση είναι ένας συνδυασμός της τοπικά
συναθροισμένης πληροφορίας και της αρχικής πληροφορίας του κόμβου. Παρα-
δείγματα περιλαμβάνουν τα GCNII [11] και PPRGNN [12], τα οποία υιοθετούν το
πλαίσιο του ResNet.

• Ειδικά Σχεδιασμένα Επίπεδα: Άλλες αρχιτεκτονικές εισάγουν επίπεδα που έχουν
σχεδιαστεί για να περιορίζουν την εξομάλυνση. Το PairNorm [13] χρησιμοποιεί κα-
νονικοποίηση για να διατηρήσει τη μέση απόσταση μεταξύ των ενσωματώσεων των
κόμβων σε κάθε επίπεδο. Το DropEdge [14] διαγράφει τυχαία ακμές κατά την εκπαί-
δευση, μειώνοντας έτσι την πυκνότητα του γράφου και επιβραδύνοντας τη διάδοση
της πληροφορίας, γεγονός που καθυστερεί την υπερ-εξομάλυνση.

II.III.2 Τεχνικές Εκπαίδευσης και Βελτιστοποίησης

Αυτές οι μέθοδοι εστιάζουν στον τρόπο με τον οποίο εκπαιδεύεται το μοντέλο, αντί να
αλλάζουν την ίδια την αρχιτεκτονική.

• Κανονικοποίηση (Regularization): Η χρήση όρων κανονικοποίησης στη συνάρ-
τηση κόστους μπορεί να ενθαρρύνει τις αναπαραστάσεις να παραμείνουν διακριτές,
καθώς προστίθεται ένας όρος που τιμωρεί τη μείωση της διακύμανσης των αναπα-
ραστάσεων.
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• Αρχικοποίηση Βαρών: Η σωστή αρχικοποίηση των βαρών είναι κρίσιμη για τη
σταθερότητα της εκπαίδευσης σε βαθιά δίκτυα. Μέθοδοι όπως η G-Init (που προ-
τείνεται στην παρούσα διατριβή) λαμβάνουν υπόψη τη δομή του γράφου για να εξι-
σορροπήσουν τη διασπορά των σημάτων και των κλίσεων, επεκτείνοντας τις αρχές
των [15] σε μη Ευκλείδειους χώρους.

• Μερική Εκπαίδευση (Partial Training): Η ιδέα της εκπαίδευσης μόνο ενός υπο-
συνόλου των επιπέδων, όπως προτείνεται στην παρούσα εργασία, λειτουργεί ως
μορφή κανονικοποίησης, διατηρώντας την ποικιλομορφία των αναπαραστάσεων.

II.III.3 Μέθοδοι Διάδοσης (Propagation Methods)

Αυτές οι μέθοδοι τροποποιούν τον τρόπο με τον οποίο η πληροφορία διαδίδεται μεταξύ
των κόμβων.

• Εξατομικευμένη Διάδοση (Personalized Propagation): Μοντέλα όπως το APPNP
[16] χρησιμοποιούν εξατομικευμένο PageRank για να διατηρήσουν την πληροφορία
του αρχικού κόμβου, επιτρέποντας τη διάδοση σε μεγάλο βάθος χωρίς να χάνεται
η τοπική πληροφορία.

• Αυτόνομη Διάδοση (Decoupled Propagation): Ορισμένες αρχιτεκτονικές διαχω-
ρίζουν τη διάδοση της πληροφορίας από τον μετασχηματισμό των χαρακτηριστι-
κών. Το SGC [17] αφαιρεί τις μη γραμμικότητες και τους πίνακες βαρών μεταξύ των
επιπέδων, εκτελώντας μόνο διάδοση, γεγονός που επιταχύνει την εκπαίδευση και
μειώνει την υπερ-εξομάλυνση.

Η παρούσα διατριβή, όπως περιγράφεται στην αρχική περίληψη, συμβάλλει σε όλες αυτές
τις κατηγορίες, εισάγοντας μια νέα μετρική διάγνωσης (MASED), αναλύοντας τους πε-
ριορισμούς των residual συνδέσεων, προτείνοντας μια νέα τεχνική εκπαίδευσης (Μερική
Εκπαίδευση), μια νέα αρχικοποίηση βαρών (G-Init), και μια τροποποίηση στη συνάρτηση
ενεργοποίησης (slope-ReLU).
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III Κεφάλαιο 3: Ανάλυση της Επίδρασης των Νορμών
των Αναπαραστάσεων και των Ιδιαζουσών Τιμών
στην Υπερ-εξομάλυνση

Το παρόν κεφάλαιο εισάγει μια θεμελιώδη προσέγγιση για την ποσοτικοποίηση και τη
μείωση της υπερ-εξομάλυνσης (oversmoothing) στα βαθιά Νευρωνικά Δίκτυα Γράφων
(GNNs). Η υπερ-εξομάλυνση αποτελεί ένα κρίσιμο εμπόδιο στην ανάπτυξη εκφραστι-
κών, βαθιών αρχιτεκτονικών GNN. Για την αντιμετώπιση αυτής της πρόκλησης, προτεί-
νεται μια νέα μετρική απόστασης, η Μέση Τετραγωνική Ευκλείδεια Απόσταση (Mean
Average Squared Euclidean Distance - MASED), η οποία ποσοτικοποιεί τον βαθμό της
υπερ-εξομάλυνσης σε ένα δεδομένο μοντέλο.

Η ανάλυση του MASED περιλαμβάνει την εξαγωγή των άνω και κάτω ορίων του, αποκα-
λύπτοντας τη σχέση μεταξύ των αποστάσεων των αναπαραστάσεων των κόμβων και της
δομής του πίνακα βαρών. Συγκεκριμένα, αναδεικνύεται ο κεντρικός ρόλος των νορμών
των αναπαραστάσεων των κόμβων (node embedding norms) και των μικρότερων ιδιαζου-
σών τιμών (smallest singular values) των πινάκων βαρών, παράμετροι που είχαν παραβλε-
φθεί σε μεγάλο βαθμό. Η διατήρηση της διακύμανσης των αναπαραστάσεων των κόμβων
και η αύξηση του κάτω ορίου του MASED επιτυγχάνεται μέσω της αύξησης αυτών των
παραμέτρων.

Επιπλέον, η μετρική MASED έχει αποδειχθεί ότι μπορεί να προβλέψει την έναρξη της
υπερ-εξομάλυνσης νωρίς στη διαδικασία εκμάθησης. Μια ταχεία μείωση του MASED, συ-
νοδευόμενη από συρρίκνωση των ιδιαζουσών τιμών του πίνακα βαρών, οδηγεί σε κακή
απόδοση του μοντέλου.

Ως στρατηγική μετριασμού, προτείνεται μια νέα μέθοδος κανονικοποίησης, η G-Reg, η
οποία στοχεύει στη μείωση της συγγραμμικότητας μεταξύ των γραμμών των πινάκων βα-
ρών, αυξάνοντας έτσι τις μικρότερες ιδιάζουσες τιμές τους. Η G-Reg δοκιμάζεται πειραμα-
τικά σε βαθιά GCNs, residual GCNs και SGCs, με έως και 32 επίπεδα, μειώνοντας την υπερ-
εξομάλυνση και επιδεικνύοντας οφέλη σε σενάρια περιορισμένης πληροφορίας, όπως το
“cold start”. Τέλος, διερευνάται η επίδραση της μείωσης του πλήθους των πινάκων βαρών
σε συναθροίσεις πολλαπλών αλμάτων (multi-hop aggregation) μέσω της χρήσης λιγότε-
ρων πινάκων βαρών από τον αριθμό των αλμάτων γειτονιάς.
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IV Κεφάλαιο 4: Ανάλυση της Επίδρασης των Residual
Συνδέσεων στην Υπερ-εξομάλυνση

Το κεφάλαιο αυτό διερευνά τον ρόλο των residual συνδέσεων στον μετριασμό της υπερ-
εξομάλυνσης και στη δυνατότητα χρήσης βαθιών GNNs για εργασίες που απαιτούν αλλη-
λεπιδράσεις μεγάλης εμβέλειας. Ενώ οι συνδέσεις παράκαμψης (skip connections) τύπου
residual προσφέρουν έναν απλό μηχανισμό για τη διατήρηση της ποικιλομορφίας των χα-
ρακτηριστικών σε πολλά επίπεδα, η παρούσα εργασία εξετάζει τους περιορισμούς τους.

Συγκεκριμένα, αναλύεται μια οικογένεια μοντέλων που χρησιμοποιούν residual συνδέσεις,
όπως τα APPNP, GCNII και PPRGNN. Η ανάλυση αποδεικνύει ότι η προσθήκη residual
συνδέσεων σε κάθε επίπεδο ενός GNN καθιστά το μοντέλο ισοδύναμο με το σταθμισμένο
άθροισμα των αναπαραστάσεων από μοντέλα διαφορετικού βάθους, με εκθετικά μειούμε-
νους συντελεστές.

Ένα βασικό εύρημα αφορά την Απεικόνιση Ταυτότητας (Identity Mapping), όπου αποδει-
κνύεται ότι η προσθήκη του πίνακα ταυτότητας σε κάθε πίνακα βαρών ισοδυναμεί με ένα
σταθμισμένο άθροισμα δυνάμεων (weighted powerset sum) των πινάκων βαρών του μο-
ντέλου. Αυτό το αποτέλεσμα ρίχνει φως στη σχέση μεταξύ της απεικόνισης ταυτότητας
και της υπερ-εξομάλυνσης.

Επιπλέον, το μοντέλο APPNP αναδιατυπώνεται και αποδεικνύεται ότι ανάγεται σε μια
επανάληψη δύναμης (power iteration), με ρυθμό σύγκλισης που εξαρτάται από την πα-
ράμετρο ισχύος του residual (α). Εξάγεται ένας τύπος που συνδέει την παράμετρο α, το
βάθος και την ανοχή του μοντέλου, όπου η ανοχή μετρά την εγγύτητα των αναπαραστά-
σεων που δημιουργούνται από διαδοχικά επίπεδα.

Τα πειράματα, ειδικά σε σενάρια με μειωμένη πληροφορία (όπως το “cold start”) και σε
συνθετικά σύνολα δεδομένων με ελεγχόμενες αλληλεπιδράσεις μεγάλης εμβέλειας, απο-
καλύπτουν τους περιορισμούς των μεθόδων που χρησιμοποιούν residual συνδέσεις. Αυτές
οι μέθοδοι δίνουν έμφαση στα αρχικά χαρακτηριστικά των κόμβων, μιμούμενες έτσι ρη-
χές αρχιτεκτονικές και περιορίζοντας την ικανότητα του μοντέλου να συλλαμβάνει τις
απαραίτητες αλληλεπιδράσεις μεγάλης εμβέλειας.
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V Κεφάλαιο 5: Μερικώς Εκπαιδευμένα Νευρωνικά
Δίκτυα Γράφων Αντιστέκονται στην
Υπερ-εξομάλυνση

Το κεφάλαιο αυτό εξετάζει τη θεωρητική και πειραματική ικανότητα αναπαράστασης των
μερικώς εκπαιδευμένων GNNs, δηλαδή μοντέλων στα οποία μόνο ένα επίπεδο εκπαιδεύε-
ται, ενώ τα υπόλοιπα διατηρούνται στην αρχική τους τυχαία κατάσταση. Η προσέγγιση
αυτή βασίζεται στην παρατήρηση ότι ακόμη και ένα μη εκπαιδευμένο GCN μπορεί να πα-
ράγει χρήσιμες αναπαραστάσεις κόμβων.

Τα ευρήματα δείχνουν ότι η αύξηση του εύρους (width) των μερικώς εκπαιδευμένων GCNs
ενισχύει την απόδοσή τους και τα καθιστά ανθεκτικά στην υπερ-εξομάλυνση. Η ανάλυση
αυτή επεκτείνεται και σε αρχιτεκτονικές GAT και GCNII, επιβεβαιώνοντας τους ισχυρι-
σμούς.

Η θεωρητική ανάλυση εστιάζει στις ιδιότητες των μη εκπαιδευμένων πινάκων βαρών, χρη-
σιμοποιώντας το Νόμο Bai-Yin για να συνδέσει την αρχικοποίησηGlorot με τη μεγαλύτερη
ιδιάζουσα τιμή των πινάκων. Εξετάζεται το γινόμενο των μη εκπαιδευμένων πινάκων βα-
ρών και η κατανομή των στοιχείων τους. Αυτή η ανάλυση εξηγεί πώς η πληροφορία των
αρχικών κόμβων ρέει και μετασχηματίζεται μέσω του δικτύου.

Πειραματικά, αποδεικνύεται η ισχύς των βαθιών μερικώς εκπαιδευμένων GCNs στην αντί-
σταση στην υπερ-εξομάλυνση. Επιπλέον, τονίζονται τα πλεονεκτήματα αυτών των δι-
κτύων σε σενάρια περιορισμένης πληροφορίας, όπως το “cold start”, όπου τα χαρακτηρι-
στικά των κόμβων είναι διαθέσιμα μόνο για τους επισημασμένους κόμβους. Τέλος, διερευ-
νάται η βέλτιστη θέση και ο τύπος του εκπαιδεύσιμου επιπέδου εντός του δικτύου, με ένα
απλό επίπεδο GCN να αποτελεί μια αποτελεσματική επιλογή.
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VI Κεφάλαιο 6: Μείωση της Υπερ-εξομάλυνσης μέσω
Ενημερωμένης Αρχικοποίησης Βαρών στα GNNs

Το κεφάλαιο αυτό αντιμετωπίζει το πρόβλημα της υπερ-εξομάλυνσης στα βαθιά GNNs
μέσω της αρχικοποίησης των βαρών. Οι υπάρχουσες μέθοδοι αρχικοποίησης (όπως οι
Kaiming ή Xavier) παραμελούν τις δομικές ιδιότητες των δεδομένων γράφου και τη μονα-
δική συμπεριφορά διάδοσης σήματος που είναι εγγενής στις αρχιτεκτονικές των GNNs.

Η εργασία γενικεύει την ανάλυση των [15] για τα GNNs, παρουσιάζοντας τύπους για
τη διακύμανση των σημάτων (forward signals) και των κλίσεων (backward gradients) που
ρέουν μέσα στο δίκτυο. Η ανάλυση καλύπτει ένα παραμετρικό GNN που μπορεί να συν-
δυάζει συνέλιξη γράφου, residual συνδέσεις, skip συνδέσεις και απεικόνιση ταυτότητας,
καλύπτοντας έτσι την πλειονότητα των υφιστάμενων μοντέλων.

Με βάση αυτά τα θεωρητικά αποτελέσματα, προτείνεται μια νέα μέθοδος αρχικοποίησης
βαρών, η G-Init, ειδικά προσαρμοσμένη για GCNs. Η G-Init στοχεύει στη σταθεροποίηση
της διακύμανσης και αξιοποιεί τη σχέση της με τη μείωση της υπερ-εξομάλυνσης. Αυτό το
αποτέλεσμα αποδίδεται στις αρχικές μεγαλύτερες ιδιάζουσες τιμές των πινάκων βαρών,
οι οποίες επηρεάζουν τις τελικές ιδιάζουσες τιμές μετά τη σύγκλιση, και οι οποίες είναι
γνωστό ότι σχετίζονται με την υπερ-εξομάλυνση.

Τα πειράματα επιβεβαιώνουν τα θεωρητικά αποτελέσματα, χρησιμοποιώντας βαθιάGCNs
και GATs σε 8 σύνολα δεδομένων για εργασίες ταξινόμησης κόμβων. Η G-Init αποδεικνύ-
εται ότι μειώνει την υπερ-εξομάλυνση και προσφέρει οφέλη σε σενάρια “cold start”. Επι-
πλέον, η επέκταση των πειραμάτων σε εργασίες ταξινόμησης γράφων δείχνει ότι η G-Init
υπερτερεί των τυπικών μεθόδων αρχικοποίησης και σε αυτά τα προβλήματα.
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VII Κεφάλαιο 7: Μείωση της Υπερ-εξομάλυνσης στα
GNNs μέσω Αλλαγής της Συνάρτησης
Ενεργοποίησης

Το κεφάλαιο αυτό διερευνά την υπερ-εξομάλυνση στα βαθιά GNNs από μια νέα οπτική
γωνία, εστιάζοντας στον αντίκτυπο της συνάρτησης ενεργοποίησης και του ρυθμού εκμά-
θησης (learning rate) ανά επίπεδο. Αποδεικνύεται, τόσο θεωρητικά όσο και πειραματικά,
ότι η επιλογή και η διαμόρφωση των συναρτήσεων ενεργοποίησης παίζουν κεντρικό ρόλο
στη δυναμική εξομάλυνσης των αναπαραστάσεων των κόμβων.

Συγκεκριμένα, αναλύεται η συμβολή της τυπικής ενεργοποίησης ReLU στην κατάρρευση
των αναπαραστάσεων σε βαθιά GNNs. Βασιζόμενοι σε αυτή τη διαπίστωση, προτείνε-
ται μια απλή αλλά αποτελεσματική τροποποίηση: η προσαρμογή της κλίσης (slope) της
ReLU για τη διατήρηση της αναπαραστατικής ποικιλομορφίας μεταξύ των επιπέδων. Η
μέθοδος αυτή δεν απαιτεί αλλαγές στην αρχιτεκτονική του δικτύου ή την εισαγωγή skip
συνδέσεων.

Η εργασία παρέχει την πρώτη μελέτη σχετικά με τον ρόλο της συνάρτησης ενεργοποίησης
και του ρυθμού εκμάθησης ανά επίπεδο στην υπερ-εξομάλυνση. Θεωρητικά, αποδεικνύε-
ται η σύνδεση μεταξύ της κλίσης της ReLU και των ιδιαζουσών τιμών των πινάκων βαρών,
οι οποίες σχετίζονται με την υπερ-εξομάλυνση.

Επιπλέον, η ανάλυση για την επίδραση της κλίσης της ReLU επεκτείνεται στον ρυθμό
εκμάθησης ανά επίπεδο. Τα πειράματα δείχνουν ότι η ρύθμιση των ρυθμών εκμάθησης
μπορεί επίσης να μειώσει την υπερ-εξομάλυνση, αν και είναι λιγότερο πρακτική.

Τέλος, πραγματοποιούνται εκτεταμένα πειράματα με δίκτυα έως και 64 επιπέδων, επιβε-
βαιώνοντας ότι η προτεινόμενη μέθοδος αποτρέπει τη σύγκλιση των αναπαραστάσεων
των κόμβων στο ίδιο σημείο, οδηγώντας σε καλύτερες αναπαραστάσεις. Τα οφέλη των
βαθιών GNNs με την προτεινόμενη μέθοδο τονίζονται και σε σενάρια “cold start”.
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VIII Συμπεράσματα
Στην παρούσα διατριβή παρουσιάζεται ένα ολοκληρωμένο πλαίσιο αντιμετώπισης της
υπερ-εξομάλυνσης στα Νευρωνικά Δίκτυα Γράφων (GNNs), το οποίο βασίζεται σε πέντε
διακριτές μεθοδολογίες. Κάθε προσέγγιση συμβάλλει σε διαφορετικό σημείο της αλυσίδας
επεξεργασίας, από τη διάγνωση και τη θεωρητική τεκμηρίωση έως τις πρακτικές παρεμ-
βάσεις και την αποτελεσματική εκπαίδευση βαθιών μοντέλων.

Τα ευρήματα επιβεβαιώνουν ότι η διατήρηση της διακύμανσης των αναπαραστάσεων
των κόμβων, ο έλεγχος της τοπολογικής διάδοσης πληροφορίας, η στοχευμένη εκπαί-
δευση στρωμάτων, η σωστή αρχικοποίηση των βαρών, και ο έλεγχος μη-γραμμικοτήτων
μπορούν να οδηγήσουν στην κατασκευή βαθύτερων, αποδοτικότερων και γενικεύσιμων
GNNs. Οι προτεινόμενες μέθοδοι ανοίγουν τον δρόμο για αξιόπιστες εφαρμογές σε πραγ-
ματικά σενάρια, υποδηλώνοντας ότι το φαινόμενο της υπερ-εξομάλυνσης είναι διαχειρί-
σιμο όταν αντιμετωπίζεται με κατάλληλες μεθόδους.
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Chapter 1

Introduction

1 Graph Neural Networks (GNNs)
Graph Neural Networks (GNNs) have become a cornerstone for analyzing and learning
from graph-structured data. Their ability to combine node attributes with the inherent
connectivity of graphs has led to remarkable advances in many fields. GNNs are a class of
neural architectures specifically designed to process data that can be represented as graphs.
In a graph, entities are modeled as nodes and relationships between them as edges. For-
mally, let G = (V , E , X) be an undirected graph, with |V| = N nodes ui ∈ V , edges
(ui, uj) ∈ E and X = [x1, ..., xN ]

T ∈ RN×C the initial node features. The edges form
an adjacency matrix A ∈ RN×N where edge (ui, uj) is associated with element Ai,j . Ai,j

can take arbitrary real values indicating the weight (strength) of edge (ui, uj). During the
training phase, only the labels of a subset Vl ⊂ V are accessible, where |Vl| = Ntrain. The
objective is to develop a node classifier that leverages the graph topology and the provided
feature vectors to predict the label of each node. GNNs learn a function

F : G −→ Z,

where Z ∈ RN×m is the matrix of output embeddings. Depending on the downstream task,
Z may represent node-level embeddings (for node classification or link prediction), edge-
level scores (for edge classification), or a single graph-level embedding z ∈ Rm obtained by
pooling over nodes (for graph classification or regression).

Message-Passing Framework. The predominant paradigm for GNNs is the message- pass-
ing (or neighborhood aggregation) framework [18]. A GNN is composed of L layers, where
at layer l each node u maintains a hidden representation h

(l)
u ∈ Rdl (with h

(0)
u = xu, and dl

indicating the hidden size of layer l). The update from layer l − 1 to layer l involves two
steps:

(i) Aggregation: Each node collects information from its neighbors. Let N (u) = {v ∈
V : (v, u) ∈ E} denote the neighbor set of node u. Then

m(l)
u = AGGREGATE(l)

({
h(l−1)
v : v ∈ N (u)

})
.

Here, AGGREGATE(l) is a permutation-invariant function (e.g., sum, mean, or an
attention-weighted combination) that ensures the output does not depend on the
ordering of neighbors.

(ii) Combination: The aggregated message is then combined with the node’s previous
representation to produce the new hidden representation:

h(l)
u = COMBINE(l)

(
h(l−1)
u , m(l)

u

)
.
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In practice, COMBINE(l) often consists of a linear transformation (via a learnable
weight matrix) followed by a nonlinear activation function (e.g., ReLU).

After L such message-passing iterations, each node u obtains a final embedding h
(L)
u . For

node-level tasks, one can apply a task-specific prediction layer (e.g., a softmax classifier) to
h
(L)
u . For graph-level tasks, a permutation-invariant pooling operation (such as summation

or averaging) over {h(L)
u : u ∈ V} produces a single vector

hG = POOL
(
{h(L)

u : u ∈ V}
)
,

which is then passed through further layers to yield the final output.

Permutation Invariance and Equivariance. A crucial property of any GNN is that it re-
spects the graph’s invariance under node permutations. In particular, if P ∈ {0, 1}N×N is a
permutation matrix and we permute the input as (P AP T , P X), a properly defined GNN
generates outputs Z satisfying Z ′ = P Z for node-level embeddings, and identical graph-
level embeddings. This property ensures that learned representations and predictions do
not depend on the arbitrary ordering of nodes.

Expressive Power and Limitations. Therepresentational capacity ofmessage-passingGNNs
has been analyzed through the lens of the Weisfeiler–Lehman (WL) graph isomorphism
test: if two non-isomorphic graphs cannot be distinguished by 1-WL (color refinement),
then no such GNN can assign different representations to them [6]. While more expressive
variants have been developed to match the discriminative capability of 1-WL, these models
still face inherent limitations and may struggle with certain graph structures. Moreover,
as GNNs grow deeper, they can suffer from oversmoothing, where node representations
converge to similar values regardless of structural differences, and from oversquashing,
which hinders the flow of information across distant nodes. These phenomena, together
with optimization difficulties in very deep networks, underscore the need for architectural
improvements and regularization methods. In essence, GNNs generalize neural architec-
tures to non-Euclidean domains by iteratively aggregating and transforming node features
according to graph topology, allowing the learned representations to respect both feature
information and combinatorial structure. However, addressing challenges such as over-
smoothing, oversquashing, and training stability remains critical for advancing the expres-
sive power and practical effectiveness of GNNs.

2 Deep Graph Neural Networks

Deep Graph Neural Networks aim to enhance the expressive power of standard architec-
tures by stackingmultiple layers of message passing operations. In essence, each GNN layer
enables a node to aggregate and transform information from its immediate neighbors, grad-
ually building a representation that captures both the node’s features and its local structural
context. By extending this process across multiple layers, deep GNNs aim to extract high-
level patterns that span increasingly larger neighborhoods of the graph. This enables the
model to capture long-range dependencies, which are crucial in many domains (e.g., so-
cial network analysis, biological networks, and knowledge graphs), where the underlying
semantics or functions depend not only on nodes’ immediate neighbors, but also on their
multi-hop neighborhoods.
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The motivation for deep GNNs arises from the observation that many graph-based tasks
require the integration of information across distant parts of the graph. For example, in
molecular property prediction, the influence of a functional group may be affected by dis-
tant atoms; in recommender systems, the relationship between two users may be inferred
only through extended interaction paths; and in citation networks, papers sharing a com-
mon research areamay only be connected throughmulti-hop citation paths. ShallowGNNs,
typically limited to one or two hops, are insufficient for capturing such complex, non-local
dependencies, leading to underfitting and limited predictive performance on tasks where
high-order interactions are essential [19, 13]. This limitation, where a model cannot access
relevant information due to insufficient depth, is referred to as the under-reach problem. In
that particular scenario, GNNs fail to learn because each node does not have access to the
appropriate information, which resides more hops away than the depth of the GNN under
investigation.
Moreover, from a theoretical perspective, deeper GNNs are more expressive in their abil-
ity to distinguish different graph structures. This relates to the concept of the Weisfeiler-
Lehman (WL) test of isomorphism: it has been shown that certain classes of GNNs are as
powerful as the 1-WL test in distinguishing non-isomorphic graphs, and stacking more lay-
ers allows the network to capture patterns that are beyond the representational capacity of
shallower counterparts [6]. Consequently, deeper architectures are essential in scenarios
that demand finer structural discrimination and higher-order feature interactions.
However, despite their theoretical advantages, deep GNNs suffer from a number of criti-
cal limitations that hinder their practical usability. Beyond a certain depth, performance
often deteriorates rather than improves. This degradation has been attributed to several
interrelated phenomena:

(i) Oversmoothing. As the depth increases, node representations tend to converge to a
stationary point, leading to a loss of model’s ability to discriminate different classes.
Although this issue will be discussed in detail in the next section, it is important to
note here that it constitutes one of the principal barriers to constructing effective
deep GNNs [20, 21, 7].

(ii) Oversquashing. As information from exponentially expanding neighborhoods is
propagated through limited-capacity pathways, signals from distant nodes can in-
terfere or be lost entirely. This bottleneck effect, referred to as oversquashing, pre-
vents accurate transmission of long-range dependencies even when the network is
sufficiently deep [8, 22].

(iii) Vanishing and Exploding Gradients. Deep GNNs, like other deep neural architec-
tures, face difficulties during training due to unstable gradients. As messages are
propagated over many layers, gradients can vanish or explode, making optimization
inefficient and often leading to poor convergence. This problem is exacerbated by
nonlinear activation functions and normalization layers, which amplify numerical
instability in deeper models [23, 14].

(iv) Gradient Homogenization. As GNNs become deeper, the gradients associated with
different nodes may become increasingly similar, hindering the model’s ability to
focus on informative substructures or sparsely represented regions. This gradient
homogenization can hinder the optimization dynamics and limit the model’s ability
to adaptively focus on diverse graph regions [11].
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(v) Loss of Locality. While deep networks aggregate more global information, they may
lose sensitivity to important local features. As messages from distant nodes dominate
the representation, subtle but critical neighborhood-specific patterns, such as small
motifs or local attribute variations, can be overlooked. This loss of locality can be
detrimental in cases where fine-grained distinctions are crucial for the underlying
task.

(vi) Scalability and Resource Constraints. Deeper GNNs lead to higher computational
and memory costs, especially on large-scale graphs. Each additional layer increases
the number of neighborhood expansions and intermediate feature maps that must be
stored and processed. Without careful design, this can make deep GNNs impractical
for large graphs or resource-constrained environments [24].

In light of these challenges, developing architectures and training strategies that enable
deepGNNs to effectively learn long-range dependencieswhile avoiding the aforementioned
issues has become a central topic in graph representation learning. The subsequent section
will delve deeper into the phenomenon of oversmoothing, one of the most fundamental
and well-studied obstacles in scaling GNNs to greater depth.

3 Oversmoothing: Definition and Significance

Oversmoothing refers to a phenomenon in graph neural networks whereby repeated mes-
sage passing or aggregation operations cause the node feature representations to become
increasingly similar or even indistinguishable across the graph. Formally, letH(l) ∈ RN×dl

denote the matrix of node embeddings after l layers of a GNN, where N is the number of
nodes and dl is the embedding dimension of the l-th layer. In many GNN architectures, the
update rule can be expressed as:

H(l) = σ
(
AH(l−1) W (l−1)

)
,

where A is a normalized adjacency matrix (or other normalization of the graph structure),
W (l−1) is a learnable weight matrix, and σ(·) is a nonlinear activation function. As l in-
creases, repeated multiplication by A aggregates information across larger neighborhoods,
causing the rows of H(l) to align with the dominant eigenvectors of A. When embeddings
converge in this manner, reflecting only graph topology and disregarding input features,
distinctive node representations are progressively lost. This collapse of representational
variance is precisely termed oversmoothing [20, 7, 21].
The phenomenon was first rigorously characterized from a spectral perspective by exam-
ining eigenspace contraction under repeated graph convolution: each propagation step
functions as a low-pass filter that suppresses high-frequency (local) information, leaving
predominantly low-frequency (global) patterns. In the limit, embeddings converge to a
subspace spanned by the dominant eigenvectors of the graph Laplacian or normalized ad-
jacency, effectively “averaging out” distinctive node attributes. Each node’s new represen-
tation becomes a weighted average of its own and its neighbors’. This process is equivalent
to a form of Laplacian smoothing, and was initially observed in [25] and later analyzed
in [20]. While moderate smoothing can aid semi-supervised learning, stacking multiple
convolutional layers intensifies this effect, causing complete representational collapse and

33



information loss. [7] extended this view by showing that, under ReLU, oversmoothing cor-
responds to convergence onto a subspace rather than a fixed point, and [21] provided a
complementary Dirichlet energy perspective.
Mitigating oversmoothing is critical for several reasons. First, many real-world graphs ex-
hibit complex, multi-scale structure in which local communities or motifs carry essential
information; if embeddings collapse, these subtle variations are destroyed, and the GNN
cannot distinguish nodes appropriately [20]. Second, oversmoothing undermines the ex-
pressivity of deep GNNs: although deeper architectures can in principle capture longer-
range dependencies, in practice representational collapse prevents nuanced differentiation,
degrading performance on tasks such as link prediction in heterophilous graphs or graph-
based regression [13]. Third, from an optimization standpoint, oversmoothing can lead to
vanishing gradients and hinder effective training: as representations become uniform, gra-
dients carry diminishing node-specific signals, making it difficult to adapt to fine-grained
patterns [7]. Finally, many applications demand interpretable or disentangled node repre-
sentations (e.g., recommendation systems, knowledge-graph completion), and oversmooth-
ing directly conflicts with this goal by collapsing embeddings into a few dominant modes
[13].
Owing to these considerations, preventing or alleviating oversmoothing is a central re-
search direction in GNN design. Approaches including normalization techniques (e.g.,
PairNorm) [13], architectural and training modifications (e.g., residual connections, slope-
modified activations, and partial training) [21, 5], weight initializationmethods (e.g., G-Init)
[4], and regularization schemes (e.g., graph spectral regularizers, G-Reg) aim to preserve
embedding variance across layers while enabling high-order feature aggregation. Conse-
quently, addressing oversmoothing is vital for advancing both theoretical understanding
and practical capabilities of deep graph learning models.

4 Central ResearchQuestions

This thesis consists of five papers and investigates oversmoothing in Graph Neural Net-
works by addressing the following focused questions:

1. Formal Definition and Detection:

• How can oversmoothing be defined precisely in terms of the distance of node
embeddings under repeated message passing?

• Which theoretical criteria indicate that node representations converge towards
the oversmoothing subspace?

2. Quantification:

• What metrics or bounds capture the rate and extent of oversmoothing as func-
tions of network depth, propagation steps, and weight-matrix spectral proper-
ties?

• How do factors such as partial training, weight initialization, the smallest singu-
lar value of weight matrices, or the choice of activation function quantitatively
affect embedding variance across layers?

3. Mitigation Strategies:

34



• Which modifications (partial training, architectural design choices, weight ini-
tialization, regularization methods or activation functions), prevent or delay
embedding collapse without reducing the effective receptive field?

• How can these strategies be solidified by theoretical analyses to guarantee a
nontrivial lower bound on embedding variance?

4. Empirical Validation:

• In benchmark datasets, which methods allow the models to explore their deep
variants without suffering from extreme performance degradation?

• In “cold start” scenarios (unlabeled nodeswithout features), whichmethods pre-
serve sufficient variance to propagate label information effectively?

• In tasks requiring deep aggregation (e.g., newly introduced synthetic dataset
with controllable long-range interactions), what is the behavior ofmodels claim-
ing to enable deep GNNs and mitigate oversmoothing?

5 Contributions
The main outcomes of this work are presented in the following papers:

[1] “Analyzing the Effect of Embedding Norms and Singular Values to Oversmooth-
ing in Graph Neural Networks” by Kelesis, D., Fotakis, D., and Paliouras, G., arXiv,
2510.06066 [1].

[2] “Analyzing the Effect of Residual Connections to Oversmoothing in Graph Neural
Networks” by Kelesis, D., Fotakis, D., and Paliouras, G., Machine Learning, 114(8):184
[2].

[3] “Partially Trained Graph Convolutional Networks Resist Oversmoothing” by Kelesis,
D., Fotakis, D., and Paliouras, G., Machine Learning, 114(10):211 [3].

[4] “Reducing Oversmoothing through Informed Weight Initialization in Graph Neural
Networks” by Kelesis, D., Fotakis, D., and Paliouras, G., Applied Intelligence, 55(7):632
[4]

[5] “Reducing oversmoothing in graph neural networks by changing the activation func-
tion” by Kelesis, D., Vogiatzis, D., Katsimpras, G., Fotakis, D., and Paliouras, G., ECAI
2023 - 26th European Conference on Artificial Intelligence [5].

The papers comprising this thesis collectively advance our understanding of oversmoothing
in Graph Neural Networks by systematically defining, measuring, and mitigating the phe-
nomenon, and by validating proposed methods across diverse settings. Below, we present
a unified narrative that shows how each contribution addresses the four central research
questions.

5.1 Formal Definition and Detection

A precise characterization of oversmoothing is foundational to any mitigation effort. [1]
introduce the Mean Average Squared Distance (MASED) metric, which quantifies over-
smoothing as the average pairwise distance among node embeddings at each layer. By
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framing oversmoothing in terms of embedding distances, this work establishes a clear, in-
terpretable definition: oversmoothing prevails as MASED value drops.

5.2 Quantification

Quantifying the rate and extent of oversmoothing is addressed primarily in [1], with com-
plementary insights from [3, 4, 5]:

• Depth and Spectral Properties [1]: By aggregating layer-wise MASED bounds
across depth, [1] derive global upper and lower bounds on MASED as functions
of network depth and the spectral properties of each weight matrix. These bounds
explicitly show that deeper GNNs suffer a faster decay ofMASED unless the small-
est singular value is maintained above zero.

• Partial Training [3]: [3] introduce a theoretical framework that quantifies how freez-
ing a subset of layers (i.e., keeping them at random initialization) introduces stochas-
tic mixing that preserves embedding variance. Under assumptions on model’s width,
it proves that wider layers amplify variance, and thus reduce oversmoothing quanti-
tatively.

• Initialization Effects [4]: The G-Init method sets initial weight variances based on
degree statistics so that signal and gradient variances remain balanced across lay-
ers. Analytical formulas link these variances to the amount of variance preserved in
embeddings.

• Activation Dynamics [5]: By modeling the decreasing fraction of active ReLU units
with depth, [5] show that standard ReLU amplifies variance decay. The proposed
slope-modified ReLU adjusts this decay rate, and theoretical results quantify how the
modified slope reduces oversmoothing as depth increases.

These contributions jointly offer a suite of metrics and bounds that capture oversmoothing
progression under varying depths, spectral characteristics, training regimes, and architec-
tural choices.

5.3 Mitigation Strategies

Equipped with precise detection and quantification, the thesis proposes and analyzes sev-
eral methods to reduce oversmoothing without compromising receptive field size:

1. G-Reg Regularizer [1]: By penalizing small singular values of weight matrices, G-
Reg directly increases the lower bound on MASED, ensuring a nontrivial variance
among embeddings at each layer.

2. Decoupled Adjacency Hops [1]: To avoid coupling depth with the number of train-
able weight matrices, a factor that accelerates oversmoothing, the number of distinct
weight matrices is kept small while adjacency hops are distributed across them. This
preserves the effective receptive field yet slows variance decay.

3. Analysis of Residual Connections [2]: Examines widely used residual-connection
methods designed to mitigate oversmoothing, demonstrating both theoretically and
empirically that, they predominantly aggregate information from local neighbor-
hoods and thus fail to support the long-range propagation required by some tasks.
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4. Partial Training [3]: Freezing weight matrices mixes features in a way that preserves
variance and reduces oversmoothing. Theoretical analysis provides conditions under
which a single trained layer suffices, and empirical results demonstrate its efficacy
without altering network depth.

5. Graph-Informed Initialization (G-Init, [4]): By tailoring initial weight variances to
graph degree statistics, G-Init balances forward and backward signal propagation,
mitigating early variance collapse. This method does not require architectural mod-
ifications.

6. Slope-Modified ReLU (Slope2GNN, [5]): A simple adjustment of slope in the ReLU
activation reduces oversmoothing as depth increases.

Each strategy is supported by rigorous theoretical analyses that guarantee oversmoothing
reduction as depth increases.

5.4 Empirical Validation

The practical utility of these methods is confirmed across multiple settings:

• Standard Benchmarks: On common node and graph classification datasets, deep
GNNs enhanced with G-Reg [1], G-Init [4], or slope-modified ReLU [5] consistently
outperform baselines as depth increases.

• “Cold Start” Scenarios: All proposed strategies demonstrate robust performance
when unlabeled nodes lack feature information, enabling effective label propagation
by preserving embedding variance.

• Synthetic Long-Range Interaction Tasks: In a newly introduced dataset with con-
trollable long-range dependencies, residual GNNs [2] underperform due to restricted
receptive fields, whereas simpler models, such as GCN, achieve higher accuracy.

• Trade-Off Analyses: Experiments validate that distributing adjacency hops across
few weight matrices strikes the optimal balance between expressiveness and over-
smoothing avoidance [1], and that increased width in partially trained networks am-
plifies variance without harming generalization [3].

Collectively, these experiments verify the theoretical guarantees and demonstrate that the
proposed techniques allow GNNs to exploit depth while avoiding the performance degra-
dation traditionally attributed to oversmoothing.

6 Thesis Outline

Chapter 2: Background & Literature Review
This chapter reviews fundamental concepts in graph representation learning, defines over-
smoothing, and surveys existing work on its detection, quantification, and mitigation. Key
approaches, such as normalization techniques, residual/skip connections, regularization
and initialization methods, and activation-based approaches, are discussed to establish con-
text for the subsequent chapters.
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Chapter 3: OversmoothingQuantification and G-Reg [1]

Chapter 3 presents [1] in detail. It begins by definingMASED metric for measuring over-
smoothing and derives layer-wise bounds onMASED. The chapter then shows how cou-
pling adjacency powers to the number of the weight matrices accelerates oversmoothing
and motivates the decoupling strategy. Finally, it introduces the G-Reg regularizer, which
reduces oversmoothing as depth increases.

Chapter 4: Analysis of Residual Connections [2]

Chapter 4 develops [2]’s theoretical and empirical analysis of residual connections in GNNs.
It shows that adding residual connections makes a GCN equivalent to a sum of multiple
shallow GCNs, each operating at a different neighborhood radius. The chapter concludes
by identifying the limitations of residual connections in enabling genuinely deep GNNs
when deep aggregation is needed.

Chapter 5: Partial Training [3]

Chapter 5 details [3]’s investigation of partially trained GNNs. It presents theoretical argu-
ments showing that propagation through untrained layers preserves expected embedding
variance, especially as network width increases, thereby reducing oversmoothing. Em-
pirical results on benchmark datasets confirm that deep, partially trained GNNs maintain
discriminative embeddings.

Chapter 6: Graph Informed Weight Initialization (G-Init) [4]

Chapter 6 covers [4]’s development of G-Init, a graph-specific initialization scheme. The
chapter details how G-Init sets initial weight variances according to degree statistics to
preserve activation and gradient scales across many layers. Experimental evaluations on
node and graph classification benchmarks are then presented, demonstrating that GNNs
initialized with G-Init train stably at depths that cause collapse under standard initialization
methods.

Chapter 7: Slope-Modified ReLU (Slope2GNN) [5]

Chapter 7 explains [5]’s analysis of how activation functions affect oversmoothing. It in-
troduces a slope-modified ReLU and provides a theoretical comparison of variance decay
rates between standard and modified ReLU. Experimental results demonstrate that GNNs
using the modified activation maintain higher embedding variance and achieve better per-
formance than those using standard ReLU or other baseline activations.

Chapter 8: Discussion & Future Work

Chapter 8 synthesizes insights from Chapters 3–7, comparing how different approaches,
address oversmoothing. It discusses limitations of existing methods, and potential avenues
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for future research, including extending analyses to heterogeneous or dynamic (i.e., time-
evolving) graphs, and exploring alternative activation or propagation schemes.
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Chapter 2

Background & Literature Review

1 Preliminaries and Graph Representation

1.1 Basic Graph Concepts

A graph is a fundamental data structure in mathematics and computer science, defined as
an ordered pair G = (V , E), where V denotes the set of vertices (or nodes), and E ⊆ V × V
denotes the set of edges as unordered or ordered pairs of vertices. The number of vertices
is denoted by N = |V|.
Graphs can be classified according to edge directionality:

• Undirected Graphs. In an undirected graph, each edge {u, v} ∈ E represents a bidi-
rectional connection between vertices u and v. Consequently, the adjacency matrix
of an undirected graph is symmetric, i.e., Aij = Aji for all i, j.

• Directed Graphs (Digraphs). In a directed graph, each edge (u, v) ∈ E is an ordered
pair indicating a connection from vertex u to vertex v that does not imply a connec-
tion from v to u. The adjacency matrix of a directed graph is generally asymmetric.

The adjacency matrix A ∈ {0, 1}N×N encodes the presence or absence of edges between
vertices, defined by

Aij =

{
1, if there exists an edge from vertex i to vertex j,

0, otherwise.

In the special case of undirected graphs, Aij = Aji.
The degree matrix D ∈ RN×N is a diagonal matrix whose entries correspond to vertex
degrees. For undirected graphs, the degree of vertex i is defined as

deg(i) =
N∑
j=1

Aij,

and Dii = deg(i). In directed graphs, one distinguishes:

degin(i) =
N∑
i=1

Aij,

degout(i) =
N∑
j=1

Aij,

so that Din and Dout are diagonal matrices with the in-degrees and out-degrees on the
diagonal, respectively.
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1.2 Node Features and Embeddings

In many applications, vertices in a graph are associated with feature vectors that encode
intrinsic or contextual attributes. We collect these vectors into a feature matrixX ∈ RN×C ,
where each row xi ∈ RC represents the features of vertex i, andC denotes the input feature
dimensionality.
An embedding is a transformation that projects these input feature vectors (usually) into
a lower-dimensional space while preserving structural and attribute-based relationships.
Formally, an embedding function

F : RN×C −→ RN×d

maps the original feature matrix X to an embedding matrix H = F(X) ∈ RN×d, where
d < C is the output dimension of each layer. The goal is that the rows hi ∈ Rd ofH capture
both the local connectivity patterns and the original features of vertex i. These embeddings
serve as inputs for downstream tasks such as node classification [25, 26], link prediction
[27, 28], and clustering [29].

1.3 Notation Overview

Throughout this thesis (unless stated otherwise), I use the following notation:

• G = (V , E): Graph with vertex set V and edge set E , where |V| = N .

• A ∈ {0, 1}N×N : Adjacency matrix, where Aij = 1 iff (i, j) ∈ E .

• D ∈ RN×N : Degree matrix, a diagonal matrix with vertex degrees on the diagonal.

• X ∈ RN×C : Node input feature matrix, each row xi ∈ RC is the feature vector of
vertex i.

• H ∈ RN×d: Node embedding matrix produced by an embedding function F .

These conventions establish a common framework for describing graph structures, node
attributes, and their embedding representations.

2 Geometric learning

Geometric learning (also called geometric deep learning) is the study and development of
machine learning models that explicitly exploit the geometric and topological structure in-
herent in data domains that are not naturally represented in Euclidean space. Traditional
deep learning models, such as convolutional neural networks (CNNs) [30, 31, 32, 33] for
grid-structured images and recurrent neural networks (RNNs) [34, 35, 36, 37] for sequen-
tial data, are designed to process data with regular structures. On the contrary, geometric
deep learning extends these concepts (e.g., convolution, pooling, and feature aggregation)
to handle data residing on non Euclidean domains, including graphs with irregular con-
nectivity, spaces exhibiting nontrivial group symmetries (e.g., rotations on manifolds), and
continuous curved spaces like Riemannian manifolds. At its core, geometric learning aims
to identify and impose appropriate inductive biases, typically in the form of invariance or
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equivariance, to transformations dictated by the underlying geometry. The desired out-
come is learned representations which respect the symmetries and metric relationships of
the data domain [10, 38, 39].
Formally, one may state that geometric learning consists of five interrelated categories,
sometimes referred to as the “five G’s”: Grids (regular lattices), Groups (symmetry groups
and their actions), Graphs (discrete relational structures), Geodesics (continuous manifolds
with Riemannian metrics), and Gauges (local reference frames on manifolds) [10, 39]. In
the grid setting, classical convolutional architectures exploit translational invariance by
weight-sharing across spatial positions. In the group setting, group convolutions extend
this idea by sharing weights across more general transformation groups (e.g., rotations, re-
flections), thereby ensuring equivariance to these transformations [40]. Graph-based meth-
ods further generalize this principle by defining convolutional-like operations on nodes
and their neighbors, typically through message passing schemes that aggregate informa-
tion from local neighborhoods [18, 25, 41, 42, 24]. On continuous manifolds, geometric
learning methods define convolutional kernels with respect to geodesic distances, parallel
transport, or local coordinate charts, thereby respecting the intrinsic curvature of the space
[43, 44, 45, 46]. Finally, gauge-equivariant architectures explicitly model learned represen-
tations as fields (scalars, vectors, higher-order tensors) that transform appropriately under
changes of local reference frames, guaranteeing that the network’s output does not depend
on arbitrary choices of coordinates [47, 48].
The emergence of geometric learning can be traced to multiple, diverse but somewhat con-
vergent motivations. First, many real-world applications involve data that are intrinsically
non-Euclidean: social networks [49], molecular structures [50, 51, 19], 3D meshes [52, 53],
and sensor-network data [54] all exhibit underlying relational or manifold constraints that
classical grid-based architectures (e.g., CNNs) fail to fully utilize. Early work on Graph
Neural Networks (GNNs) recognized the need to propagate information along arbitrary
graph topologies, but these methods often lacked a principled framework for incorporating
domain symmetries or continuous geometric priors [55, 56]. Second, the success of group-
equivariant CNNs (e.g., for rotation and reflection invariance in image processing) high-
lighted the importance of respecting known symmetries to improve sample efficiency and
generalization [40, 57]. Third, in fields such as computational chemistry and physics, there
existed a clear drive to develop architectures capable of handling data defined on manifolds
(e.g., molecular surfaces, physical fields on curved domains) while ensuring that learned
models satisfy physical constraints (e.g., equivariance to rigid motions). Taken together,
these factors motivated a systematic effort to unify diverse aspects of non-Euclidean and
symmetry-aware learning under a common theoretical framework, known as geometric
deep learning [10].
The rationale for adopting a geometric learning paradigm is multifold. First, encoding
known symmetries and invariances directly into the network architecture reduces the effec-
tive hypothesis space, thereby improving sample efficiency and reducing overfitting, which
is of importance in domains where labeled data are scarce or expensive to obtain (e.g.,
molecular property prediction). Second, respecting geometric relationships (e.g., graph
connectivity, manifold curvature) ensures that learned representations capture the true re-
lational or spatial structure of the data, which often correlates strongly with the target
prediction (e.g., functional motifs on protein surfaces, social influence propagation in net-
works). Third, equivariant architectures guarantee that the network’s outputs transform
predictably under domain symmetries, which is crucial for tasks requiring physical or se-
mantic consistency (e.g., predicting forces inmolecules thatmust be equivariant to rotations
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and translations). As a result, geometric learning methods have demonstrated state-of-
the-art performance across a wide range of tasks, including molecular property prediction
[58, 59], point-cloud classification and segmentation [60, 61], social network analysis [24],
and traffic forecasting on road-network graphs [62, 63, 9], often with substantially fewer
learnable parameters than their competitors.
The historical development of geometric learning can be roughly partitioned into three
overlapping phases. In the first phase, the primary focus was on early graph-based archi-
tectures such as recurrent graph neural networks [55] and spectral-domain methods based
on the graph Laplacian [56, 64]. These spectral GNNs leveraged the eigenstructure of the
graph Laplacian to define convolutional filters in the graph Fourier domain but suffered
from limited scalability and poor transferability across graphs with differing topologies.
The second phase witnessed the rise of spatial GNNs, most notably the message-passing
neural network paradigm, where information is propagated along graph edges via learn-
able aggregation functions [18, 25]. This period also saw early attempts to define convo-
lutions on non-Euclidean manifolds via geodesic patches or local charting, enabling deep
learning on surfaces and meshes [43, 44]. The third phase has been characterized by efforts
to unify these different approaches under a single mathematical framework: by identify-
ing shared notions of symmetry, equivariance, and gauge symmetry, researchers have for-
mulated a general framework that includes grid-based, graph-based, and manifold-based
architectures [10, 48]. This unification enabled the design of architectures that can incor-
porate multiple geometric modalities simultaneously (e.g., graphs embedded on manifolds,
or fields defined on meshes) and led to the development of highly expressive equivariant
networks (e.g., tensor field networks, E(3)-equivariant GNNs) for applications in computer
vision, computational biology, and physical sciences [50, 59].
In summary, geometric learning emerged from the recognition that many modern data
analysis problems involve structured domains whose intrinsic geometry cannot be ade-
quately captured by conventional Euclidean architectures. By generalizing convolutional
and aggregation operations to graphs, groups, and manifolds, and by enforcing equivari-
ance and invariance properties dictated by domain symmetries, geometric learning provides
a principled framework for building deep neural networks that are both expressive and
aligned with the underlying data geometry. This unifying perspective has not only led to
theoretical insights regarding the expressive power and limitations of GNNs and manifold
networks, but has also led to practical advancements in numerous application areas where
respecting geometry is essential for obtaining robust and interpretable models [58, 65]. As
our work focuses on understanding and mitigating oversmoothing in GNNs, an issue tied
to the propagation of information along geometric structures, it is critical to situate our
contributions within the broader context of geometric learning, whose foundational prin-
ciples help illustrate the formulation of oversmoothing and motivate the design of effective
mitigation strategies.

3 Spectral Graph Theory Foundations

3.1 Graph Operators

Spectral graph theory analyzes a graph structure through linear operators derived from
its adjacency and degree matrices. The central operators are variants of the graph Lapla-
cian, which summarize connectivity and are foundational in tasks such as clustering [66],
community detection [67], and signal processing on graphs [68].
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Combinatorial Laplacian. For an undirected graph G, the combinatorial Laplacian L ∈
RN×N is defined by

L = D − A,

Since A is symmetric for undirected graphs, L is symmetric positive semi-definite. The
entry Lii = deg(i), and for i ̸= j, Lij = −1 if (i, j) ∈ E and 0 otherwise.

Normalized Laplacian. To mitigate the influence of heterogeneous degree distributions,
one often employs the normalized Laplacian:

L = D− 1
2LD− 1

2 = I − D− 1
2AD− 1

2 .

Here, I denotes theN×N identity matrix. The normalized Laplacian L is symmetric, with
eigenvalues in the interval [0, 2]. This scaling enables comparison across graphs of different
sizes or degree distributions and is widely used in spectral clustering [69, 66, 70, 71].

Random Walk Laplacian. Another useful variant is the random walk Laplacian:

Lrw = D−1L = I − D−1A.

Unlike L, Lrw is generally asymmetric. It is related to the transition probability matrix
P = D−1A of a random walk on the graph. Because P governs the dynamics of a Markov
chain defined on the vertices, Lrw finds applications in the analysis of diffusion processes
and PageRank-like algorithms [72, 73].

3.2 Eigendecomposition

The eigendecomposition of the graph Laplacian reveals key structural characteristics. For
a symmetric Laplacian L (either combinatorial or normalized), the decomposition is given
by

L = U ΛU⊤,

where:

• U = [u1, u2, . . . , uN ] ∈ RN×N is an orthonormal matrix whose columns ui are eigen-
vectors of L.

• Λ = diag(λ1, λ2, . . . , λN) ∈ RN×N is a diagonal matrix of non-negative eigenvalues
sorted as 0 = λ1 ≤ λ2 ≤ · · · ≤ λN .

Interpretation of Eigenvalues. The spectrum {λi} encodes connectivity properties of the
graph. In particular:

• Themultiplicity of the eigenvalue λ = 0 equals the number of connected components
in the graph.

• The second smallest eigenvalue, λ2, known as the algebraic connectivity or Fiedler
value, quantifies howwell connected the graph is: larger λ2 indicates stronger overall
connectivity [74].
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Role in Clustering and Smoothing. The eigenvectors associated with the smallest non-
zero eigenvalues (e.g., u2 corresponding to λ2) tend to vary slowly over the graph, meaning
that adjacent vertices have similar values in these eigenvectors. This property underpins
spectral clustering, where one uses the first k eigenvectors (excluding the trivial constant
eigenvector) to embed vertices into a lower-dimensional space and then applies clustering
algorithms such as k-means to identify communities [70]. Additionally, these eigenvectors
serve as smooth basis functions for graph signal processing, enabling tasks like denoising
and interpolation [68].

3.3 Spectral Filters

Spectral filtering on graphs manipulates the eigenvalues of the Laplacian to selectively en-
hance or suppress specific frequency components of signals defined over the vertices. Let
s ∈ RN be a signal on the graph (i.e., si is the signal value at vertex i). Its graph Fourier
transform is given by

ŝ = U⊤s,

and the inverse transform is s = U ŝ. A spectral filter is defined as a function g : R → R
applied to the eigenvalues. The filtered signal s′ is obtained by

s′ = U g(Λ)U⊤s,

where g(Λ) = diag
(
g(λ1), g(λ2), . . . , g(λN)

)
.

Low-Pass Filtering. A low-pass filter g(λ) assigns larger weights to smaller eigenval-
ues (low frequencies) and shrinks larger eigenvalues (high frequencies). Applying a low-
pass filter suppresses high-frequency variations in the signal, promoting smoothness across
strongly connected regions of the graph. This is beneficial for tasks such as semi-supervised
learning, where labels propagate smoothly based on graph connectivity, and for denoising
graph signals by removing high-frequency noise [75, 76].

Effect on Information Propagation. The design of a spectral filter directly affects how
information spreads on the graph. Low-pass filters encourage information to diffuse along
densely interlinked areas, facilitating the discovery of communities and robust label prop-
agation. However, excessive smoothing can eliminate crucial high-frequency features that
indicate sharp transitions or boundaries between communities. Thus, selecting or learning
an appropriate filter g(·) involves balancing the trade-off between smoothing and preserv-
ing important structural information [20].

4 Graph Neural Networks (GNNs)

4.1 Message Passing Framework

Graph Neural Networks (GNNs) have emerged as a powerful paradigm for learning rep-
resentations of graph-structured data. Central to many GNN architectures is the Message
Passing Neural Network (MPNN) framework, introduced by Gilmer et al. [18]. This frame-
work provides a unifying perspective for various GNN models by abstracting the process
of information propagation through graphs.
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Aggregate and Update Functions. In the MPNN framework, the learning process can be
described as a series of message passing iterations, each consisting of two primary steps:
message aggregation and node state update. For a graph G with node features xu and edge
features euw, the operations at the l-th layer are defined as follows:

m(l)
u =

∑
w∈N (u)

Ml

(
h(l)
u , h(l)

w , euw
)
,

h(l+1)
u = Ul

(
h(l)
u , m(l)

u

)
,

where h
(l)
u represents the hidden state of node u at layer l, Ml is the message function

that computes messages from neighboring nodes at layer l, and Ul is the update function
that integrates the aggregated messagem(l)

u with the current state h(l)
u . These functions are

typically parameterized by neural networks and are designed to be permutation-invariant
to ensure consistency across different (but equivalent) graph structures.

Receptive Fields and Depth Implications. The depth of a GNN, determined by the num-
ber of message passing layers, directly influences the receptive field of each node. We term
as the receptive field of each node the subset of the graph fromwhich it can aggregate infor-
mation. Specifically, after L layers, a node’s representation incorporates information from
nodes up to L hops away. While increasing depth allows for capturing broader contextual
information, it also introduces challenges such as oversmoothing, where node representa-
tions become indistinguishable, and vanishing gradients, which hinder effective training.
Consequently, there is a trade-off between depth and the ability to preserve meaningful
node representations.

Advancements inMessage Passing Frameworks. Since the inception of theMPNN frame-
work, several extensions and modifications have been proposed to address its limitations
and enhance its capabilities:

• Hierarchical Message Passing. To capture long-range dependencies and high-order
neighborhood information, hierarchical message passing frameworks have been de-
veloped. These approaches group nodes into multi-level structures, enabling efficient
information propagation across different scales of the graph [77, 78].

• DRew: Dynamically Rewired Message Passing with Delay. Instead of applying
message passing uniformly across the entire graph at every layer, DRew gradually
densifies the graph structure and introduces layer-dependent skip connections. This
optional, distance-based rewiring allows long-range node interactions to emerge pro-
gressively, improving performance and alleviating oversquashing on tasks requiring
global context [79].

• Cooperative Graph Neural Networks (Co-GNNs). Treats each node as a strategic
agent that dynamically chooses whether to listen, broadcast, both, or isolate at each
layer. This flexible, adaptive message-passing paradigm enables nodes to regulate in-
formation flow based on local structure and learned context, enhancing expressivity,
especially for long-range dependencies and heterophilic graphs [80].

These advancements reflect the ongoing evolution ofmessage passing frameworks inGNNs,
aiming to address challenges related to scalability, expressiveness, and the effective capture
of complex graph structures.
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4.2 Prominent GNN Architectures

In the evolution of Graph Neural Networks, several architectures have been proposed to ef-
fectively capture both structural and feature information in graph-structured data. Among
these, Graph Convolutional Networks (GCNs), Graph Attention Networks (GATs), Graph-
SAGE, Chebyshev Networks (ChebNets), Personalized Propagation of Neural Predictions
(PPNP) and its approximation (APPNP), Simplified Graph Convolution (SGC), GCNII, and
Graph Transformers have emerged as prominent models. Each architecture introduces dis-
tinct mechanisms to aggregate and transform node features, addressing various challenges
such as computational efficiency, inductive learning, and preservation of high-frequency
information.

Graph Convolutional Networks (GCNs). Introduced by Kipf and Welling [25], GCNs
generalize the notion of convolutional filters to graphs by leveraging a first-order approxi-
mation of spectral graph convolutions. The layer-wise propagation rule for anL-layer GCN
is:

H(l+1) = σ
(
D̃−1/2 Ã D̃−1/2 H(l) W (l)

)
, (2.1)

where:

• Ã = A+ I is the adjacency matrix after self-loops addition,

• D̃ is the diagonal degree matrix of Ã,

• H(0) = X is the input feature matrix, and H(l) ∈ RN×dl denotes the matrix of node
representations at layer l,

• W (l) ∈ Rdl×dl+1 is the trainable weight matrix at layer l,

• σ(·) is a pointwise non-linearity (e.g., ReLU).

This formulation can be interpreted as Laplacian smoothing, where each node’s represen-
tation is updated by a weighted average of its own and its neighbors’ features. Although
stacking multiple GCN layers allows for capturing information from higher-order neigh-
borhoods, excessive depth leads to oversmoothing, causing node embeddings to become
indistinguishable [20].

Residual Graph Convolutional Networks (ResGCNs). ResGCNs [23] enhance standard
GCNs by introducing residual connections that facilitate the training of deeper architec-
tures and mitigate issues like oversmoothing. In a typical ResGCN layer, the output is
computed as:

H(l+1) = σ
(
ÂH(l)W (l) +H(0)

)
,

where:

• Â is the the augmented symmetrically normalized adjacency matrix after self-loop
addition,

• W (l) is the trainable weight matrix.

The addition of H(0) implements a skip connection from the input features, allowing the
model to retain original information across layers.
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Graph Attention Networks (GATs). To alleviate the limitation of uniform neighbor ag-
gregation in GCNs, Veličković et al. [41] proposed GATs, which utilize self-attention mech-
anisms on graph neighborhoods. For each node i, GAT computes attention coefficients αij

for each neighbor j ∈ N (i) as follows:

eij = LeakyReLU
(
a⃗⊤[W h

(l)
i ∥W h

(l)
j ]
)
, αij =

exp(eij)∑
k∈N (i) exp(eik)

,

where:

• h
(l)
i ∈ Rdl is the input feature of node i at layer l,

• W ∈ Rdl×dl+1 is the trainable weight matrix,

• a⃗ ∈ R2dl+1 is a learnable weight vector,

• ∥ denotes the concatenation operation.

The updated feature of node u is computed as:

h(l+1)
u = σ

( ∑
j∈N (u)

αij W h
(l)
j

)
,

often extended to multi-head attention by concatenating or averaging the outputs of K
independent attention heads. GATs adaptively weight neighbor contributions according
to learned relevance scores, thereby enabling the model to focus on the most informative
neighboring nodes. This mechanism also inherently handles graphs with variable node
degree distributions without explicit normalization.

GraphSAGE. Hamilton et al. [24] introduced GraphSAGE to address the need for induc-
tive learning on large and evolving graphs. Instead of learning a single embedding for each
node in a transductive manner, GraphSAGE learns aggregation functions that generalize
to unseen nodes. At each layer l, the embedding of node u is updated via:

h(l+1)
u = σ

(
W (l) · AGGREGATE(l)

(
{h(l)

u } ∪ {h(l)
v | v ∈ N (u)}

))
,

where:

• AGGREGATE(l) is a permutation-invariant aggregator such as mean, max-pooling,
or an LSTM-based function,

• W (l) is a trainable weight matrix at layer l,

• h
(0)
u = xu is the initial node feature.

To achieve scalability, GraphSAGE samples a fixed-size set of neighbors for each node at
each layer, enabling mini-batch training and inductive inference on nodes not seen during
training. This sampling strategy significantly reduces computational cost on large graphs
and supports dynamic graph settings.

48



Chebyshev Networks (ChebNets). Defferrard et al. [64] proposed ChebNets to approxi-
mate spectral graph convolutions using Chebyshev polynomials. The K-localized filter at
layer l is defined as:

x ∗ g(l)θ ≈
K∑
k=0

θ
(l)
k Tk(L̃) x,

where:

• Tk is the Chebyshev polynomial of order k,

• L̃ = 2
λmax

L − I is the scaled Laplacian, with λmax being the largest eigenvalue of the
combinatorial (or normalized) Laplacian L,

• θ
(l)
k are learnable parameters for layer l,

• ∗ denotes the convolution operation on the graph.

By truncating the polynomial expansion at order K , ChebNets achieve K-hop localized
filteringwithout explicitly computing eigenvectors, reducing the computational complexity
to O(K|E|). This framework captures high-frequency components more accurately than
first-order models like GCNs, improving expressiveness on graphs with complex structural
patterns.

Personalized Propagation ofNeural Predictions (PPNP) andApproximate PPNP (APPNP).
Klicpera et al. [16] introduced PPNP, which integrates Personalized PageRank (PPR) with
neural network outputs to enhance semi-supervised node classification. Let fθ(X) =
H(0) ∈ RN×dout be the initial neural predictions (logits) for dout classes. PPNP computes
the final prediction matrix Z as:

Z = α
(
I − (1− α) Â

)−1
H(0),

where:

• Â = D̃−1/2 Ã D̃−1/2 is the the augmented symmetrically normalized adjacency ma-
trix after self-loop addition,

• α ∈ (0, 1) is the teleport (restart) probability controlling the balance between local
predictions and propagated values.

Because direct inversion of (I−(1−α) Â) is computationally expensive for largeN , APPNP
approximates this propagation via power iteration:

H(k+1) = (1−α) ÂH(k) + αH(0), H(K) = softmax
(
(1−α) ÂH(K−1) + αH(0)

)
,

where K is the number of propagation steps. APPNP decouples feature transformation
(neural network) and label propagation (PPR), allowing efficient long-range dependency
capture without excessive parameterization.
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Personalized PageRankGraphNeural Network (PPRGNN). To address the challenges of
oversmoothing and limited receptive fields in deep GNNs, Roth and Liebig [12] introduced
PPRGNN,which integrates the concept of personalized PageRank into the GNN framework.
Specifically, the PPRGNN-like network family [12] is defined as follows:

H(l+1) = σ
(
αlÂH

(l)W (l) + fθ(X)
)
, (2.2)

where:
• fθ(·) is a neural network (i.e. anMLP), which takes as input the initial nodes’ features.

PPRGNN sets W (l) = W ∀l and αl =
1
l
. The model’s formulation guarantees convergence

to a unique solution without imposing constraints on the architecture or parameters. More-
over, PPRGNN maintains linear time complexity and constant memory usage, making it
scalable to large graphs.

Simplified Graph Convolution (SGC). Wu et al. [17] propose SGC by collapsing multiple
GCN layers and removing non-linearities to yield:

Ŷ = softmax
(
ÂL XW

)
,

where:
• Â = D̃−1/2 Ã D̃−1/2 is the the augmented symmetrically normalized adjacency ma-

trix after self-loop addition,

• L is the number of propagation steps precomputed before training,

• W ∈ RC×dout maps features to logits for dout classes.
By precomputing ÂLX , SGC reduces the model to a single linear classifier, reducing train-
ing complexity while maintaining competitive performance. This simplification is particu-
larly effective when the benefit of non-linear feature transformations is marginal compared
to the costs of training deep GCNs.

GCNII. Chen et al. [11] address oversmoothing and vanishing gradients in deep GCNs by
introducing residual connections and identity mapping. The layer-wise propagation rule
for GCNII is:

H(l+1) = σ
((

(1− αl)ÂH
(l) + αlH

(0)
) (

(1− βl)In + βlW
(l)
))

,

where:
• Â = D̃−1/2 Ã D̃−1/2 is the the augmented symmetrically normalized adjacency ma-

trix after self-loop addition,

• H(0) = X is the input feature matrix,

• αl and βl are hyperparameters controlling the strength of residual connection and
identity mapping at layer l,

• W (l) is the trainable weight matrix for layer l.
Parameter αl allows the model to preserve a fraction of the initial features H(0), while βl

controls the contribution of the identity mapping. This dual mechanism allows GCNII to
train networks with dozens of layers without significant performance degradation, achiev-
ing state-of-the-art results on benchmark datasets.
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GraphTransformers. GraphTransformers adapt the self-attentionmechanism fromTrans-
former architectures to graph data, enabling the model to capture both local and global de-
pendencies. Unlike traditional GNNs that restrict attention to immediate neighbors, Graph
Transformers compute attention scores between all node pairs, defined by:

Attention(Q,K, V ) = softmax
(

QK⊤
√
dk

)
V,

where:

• Q = XWQ, K = XWK , and V = XWV are learnable linear projections of the input
feature matrix X ∈ RN×C ,

• dk is the dimensionality of the key vectors, used for scaling,

• Softmax is applied row-wise over the N keys for each query.

The resulting attention matrix has sizeN ×N , allowing each node to attend to every other
node. To incorporate graph structure, Graph Transformers often add positional encodings
derived from the Laplacian eigenvectors or shortest-path distances, biasing the attention
mechanism toward meaningful graph neighborhoods [81, 82]. Empirical studies show that
Graph Transformers excel in tasks requiring modeling of long-range interactions, such as
molecular property prediction [83, 84] and computer vision [85]. However, the O(N2)
complexity of full pairwise attention limits scalability, motivating sparse or approximate
attention strategies.
Each of the above architectures extends the core message passing paradigm of GNNs in or-
der to address specific limitations (e.g., computational efficiency, modeling of global depen-
dencies). The choice among these models depends on the downstream task requirements,
graph size, and attribute heterogeneity.

4.3 Extensions and Variants

The landscape of GNNs has rapidly expanded, leading to numerous extensions and vari-
ants beyond the standard message passing paradigm. In this section, I discuss approaches
that enrich the framework by addressing specific structural properties and application re-
quirements. I first distinguish between spatial and message passing GNNs and then present
specialized models such as graph recurrent networks, pooling mechanisms, heterogeneous
models, and dynamic graph approaches.

Spatial vs. message passing GNNs. Spatial GNNs emphasize the direct modeling of local,
coordinate-based relationships among nodes. These methods often define convolution-like
operations by imposing a local coordinate system or neighborhood kernel on each node,
analogous to image convolution, which can be advantageous when nodes are embedded
in Euclidean space with inherent spatial semantics [86, 25]. In contrast, message passing
GNNs rely on permutation invariant aggregation functions over a node’s neighbors and do
not assume any underlying spatial embedding. While spatial models may offer more inter-
pretable local filters, message passing approaches are generally more flexible and applicable
to arbitrary graph topologies without requiring explicit spatial regularities [6].
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Graph Recurrent Models. For sequential or temporal data on graphs, recurrent archi-
tectures extend standard GNNs by incorporating mechanisms that maintain and update
temporal hidden states. Graph Recurrent Neural Networks (GRNNs) combine temporal
recurrent units (e.g., LSTM or GRU units) with graph propagation, enabling node repre-
sentations to evolve over time [9, 87]. At each time step t, the hidden state h(t)

u of node u
is updated both by aggregating messages from its neighbors at time t and by recurrently
integrating its previous state h(t−1)

u . Such formulations effectively capture time-varying de-
pendencies and are particularly well-suited for tasks like traffic forecasting [63, 88], event
prediction [89], and temporal recommendation systems [62].

Graph Pooling Methods. Pooling in GNNs aims to learn hierarchical, multi-scale rep-
resentations utilizing the graph structure. Pooling layers reduce the number of nodes by
selecting or aggregating a subset of vertices, facilitating global representation learning for
tasks such as graph classification. Techniques include:

• DiffPool [90]: Learns soft cluster assignments via a differentiable assignment matrix
S(l) ∈ RN×k, where k is the number of clusters. The coarsened node features and
adjacency matrix are computed asH(l+1) = (S(l))⊤H(l) and A(l+1) = (S(l))⊤A(l)S(l),
respectively.

• Top-K Pooling [91]: Scores each node based on its importance and retains the top
k nodes, where k is a learnable fraction of N . The filtered features and adjacency
matrix are computed by selecting only the highest-scoring vertices.

These pooling mechanisms enable the extraction of high-level, global features and support
multi-scale analysis of graph structures.

Heterogeneous GraphModels. In many real-world applications, graphs contain multiple
types of nodes and edges. Heterogeneous Graph Neural Networks (HGNNs) account for
this diversity by using distinct aggregation and transformation functions for each relation
type. For instance:

• Relational GCNs (R-GCNs) [92]: Define separate weight matrices Wr for each rela-
tion r and aggregate neighbor messages according to relation type:

h(l+1)
u = σ

(∑
r∈R

∑
v∈Nr(u)

1

cu,r
W (l)

r h(l)
v + W

(l)
0 h(l)

u

)
,

where R is the set of relation types, Nr(u) denotes neighbors of u under relation r,
and cu,r is a normalization constant.

• Heterogeneous Graph Transformer (HGT) [93]: Extends transformer-based atten-
tion by incorporating node- and edge-type embeddings into the multi-head attention
mechanism, enabling fine-grained interactions between heterogeneous entities.

By distinguishing among node and edge semantics, HGNNs improve performance in tasks
such as knowledge graph completion, recommendation systems, and multi-relational data
modeling [94].
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Dynamic Graph Models. Static GNNs assume a fixed graph structure, which may not
capture temporal evolution in applications like social networks or communication sys-
tems. Dynamic GNNs incorporate temporal information through one of the following ap-
proaches:

• Snapshot-BasedModels [95]: Thesemodels represent a dynamic graph as a sequence
of discrete snapshots {G(1),G(2), . . . }, applying GNNs independently to each snap-
shot. Temporal dependencies are captured by incorporating recurrent mechanisms
or temporal encoding across snapshots.

• Continuous-Time Dynamic GNNs [96]: These models treat dynamic graphs as se-
quences of timestamped events (u, v, t), updating node representations in real-time.
EvolveGCN, for instance, evolves GCN parameters over time using recurrent neural
networks, enabling the model to adapt to the graph’s temporal dynamics.

• Temporal Message Passing [97]: This approach extends traditional message passing
by integrating temporal information, allowing messages to be weighted based on
the time difference between events. Such mechanisms enable the model to capture
temporal patterns and recency effects in dynamic graphs.

Dynamic GNNs thereby capture evolving structures and can adapt representations as new
nodes or edges appear, making them suitable for tasks such as anomaly detection, link pre-
diction, and dynamic recommendation.

Overall, these extensions and variants demonstrate the broad applicability of GNN architec-
tures across diverse domains. By augmenting the fundamental message passing framework
with spatial features, temporal dynamics, hierarchical abstractions, and node- or edge-type
heterogeneity, researchers have progressively enhanced the representational capacity and
empirical performance of GNNs on complex, real-world problems.

5 Oversmoothing in Graph Neural Networks

5.1 Definition and Intuition

Oversmoothing is a phenomenon observed in GraphNeural Networkswherein, as the num-
ber of layers L increases, the node feature representations become increasingly similar, ul-
timately converging to nearly identical values. This convergence prevents the model from
distinguishing between nodes, thereby degrading performance on downstream tasks such
as node classification and link prediction. The root cause of oversmoothing resides in the
repeated aggregation (or “mixing”) of neighboring features, which, over multiple layers,
drives the hidden representations toward a constant subspace.
Formally, let H(l) ∈ RN×dl be the matrix of node features at layer l, where H(0) = X is
the input feature matrix, and dl is the dimensionality at layer l. Denote by h

(l)
i ∈ Rdl the

representation of node i at layer l. Oversmoothing implies that, as l → ∞,

lim
l→∞

∥∥h(l)
i − h

(l)
j

∥∥
2
= 0, ∀ i, j ∈ V,

where ∥·∥2 denotes the Euclidean norm. Equivalently, the row vectors of H(l) collapse
toward a common subspace, making it difficult to linearly (or nonlinearly) separate nodes
belonging to different classes.
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An intuitive analogy is to view each GNN layer as applying a low-pass filter on the graph:
if L is a normalized graph Laplacian, then a typical GCN layer multiplies the feature matrix
by D̃−1/2Ã D̃−1/2 = I−L, which reduces high-frequency components of the graph signal.
Empirical investigations have shown that oversmoothing may occur even in networks with
as few as two to four layers, depending on factors such as graph topology, degree distri-
bution, and choice of aggregation function. For example, on graphs with high homophily,
the mixing is stronger and oversmoothing can appear more rapidly; conversely, on het-
erophilous graphs, the mixing may be less severe but still leads to signal degradation over
many layers [98, 99, 100]. Furthermore, different architectures (e.g., GATs, GraphSAGE) ex-
hibit varying resistance to oversmoothing, often tied to their normalization and attention
mechanisms.
In summary, oversmoothing arises because the iterative neighborhood aggregation inGNNs
acts analogously to repeatedly applying a low-pass filter, which homogenizes the feature
vectors across nodes. Understanding this phenomenon is crucial for designing architectures
(e.g., using residual connections, identity mapping, or adaptive filters) that preserve dis-
criminative information while maintaining the benefits of multi-hop aggregation [11, 101].

5.2 Empirical Evidence

Empirical studies have consistently demonstrated that increasing the depth of GraphNeural
Networks often leads to performance degradation, a phenomenon primarily attributed to
oversmoothing. This section delves into the empirical observations and analyses that shed
light on the depth-performance trade-off and the associated variance decay across layers
in GNNs.

Depth-Performance Trade-off. The performance of GNNs does not monotonically im-
provewith increased depth. Instead, there exists an optimal number of layers beyondwhich
the model’s performance shrinks. This degradation is evident in tasks such as node clas-
sification, where deeper GNNs fail to maintain discriminative node representations. For
instance, studies have shown that even shallow GCNs exhibit notable performance drops
beyond a certain depth, often around eight layers, despite the smoothing rate of graph
propagation not being particularly rapid [20, 21, 7]. This observation suggests that factors
beyond mere smoothing, such as optimization difficulties, contribute to the performance
decline in deeper GNNs.

Variance Decay Across Layers. A critical aspect of oversmoothing is the decay of feature
variance across layers. As GNNs propagate information through successive layers, the vari-
ance of node features diminishes, leading to homogenized representations. This variance
decay has been quantitatively measured using metrics like Dirichlet energy, which assesses
the smoothness of node features over the graph. Empirical evaluations have demonstrated
that some architectures exhibit an exponential convergence of layer-wise Dirichlet energy
to zero, indicating significant oversmoothing, whereas others maintain approximately con-
stant Dirichlet energy across layers, reflecting a slower rate of homogenization [102, 103].

In summary, empirical evidence underscores the challenges posed by oversmoothing in
deep GNNs, highlighting the fragile balance between depth and performance. Understand-
ing the variance dynamics across layers is crucial for designing GNN architectures that
effectively leverage multiple layers while avoiding feature homogenization.
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5.3 Theoretical Explanations

The phenomenon of oversmoothing in GNNs has been extensively studied through the
lens of spectral graph theory. This section explores the theoretical foundations of over-
smoothing, focusing on how the graph’s spectral properties and the depth of the GNN
jointly influence the rate at which node embeddings converge, thereby undermining their
discriminability.

Spectral Perspective on Oversmoothing. GNNs, particularly those based on message
passing mechanisms, can be interpreted as performing iterative smoothing operations on
node features. Each layer in a GNN aggregates information from neighboring nodes, ef-
fectively applying a form of low-pass filtering that suppresses high-frequency components
(i.e., local variations) in the feature space. Repeatedly applying such smoothing operations
progressively removes local, high-frequency information from X , leaving only the global,
low-frequency components. While moderate smoothing can denoise features and capture
global consistency, excessive smoothing causes all node signals to converge toward the
principal eigenvector of L (or a constant vector when the graph is connected), thus elimi-
nating distinctions between nodes [20, 7].

Role ofGraph SpectrumandAdjacency Eigenvalues. Thespectral properties of the graph,
encoded in the eigenvalues and eigenvectors of matrices like the adjacency matrixA or the
normalized Laplacian L, play a crucial role in understanding oversmoothing. The eigenval-
ues of these matrices determine the frequency components of the graph signals. In partic-
ular, the largest eigenvalue corresponds to the lowest frequency (global structure), while
the smallest eigenvalue corresponds to the highest frequency (local variations).
When a GNN applies a convolution operation, it effectively modulates these frequency
components. Repeated applications of such operations tend to diminish high-frequency
components, which are crucial for distinguishing nodes from different classes. As evi-
denced in recent studies [104, 105], this suppression of high-frequency signal reduces the
model’s ability to separate closely related yet distinct node features, thereby leading to
oversmoothing and diminishing classification performance.

Impact of Model Depth. The depth of a GNN, defined by the number of layers, directly
influences the extent of smoothing applied to node features. As the number of layers in-
creases, the repeated aggregation operations can cause the node features to converge to-
wards a subspace dominated by the leading eigenvectors of the graph Laplacian. This con-
vergence implies that the node features become increasingly similar, hindering the model’s
ability to capture discriminative information.
Theoretical analyses have shown that the rate of this convergence is exponential with re-
spect to the number of layers. Specifically, for certain classes of graphs, the difference
between node features diminishes exponentially as the depth increases, leading to a rapid
onset of oversmoothing even in relatively shallow networks [7].
[7] generalized the idea in [20] considering also, that the ReLU activation function maps to
a positive cone. They characterize oversmoothing as convergence to a subspace and pro-
vide an estimate of the speed of convergence to this subspace. That speed is expressed as
the distance of node representations from the oversmoothing subspace M (details can be
found in [7]).
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Theorem 1 ([7]). Let sl =
Hl∏
h=1

slh where slh is the largest singular value of weight matrix

Wlh and s = supl∈N+sl. Then the distance from the oversmoothing subspaceM is measured as
follows: dM(X(l)) = O((sλ)l), where l is the layer number, λ is the smallest non-zero eigen-
value of I−Â, and if sλ < 1 the distance from the oversmoothing subspace (dM ) exponentially
approaches zero.

According to [7], deep GCNs are susceptible to oversmoothing, with the model’s only de-
fense against this effect being the product of the largest singular values of the weight matri-
ces. This multiplication arises from the 1-Lipschitzness of ReLU, combined with the propa-
gation scheme of GCN (Equation 2.1). If we remove the activation functions from Equation

2.1, we obtain the final node representations byH(L) = ALX
L∏
i=1

W (i). Therefore, the prod-

uct of the largest singular values of the weight matrices serves as the upper bound of the
appearing product, providing additional insight into the findings of [7].
Theorem 1 indicates that increasing the network’s depth results in node representations be-
ing closer to the subspaceM . If the products of maximum singular values and the smallest
eigenvalue of the Laplacian of each layer are small, then node representations asymptot-
ically approach M , regardless of the initial values of node features. Extending the afore-
mentioned theorem, the authors conclude to the following estimate about the speed of
convergence to the oversmoothing subspace.

Corollary 2 ([7]). Let s = sup
l∈N+

sl· then dM(X(l)) = O((sλ)l), where l is the layer number and

if sλ < 1 the distance from oversmoothing subspace exponentially approaches zero. Where λ
is the smallest non-zero eigenvalue of I - Â.

According to the authors, any sufficiently deepGCNwill inevitably suffer fromoversmooth-
ing, under some conditions (details can be found in [7]).

In summary, the theoretical exploration of oversmoothing through spectral graph theory
provides valuable insights into the limitations of deep GNNs. By analyzing the interplay
between graph spectra, adjacency eigenvalues, and model depth, we can devise strategies
to design more robust and expressive GNN architectures.

6 Quantifying and Detecting Oversmoothing

6.1 Metrics and Measures

Effectively quantifying oversmoothing in GraphNeural Networks is crucial for understand-
ing and mitigating its impact on model performance. Several metrics have been proposed
to measure the extent of oversmoothing, focusing on aspects such as pairwise embedding
distances, spectral properties, and information-theoretic measures.

Pairwise EmbeddingDistances. One intuitive approach to assess oversmoothing involves
analyzing the pairwise distances between node embeddings. As oversmoothing progresses,
node representations become increasingly similar, leading to a reduction in these distances.
Metrics like the Total Pairwise Squared Distance (TPSD) and the row-difference (row-dif)
measure have been introduced to quantify this effect. The row-diff metric calculates the
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average pairwise distance between node embeddings, providing a direct measure of repre-
sentation similarity across the graph [16]. Additionally, the Relative Inter-Class Distance
(RICD)metric has been proposed to evaluate the difference in similarity between inter-class
and intra-class node pairs, offering insights into how oversmoothing affects class separa-
bility [13].

Laplacian-Based Indices. Spectral properties of the graph, particularly those derived from
the Laplacian matrix, offer another avenue for quantifying oversmoothing. The Dirichlet
energy is a prominent metric in this context, measuring the smoothness of node features
over the graph structure. It is defined as:

E(X) = tr(X⊤LX),

A decrease in Dirichlet energy across layers indicates increased smoothness, with values
approaching zero signifying complete homogenization of node features [103]. Compared
to other metrics like the Mean Average Distance (MAD) [106], Dirichlet energy has been
found to be more stable and reliable for detecting oversmoothing.

Mutual Information and Representation Collapse Metrics. Information-theoretic mea-
sures, such as mutual information (MI), have been employed to assess the extent of repre-
sentation collapse due to oversmoothing. MI quantifies the amount of information shared
between input features and their corresponding embeddings. A decline in MI across layers
suggests that node embeddings are losing informative content, converging towards indis-
tinguishable representations. While MI provides a theoretical framework for understand-
ing oversmoothing, its practical computation can be challenging, and its effectiveness may
vary depending on the specific characteristics of the graph and the GNN architecture.

In summary, these metrics provide a comprehensive toolkit for quantifying and detecting
oversmoothing in GNNs. Employing these metrics can assist in detecting oversmoothing
issues and guiding the development of architectures and training strategies to mitigate its
effects.

6.2 Empirical Detection Protocols

Empirical evaluation of oversmoothing in Graph Neural Networks necessitates systematic
protocols that can reliably detect and quantify the phenomenon. Two primary approaches
have been employed in the literature: the use of synthetic benchmarks and layer-wise vari-
ance tracking.

Synthetic Benchmarks. Synthetic datasets provide controlled environments to study over-
smoothing by allowing precise manipulation of graph properties such as homophily, degree
distribution, and connectivity. For instance, the use of synthetic graphs with adjustable ho-
mophily ratios enables the assessment of GNN performance under varying degrees of node
similarity. Studies have demonstrated that in low-homophily settings, GNNs are more
prone to oversmoothing, as the aggregation of dissimilar neighbor features leads to fea-
ture homogenization [107]. Additionally, synthetic benchmarks facilitate the evaluation
of oversmoothing mitigation techniques by providing a consistent testing ground across
different graph structures.
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Layer-Wise Variance Tracking. Monitoring the variance of node representations across
layers serves as a practical method for detecting oversmoothing. As GNNs deepen, the
variance of node features tends to decrease, indicating a convergence towards similar rep-
resentations. Metrics such as the Mean Average Distance (MAD) and its variant MADGap
have been proposed to quantify this effect. MAD measures the average pairwise distance
between node embeddings, while MADGap assesses the difference in MAD between intra-
class and inter-class node pairs. A declining MADGap across layers signifies a loss of class
discriminability due to oversmoothing [106]. Furthermore, tracking the Dirichlet energy
of node features across layers provides insights into the smoothness of the feature space,
with decreasing energy values indicating increased oversmoothing [103].

In practice, combining synthetic benchmarks with layer-wise variance tracking offers a
comprehensive approach to empirically detect and analyze oversmoothing in GNNs. These
protocols enable systematic evaluation of the the impact of architectural choices and train-
ing strategies on the preservation of informative node representations.

6.3 Challenges and Gaps inQuantifying and Detecting Oversmoothing

Despite significant advancements in understanding oversmoothing in Graph Neural Net-
works, several challenges persist in accurately quantifying and detecting this phenomenon.
These challenges include scalability issues, the absence of closed-form layer analysis, and
a limited theoretical-practical bridging.

Scalability Constraints inOversmoothingMetrics. Traditionalmetrics for assessing over-
smoothing, such as the Dirichlet energy, often fall short in large-scale or deep GNNs. These
metrics may not reliably indicate oversmoothing in practical scenarios, as they can provide
meaningful insights only under specific conditions, such as very deep networks or strict as-
sumptions on network weights and feature representations. Consequently, there is a need
for more scalable and robust metrics that can effectively capture oversmoothing across di-
verse GNN architectures and depths.

Absence of Closed-Form Layer Analysis. The absence of closed-form, layer-wise ana-
lytical expressions in GNNs hinders the exact quantification of oversmoothing dynamics.
Even though some studies have provided asymptotic analyses, they often do not offer in-
sights into the finite-depth behavior of GNNs, which is critical for practical applications.
The absence of such analytical tools limits our ability to predict andmitigate oversmoothing
effectively.

Limited Bridging Between Theory and Practice. There exists a gap between theoretical
models of oversmoothing and their practical implications. Many theoretical frameworks
rely on simplified assumptions that may not hold in real-world scenarios, leading to dis-
crepancies between predicted and observed behaviors. For example, spectral and dynamical
system frameworks provide insights, but they rely on simplifying assumptions that limit
precise characterization of how oversmoothing evolves across network depth [102]. Bridg-
ing this gap requires the development of theoretical models that account for the complex-
ities of practical GNN implementations, including various architectures, training regimes,
and data characteristics.
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In summary, to address these challenges we need to develop scalable metrics, derive closed-
form analytical tools, and create theoretical models that align closely with practical obser-
vations. Such advancements will enhance our ability to quantify and detect oversmoothing,
ultimately leading to more robust and effective GNNs.

7 Mitigating Oversmoothing

7.1 Architectural Innovations

To mitigate oversmoothing in Graph Neural Networks, several architectural innovations
have been proposed. These designs aim to preserve discriminative node representations
across multiple layers by enhancing information flow, capturing multi-scale neighborhood
features, and decoupling feature transformation from propagation. In this section, I discuss
three notable architectures: JumpingKnowledgeNetworks, MixHop, andDecoupledGNNs.

Jumping Knowledge Networks [108]. Jumping Knowledge (JK) Networks introduce a
mechanism that aggregates information from multiple layers of a GNN to form the final
node representations. Formally, let H(l) ∈ RN×dl denote the node feature matrix at layer l.
Instead of using only H(L) (the output of the last layer), JK Networks compute

H(JK)
u = Combine

(
H(1)

u , H(2)
u , . . . , H (L)

u

)
,

where Combine(·) is a learnable function (e.g., concatenation followed by a linear projec-
tion, max pooling, or attention-based weighting) that adaptively selects and fuses the most
informative features from each layer for node u. By allowing nodes to “jump” to represen-
tations from earlier layers, JK Networks preserve local and higher-frequency information
that might otherwise be vanished in deep layers, thereby mitigating oversmoothing.

MixHop [109]. MixHop is an architecture designed to capture multi-scale neighborhood
information within each layer. Instead of stacking many layers to indirectly gather infor-
mation from distant neighbors, MixHop explicitly computes multiple powers of the nor-
malized adjacency matrix Â. In particular, at layer l, MixHop computes

H(l+1) = σ
([

Â0H(l) W
(l)
0 ∥ Â1H(l) W

(l)
1 ∥ · · · ∥ ÂKH(l) W

(l)
K

])
,

where Â = D̃−1/2Ã D̃−1/2 is the the augmented symmetrically normalized adjacency ma-
trix after self-loop addition,W (l)

k are trainable weight matrices for the k-hop neighborhood,
K is the maximum hop distance considered, and ∥ denotes concatenation. By simultane-
ously mixing features from 0- to K-hop neighborhoods, MixHop achieves rich representa-
tion powerwithout requiring deep stacking. Thismulti-horizon aggregation helpsmaintain
diverse node features and reduces the tendency toward homogenization.

Decoupled GNNs [110]. Decoupled GNNs separate feature transformation from neigh-
borhood aggregation, which are traditionally intertwined in standard GNN layers. In a
standard GNN layer, the update is of the form

H(l+1) = σ
(
ÂH(l) W (l)

)
,
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entangling feature mixing (ÂH(l)) with transformation (·W (l)). Decoupled GNNs instead
perform multiple transformation steps before (or after) a single propagation step. For ex-
ample, one variant computes:

H̃ = σ
(
H(l) W

(l)
1

)
, H(l+1) = Â H̃,

or equivalently
H(l+1) = σ

(
ÂH(l)

)
W

(l)
2 ,

allowing separate control over transformation depth and message passing. By decoupling
these operations, the network can apply multiple nonlinear transformations without re-
peated neighborhood mixing, thereby limiting cumulative smoothing effects. This design
enables deeper architectures with reduced oversmoothing while still leveraging the bene-
fits of feature transformation.

In summary, architectural innovations such as Jumping Knowledge Networks, MixHop,
and Decoupled GNNs offer effective strategies to reduce oversmoothing in GNNs. By ag-
gregating multi-layer features, capturing multi-scale neighborhood information within a
single layer, and decoupling transformation from propagation, these designs preserve the
discriminative power of node representations. Consequently, they enable the construc-
tion of deeper and more expressive GNN models while controlling feature homogenization
across layers.

7.2 Skip and Residual Connections

Skip and residual connections have emerged as pivotal architectural strategies for mitigat-
ing the oversmoothing phenomenon in GNNs. Drawing inspiration from the success of
Residual Networks (ResNets) [33] in deep learning, these connections preserve initial node
features across layers, thereby enhancing the expressive capacity of deep GNNs.

Mechanism and Implementation. In conventional GNNs, each layer updates node repre-
sentations by aggregating information from neighboring nodes. As the number of layers
L increases, repeated aggregation can cause node features to converge to similar values,
diminishing the model’s discriminative power. Residual (or skip) connections address this
issue by allowing the direct propagation of input features to subsequent layers. Formally,
let H(l) ∈ RN×dl denote the matrix of node features at layer l. A residual connection is
given by

H(l) = F
(
H(l−1)

)
+ H(l−1),

where F : RN×dl−1 → RN×dl denotes the transformation (e.g., aggregation followed by a
linear map and nonlinearity) applied at layer l. By learning the residual functionF(H(l−1))
instead of the full mapping, the model preserves essential information from H(l−1), which
helps maintain feature diversity across deep architectures.

Impact on Receptive Fields and Gradient Flow. Incorporating residual connections in-
fluences both receptive fields and gradient propagation. BecauseH(l−1) is added directly to
F(H(l−1)), the node representationH(l) retains information from all previous hops, ensur-
ing that representations capture both local and global structural information. This multi-
scale representation is crucial for tasks requiring knowledge of immediate neighbors and
distant nodes.
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Moreover, residual connections create alternative gradient pathways during backpropa-
gation. In deep networks, gradients may diminish as they pass through multiple layers,
leading to vanishing gradient problems. The additive term H(l−1) provides a shortcut for
gradients, thereby improving gradient flow and enabling stable training of deeper GNNs
[23, 11].

Theoretical Insights and Empirical Evidence. Theoretical analyses confirm the efficacy
of residual connections in preventing oversmoothing. For example, under linear propa-
gation, the addition of H(l−1) slows down the exponential decay of feature variance, en-
suring that node embeddings do not collapse into a constant vector. Specifically, let Ã =
D̃−1/2(A+I)D̃−1/2 be the the augmented symmetrically normalized adjacency matrix after
self-loop addition. Without residuals, repeated multiplication by Ã drives H(l) toward the
principal eigenspace of Ã. With residual connections, the update

H(l) = ÃH(l−1) +H(l−1) = (I + Ã)H(l−1)

modifies the eigenvalues of the propagation operator, reducing the spectral gap and slowing
homogenization.
Empirical evaluations confirm these theoretical results. For instance, the GCNII architec-
ture introduces an initial residual connection that combines H(0) with each layer’s output.
This design maintains the influence of H(0) across all layers, effectively mitigating over-
smoothing and enabling deeper GNNs to achieve higher accuracy on node classification
benchmarks [11].

Variants and Extensions. Beyond standard residual connections, several variants have
been proposed to further enhance GNN performance:

• Initial Residual Connections. These incorporate the initial node features H(0) into
each layer’s computation, ensuring that original information remains influential through-
out the network depth. For example, in ResGCN, H(l+1) depends on both ÃH(l) and
H(0), preserving high-frequency details [23].

• Jumping Knowledge Networks (JK-Nets). JK-Nets aggregate outputs from multiple
layers. This allows each node u to adaptively select features from different neighbor-
hood ranges, which is particularly beneficial in heterogeneous graphs [108].

• Deep Adaptive Graph Neural Networks (DAGNNs). DAGNNs dynamically adjust
the number of propagation steps for each node based on learned attention weights.
Specifically,

H(l+1) =
K∑
k=0

α
(u)
k Ãk H(0),

where {α(u)
k }Kk=0 are adaptive weights for node u. This flexibility balances local and

global information, reducing unnecessary smoothing [111].

In summary, skip and residual connections are fundamental to enhancing the depth and
expressiveness of GNNs. By preserving initial node features and facilitating robust gradient
flow, these architectural strategies mitigate oversmoothing, enabling the design of deeper
and more powerful GNN models. Variants such as initial residual connections, JK-Nets,
and DAGNNs further extend these ideas, offering tailored mechanisms to balance feature
preservation and neighborhood aggregation for complex graph-structured data.
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7.3 Normalization Techniques

Normalization techniques have emerged as a method to mitigate the oversmoothing phe-
nomenon in Graph Neural Networks. By standardizing feature distributions across various
dimensions, these methods aim to preserve the discriminative power of node representa-
tions, especially in deeper network architectures. This section analyzes several prominent
normalization techniques, focusing on their underlying mechanisms and their role in mit-
igating oversmoothing.

BatchNormalization (BatchNorm). Originally introduced to stabilize and accelerate train-
ing in deep neural networks [112], BatchNorm normalizes layer inputs to have zero mean
and unit variance across a mini-batch. In GNNs, it is typically adapted to normalize node
features within individual graphs. Theoretical analyses have shown that BatchNorm rescal-
ing prevents node embeddings from collapsing into a one-dimensional subspace, effectively
preserving their variance and expressivity across layers [113]. However, the centering op-
eration may distort the underlying graph signal, as highlighted in recent work [113].

Layer Normalization (LayerNorm). LayerNorm normalizes across the feature dimension
of each data sample rather than across the batch [114]. This makes it particularly effective
for GNNs dealing with variable batch sizes or unstable batch statistics. In GNNs, Layer-
Norm stabilizes node-wise feature distributions and mitigates oversmoothing by ensuring
consistent scales of features across layers, without relying on global batch statistics [115].

PairNorm. PairNorm is a normalization technique specifically designed to address over-
smoothing in GNNs. It operates by maintaining a constant pairwise distance between node
representations, effectively preventing them from converging to similar values across lay-
ers [13]. By re-centering and re-scaling node features after each message passing step,
PairNorm preserves the relative distances among nodes, which is essential for tasks requir-
ing discriminative embeddings. However, it is noteworthy that while PairNorm reduces
oversmoothing, it may increase intra-class variance, potentially affecting classification per-
formance.

Differentiable Group Normalization (DGN). Differentiable Group Normalization (DGN)
introduces a group-wise normalization strategy that considers the community structures
within graphs [116]. By normalizing node features within the same group or class, DGN
enhances intra-class compactness while promoting inter-class separability. This approach
effectively balances the need for smoothness within communities and distinctiveness across
different groups, thereby addressing oversmoothing without compromising the model’s
discriminative capabilities.

GraphNorm. GraphNorm is tailored for graph-level tasks and normalizes node features
by considering the entire graph’s statistics. It performs a centering operation followed by
scaling, akin to BatchNorm, but specifically adapted for graph structures [115]. By account-
ing for graph-specific characteristics, GraphNorm ensures that the normalization process
preserves the inherent structural information, thereby mitigating oversmoothing in graph-
level representations.
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PowerEmbed. PowerEmbed introduces a layer-wise normalization approach that empha-
sizes the top-k eigenvectors of the graph, capturing essential global spectral information
[117]. This technique facilitates the learning of comprehensive node representations by in-
tegrating both local and global information. By focusing on the spectral properties of the
graph, PowerEmbed offers a principled method to mitigate oversmoothing, especially in
scenarios where capturing long-range dependencies is crucial.

In summary, normalization techniques play a critical role in enhancing the depth and ex-
pressiveness of GNNs by addressing oversmoothing. While methods like BatchNorm and
LayerNorm provide foundational normalization strategies, specialized techniques such as
PairNorm, DGN, GraphNorm, and PowerEmbed offer tailored solutions that consider the
unique aspects of graph-structured data. The choice of normalization method should align
with the specific requirements of the task and the characteristics of the underlying graph
topology.

7.4 Regularization

Regularization techniques serve as essential mechanisms for mitigating oversmoothing in
Graph Neural Networks. By introducing controlled perturbations or constraints during
training, these methods preserve informative node representations across multiple layers.
This section describes several prominent regularization strategies, detailing their principles
and contributions to alleviating oversmoothing.

DropEdge. DropEdge randomly removes a subset of edges from the input graph during
each training iteration [14]. By stochastically dropping connections, this technique reduces
the influence of any single neighbor, thereby limiting the extent of feature homogenization
that occurs through repeated message passing. As a form of data augmentation, DropEdge
encourages the model to learn more robust representations that do not rely excessively on
specific edge patterns. Empirical results demonstrate that applying DropEdge to architec-
tures such as GCN and GraphSAGE improves both classification accuracy and robustness
to adversarial perturbations.

Critical DropEdge (C-DropEdge). Critical DropEdge extends the standard DropEdge ap-
proach by automatically determining an optimal, graph-dependent edge preservation rate,
rather than relying on manually tuned, fixed drop probabilities. At each layer, C-DropEdge
selects a critical fraction of edges, preserving a topology that balances connectivity and
trainability. This edge retention rate is computed once per graph based on its structure,
minimizing oversmoothing by theoretically aligning with the GNTK convergence limits.
As a result, C-DropEdge maintains sufficient signal propagation even in deep GNNs, while
avoiding over-pruning that could hinder learning. Empirically, this method offers more
stable and robust performance across different depths, outperforming both vanilla GCNs
and fixed-ratio DropEdge, especially in deeper architectures, and using a much smaller hy-
perparameter search space, since the edge-preservation rate is determined from the graph
itself [118].

Spectral Regularization. Spectral regularization leverages the eigenvalues and eigenvec-
tors of the graph Laplacian to impose smoothness constraints on node features. By pe-
nalizing high-frequency components (often quantified via Dirichlet energy) these methods
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impose a balance between smoothing within local neighborhoods and preserving differ-
ences between distinct classes [21, 119, 106]. For example, adding a regularization term
proportional to the Dirichlet energy discourages rapid convergence of node features, thus
preventing overly uniform representations. Such spectral penalties are grounded in graph-
theoretic principles and offer amathematically principled approach to limiting oversmooth-
ing.

Edge Perturbation. Edge perturbation techniques explicitly modify graph’s topology by
adding or removing edges according to a predefined distribution [120]. By perturbing edges,
either randomly or based on criteria such as edge betweenness, these methods increase the
diversity of node neighborhoods and prevent uniformity induced by repeated aggregation.
Edge perturbation also acts as data augmentation, exposing the model to multiple graph
variants during training. As a result, node representations become less prone to collapsing
into similar vectors, and generalization performance improves.

Consistency Regularization. Consistency regularization enforces that model predictions
remain stable under different perturbations of the input graph. Techniques such as Graph
Random Neural Networks (GRAND) generate multiple augmented versions of the same
graph (through methods like random propagation, feature masking, or edge dropout), and
require that the model’s outputs for these variants remain consistent [121]. This constraint
encourages the network to learn representations that are invariant to small graph modifi-
cations, thereby reducing oversmoothing and enhancing resilience to noise.

In summary, regularization techniques are beneficial for addressing oversmoothing inGNNs.
By disrupting the graph structure (DropEdge, A-DropEdge, edge perturbation), imposing
spectral constraints (spectral regularization), or promoting prediction stability (consistency
regularization), these methods preserve feature diversity and discriminative power across
layers. Integrating regularization into GNN training enables deeper, more expressive mod-
els capable of handling complex graph-structured tasks while avoiding excessive feature
homogenization.

7.5 Weight Initialization

Weight initialization plays a pivotal role in the training dynamics and performance of Graph
Neural Networks. Inappropriate initialization can amplify oversmoothing, causing node
representations to become indistinguishable faster, as network depth increases. This sec-
tion first discusses the limitations of conventional initialization methods when applied to
GNNs and then introduces graph-aware initialization techniques designed to preserve fea-
ture variance and mitigate oversmoothing.

Limitations of Conventional InitializationMethods. Traditionalweight initialization strate-
gies, such as Xavier (Glorot) [122] and Kaiming (He) [15], were developed for feedforward
and convolutional neural networks. These methods aim to maintain the variance of acti-
vations and gradients across layers, thereby preventing vanishing or exploding gradients
during training. However, when applied directly to GNNs, they ignore the unique charac-
teristics of graph-structured data, particularly the repeated message passing operations.
In GNNs, each layer aggregates information from neighboring nodes. As layers are stacked,
this aggregation effect compounds, causing the variance of node features to rapidly dimin-
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ish. This reduction in variance is the primary mechanism behind oversmoothing. Because
Xavier and Kaiming initializations do not take into account graph topology or the spectral
properties of the graph Laplacian, they often lead to suboptimal feature variance preser-
vation in deep GNN architectures. Consequently, deeper GNNs initialized with these con-
ventional methods can exhibit accelerated homogenization of node embeddings, resulting
in degraded performance on tasks such as node classification and link prediction [123].

Graph-Aware Initialization Techniques. To address these shortcomings, several graph-
aware initialization strategies have been proposed. These methods explicitly incorporate
structural information about the graph into the initialization of weights, with the goal of
preserving feature variance across layers and mitigating the onset of oversmoothing.

VIRGO (Variance Instability Reduction inGraphOptimization). VIRGO [123] is grounded
in a theoretical analysis of how variance propagates throughout GNNs layers, both in the
forward pass (node representations) and the backward pass (gradients), while factoring in
activation functions, hidden dimensions, message passing, and graph structure. Based on
these derivations, it identifies initialization methods that stabilize variance across layers,
effectively balancing information flow and preventing both explosion and collapse of vari-
ance. Practically, VIRGO determines optimal scaling of weight matrices by considering
properties of the normalized adjacency matrix (including the spectral radius), and selects
initial weight distributions (e.g., Gaussian or uniform) accordingly.

Isometry-Aware Initialization with Gradient-Guided Rewiring. Jaiswal et al.
[124] highlight the limitations of applying standard Glorot initialization to deep GCNs,
which often suffer fromvanishing gradients and oversmoothing. They introduce a topology-
aware isometric initialization tailored to GCNs, derived from a gradient-flow analysis that
ensures each layer preserves the magnitude of activations and gradients. Additionally,
rather than relying on fixed skip-connections, they propose adaptive rewiring: during train-
ing, on-demand skip links are introduced between layers based on observed gradient flow
metrics. This dynamic combination significantly improves training stability and enables
deeper GCNs. However, in that method, it is not yet clear whether the performance of
deep models stems from the initialization scheme itself or the adaptively introduced skip-
connections.

MLPInit: Peer-MLP-Driven Weight Initialization. Han et al. [125] propose a straight-
forward yet powerful method called MLPInit, which uses weight matrices pretrained on a
Peer MLP (an MLP with the same architecture as the target GNN) to initialize GNN train-
ing. After training the MLP solely on node features (ignoring graph topology) the GNN
is initialized with the resulting weights and then fine-tuned. This strategy not only accel-
erates convergence, but also often improves predictive performance compared to random
initialization methods.

Empirical Evidence and Practical Implications. Empirical studies validate the effective-
ness of graph-aware initialization methods. For instance, experiments using VIRGO on ci-
tation network datasets (e.g., Cora, Citeseer) and large-scale social graphs show improved
convergence speed and enhanced classification accuracy relative to Xavier or Kaiming ini-
tialization. These findings underscore the importance of aligning weight initialization with
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graph-specific factors, such as degree distribution and spectral gap, to preserve the expres-
siveness of node embeddings in GNNs.

In summary, weight initialization is a critical factor in the design and training of GNNs.
Although traditional methods like Xavier and Kaiming provide a foundational approach
for variance preservation in Euclidean domains, they do not account for the iterative ag-
gregation and spectral structure inherent in graphs. Graph-aware initialization methods,
such as VIRGO, incorporate topological and spectral information to maintain feature vari-
ance across layers, thereby enhancing overall model performance. As GNN architectures
continue to grow in depth and complexity, the development and adoption of specialized
(and oversmoothing resistant) initialization methods will remain essential for advancing
state-of-the-art performance on graph-structured tasks.

7.6 Activation Functions

Activation functions can heavily influence the expressiveness and training dynamics of
GraphNeural Networks. They introduce non-linearity into themodel, enabling the learning
of complex patterns. However, the choice of activation function significantly influences the
appearance of oversmoothing as network depth increases. This section examines the impact
of various activation functions on oversmoothing and explores strategies to mitigate this
issue.

ReLU and Its Variants. The Rectified Linear Unit (ReLU) is widely adopted due to its
simplicity and effectiveness. ReLU outputs zero for any negative input and passes through
positive inputs unchanged. While this behavior promotes sparse activations, it can amplify
oversmoothing by eliminating negative activation values and reducing information flow
through deeper layers. To address these limitations, several variants have been proposed:

• Leaky ReLU: Unlike standard ReLU, Leaky ReLU allows a small, non-zero output
for negative inputs. This modification helps prevent units from becoming inactive
(“dying ReLUs”) [126] and maintains some gradient flow for negative inputs, which
in turn helps preserve variance in node features and reduce oversmoothing [127].

• Exponential Linear Unit (ELU): ELU applies an exponential transformation to neg-
ative inputs that smoothly approaches a negative constant, while passing through
positive inputs linearly. By shifting the mean activation closer to zero and providing
a smooth gradient for negative inputs, ELU improves learning dynamics and reduces
the tendency for node features to collapse [128].

• Scaled Exponential Linear Unit (SELU): SELU is designed to self-normalize activa-
tions by automatically maintaining zero mean and unit variance across layers. This
normalization effect helps stabilize deep network training and prevents rapid vari-
ance decay in node features [129].

Slope Effects and Variance Preservation. The slope of the activation function for negative
inputs is crucial in preserving the variance of node features across layers. A zero slope (as
in standard ReLU) can lead to rapid variance reduction and oversmoothing. Introducing a
small positive slope for negative values (as in SeLU) allows some negative information to
propagate, thereby maintaining feature diversity deeper in the network [129].
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Deep GCNs with tanh. An initial approach to reduce oversmoothing was proposed in
[130]. The paper demonstrates that using ReLU in deep GCNs leads to a rapid collapse in
the column-rank of feature matrices. This rank collapse effectively reduces the dimension-
ality of node representations, reducing expressivity. Their experiments show that replacing
ReLU with tanh stabilizes this collapse: the feature-matrix rank remains nearly constant
across deep layers, in contrast to the observed drop with ReLU. Based on these insights,
they proposed tanh as a superior activation function in deep GCNs capable of maintaining
richer feature representations.

In summary, the choice of activation function greatly influences GNN depth scalability and
performance. While ReLU remains popular for its simplicity and efficiency, its tendency to
amplify oversmoothing limits deep GNN expressivity. Variants like Leaky ReLU, ELU, and
SELU help address dying neurons, maintain feature variance, and improve gradient flow,
but they lack theoretical foundations directly addressing oversmoothing. Tanh has been
proposed as an alternative, but like all saturating functions, it flattens (saturates) for large-
magnitude inputs, which, in turn, can still lead to similar node representations as depth
increases.

8 Synthesis and Research Gaps

8.1 Summary of Observations

Recent years have witnessed extensive study of the oversmoothing phenomenon in Graph
Neural Networks, resulting in numerous empirical methods to mitigate its negative effects.
Techniques such as architectural innovations, skip and residual connections, normalization
methods, and regularization strategies consistently demonstrate their ability to preserve
node representation diversity and enhance model performance across different tasks. For
example, residual connections have been both theoretically and empirically proven to coun-
teract oversmoothing by “short-circuiting” initial node features to subsequent layers. In
addition, architectures such as Jumping Knowledge Networks and MixHop capture multi-
scale neighborhood information in order to reduce the homogenization of node represen-
tations.
Despite these practical successes, there remains a need for a theoretical framework that
quantifies oversmoothing, identifies its primary causes, and systematically proposes meth-
ods for its mitigation. Existing theoretical analyses, such as those addressing the trade-off
between denoising and mixing effects in graph convolutions, often rely on assumptions
tied to specific GNN variants or graph structures. Furthermore, recent findings suggest
that oversmoothing can be reduced through carefully chosen weight initialization meth-
ods or architectural constraints, enabling GNNs to retain expressive power even at larger
depths. This indicates that our current understanding is still fragmented, lacking a unified
theory capable of predicting oversmoothing behavior across a broad range of models and
datasets.
In summary, while empirical strategies provide effective means of mitigating oversmooth-
ing, the theoretical foundations underlying their success, and the conditions under which
they are most effective, remain underdeveloped. Bridging this gap between empirical prac-
tice and theoretical insight is essential for the principled design of deeper and more robust
GNN architectures.
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8.2 Open Problems

Several critical challenges hinder the development of a unified theory and resilient GNN ar-
chitectures that avoid oversmoothing while still leveraging the advantages of greater depth
in GNNs:

Layer-wise Quantification of Oversmoothing. Current research lacks precise metrics
that capture how oversmoothing evolves at each layer. While global measures such as
Dirichlet energy or mean average distance (MAD) can assess overall feature smoothness,
they fail to reveal layer-specific dynamics. Developing fine-grained, layer-level metrics
would enable more targeted diagnosis and intervention, shedding light on exactly where
and how oversmoothing emerges.

Interactions Between Residual Connections and Graph Topology. Although residual
connections are widely used to alleviate oversmoothing by preserving feature variance,
their effectiveness varies depending on graph structure. Factors such as degree distribu-
tion, clustering coefficients, and connectivity patterns influence how residual connections
interact withmessage passing. A rigorous theoretical investigation into how residualmech-
anisms behave under varying graph topologies is essential to fully assess their benefits and
limitations.

Impact of GNN Training. Training GNNs has dual effects: while parameter optimiza-
tion enables deep GNNs to learn mechanisms that counteract oversmoothing and develop
more informative node representations, GNNs are also subject to backward oversmoothing,
where gradients themselves become homogenized (creating stationary points and hinder-
ing convergence). Additionally, issues like vanishing or exploding gradients early in train-
ing can dominate performance degradation, implying that trainability often limits deep
GNNs performance. Exploring the effect of training in GNNs and oversmoothing remains
an underexplored territory.

InformedWeight Initialization Method. Weight initialization substantially affects train-
ing dynamics in GNNs. Standard methods like Xavier and Kaiming do not account for
graph topology, leading to rapid variance decay and exacerbated oversmoothing. While
graph-aware initialization methods like VIRGO demonstrate promise, no universally appli-
cable, theoretically grounded method exists that consistently mitigates oversmoothing as
depth increases and reliably enhances performance across diverse GNN architectures and
datasets. Developing such a method remains an open challenge.

Impact of Activation Functions. The choice of activation function influences gradient
propagation and feature variance, but its specific role in oversmoothing is not fully under-
stood. Clarifying how activation functions influence feature diversity and gradient flow is
essential for designing activation functions that enhance depth scalability.

8.3 Positioning of This Work

In response to these open problems, this work makes the following key contributions:
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Layer-wise OversmoothingMetrics. We propose a novel metric to quantify oversmooth-
ing at each layer of a GNN. By capturing the evolution of node representations distance
layer by layer, the proposed metric enables precise diagnosis and targeted architectural
adjustments to prevent representation collapse.

Theoretical Analysis of Residual-Topology Interactions. We develop a formal frame-
work to analyze how residual connections interact with various graph topologies. By de-
riving conditions under which residual fail to enable deep architectures, we highlight their
limitations under specific tasks which require deep GNNs.

Exploration of Partial Training. We systematically investigate how partial training can
mitigate oversmoothing. By analyzing the impact on feature diversity, we identify propa-
gation schemes that maintain expressiveness in deep GNNs.

Informed Weight Initialization Method. Building on recent advances, we introduce a
weight initialization method that integrates key graph statistics, such as node degree dis-
tribution, into the initialization process. Our approach aims to stabilize training and delay
the onset of oversmoothing, and we validate its effectiveness across multiple GNN variants
and benchmark datasets.

Impact of Activation Functions. We systematically investigate how the use of activation
functions with controlled slope can mitigate oversmoothing. By analyzing their impact on
feature diversity and gradient flow, we identify design principles for activation functions
that maintain expressiveness in deep GNNs.

Through these contributions, this work aims to bridge the gap between empirical success
and theoretical understanding, advancing the principled design of GNN architectures that
remain robust against oversmoothing across a wide range of graph-related tasks.

9 Conclusion of the Literature Review

Graph Neural Networks have advanced substantially, providing powerful mechanisms for
learning fromgraph-structured data. Nevertheless, the oversmoothing phenomenon, where
node embeddings become indistinguishable as network depth increases, persists as a crit-
ical barrier to the development of deeper and more expressive models. Extensive em-
pirical work has produced numerous mitigation techniques, including residual connec-
tions, normalization methods, architectural innovations, and regularization strategies, all
of which have demonstrated effectiveness in preserving feature diversity and improving
performance on a variety of tasks.
Despite these empirical successes, a unifying theoretical framework that quantifies over-
smoothing, identifies its primary drivers, and systematically proposes mitigation strategies
remains absent. Existing metrics, such as Dirichlet energy and Mean Average Distance
(MAD), offer partial insight into feature homogenization, and do not fully capture how over-
smoothing progresses through individual layers. Moreover, the interplay between residual
connections, graph topology, and weight initialization lacks rigorous exploration. Con-
sequently, our understanding of how to design deep GNNs that consistently avoid over-
smoothing across diverse graph structures remains incomplete.
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Building upon the insights from the literature, the next chapters present theoretically so-
lidified and empirically verified methods to quantify and reduce oversmoothing in deep
GNNs. Specifically:

• Develop layer-specific metrics that accurately quantify the onset and progression of
oversmoothing.

• Theoretically analyze how residual connections interact with various graph topolo-
gies, and, in particular, when deep GNNs are required.

• Investigate the role of partial training in maintaining feature diversity.

• Propose informed weight initialization method for GNNs that aligns with spectral
and structural properties of input graphs.

• Investigate the role of the slope of the activation functions in maintaining feature
diversity and promoting stable gradient flow.

By addressing these points, this work aims to bridge the gap between empirical practice
and theoretical understanding, ultimately enabling the principled design of robust, deep
GNN architectures.
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Chapter 3

Analyzing the Effect of Embedding Norms and
Singular Values to Oversmoothing in Graph
Neural Networks

Chapter 3 introduces a principled approach to measuring and reducing oversmoothing in
deep GNNs. Oversmoothing poses a fundamental barrier to designing expressive, deep
GNN architectures. To better understand and address this challenge, it is essential to de-
velop a quantitative measure that captures the extent of oversmoothing in a givenmodel. In
this chapter, building on prior studies [106], we propose a novel distance measure, namely
MASED, and conduct an in-depth investigation into its properties.
We derive upper and lower bounds on its value and examine how the lower bound can be
increased, in order to maintain node embedding variance and reduce oversmoothing. In
this direction, we highlight the key role of the node embedding norms and of the smallest
singular values of weight matrices, which have been largely overlooked. Additionally, we
shed light on the relationship between the number of adjacency hops and weight matrices
in GNNs. Our analysis provides insights into the characteristics of a deep model that lead
to oversmoothing and how this, in turn, affects model performance. These findings can
motivate the design of more effective strategies for mitigating the impact of oversmooth-
ing in deep GNNs. We also propose one such mitigation strategy, in the form of a novel
regularization method, named G-Reg, which aims to reduce co-linearity between the rows
of the weight matrices and, in turn, increase their smallest singular values.
In summary, the main contributions of the work presented in this chapter are as follows:

• Contribution onOversmoothingQuantification: We introduce theMeanAverage Squar-
ed Euclidean Distance (MASED) to quantify oversmoothing in GNNs. We derive the
upper and lower bounds of MASED and reveal the relationship between the distances
among node representations and the structure of the weight matrix, highlighting how the
independence of its rows affects oversmoothing. Moreover, we show thatMASED values
can predict oversmoothing early in the learning process. A rapid decline, accompanied by
a reduction in the weight matrix’s singular values, leads to poor model performance.

• The effect of embedding norms and angles on oversmoothing: We measure the aver-
age angle between the centroids (i.e., average embedding of nodes belonging to the same
class) of the training nodes and the average norms of node embeddings. We observe that
if norms are close to zero then the model is incapable of learning. However, if the norms
are large enough and the model has the needed capacity, small angles suffice to maintain
competitive performance.
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• Newweight regularization method (G-Reg): We propose a regularization of the values
of the weight matrix in order to maintain higher values of MASED and higher values
of the embedding norms. We experimentally confirm the benefits of G-Reg, utilizing deep
GCNs, residual GCNs, and SGCs, with up to 32 layers across 7 node classification tasks. We
show that the proposed regularization reduces oversmoothing, and demonstrate its bene-
fits, in the presence of the “cold start” situation, where node features are available only for
the labeled nodes.

• Reducingweight redundancy inmulti-hop aggregation: Wepropose using fewerweight
matrices than the number of neighborhood hops, improving learnability and reducing over-
smoothing.

1 Theoretical Analysis

1.1 Mean Average Squared Euclidean Distance (MASED)

The Mean Average Squared Euclidean Distance (MASED) of node representations can
act as a surrogate to measure the extent of oversmoothing in node representations, while
allowing a rigorous analysis of its properties and a derivation of the connection with weight
matrix properties. MASED is also highly valuable for capturing the dynamic behavior of
a GNN throughout its training process. During the early training epochs, slight variations
in the model’s learning dynamics can be detected through changes in the average distances
among node embeddings. A rapid decrease in MASED indicates that the model quickly
begins to enforce uniformity on the node representations, serving as an early alarm for
the onset of oversmoothing even before the overall performance declines. This sensitivity
makes MASED a robust proxy that reflects subtle shifts in the network, often correlating
with other indicators, such as shrinking singular values of the weight matrix. In essence,
by monitoringMASED, we can detect early signs of information degradation and modify
training strategies to maintain the discriminative power of node embeddings.
The MASED metric is defined over a graph G with N nodes as follows:

MASED(G) =
1

N

i=N∑
i=1

1

N

j=N∑
j=1

(
deuci,j

)2
=

1

N2

i=N∑
i=1

j=N∑
j=1

(
deuci,j

)2
, (3.1)

where deuci,j is the Euclidean distance between the representations/embeddings of node i

(h(l)
i ) and node j (h(l)

j ).
Note that MASED can be calculated over the output of each layer of the model under
investigation. In order to simplify our analysis, we focus on the output of the l-th layer of
a GCN, i.e., ReLU(H(l)) = ReLU(ÂH(l−1)W (l)).
In the rest of our analysis we calculate the Euclidean distance using the Gramian matrix
(Ggram) of the embedding matrix H(l), i.e. Ggram = H(l) · (H(l))T . The Gramian takes that
form because the rows of H(l) correspond to node embeddings. The value of the squared
Euclidean distance between node embeddings (i.e., rows of matrix H(l)) can be calculated
using elements of Ggram, utilizing the following relationship:(

deuci,j

)2
= gi,i − 2gi,j + gj,j, (3.2)

where gi,j is the (i, j)-element of Ggram matrix.
For each node pair we calculate the squared Euclidean distance between its nodes using
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Equation 3.2. Summing these values yields the total Euclidean squared distance as follows:
N∑
i=1

N∑
j=1

(
deuci,j

)2
= N

N∑
i=1

gi,i +
N∑
i=1

N∑
j=1

−2gi,j +N
N∑
j=1

gj,j =

N · tr(Ggram)− 2 · 1TGgram1+N · tr(Ggram) =

2N · tr(Ggram)− 2 · 1TGgram1, (3.3)
where 1 is the all-one column vector. Equation 3.3 holds because gi,i and gj,j do not depend
on j and i, respectively, and the double summation over gi,j is equivalent to the summation
of every element of Ggram. Additionally, summing either of gi,i or gj,j yields the trace of
Ggram.
Combining Equations 3.3 and 3.1 leads to the following expression of MASED:

MASED(l)(G) =
2 · tr(Ggram)

N
− 2 · 1TGgram1

N2
=

2

N

(
tr(Ggram)− 1

N
1TGgram1

)
. (3.4)

This alternative formulation of MASED is particularly useful in deriving its upper and
lower bounds, which are, in turn, important for controlling oversmoothing.

1.2 Bounds on MASED

In this subsection we derive the upper and lower bounds of MASED. To simplify the
notation we drop the superscripts (i.e., we denoteH(l) asH ,W (l) asW andMASED(l)(G)
as MASED(G)), and introduce Ĥ(l−1) = ÂH(l−1), the smoothed node embeddings after
the step of averaging across neighboring nodes. These lead to the following expressions
about H(l) and Ggram:

H(l) = ReLU(ÂH(l−1)W (l)) ≡ H = ReLU(ĤW ) ∈ RN×d.

Ggram = HHT ∈ RN×N ,

whose diagonal elements can be written as Ggram
i,i = ||Hi,∗||22 = r2i , i.e., the diagonal ele-

ments of the Gramian are the squared norms of the node embeddings, whereHi,∗ indicates
the i-th row of H .
Considering the form of Ggram we also derive the following:

1TGgram1 = 1THHT1 =
(
1TH

)(
1TH

)T
= ||1TH||22.

Hence, we can rewrite the terms of Equation 3.4 as:
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Where

ri = ∥Hi,∗∥2, zj =
1√
N

N∑
i=1

Hi,j, (3.5)

we recover the equivalent form of Equation 3.4

MASED(G) =
2

N

( N∑
i=1

r2i −
d∑

j=1

z2j

)
. (3.6)
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1.2.1 Upper Bound

In many cases, our objective is to drive MASED as high as possible, since larger values
of MASED correspond to more diverse node embeddings, which, in turn, reduce over-
smoothing. However, it is equally important to understand the factors that limitMASED.
An explicit upper bound acts as a guide to reveal which aspects of themodel affectMASED
the most.
Considering the form ofMASED in Equation 3.6 we observe that it is the result of the sub-
traction between positive quantities. Hence, the upper bound can be the upper bound of
the first term of Equation 3.6. Using the Cauchy–Schwarz inequality and the upper bound
of the norm of a product we conclude to the following Lemma.

Lemma 3.
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( N∑
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)
≤ 2
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N max

i
r2i =⇒

MASED(G) ≤ 2σ2
max(W ) ·M2

Ĥ
,

where σmax(·) denotes the largest singular value of the respective weight matrix, and MĤ =

max
i

||Ĥi,∗||2. In the above result we have used the fact that ri = ∥Ĥi,∗W∥2 ≤ σmax(W )∥Ĥi,∗∥2,
which holds for every row of H (i.e., each node embedding).

By examining this bound, we observe how changes in each parameter, such the largest
singular value of the weight matrix, or embedding norms, affects the maximum possible
value of MASED. This analysis provides both a theoretical ceiling for MASED and
practical insight into which strategies are most effective for approaching that ceiling. Our
result is aligned with the current line of research presented in Theorem 1. Additionally to
that conclusion, Lemma 3 highlights the importance of the norms of the embeddings in
increasing the upper bound of MASED. Hence, by increasing the largest singular value
of the weight matrix and increasing embedding norms, we may allow the GNN to avoid
oversmoothing. Conversely, when the largest singular values of the weight matrices or
the norms of the node embeddings are small, MASED is suppressed leading to smaller
distances between node embeddings, and oversmoothing.

1.2.2 Lower Bound

While an upper bound on MASED is important, especially when certain constraints or
model parameters inherently limit how large MASED can become, it does not provide a
complete picture. In some cases, the upper bound may be loose or rarely attained in prac-
tice, offering limited insight into typical or guaranteed behavior.
In contrast, a meaningful lower bound is often more informative in contexts where the
goal is to drive MASED to higher values. A strong lower bound ensures that MASED
remains above a certain threshold under all valid conditions, providing a reliable perfor-
mance guarantee. It reflects the worst-case scenario we can expect and helps us understand
how much improvement is possible.
By focusing on the lower bound, we can identify which parameters or conditions most
effectively raise this minimum and force the model to avoid oversmoothing. Note that
trivially, MASED is lower bounded by zero, when all node embeddings coincide, hence
leading to zero distance between every pair of embeddings. We term that particular case as
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extreme oversmoothing, in which there is no variance in node embeddings and no classifier
can properly distinguish them. Imposing the spectral-alignment condition, we conclude to
the following Lemma.

Lemma 4. The following lower bound on MASED holds:

MASED(G) ≥ 2εE[r2] ≥ 2ε · r2min ≥ 2ε · σ2
min(W ) ·m2

Ĥ
,

where rmin denotes the smallest value of ri’s, σmin(W ) denotes the smallest singular value of
W , and mĤ = min

i
||Ĥi,∗||2.

In order to prove Lemma 4, we need to derive a more actionable lower bound of Equation
3.6. Hence, we define the following quantities:

E[r2] =
1

N

N∑
i=1

r2i =
1

N
tr(HH⊤) E[z2] =

1

d

d∑
j=1

z2j =
1

dN
1⊤HH⊤1,

where E[·] denotes the expected value, and ri and zj are defined in Equation 3.5. Specifi-
cally, ri ∈ RN measures the Euclidean norm of each row of H , and zj ∈ Rd measures the
normalized column‐wise sum.
As a result, Equation 3.5 transforms to:

MASED(G) = 2

(
E[r2]− d

N
E[z2]

)
. (3.7)

The above formula indicates the need of determining an upper bound of E[z2], which, in
turn, will lead to a lower bound of MASED.
For this, we exploit the spectral decomposition of the positive semi-definite matrixGgram =
HH⊤, writing

Ggram =
N∑
ℓ=1

λℓ vℓv
⊤
ℓ , 1⊤Ggram 1 = 1⊤HHT 1 =

N∑
ℓ=1

λℓ (v
⊤
ℓ 1)

2,

where each λℓ ≥ 0 (i.e., eigenvalues ofGgram) and {vℓ} are orthonormal vectors (i.e., eigen-
vectors ofGgram). We isolate the contribution of the uniform direction 1 relative to the total
trace

∑
ℓ λℓ. Here, (v⊤ℓ 1)2 measures how closely each eigenvector aligns with the all‐ones

pattern, and weighting by λℓ shows how strongly that direction influences the quadratic
form 1⊤Ggram 1, which, in turn, determines E[z2]. Intuitively, if a large fraction of the total
“energy” (trace) ofGgram lies in the uniform direction, then the column averages zj behave
almost like constant multiples of the per‐row norms ri. In that case, the lower bound of
MASED is very close or equal to zero.
To avoid this case, we impose a spectral‐alignment condition. The spectral-alignment con-
dition suggests that node embeddings have not collapsed to the same representation: there
exists ε ∈ (0, 1) such that

N∑
ℓ=1

λℓ (v
⊤
ℓ 1)

2 ≤ (1− ε)N
N∑
ℓ=1

λℓ.

Note that since Ggram is symmetric, the spectral theorem guarantees that its eigenvectors
can be chosen to form an orthonormal basis. Hence, they are mutually orthogonal and each
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has unit norm (i.e., ∥vℓ∥2 = 1), so (v⊤ℓ 1)
2 ≤ ∥1∥2 = N . The left-hand side is exactly the

energy of the uniform direction with respect toGgram. IfHi,∗ = βi u for some fixed u, then
v1 = 1/

√
N , (v⊤1 1)2 = N , and

∑
ℓ λℓ(v

⊤
ℓ 1)

2 = N
∑

ℓ λℓ. Our bound ≤ (1 − ε)N
∑

λℓ

thus strictly excludes this degenerate case. The usage of, “≤” caps uniform alignment and
guarantees genuine row‐diversity.
The spectral‐gap assumption is critical for preventing feature collapse in graph neural net-
works and for ensuring meaningful variability in node representations. If every row of
H were a scalar multiple of a single vector, then all node features would lie on a single
line in Rd, and any aggregation or comparison based on dot‐products or learned linear
mappings would render all representations indistinguishable up to scale. By requiring a
nonzero spectral gap (ε > 0), we guarantee that at least an ε-fraction of the total row‐energy
of H resides outside this degenerate direction, thereby preserving genuine discriminative
structure. Equivalently, since the all-ones vector 1 encodes the uniform pattern “all rows
identical”, bounding its squared projection onto the top eigenspace of HH⊤ by (1 − ε)N
ensures that no more than a (1− ε)-fraction of the total variance inH can be explained by
uniform alignment.
In turn, at least an ε-fraction of variance must lie in directions orthogonal to 1, so that
node features are not all “pointing the same way”. This requirement is mild and generally
satisfied in practical settings. Only pathological rank-one configurations (all rows exactly
proportional, corresponding to ε = 0) violate the gap. Therefore, a strictly positive spectral
gap is a realistic and broadly applicable condition.
We therefore focus on ε > 0, noting that ε = 0 characterizes the pathological feature‐collapse
scenario, whereMASED equals zero. The assumption of a positive ε allows us to derive a
positive lower bound, which highlights the contributing factors that can help increase the
values of MASED. Since

E[z2] =
1

dN
1⊤HH⊤1 =

1

dN

N∑
ℓ=1

λℓ (v
⊤
ℓ 1)

2 ≤ 1− ε

dN
N

N∑
ℓ=1

λℓ =⇒

E[z2] ≤ 1− ε

dN
N tr(HH⊤) = (1− ε)

N

d
E[r2],

the alignment condition yields

E[z2] ≤ (1− ε)
N

d
E[r2] =⇒ E[r2]− d

N
E[z2] ≥ εE[r2].

Substituting into the definition of MASED in Equation 3.7 gives

MASED(G) = 2
(
E[r2]− d

N
E[z2]

)
≥ 2εE[r2] ≥ 0. (3.8)

This bound confirms that, under our spectral‐alignment assumption, the lower bound of
MASED is non-negative. Only in the degenerate case ε = 0, when the all‐ones vector is
the top eigenvector and all embeddings collapse to one direction, does this bound collapse
to the trivial lower bound, i.e., zero.
Using Equation 3.8, we, finally, derive the lower bound presented in Lemma 4. Lemma
4 shows the effect of the smallest singular value and the smallest norm of the node em-
beddings on the lower bound of MASED, which is related to oversmoothing appearance.
Additionally, it highlights the tools available to reduce oversmoothing.
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1.3 Network‐Level Analysis of MASED

Having established the upper (Lemma 3) and lower (Lemma 4) bounds on MASED at
each individual layer, we now extend these results to the entire network. By tracking the
evolution of MASED from layer to layer, we derive global guarantees on how it changes
from input to output. This extension is crucial as it reveals whether MASED increases
or decreases over multiple layers, and helps to identify the key layer-wise parameters that
influence the network’s overall behavior. In what follows, we show how the per-layer
bounds combine and discuss the conditions under which the network preserves, amplifies,
or shrinks the value of MASED.
In order to estimate the bounds of MASED at the final layer of the model, we reintro-
duce the superscripts in our notation, i.e., we will boundMASED(L)(G) with L being the
model’s depth. We also utilize Lemma 3 and Lemma 4 along with the inequality:

σmin(B)||u||2 ≤ ||Bu||2 ≤ σmax(B)||u||2,

which holds for every matrix B and vector u.

The lower bound (Lemma 4) depends on m
(L)

Ĥ
, which can be bounded as follows:

m
(L)

Ĥ
= min

i
||Ĥ(L)

i,∗ ||2 = min
i

||ÂH(L−1)
i,∗ ||2 ≥ σmin(Â)min

i
||H(L−1)

i,∗ ||2 =

σmin(Â)min
i

||ReLU(ÂH(L−2)W (L−1))||2.

Substituting H(l) telescopically leads to:

m
(L)

Ĥ
≥ σL−1

min (Â) ·min
i

||Xi,∗||2 ·
L−1∏
i=1

σmin(W
(i)).

Similarly for M (L)

Ĥ
we get:

M
(L)

Ĥ
≤ σL−1

max(Â) ·max
i

||Xi,∗||2 ·
L−1∏
i=1

σmax(W
(i)).

Combining the above results with Lemma 3 and Lemma 4 we arrive at the following con-
clusion about the bounds of MASED(L), i.e., the mean average squared distance of node
representations at the final layer of the model:

2ε

(
σL−1
min (Â) ·mX ·

L∏
i=1

σmin(W
(i))

)2

≤ MASED(L)(G) ≤ 2

(
σL−1
max(Â) ·MX ·

L∏
i=1

σmax(W
(i))

)2

,

(3.9)
where mX = min

i
||Xi,∗||2, MX = max

i
||Xi,∗||2, and X denotes the initial node features.

In Equation 3.9, the term σmin(Â), i.e., the smallest singular value of Â is often zero in
real‐world graphs, leading the global lower bound to zero. For this reason, the per‐layer
MASED(l)(G) value is more useful.
Ensuring that each MASED(l)(G) remains not only strictly positive but substantially
above zero, particularly in the lower layers, helps preserve the variance of the input fea-
tures and avoids the pitfalls of relying solely on the global MASED(L)(G) lower bound.
While some reduction ofMASED(l)(G) in the upper layers may be expected or even ben-
eficial for classification, maintaining substantially non-zero values in early layers is critical
for robust feature propagation.
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2 Implications of the Theoretical Analysis

Equation 3.9 highlights that MASED is primarily influenced by two factors: the singular
values of the weight matrices and their total number. To address the former, we propose a
regularization method; namely G-Reg, as a means of increasing the singular values, while
for the latter we provide further intuition and suggest reducing the number of weight ma-
trices as a practical remedy.

2.1 G-Reg: Regularization of the Standard Deviation of the Weight
Matrix

An idea for reducing oversmoothing, born from the results of our theoretical analysis, is to
introduce a novel regularization approach tailored to graph‐based models. Existing regu-
larizers (e.g., standard weight decay or dropout) do not explicitly address the reduction of
the singular values of the weight matrices, which have been shown to play an important
role in oversmoothing. If the rows of W (l) tend to become linearly dependent, the smallest
singular value σmin

(
W (l)

)
will monotonically decrease toward zero, which, in turn, col-

lapses the lower bound of Equation 3.9 to zero.
To address this issue, we propose G-Reg, which aims to reduce the linear dependence of the
rows of the weight matrices by rewarding large standard deviation among the elements of
each row. Increasing the standard deviation can thus increase the directional diversity of
the matrix rows. This results is achieved under the assumption of row-wise independent
perturbations, which means that each row is randomly perturbed independently of the oth-
ers. Since linear independence of the rows implies that the matrix has full (or almost full)
row rank, it follows that the smallest singular value σmin(W

(l)) > 0. Positive σmin(W
(l))

values allow the lower bound of Equation 3.9 to remain positive as well, pushing the aver-
age node distances to higher values.
Formally, letW (l) denote the learnable weight matrix at layer l, we define theG-Reg penalty
as

LG-Reg = λw

L∑
l=1

1

d

d∑
i=1

std(W
(l)
i,∗ ), (3.10)

where std denotes the standard deviation, W (l)
i,∗ is the i-th row of matrix W (l), and λw > 0

is a tunable strength parameter.

2.2 Effect of multiple weight matrices on MASED

Given the importance of weight values, as mentioned above, we study further the effect of
the number of weight matrices through which the input signal passes. Each weight matrix
can be regarded as a transformation from one embedding space to another. Hence, the
number of weight matrices expresses the number of embedding spaces through which the
input signal passes.
Increasing the depth of GCNs introduces a significant risk of losing critical information
even before training begins. This phenomenon arises from the probabilistic properties of
random weight matrices at initialization. Typically, these matrices are initialized with val-
ues drawn from a Gaussian distribution, resulting in eigenvalues within the unit circle and
singular values centered around 2.
Suppose that the top-k singular values of each weight matrix exceed a threshold (e.g., 0.5).
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Then the corresponding input feature dimensions are only mildly weakened as they pass
through each layer. Conversely, feature dimensions tied to smaller singular values shrink
quickly in deep networks. As the network depth L increases, the probability that a use-
ful feature direction retains sufficient strength across all layers diminishes exponentially,
limiting its influence on the final output. Specifically, if the weight matrices have a width
d > k (k once again denoting the number of singular values that exceed a threshold), the
probability Pr[Q] that an informative direction survives through all layers is given by:

Pr[Q] =

(
k

d

)L

= βL, β < 1.

This exponential decay implies that deeper networks are increasingly likely to suppress in-
formative features before any learning occurs. Consequently, the model may be “doomed to
fail”, as essential information is lost during the initial forward passes, leading to suboptimal
performance that cannot be improved through subsequent training. The underlying issue
is that the initial random weight matrices, combined with the depth of the network, effec-
tively filter out significant components of the input features. As a result, gradient signals
weaken or vanish entirely, preventing the model from updating its parameters effectively.
Consequently, increasing the number of weight matrices can degrade overall performance.
This is also related to the value of MASED, as shown in Equation 3.9. As the number
of weight matrices increases, the number of factors in the products of the smallest and
largest singular values also increases. To keep MASED large, each weight matrix should
maintain both a large minimum and maximum singular value. This becomes increasingly
difficult as more layers are added. Therefore, while using multiple weight matrices allows
the model to capture complex input relationships, too many weight matrices might lead to
performance deterioration.

2.3 Decoupling Weight Matrices from Adjacency Powers

Equation 3.9 additionally shows that the distance between node embeddings after graph
convolution depends on both the number of weight matrices and the adjacency power used
for aggregation. Conventionally, each layer l has a different weight matrix W (l), coupling
receptive field size to parameter count. Yet, successive adjacency multiplications already
capture high-order structure, making the use of a separate W (l) for each layer not always
beneficial. This was discussed in Subsection 2.2.
Based on this observation, we explore the possibility of aggregating an extended multi-
hop neighborhood via a single weight matrix, thereby reducing the number of matrices in
the network. This principle resembles the APPNP [16] single-matrix propagation scheme.
According to our analysis, reducing the number of matrices can also limit the extent of
oversmoothing.
In practice, we distribute the number of hops L that we want to capture, i.e., the distance
from a single node, across K stacked blocks of SGC, each aggregating up to L/K hops
before applying its own transformation. A visual representation of this mechanism is pro-
vided in Figure 3.1. For example, if L = 10 (i.e., we wish to aggregate information up to 10
hops away), using two stacked layers of SGC implies that each layer aggregates informa-
tion up to L/2 = 5 hops away. This reduces parameter redundancy and enables multi-hop
feature mixing.
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Figure 3.1: Each SGC layer uses the adjacency matrix raised to the power of L/K , and
takes as input either the output of the previous layer or the initial node features
if it is the first layer.

3 Experiments

In this section we perform a series of experiments, inspired by the theoretical results pre-
sented above. The experiments aimed to confirm the power of MASED in quantifying
oversmoothing and the reduction of the problem by the proposed changes in the learning
process.

3.1 Experimental Setup

Datasets: Aligned to most of the literature, we focused on seven well-known benchmarks:
Cora, CiteSeer, Pubmed, Photo, Computers, Physics and CS. For the first three co-citation
datasets we used the same data splits as in [25], where all the nodes except the ones used
for training and validation are used for testing. For the Photo, Computers, Physics and CS
datasets we followed the same splits as in [131]. Dataset statistics can be found in Appendix
24.
Models: We experimented with the architectures of GCN [25], ResGCN [23], and SGC [17].
Hyperparameters: We performed a hyperparameter sweep (details in Appendix 6) to de-
termine the optimal hyperparameter values, based on their performance on the validation
set. For GCN and ResGCN, we set the number of hidden units for each layer to 128 across
all benchmark datasets. For SGC when using a single layer, the input dimension equals the
number of features while the output dimension is the number of classes. When using mul-
tiple layers of SGC the number of hidden units is also 128. L2 regularization was applied
with a penalty of 5 ·10−4, and the learning rate was set to 10−3 for GCN and ResGCN, while
for SGC the optimal value was 6 ·10−3. Depth varied between 2 and 40 layers depending on
the setting under investigation. Finally, λw ∈ {0, 2, 3, 4, 6, 8} for GCN and ResGCN, while
for SGC λw ∈ {0, 0.01, 0.5, 1, 2}.
Configuration: Each experiment was run 10 times and we report the average performance
over these runs. We trained all models within 200 epochs using Cross Entropy as a loss
function.
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3.2 Experimental Results

Figure 3.2: Epoch evolution of the Mean Average Squared Euclidean Distance (MASED)
value of the embeddings of all nodes and training nodes separately. We show re-
sults for 3 different depths of a GCNmodel, illustrating howMASED changes
in the first, the middle and the last layer of the model. We also include the ac-
curacy achieved by each model.

MASED evolution at different network depths:
Based on Equation 3.9, we investigate the extent to whichMASED exhibits the predicted
scaling, with larger values in early layers and smaller ones in deeper layers. Figure 3.2
presents the evolution of MASED across training epochs for a plain GCN at depths 4, 8,
and 16. Separate curves are shown for training nodes and for all nodes for each layer on
Cora, Photo, and CS datasets. At depth 4, MASED increases over the 20 epochs, driven
most strongly by the first layer while at deeper layers it rises more slowly. This upward
trend indicates that feature values are diverging before being mixed in later layers. At
depths 8 and 16, all layers show a steady decrease inMASED. In subsequent experiments
we investigate whether this behavior aligns with embedding norms as Equation 3.9 sug-
gests.
These findings show that MASED is most informative at the first layer, its rise or fall
signaling whether the network can expand or shrink embedding differences. Similar plots
are presented for the rest of the datasets along with similar plots for ResGCN and SGC in
Appendix 2. Note that Figure 3.2 shows only the first 20 epochs; the complete results over
200 epochs can be found in Appendix 2.
Furthermore, these observations align with the mathematical bounds derived from Equa-
tion 3.9: both the upper and lower bounds scale as βL, where L is the layer index and β is
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an expression depending on weight matrix properties and the underlying graph topology.
Hence the first layer is generally allowed to attain larger values, while deeper layers are
more prone to smaller values.

Figure 3.3: Epoch evolution of the average value of the norms of the embeddings of all
nodes and of the training nodes separately. We show results for 3 different
depths of a GCN model and average norm values in different layers within the
model. We show how norms evolve in the first, the middle and the last layer of
each model. We also include the accuracy achieved by each model.

Norms and angles of embeddings at different network depths:
Building on the previous experimental results forMASED, we now investigate hownorms
influence its values and examine whether this behavior aligns with the proposed theoreti-
cal predictions. Figure 3.3 plots the average norm of node embeddings for a GCN at depths
4, 8 and 16 on the Cora, Photo and CS datasets. At depth 4 (high accuracy), the average
norm of node embeddings steadily rises over epochs, reflecting growing feature norms and
healthy propagation at moderate depth; at depth 8 (smaller accuracy), the increase is far
more subdued, its curve remaining nearly flat and indicating early onset of oversmooth-
ing that limits further norm growth; at depth 16 (smallest accuracy), the average norm of
node embeddings is essentially constant, signifying collapse of all node representations and
complete oversmoothing. The gap between the trajectories for shallow and deep models
underscores the sensitivity of norm dynamics to depth, with deeper networks rapidly losing
the capacity to amplify node signals effectively. Similar plots for the rest of the datasets,
along with the residual GCN (ResGCN) and SGC variants are shown in Appendix 3. Note
that Figure 3.3 shows only the first 50 epochs; the complete results over 200 epochs can be
found in Appendix 3.

82



Figure 3.4: Epoch evolution of the average value of the angles between the class centroids
of the embeddings of the training nodes. We show results for 3 different depths
of a GCN model and average norm values in different layers within the model.
We show how angles evolve in the first, the middle and the last layer of each
model. We also include the accuracy achieved by each model.

Figure 3.4 presents the average angle between the class centroids of the training nodes, i.e.,
the centroids of each class of the training nodes on Cora, Photo and CS datasets. At depth 4
fluctuations start at moderate amplitude and then almost disappear, indicating stable gra-
dient flow and smooth convergence as feature norms increase; at depth 8 the curves have
larger early spikes and a slower decay, reflecting instability from deeper aggregation and
a more unstable training process; at depth 16 fluctuations drop to near zero almost imme-
diately, mirroring the flat average norm of node embeddings and showing that extreme
oversmoothing not only suppresses norm growth but also prevents meaningful parameter
updates. These small fluctuations at larger depths, combined with the flat (and almost zero)
average norm highlight the key role of the embedding norms in reducing oversmoothing
(in agreement with Equation 3.9). One would expect that if the angles between embeddings
remain non-zero then the model would be capable of solving the underlying task. However,
we observe that if the norms of the embeddings become very small, then the input signal
information is lost and the angles between node embeddings do not suffice to capture the
differences between node classes. Similar plots for the rest of the datasets and for ResGCN
and SGC are provided in Appendix 3.

Reducing oversmoothing through regularization:
Figure 3.5 shows node classification accuracy of a GCN on each dataset. Model depth varies
on the horizontal axis and regularization strength λw of the proposed G-Reg is encoded by
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Figure 3.5: GCN with and without the proposed G-Reg regularization across 7 datasets for
varying depth. We include results for different values of λw.

curve color. In all seven subplots the unregularized baseline (λw = 0) peaks at shallow
depths and then declines sharply. On the contrary, GCNs with λw > 0 resist oversmooth-
ing and achieve much higher accuracy than their unregularized counterpart. These results
confirm that by rewarding larger standard deviation of the weight rows, through G-Reg,
oversmoothing can be reduced, permitting effective propagation at depths where the un-
regularized models fail. In particular, the proposed method enables deep architectures that
resist oversmoothing and remain capable of solving node classification tasks at large depths.
Similar plots for ResGCN and SGC appear in Appendix 4.
Our empirical observations align with the theoretical bounds derived from Equation 3.9,
which predict that as depth L increases, both the upper and lower bounds on MASED
shrink, thereby inducing oversmoothing. The proposed regularization reduces the co- lin-
earity of weight matrix rows, which, in turn, increases the smallest singular value. As a
consequence, the lower bound will increase, leading to larger MASED values and vari-
ance of node embeddings in deeper layers. In this way, the regularization counteracts the
depth‐ induced tightening of representational limits and enables the model to reduce over-
smoothing.

Performance under the “cold start” scenario:
Table 3.1 reports the best accuracy achieved by each of the three models (GCN, ResGCN,
and SGC) on each dataset, under the “cold start” setup, where only the labeled nodes have
features initially. The results are presented together with the corresponding λw value, and
the depth #L at which each model attains that performance. We observe that nonzero
λw consistently achieves better performance in larger depths. In particular, regularized

84



Table 3.1: Comparison of different methods with and without the proposed regularization
in the “cold start” scenario. Only the features of the nodes in the training set are
available to the model. We present the best accuracy (i.e., Acc.) of the model and
the depth (i.e., # Layers) at which this accuracy was achieved, for GCN, ResGCN
and SGC.

Dataset
GCN ResGCN SGC

λw Acc.(%) & std #L λw Acc.(%) & std #L λw Acc.(%) & std #L

Cora 0 60.50 ± 4.4 4 0 69.13 ± 0.9 6 0 61.16 ± 0.4 5
8 73.26 ± 0.9 19 3 73.88 ± 0.8 29 1 65.68 ± 1.6 8

CiteSeer 0 41.95 ± 0.2 4 0 45.85 ± 1.2 7 0 38.86 ± 0.1 7
4 48.08 ± 1.3 25 2 47.97 ± 1.2 23 1 49.79 ± 0.1 17

Pubmed 0 60.81 ± 3.9 4 0 69.23 ± 0.5 6 0 63.57 ± 0.1 6
4 72.15 ± 0.7 25 2 71.22 ± 1.1 23 0.01 64.51 ± 0.1 6

Physics 0 51.12 ± 7.9 3 0 82.45 ± 0.6 6 0 74.54 ± 1.3 5
8 89.98 ± 0.7 23 8 89.98 ± 0.7 32 0.01 74.17 ± 3.6 5

CS 0 14.11 ± 8.2 4 0 47.63 ± 9.8 6 0 71.43 ± 1.5 7
8 77.48 ± 2.4 18 8 79.51 ± 1.4 19 0.5 73.80 ± 0.1 7

Photo 0 20.99 ± 9.8 2 0 27.14 ± 7.9 17 0 45.06 ± 4.3 2
2 81.33 ± 2.8 7 2 84.16 ± 0.9 6 0.5 48.91 ± 6.6 2

Computers 0 18.85 ± 9.9 18 0 15.84 ± 9.4 2 0 7.97 ± 3.5 2
4 69.74 ± 6.3 10 3 71.92 ± 3.0 8 0.5 9.6 ± 2.8 2

models often attain peak performance at depths two to five times greater than the unreg-
ularized baselines and consistently increase accuracy by a statistically significant amount.
This pattern is consistent across all three models, including the ones that are considered
tolerant towards oversmoothing. In cold‐start experiments, where unlabeled node features
are zeroed out, unregularized models are restricted to very shallow architectures, whereas
models with optimized λw achieve their best results at much deeper configurations. These
findings demonstrate that the proposed regularization not only improves overall accuracy
but also enables deeper GNNs and effectively leverages additional propagation steps under
both standard and feature‐scarce conditions.

Varying the number of SGC layers at different network depths:
Figure 3.6 compares SGC accuracy onCora, Photo andCS datasets as the number of trainable
weight matrices (SGC layers), but also the overall depth of the model (i.e., number of hops
of each node’s neighborhood) change. Across all datasets, the 2‐layer configuration con-
sistently delivers the highest accuracy, followed by the 1-layer, then the 4-layer, and finally
the 8-layer, which performs the worst. This ordering reflects the need for sufficient train-
able layers (i.e., more than one) to perform the necessary feature transformations, while
avoiding too many trainable weight matrices which can have negative effect. In addition
to achieving the highest accuracy, the 2-layer configuration exhibits higher resistance to
oversmoothing, as the depth of the model increases, as compared to other models, e.g. the
1-layer one. Results for the remaining datasets appear in Appendix 5.
These results reinforce the argument of subsection 2.2 that too many layers can harm per-
formance by introducing redundant weight matrices. In our experiments, two layers strike
the optimal balance, demonstrating that flexible assignment of the total number of hops to
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Figure 3.6: Comparison of SGC models with varying number of stacked SGC layers, across
3 different datasets for varying depth. At every depth all models have access to
the same information. We only vary the number of trainable weight matrices
(i.e., the number of SGC layers).

a small number of weight matrices is essential for deep graph models.

4 Conclusion

In this chapter, we have proposed the use of Mean Average Squared Euclidean Distance
(MASED) between node embeddings, as a way to quantify the extend of oversmoothing
in GNNs. We further derived layer‐wise bounds on MASED and shown how they com-
bine across depth to derive the global upper and lower bounds. Based on those bounds, we
have highlighted the importance of the norms of the node embeddings and the key role of
both the largest and the smallest singular values of the weight matrices. A nonzero small-
est singular value can prevent feature collapse and ensures a meaningful lower bound on
MASED, which, in turn, preserves variance among node representations and gradient
flow.
Furthermore, we have shown that tying the number of trainable weight matrices directly
to the total number of hops causes redundancy and oversmoothing in deep GNNs. Our
theoretical bounds from Equation 3.9 explain this effect and motivate reducing the number
of trainable weight matrices to a number that is much lower than the total number of hops.
We have also introduced G-Reg, a regularization method, which penalizes the small stan-
dard deviation between the rows of the weight matrices, hence leading to larger smallest
singular values, which, in turn, increase the bounds of Equation 3.9. We have conducted an
extensive set of experiments which showed that these strategies improve accuracy and ro-
bustness, even when combined with methods that resist oversmoothing in different ways.
The theoretical analysis presented in this chapter opens up a multitude of possible research
options to address the problem of oversmoothing. One such direction that we consider
important is the interaction between different existing approaches against oversmoothing.
MASED highlights the influence of weight matrix singular values and norms, providing
a principled way to quantify the problem. Leveraging MASED as a common evalua-
tion tool will enable a systematic exploration of how architectural changes, normalization
techniques, and activation adjustments interact, and whether they can be combined in a
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complementary manner to enable deeper GNNs.
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Chapter 4

Analyzing the Effect of Residual Connections to
Oversmoothing in Graph Neural Networks

Chapter 4 explores the role of residual connections in alleviating oversmoothing and en-
abling the use of deep GNNs for tasks requiring long-range interactions. While a variety
of normalization and spectral methods have been proposed [103, 13], residual-style skip
connections offer a simple yet powerful mechanism to preserve feature diversity across
many layers [16]. The main aim of this chapter is to investigate whether using residual
connections allows deep GNNs to create meaningful representations, in problems where
long interactions between nodes are needed.
In particular, we study a family of models that employ residual connections, namely APPNP
[16], GCNII [11] and PPRGNN [12]. These models attempt to mitigate oversmoothing and
enable the construction of deep GNN architectures. We reformulate the aggregation mech-
anism of the APPNP model and show that it corresponds to a power iteration process. Sub-
sequently, we establish a connection between the residual strength parameter (i.e., α) of the
APPNP model and the convergence rate of the model. Furthermore, we analyze GNNs that
can be characterized by equations similar to those defining the PPRGNN model, and we
investigate the impact of identity mapping (i.e., adding the identity matrix to each weight
matrix of the model) proposed in [11].
Specifically, the main contributions of the work presented in this chapter are as follows:

• Residual Connections: We analyze separately the effect of adding residual connections
in every layer of a GNN, which makes the model equivalent to the weighted sum of the
representations of varying depth models with exponentially decreasing weights.

• Identity Mapping: We prove that identity mapping creates a weighted powerset sum
of the weight matrices of the model. Our results shed light on the relationship between
identity mapping and oversmoothing.

• APPNP and Power Iteration: We also prove that APPNP boils down to a power itera-
tion with convergence rate dependent on the residual strength parameter α. We derive a
formula connecting α, the depth and tolerance of the model, where tolerance measures the
proximity of representations created by consecutive layers of the model.

• Residuals in long-range interactions: We have conducted experiments under condi-
tions of reduced information, such as in the “cold start” scenario, where node features are
available only for the labeled nodes. We further extend this scenario by introducing a new
synthetic dataset with controllable long interactions. Our experiments reveal the limita-
tions of methods that use residual connections to deal with such tasks, due to the emphasis
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they give to initial node features, hence emulating shallow architectures.

1 Notations
Definition 5 (Lipschitz Continuity). A function f : RN −→ RM is called Lipschitz continuous
if there exists a constant L so that

∀a, b ∈ RN : ||f(a)− f(b)||2 ≤ L||a− b||2.

For the ReLU activation function, the constant L equals 1, hence ReLU is 1-Lipschitz. We
further utilize the powerset of a set of objects, needed in the analysis of the effect of identity
mapping.

Theorem 6 ([132]). Let A,B ∈ Mn be Hermitian matrices and λ1(·) ≥ λ2(·) ≥ ... ≥ λn(·)
denote the eigenvalues of a matrix in descending order. Then for the eigenvalues of the sum of
two matrices it holds:

λk(A) + λn(B) ≤ λk(A+B) ≤ λk(A) + λ1(B) ∀k. (4.1)

Weyl’s theorem provides both lower and upper bounds on the eigenvalues of a matrix sum.
The proof of this theorem is based on the Courant-Fischer Min-max principle [133]. This,
in turn, allows us to extend Theorem 6 to the singular values of a matrix sum. By following
a similar proof technique to that of Weyl’s theorem, we obtain the following Corollary.

Corollary 7. Let A,B ∈ Mn be Hermitian matrices and s1(·) ≥ s2(·) ≥ ... ≥ sn(·) denote
the singular values of a matrix in descending order. Then for the singular values of the sum of
two matrices holds that:

sk(A) + sn(B) ≤ sk(A+B) ≤ sk(A) + s1(B) ∀k. (4.2)

2 Theoretical Analysis
In this section we analyze the effect of residual connections and identity mapping. We first
explore the architecture of APPNP, demonstrating its reduction to a power iteration and
deriving a formula that describes the similarity of node representations between consec-
utive layers. Following, we show that models utilizing residual connections with weight
matrices (i.e., PPRGNN, GCNII) are equivalent to the sum of shallow models. Finally, we
study the case where only identity mapping is being used and prove that it results in a
weighted powerset sum of the weight matrices of the model.

2.1 Residuals without Learning Parameters - APPNP

We start by recalling the aggregation scheme of APPNP [16] and demonstrating its equiva-
lence to a power iteration through a transformation that preserves a one-to-one relationship
between the original and transformed representations. We also prove theoretically that the
eigenvalues of the matrix used for the power iteration are at most equal to 1 and that the
residual strength parameter α of APPNP controls the second largest eigenvalue of the ma-
trix. Finally, we derive the formula connecting α with the model’s depth and the average
distance between node representations of consecutive layers. Following these steps, we
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prove that increasing the depth of APPNP beyond a certain threshold has no effect on the
final node representations.
The APPNP [16] aggregation scheme is given by:

H(0) = fθ(X),

H(k+1) = (1− α)ÂH(k) + αH(0), (4.3)

H(K) = softmax
(
(1− α)ÂH(K−1) + αH(0)

)
,

where fθ(·) is the output of a neural network (i.e., an MLP) operating on the features of
each node, i.e., each row of the feature matrix X .
A different way to approach the transformation happening at each layer in APPNP, is by
modifying the node representation matrix H(k) and concatenating it vertically with H(0).
In that new representation matrix, the upper N × C block contains node representations
created by the respective layer (if the standard APPNPmethod is used) and the lowerN×C
block contains the initial node representations, with C being the number of features of

each node. The new matrix Ĥ(k) =

[
H(k)

H(0)

]
will be a block matrix allowing us to rewrite

Equation 4.3 as follows:

Ĥ(k+1) =

[
(1− α)Â αIN

0N IN

]
Ĥ(k), (4.4)

H(K) = softmax
(
Ĥ(K)[: N, :]

)
,

where IN , 0N are the identity and zeromatrix of sizeN respectively. The notation Ĥ(K)[: N, :]
denotes that we only keep the firstN rows of Ĥ(K). To simplify our notation we introduce

matrix B =

[
(1− α)Â αIN

0N IN

]
, transforming equation 4.4 as follows: Ĥ(k+1) =

BĤ(k), which can also be expressed in terms of the initial representation matrix, as fol-
lows:

Ĥ(k+1) = Bk+1Ĥ(0). (4.5)

Equation 4.5 illustrates that APPNP is a power iteration with transition matrix B. Since
B is a block upper triangular matrix, its eigenvalues are the union of the eigenvalues of
the matrices lying on the diagonal. Denoting the set of eigenvalues of a matrix (including
multiplicities) as eig(·), we have:

eig(B) =
(
(1− α)eig(Â)

)⋃
eig(IN).

The identity matrix IN has 1 as its only eigenvalue with a geometric multiplicity ofN . The
augmented normalized adjacency matrix Â has eigenvalues in the range of (−1, 1]. Since
the largest eigenvalue of Â is 1, we conclude that the second largest (excludingmultiplicities
this time) eigenvalue of B equals (1− α) i.e., λ2(B) = 1− α.
Since not every eigenvalue of B is less than 1, a power iteration with B as its transition
matrix does not converge to an all-zero matrix, but rather approaches a limiting matrix:

lim
k−→∞

Bk = Blim ̸= 02N ,
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which proves that Equation 4.5 converges to fixed node representations, after a critical
number of repetitions (i.e., layers), disregarding subsequent layer addition. These final node
representations depend solely on the initial node representations andBlim, disregarding the
model’s depth beyond the critical depth required for convergence.
To further explore the limits of APPNP, we investigate the number of layers, beyond which
the distance of node representations remains the same, up to a fault tolerance error. Let this
error be tol = ||Ĥ(k+1) − Ĥ(k)||22 = ||H(k+1) −H(k)||22 , since Ĥ(k) is a block matrix having
the same lower block for every k (i.e., H(0)). In a power iteration method, the convergence
rate (cr) is determined by the ratio of the second largest to the largest eigenvalue of the
transition matrix, i.e. cr = λ2(·)

λ1(·) . When B is the transition matrix, cr = 1−α < 1, because
α is positive, and the exact value of cr is determined by α.

Lemma 8. In a power iteration method with a convergence rate equal to (1 − α), in order to
achieve a tolerance error of at most tol, the number of iterations needed (L) is given by:

L ∼ log10(tol)

log10(1− α)
. (4.6)

The proof of Lemma 8 can be found in Appendix 7. Equation 4.6 completes our analysis
of APPNP and provides the relationship between α, the model’s depth, and the tolerance
error between node representations of consecutive layers of APPNP. Equation 4.6 indicates
that increasing the number of iterations, which is equivalent to stacking more layers, re-
sults in smaller differences between node representations of consecutive layers, which will
eventually converge to a predefined set of representations.
Figure 4.1 illustrates the effect of Lemma 8 and its practical implications. As α increases,
the required number of layers for convergence decreases. Generally, a model with approxi-
mately 20 layers reaches its final representations, with additional layers providing minimal
improvement. Figure 4.1 depicts Equation 4.6 for two different values of the constant mul-
tiplier of the ratio, emphasizing the trend rather than exact values. The precise constant
cannot be determined, as it depends on the eigendecomposition of the initial state in the
eigenbasis of the transition matrix (Appendix 7). Consequently, this decomposition is in-
fluenced by the learning task, the MLP output, and the structure of B, making an exact
analysis infeasible.
Although, APPNP seems to avoid oversmoothing, it actually forces the model to a set of
representations produced by the product of Blim with the output of an MLP, i.e. fθ(·), re-
sembling the combination ofMLPmethods with a smart aggregation. APPNP’s aggregation
is not adaptable to the model’s depth, it emphasizes local neighborhood aggregation, and
restricts the model from capturing long-range interactions, which is the scenario where
deep GNNs are needed.

2.2 Residuals with Learning Parameters

2.2.1 The case of PPRGNN

Instead of decoupling aggregation and propagation as in APPNP, methods that use residual
connections augment the output of each layer with initial node representations. Specifi-
cally, the PPRGNN-like network family [12] is defined as follows:

H(l+1) = σ
(
αlÂH

(l)W (l) + fθ(X)
)
, (4.7)
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Figure 4.1: Illustration of Equation 4.6 showing the relationship between the model’s pa-
rameter α, the number of layers and the convergence of node representations
(tolerance error). The two plots show the effect of changing the constant mul-
tiplier of the ratio, by an order of magnitude (left: 1, and right: 10).

whereH(l) denotes nodes representations at layer l, fθ(·) is a neural network (i.e. an MLP),
which takes as input the initial nodes’ features and σ(·) is usually an element-wise ReLU
function. PPRGNN sets W (l) = W ∀l and αl =

1
l
, but we will analyze the general case of

arbitrary W (l) and al ≤ 1.
Using the 1-Lipschitzness of ReLU and expanding Equation 4.7, we will show that such
models mainly focus on the local neighborhood, in order to extract information and gener-
ate node representations. The aggregation method primarily emphasizes on the output of
the upper layers of the network, and gives less consideration to the contributions from the
lower layers when forming the final node representations.
Specifically, due to the 1-Lipschitz property of ReLU, excluding it from subsequent analysis
is reasonable, as it does not significantly alter the scale of node representations. Expanding
Equation 4.7 leads to:

H(l+1) = Âlfθ(X)
l∏

i=1

αiW
(i)+Âl−1fθ(X)

l∏
i=2

αiW
(i)+...+Âfθ(X)αlW

(l)+fθ(X). (4.8)

Note that if αl =
1
l
(as proposed in PPRGNN), the product of αl factors equals 1/l!, which

converges to zero very fast. Let us consider only the limiting case where αl = 1 for ev-
ery l, because adopting the proposed values by PPRGNN will vanish many of the terms of
Equation 4.8 quickly. The vanishing terms are those containing higher powers of the ad-
jacency matrix, representing information flow from distant neighbors and enabling long-
range interactions. As these terms diminish, the model’s output converges to a sum of
shallow model outputs. Consequently, after training, the lower layers (corresponding to
the vanishing terms in Equation 4.8) can be removed, allowing the input to pass through
the remaining upper layers while producing representations that are nearly the same as
those of the full PPRGNN.
Setting αl = 1 for every l, transforms Equation 4.8 to the sum of intermediate outputs
(i.e., output of each layer) of a deep GCN model. This architecture bears resemblance to
the JK-Networks [108] architecture, with the sum operation as a pooling method atop the
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network, a technique not proposed in [108].
In order to compute the node representations at layer L, using Equation 4.8, we need to
create L GCNs with depths ranging from 1 to L and sum the resulting node representa-
tions. These GCNs will share their weight matrices in reverse order, meaning that a GCN
with depth K < L will have the K upper weight matrices of the GCN with depth L. For
example, a GCN with two layers will have the weight matrices of the two upper layers of
the GCN with L layers. This leads to the observation that Equation 4.8 is simply the sum
of the outputs of varying depth GCNs.
This observation, in turn, indicates that PPRGNN-like networks transform deep architec-
tures into the sum of varying depth GCNs. A large fraction of these GCNs (the deep ones)
will be oversmoothed as theory suggests [7, 21] and their contribution will be negligible,
since they will produce similar representations for all nodes (probably close zero). Even in
the cases where the deep GCNs manage to avoid oversmoothing, their contribution dimin-
ishes exponentially fast, depending on the layer index, as indicated by Equation 4.8. This
results in a model relying primarily on the representations of the shallow GCNs. Conse-
quently, such a deep model can be studied as two disjoint components:
i) Most lower layers have a relatively limited impact on the final node representations. Their
weight matrices could, in some cases, retain initial random values with minimal effect on
the network’s predictions.
ii) The upper layers, in contrast, have a more significant role in shaping node represen-
tations. Adjustments in these layers’ weight matrices are crucial for the model, as they
influence the final node representations and are the primary sites for learning.

2.2.2 The case of GCNII

Aprominentmethod utilizing residual connections inGNNswas introduced by [11], namely
GCNII, and defined as:

H(l+1) = σ
((

(1− al) ÂH
(l) + alH

(0)
) (

(1− βl) In + βlW
(l)
))

, (4.9)

where σ(·) is an element-wise ReLU function, al denotes the residual connection strength
and (1 − βl) is the strength of identity mapping. In the following analysis we set βl = 1,
for every l, in order to switch off identity mapping and study the effect of the residual
connections. Expanding Equation 4.9 after setting βl = 1 and using once again the 1-
Lipschitzness of ReLU, we get similar results to Equation 4.8:

H(l+1) = Âl+1H(0)

l∏
k=0

(1− ak)W
(k) + a0W

(0)ÂlH(0)

l∏
k=1

(1− ak)W
(k)+ (4.10)

+a1W
(1)Âl−1H(0)

l∏
k=2

(1− ak)W
(k) + ...+ alÂ

l−lH(0)

l∏
k=l

W (k).

Considering that 0 ≤ al < 1 for every layer, we observe that the residual connections
utilized in GCNII result in a sum of node representations of shallow models. Hence, the
analysis provided in 2.2.1 for PPRGNN-like networks applies also to GCNII. The only dif-
ference between Equation 4.8 and Equation 4.10 lies in the form of the product of αi (i.e., the
decay factor) which governs the contribution of deeper models. A short proof of Equation
4.10 can be found in Appendix 8.
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2.3 Identity Mapping

In this section we investigate the effect of identity mapping on GNNs and show that the
resulting node representations depend on the powerset sum of the weight matrices of the
model. In contrast, node representations produced by models that do no use identity map-
ping depend on the product of the weight matrices. Finally, we show that the powerset
sum leads to better guarantees regarding the singular values of the final model, which are
directly connected to oversmoothing [7].
A GNN model utilizing identity mapping is defined as:

H(k+1) = σ
(
ÂH(k)

(
W (k) + I

))
, (4.11)

where σ(·) is a ReLU activation function. Disregarding the activation functions due to
ReLU’s 1-Lipschitzness transforms Equation 4.11 to the sum of the powerset of all weight
matrices of the model. The above statement can be verified by performing an algebraic
expansion of Equation 4.11, with k set to L − 1. To compare identity mapping in GNNs
against standard GCN, we present the final node representations of both models (ignoring
the activation functions).

GCN: H(L) = ÂLH(0)

L∏
i=1

W (i).

Identity Mapping: H(L) = ÂLH(0)
∑

S⊆{1,2,...,L}

∏
i∈S

W (i), (4.12)

where L is the model’s depth.
From Equation 4.12, we observe that GCN uses the product of the weight matrices, which
is upper bounded by the product of the largest singular values of these matrices, while
a GNN defined as in Equation 4.11 uses the sum of the powerset of the weight matrices.
We now prove that the powerset sum of the weight matrices yields a matrix with a big-
ger largest singular value than the one produced by the product of the weight matrices,
indicating that identity mapping is more effective against oversmoothing than GCN. Let
us denote with PSsum the sum of the powerset of model’s weight matrices, i.e. PSsum =∑

S⊆{1,2,...,L}
∏

i∈S W
(i). Using Corollary 7 about the singular values of the sum of matrices

we get the following:

s1

(
L∏
i=1

W (i)

)
+
∑
i∈D

sn(i) ≤ s1(PSsum) ≤
∑
i∈D′

s1(i), (4.13)

D =

{∏
i∈S

W (i) : S ⊆ {1, 2, . . . , L}, S ̸= {1, 2, . . . , L}

}
,

D′ =

{∏
i∈S

W (i) : S ⊆ {1, 2, . . . , L}

}
.

Note that in the lower bound of Equation 4.13 the first term is the same term that appears
in a GCN and controls the convergence speed to the oversmoothing region. Powerset sum
produces largest singular values that are strictly larger than the ones of GCN, by a gain
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factor defined asGain =
∑
i∈D

sn(i). Note also thatGain > 1, becauseD contains combina-

tions of the weight matrices and the identity matrix I , which has a smallest singular value
equal to 1. Thus, it follows that the largest singular value of PSsum is strictly greater than
1 and greater than the largest singular value of the product of the weight matrices, used
in GCN. Since the Gain factor depends on the smallest singular values of the powerset of
the weight matrices, it can take large values leading the model to instabilities, if identity
mapping is used in every layer. In order to avoid this, identity mapping could be used in
some layers of the model, e.g. the lower ones.
Recalling the results of Theorem 1 about oversmoothing and its connection to the singular
values of weight matrices, we observe that powerset sum provably yields slower conver-
gence speed to the oversmoothing region. This is due to the fact that the sum of the pow-
erset of weight matrices has greater largest singular value than the product of the largest
singular values of these matrices. This observation connects identity mapping with exist-
ing literature about oversmoothing and shows why it enables deep architectures without
‘short-circuiting’ initial information to intermediate layers of the model, which is the case
when it comes to GNNs using residual connections.
Setting al = 0 in Equation 4.9 creates a weighted powerset sum of the weight matrices:

H(k+1) =

(
k∏

l=1

(1− βl)

)
Ak ·X ·

k+1∑
i=1

PS

(
βl

1− βl

W (k)

)
. (4.14)

This observation sheds more light to the effect of weighted identity addition in GCNII. [11]
define βl = λ/l, where λ is a hyperparameter, causing βl to decrease geometrically with
the layer index. The use of βl leads to a diminishing contribution of the weight matrices in
the upper layers of the model, thereby reducing the significance of the network’s depth.

2.4 Deep GNNs and Long Interactions

2.5 Deep GNNs and the Cold Start Problem

The primary challenge in creating deep GNNs is the oversmoothing effect, which is more
prevalent as the depth of the network increases. A common debate is whether we really
need deep GNN architectures and mainly when do we need them. Most existing datasets
consist of homophilic graphs, where valuable information is typically within close proxim-
ity to each node (usually within 2 or 3 hops). To explore the potential of deep architectures,
we need to examine tasks that require associating nodes that are further apart in the graph.
One such task is the “cold start” problem, which is akin to scenarios in recommender sys-
tems, where new users or products lack prior feature information. The “cold start” problem
can be emulated by removing feature vectors (to be precise, replacing them with all-zero
vectors) from all nodes except the labeled ones used for training. This process can be applied
to any of the existing benchmark datasets, as proposed by [13]. In such a scenario, the hope
is that deep GNNs could recover features from distant nodes and create informative repre-
sentations. In the context of our work, results from such experiments can shed light on the
inherent limitations of residual connections and highlight the potential of deep GNNs to
outperform shallow architectures in addressing long-range problems, like the “cold start”
problem.
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2.6 Synthetic Dataset

In addition to the cold start task, in this work we introduce a new synthetic dataset, named
Star. The new dataset is a collection of star graphs (see Figure 4.2), where a star graph
consists of a central node and a number of path-graphs attached to it. The underlying task
is to label the central node using information residing in the peripheral nodes (i.e., nodes at
the end of each path). All intermediate nodes in each path do not contain useful information
for the classification of the central node. The use of shallow GNNs in this dataset faces what
is known as the under-reach problem. The under-reach problem occurs when GNNs lack
the required depth to access the information that is needed to solve the underlying task.

Figure 4.2: Example of the Star dataset
with two stars, each having 5
paths of length 2 attached to
the central node.

Similar to the synthetic datasetNeighborsMatch
introduced in [8], in the Star dataset we fol-
low a simplistic approach about the underlying
task and node features. All nodes have a single-
element feature vector as follows: i) peripheral
nodes features consist of a positive number, ii)
intermediate node features are zero, and iii) all
central nodes have the same feature which is
different from the features of peripheral nodes.
Each central node is classified based on the ma-
jority of the peripheral nodes in that particular
star graph. If the number of odd-featured pe-
ripheral nodes is larger than the even-featured
peripheral nodes, then 1 is given as label to the
central node, otherwise the label of the central
node is 0. Only central nodes are the targets
of classification, hence we randomly split them
into train, validation and test set.
A model that manages to learn the task will be
able to propagate information from peripheral
nodes to the central one and based on the num-
ber of odd-featured peripheral nodes predict the
correct label. Changing the length of the paths
allows us to select how long the interactions
among nodes need to be. A small path length
allows shallow models to perform well, while longer paths require deeper GNNs. Con-
sequently, the synthetic dataset can effectively test the ability of GNNs to capture long
interactions.
In the two stars of Figure 4.2, the corresponding central nodes have different classes, al-
though they have the same feature value. Deep GNNs are needed in order to solve the
underlying task of majority voting, where peripheral nodes vote either odd (green) or even
(red) about the label of the central node. Intermediate nodes (yellow) do not affect the clas-
sification of the central nodes and only act as buffer nodes necessitating long interactions.

3 Experiments

In this section we experiment extensively with various deep architectures. In particular, we
conduct three sets of experiments of increasing difficulty and need for deep networks i)We
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experiment on benchmark datasets, where the need for long interactions is unknown. ii)We
experiment on benchmark datasets under the presence of the “cold start” problem, where
long interactions among nodes are needed, but we do not know how far the interacting
nodes are. iii)We experiment on the Star dataset, where both the existence and the length
of long interactions are controllable.

3.1 Experimental Setup

Datasets: Aligned to most of the literature, we focus on six well-known benchmarks: Cora,
CiteSeer, Pubmed, Photo, Computers and Arxiv. For the co-citation datasets we use the same
data splits as in [25], where all the nodes except the ones used for training and validation
are used for testing. For the Photo and Computers datasets we follow the same splits as
in [131], while for the Arxiv dataset we utilize the OGB suite presented in [134]. Dataset
statistics can be found in Appendix 24. Moreover, as stated above, we use the new synthetic
Star dataset to explore controllable long interactions.
Models: Weexperimentwith the proposed architectures of GCN [25], APPNP [16], PPRGNN
[12] and GCNII [11].
Hyperparameters: We performed a hyperparameter sweep (see Appendix 11), to determine
the optimal hyperparameter values, based on their performance on the validation set. For
GCN and PPRGNN, we set the number of hidden units for each layer to 128 across all real
datasets. L2 regularization was applied with a penalty of 5 · 10−4, and the learning rate
was set to 10−3. As for GCNII and APPNP, we used the settings suggested by the authors
of the corresponding papers. Dropout was not utilized in any of the models. Depth varied
between 2 and 64 layers.
Configuration: Each experiment was run 10 times and we report the average performance
over these runs. We train all models within 1200 epochs using Cross Entropy as a loss func-
tion. Details on the evolution of the training loss and the computational requirements of
the models are provided in Appendix 9.

3.2 Experimental Results

Reducing oversmoothing:
Figure 4.3 presents the classification performance of different architectures on all six bench-
mark datasets. Models utilizing residual connections seem to avoid oversmoothing and
maintain high performance in deep architectures. Note that the accuracy of these models
in co-citation networks seem to be independent of their depth.
As explained in section 2.1, APPNP converges to fixed node representations and increas-
ing its depth has negligible or no effect. The performance of PPRGNN seems to degrade
slowly as the depth of the network increases. This is because Equation 4.8 gets increas-
ingly populated with oversmoothed terms. These terms are themselves deeper GCNs, as
we have proved in sub-section 2.2.1, hence having a negative impact on the final node rep-
resentations of the model. On the other hand, GNNs that employ residual connections
either converge to fixed node representations (APPNP) or act as a summation of shallower
networks (PPRGNN). In both cases, performance indicates that oversmoothing could be
avoided and infinite depth GNNs are feasible. Additionally, the results of GCNII are also
aligned to our analysis, as it manages tomaintain high performance in deeper architectures,
due to the usage of residual connection and identity mapping. Finally, the accuracy of the
simple GCN increases up to some depth, beyond which it fails to create meaningful node
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representations, due to oversmoothing.
Among the methods utilizing residual connections, there is no clear “winner” in terms of
accuracy. However, it is worth noting that the best performance of each method is achieved
at a relatively small depth.

Figure 4.3: Average test node classification accuracy (%) of the four models under investi-
gation in the six benchmark datasets.

Need for deep GNNs:
Given the good performance of all methods, using shallownetworks, it is safe to assume that
the benchmark datasets used above do not require long interactions among nodes. Hence,
we move to a set of experiments that aim to highlight the value of deep architectures. To
achieve that we switch our focus to problems involving long-range dependencies. We use
the term long-range dependencies in problems, where the close neighborhood of each node
does not contain the necessary information to create meaningful representations.
For this purpose, we perform experiments using the “cold start” problem in six datasets.
The results are shown in Table 4.1. The table reports the average test node classification
accuracy (Acc., %) and the depth (#L) at which each model achieves its best performance.
A model that effectively addresses the “cold start” problem should achieve high accuracy,
indicating the ability to capture long-range dependencies.
In order to confirm the significance of the results, we used the Friedman test per dataset
and overall. In particular, we apply the Friedman test [135] on the ten accuracy measure-
ments obtained per dataset and per method. The null hypothesis is that the performance
differences are not significant (p<0.05). The null hypothesis is rejected in all datasets, con-
firming that the differences between methods are significant per dataset (full statistics can
be found in Appendix 10). Furthermore, Conover’s post-hoc analysis was used to confirm
pairwise significant differences.
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Generally, one would expect methods designed for deep architectures, such as APPNP and
GCNII, to outperform simpler models like GCN.The figures in Table 4.1 do not confirm this
hypothesis. This result was further confirmed by a global Friedman test on the per-dataset
mean accuracies of the classifiers (full statistics in Appendix 10). Looking closer at the re-
sults of the different methods, APPNP achieves the best performance in two datasets (Cora
and CiteSeer), PPRGNN in two datasets (Pubmed and Photo), and GCN and GCNII each per-
form best in one dataset each (Computers and Arxiv, respectively). In all but one of those
cases (Pubmed), Conover’s post-hoc analysis confirmed the significant difference between
the first and the second best method. The results in Table 4.1 suggest that deeper archi-
tectures are sometimes necessary, but they must be coupled with effective mechanisms for
addressing oversmoothing and aggregation challenges. For instance, APPNP benefits from
its propagation mechanism, which ensures nodes access relevant information before con-
verging to fixed representations. Similarly, PPRGNN leverages a combination of shallow
GCNs to achieve competitive results in some datasets.
On the other hand, GCNII, despite its depth, fails to achieve high accuracy across most
datasets, with its performance often falling below that of simpler models like GCN. For ex-
ample, GCN outperforms GCNII consistently and with statistical significance (according to
Conover’s analysis), in most datasets.
Hence, our analysis on the “cold start” problem shows that longer interactions are not cap-
tured sufficiently by the methods that we tested, especially the ones using residual connec-
tions.

Table 4.1: Average test node classification accuracy (%) and standard deviation on the “cold
start” problem in Cora, CiteSeer, Pubmed, Photo, Computers and Arxiv datasets.
With bold and underline is the best and second best performing model for each
dataset. We also show at what depth (i.e., # Layers) each model achieves its best
performance.

Dataset
Model GCNII APPNP PPRGNN GCN

Acc.(%) #L Acc.(%) #L Acc.(%) #L Acc.(%) #L
Cora 66.19 ± 2.6 12 70.77 ± 0.6 29 66.31 ± 1.4 6 67.51 ± 1.2 5

CiteSeer 36.17 ± 2.9 18 49.73 ± 2.0 31 45.14 ± 0.9 7 44.66 ± 0.4 5
Pubmed 48.38 ± 5.2 6 71.89 ± 0.1 24 72.00 ± 1.0 28 69.82 ± 0.9 7
Photo 20.42 ± 0.5 13 76.50 ± 4.1 7 83.43 ± 1.2 6 80.81 ± 2.0 5

Computers 16.85 ± 4.5 2 40.72 ± 6.9 4 41.52 ± 9.9 5 65.09 ± 9.7 7
Arxiv 67.61 ± 0.5 7 62.11 ± 0.4 4 16.96 ± 7.2 4 66.67 ± 0.2 7

Controllable long interactions:
In order to further shed light to the ability of the different methods to explore long interac-
tions, we experiment with the Star dataset, introduced in section 2.6. Figure 4.4 shows the
performance of the models in three different instances of the Star dataset. The proposed
dataset allows us to control the number of paths and their length, which, in turn, control the
length of the interactions. One may regard the dataset as an extreme case of the “cold start”
problem, because each node has no short paths to reach the necessary information, which
in turn imposes the need to capture long interactions. The resulting dataset is somewhat
imbalanced, with the majority class being represented by roughly 65% of the data instances
(i.e., stars). This means that the accuracy of a random classifier would be around 0.65, cor-
responding to the flat lines observed in the figures for many methods. In other words,

99



these methods cannot learn meaningful classifiers, indicate models incapable to learn, be-
cause they cannot connect the necessary information, in order to create meaningful node
representations. In particular, all variants of GCNII and APPNP have an accuracy at or
below chance, while PPRGNN achieves higher accuracy for only the simplest of the three
datasets. Among all methods, simple GCN performs best, because it does not rely on resid-
ual connections and allows the central node to utilize some distant information. However,
increasing the network depth seems to hurt the GCN, rather than allowing it to capture
longer interactions. In particular, as the length of the long interactions and the number of
paths increases, the performance of GCN also drops close to that of random choice. This
set of experiments shows the inability of methods utilizing residual connections to access
distant information, which is necessary in cases like the one presented in the Star dataset.
Consequently, there is a need for a GNN model capable to harness the benefits of its depth,
in order to access distant information, while avoiding oversmoothing.

Figure 4.4: Average test classification accuracy (%) of the methods under investigation and
two additional variants of GCNII, in the Star dataset. We vary the number of
paths and the path length (pl) of the Star dataset and experiment with models
of depth in the range [pl, pl + 20]. All variants of GCNII, overlap in the graph,
making them non-visible.

The convergence of APPNP:
In section 2.1, Equation 4.5, we showed that APPNP performs a power iteration, which con-
verges to a set of predefined node representations. Therefore, APPNP can be regarded as a
graph-steered aggregation of the output of an MLP. This means that the model combines
node representations (i.e., the output of the MLP) according to the relationships encoded
in the graph. The aggregation scheme proposed, utilizing PPR, seems to be extendable to
arbitrary depth, leading to the assumption that infinite depth GNNs can be modeled by
APPNP. Through PPR, APPNP limits the model’s aggregation to the local neighborhood
of each node and does not enable deep learning. Figure 4.5 shows that accuracy on the
co-citation datasets remains almost constant beyond a specific depth. This behavior is ex-
plained by Equation 4.6 as follows: beyond a specific depth, APPNP’s power iteration has
converged, node representations from consecutive layers are almost identical and yield the
same classification results, hence the accuracy remains almost the same.
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Figure 4.5: Average test classification accuracy (%) of varying depthAPPNPmodels inCora,
CiteSeer and Pubmed datasets.

The relationship between PPRGNN and GCNs:
According to Equation 4.8 in sub-subection 2.2.1, PPRGNN is equivalent to the sum of shal-
low GCNs. Following suggestion of the authors of the original paper, we set αl =

1
l
and

in order to reduce bias, we set fθ(X) = X , in Equation 4.7. We calculate the sum of the
resulting representations of shallow GCNs, by mapping the W (i) matrices of Equation 4.8
to the weight matrices of the GCNs in the following way:

• GCN with 1 layer will have W (L) as its weight matrix

• GCN with 2 layers will have W (L) and W (L−1) as its weight matrices

• …

• GCN with k layers will have W (L), ...,W (L−k+1) as its weight matrices

Ignoring the activation functions in Equation 2.1, the output of the GCNs described above
can be expressed as:

• GCN with 1 layer: H1 = ÂXW (L)

• GCN with 2 layers: H2 = Â2XW (L)W (L−1)

• …

• GCN with k layers: Hk = ÂkX
L∏

i=L−k+1

W (i)

A closer look at Equation 4.8 indicates that the above mapping recreates PPRGNN through
the summation of the GCNs. To be consistent with the results of Equation 4.8, we need to
add the initial feature vectors to the sum of the GCNs as well.
Figure 4.6 shows the number of GCNs of varying depth we need to sum, in order to get node
representations close to the full PPRGNN. Note that the number of GCNs we sum indicates
the depth of the deepest of them, e.g., if we add 10 GCNs each of them will have a depth
of 1,2,..,10 respectively. We present the results over the three co-citation datasets with a
fixed depth for the PPRGNN model, namely 20 layers. We vary the number of GCNs and
show the respective distance between representations of the last layer of the full PPRGNN
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model and the summation of GCNs. The average distance between full PPRGNN and its
approximations is shown in logarithmic scale on the y-axis. For each node, we compute
the distance between its embeddings generated by the full PPRGNN and its approximation.
We then average these distances and take the logarithm of the resulting value.
From Figure 4.6, we observe that the full PPRGNN model can be approximated with as few
as 6 relatively shallow GCNs. Similar results hold even if the full PPRGNN is deeper than
20 layers. These results verify the theoretical analysis, and explain that PPRGNN generates
shallow models, which cannot capture long interactions.

Figure 4.6: Logarithmic average distance of node representations at the last layer of a fully-
trained PPRGNN (i.e., with all 20 layers) and an approximation of it using a
varying number of GCNs, as per Equation 4.8. X-axis shows the number of
shallow GCNs summed in order to approximate the full PPRGNN. GCNs use the
weight matrices of only the corresponding upper layers of the original model.
Results are shown for the Cora, CiteSeer and Pubmed datasets.

4 Conclusion
In this chapter, we have analyzed theoretically the effect of residual connections in GNNs
and we have studied the aggregation scheme of prominent models. We have shown, that
GNNs using residual connections converge to node representations that capture informa-
tion in the close neighborhood of each node. Hence, they cannot capture long interactions,
which require deep models. We have verified our results in a series of experiments, includ-
ing simpler benchmarks, as well as more demanding synthetic tasks. Despite the ability
of deep GNNs that use residual connections to maintain high performance on benchmark
datasets, they fail to capture long-range dependencies as needed in the “cold start” prob-
lem. To further confirm this observation, we have introduced a new synthetic dataset of
controllable long-interactions and have demonstrated the performance of the models on it.
These results can steer the development of amechanism that not only avoids oversmoothing
but also leverages the graph information provided by additional layers to enhance model
performance.
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Chapter 5

Partially Trained Graph Convolutional Networks
Resist Oversmoothing

This chapter examines the representational capacity of partially trained graph neural net-
works, models in which only a single layer is trained while the remaining layers are left
at their initial random state. [25] demonstrated that even an untrained GCN can generate
informative node embeddings suitable for node classification tasks, as exemplified by their
experimentation with the Zachary’s karate club network [49]. We systematically explore
how such partially trained architectures behave as their width changes, particularly with
respect to oversmoothing and embedding quality.
Our findings indicate that increasing the width of partially trained GCNs enhances their
performance, making them resistant to oversmoothing. Our analysis provides both exper-
imental results and theoretical insights, in order to construct a comprehensive picture of
the behavior of partially trained GCNs. Additionally, we have extended our experiments
to both GAT [41] and GCNII [11] architectures, which further verified our claims.
In summary, the main contributions of the work presented in this chapter are as follows:

• Partially trained GCNs: We investigate scenarios where only a single layer of a GCN
model is permitted to receive updates during training. Our analysis reveals that as the
width increases, the model is capable of obtaining high accuracy. We further validate our
results through experiments with a Graph Attention Network (GAT).

• The power of deep partially trained GCNs: Deep partially trained GCNs are shown ex-
perimentally to resist oversmoothing. Additionally, we highlight the advantages of these
deep GNNs in scenarios with limited information, such as the “cold start” situation, where
node features are only available for labeled nodes in a node classification task. These results
were also confirmed for GAT models.

• Position and type of the trainable layer: We conducted experiments to explore the ef-
fect of placing the trainable layer at different positions within the network. Additionally,
we examined different options for the trainable layer and found that utilizing a simple GCN
layer is a good choice.
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1 Preliminaries

1.1 Initialization and Largest Singular Value

In our analysis, a significant portion of the model remains untrained, retaining its initial
weight elements. Therefore, we briefly discuss the common weight initialization method
for GNNs, i.e. Glorot initialization [122]. Glorot initialization proposes drawing each ele-
ment of the weight matrix independently from the same zero-mean distribution, which can
be either Uniform or Gaussian. For simplicity in notation and analysis, we adopt Glorot
initialization using a zero-mean Gaussian distribution with variance equal to 1/d, where d
represents the width of the layer.

Theorem 9 ((Bai-Yin’s law [136]). Let Z = ZN,n be an N × n random matrix with elements
that are independent and identically distributed random variables having zero mean, unit
variance, and finite fourth moment. Suppose that the dimensions N and n tend to infinity
while the aspect ratio n/N converges to a constant in [0, 1]. Then, almost surely, we have:

smax(Z) =
√
N +

√
n+ o(

√
n). (5.1)

Here, smax(Z) denotes the largest singular value of matrix Z, and o(·) is the little–o.

Applying Bai-Yin’s law to a Glorot-initialized square matrix leads to the following Corol-
lary.

Corollary 10. Let Z = ZN,N be a Glorot-initialized random matrix. As N tends to infinity,
smax(Z) → 2 + o(1).
This is true because Z is initialized with a zero-mean Gaussian distribution having variance
equal to 1 / N, instead of unit variance (as Theorem 9 suggests). Therefore, the largest singular
value in Equation 5.1 is scaled by a factor of 1 /

√
N .

Corollary 10 shows that a randomly Glorot-initialized weight matrix has a largest singu-
lar value greater than 2 as its width increases. We leverage this observation to establish
a connection between our analysis and the findings in the existing literature about over-
smoothing.

1.2 Partially Trained Neural Networks

While fully untrained models are expected to perform poorly, limited attention has been
paid to partially trained networks. This approach resembles the fine-tuning [137] of pre-
trained models, which is common in large neural networks. In classical pretraining meth-
ods, a large model is initially trained on generic data and then fine-tuned on a downstream
task. During fine-tuning, only a subset of its upper layers are permitted to receive updates
and modify the weight values.
As initially noted by [25], even an untrained GCN can generate node features suitable for
node classification. In our analysis, we permit only a single layer of the model to receive
updates during training, while maintaining the remaining layers in their initial random
state.

104



2 Theoretical Analysis

2.1 Partially Trained GCNs

We propose partially training of a GCN, where the training process is constrained to a
single layer of the network. The model architecture remains the same as the one presented
in Equation 2.1, but all weight matrices except one remain constant during training. The
trainable layer can be placed anywhere within the network. The proposed architecture
is presented in Figure 5.1. With training limited to a single layer (i.e., j-th layer) of the
network, we can partition the weight matrices into three sets: i) The lower j− 1 untrained
matrices, ii) The j-th trainable matrix, and iii) The upper L− j untrained matrices, where L
is the model depth. Since learning is a dynamic process, which cannot be fully controlled,
we investigate the properties of the two sets containing the untrained matrices and their
effect on the model’s behavior.

Figure 5.1: Architectural diagram of a partially trained GCN.

To simplify the notation, we omit the influence of the ReLU activation functions in our
analysis. This simplification also provides an upper bound for the final node representations
of the model, due to the fact that ReLU is 1-Lipschitz. That particular property restricts
the extent to which the output of the function can change in response to changes in its
input. Therefore, by disregarding the impact of ReLU activation functions, we establish a
theoretical ceiling on the improvement achievable in the model’s node representations.
Considering the partition of matrices into three sets and disregarding the ReLUs, we rewrite
Equation 2.1 to represent the final node embeddings, as follows:

H(L) = ÂL−1 ·X
(
·
j−1∏
i=1

W (i)

)
·W (j) ·

( L−1∏
i=j+1

W (i)

)
=

ÂL−1 ·X ·W left ·W (j) ·W right, (5.2)
where L is model’s depth, Â is the augmented symmetrically normalized adjacency matrix,
X are the initial node features,W (j) is the weight matrix of the trainable layer of the model,
and W left,W right denote the products of the untrained weight matrices.
Depending on the value of j, representing the position of the trainable layer, the behavior
of the network changes: i) j = 1: Learning occurs in the first layer, with subsequent
layers propagating and aggregating information using random weights. ii) j ∈ [2, L −
2]: Initial node features undergo random transformations, followed by learning in layer j.
The learned features are then randomly aggregated by subsequent layers. iii) j = L − 1:
Initial features pass through the random network, where information is propagated and
aggregated. The final layer is responsible for generating meaningful representations.
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In the following analysis, we study the formulation ofW left and W right, the distribution of
their elements, and how they affect the information flow within the network. The analysis
holds also for Graph Attention Networks (GAT), which can be viewed as a GCN applied to
a weighted graph.

2.2 Product of Untrained Weight Matrices

We now take a closer look at the properties of W left and W right. Our analysis focuses on
the product of two untrained matrices, denoted asW (1) andW (2), of size d×d. The product
of these two matrices is expressed as:

W (1) ·W (2) =

 w1
1,1 . . . w1

1,d
... . . . ...

w1
d,1 . . . w1

d,d

 ·

 w2
1,1 . . . w2

1,d
... . . . ...

w2
d,1 . . . w2

d,d

 =

=

 w1,2
1,1 . . . w1,2

1,d
... . . . ...

w1,2
d,1 . . . w1,2

d,d

 .

We focus onw1,2
1,1 of the resulting matrix, as the same analysis extends to all elements. Since

bothW (1) andW (2) remain constant during training, and all their elements are drawn from
the same distribution, it suffices to determine the distribution of w1,2

1,1 . We are interested in
the distribution ofw1,2

·,· , because they remain fixed throughout the training process, thereby
influencing the flow of the initial node information within the model. By characterizing
their distribution, we aim to gain insights into how this information evolves and study the
properties of the resulting embeddings.
The value of w1,2

1,1 is computed as:

w1,2
1,1 =

d∑
i=1

w1
1,iw

2
i,1. (5.3)

Each term of the sum in Equation 5.3 is a product of two independent and identically dis-
tributed Gaussian Random Variables (R.V.). The following Lemma shows the distribution of
the product of two such R.V.s.

Lemma 11. Let Y1, Y2 be two independent R.V.s which follow the same Gaussian distribution.
Their product can be written as:

Y1Y2 =
(Y1 + Y2)

2

4
− (Y1 − Y2)

2

4
.

If (Y1 ±Y2) follow a Normal distribution then (Y1 ±Y2)
2 will follow a Chi-square (χ2) distri-

bution. Therefore,

Y1Y2 ∼
V ar(Y1 + Y2)

4
Q− V ar(Y1 − Y2)

4
R =

V ar(Y1) + V ar(Y2)

4
(Q−R),

where Q,R ∼ χ2
1 and are independent of each other.
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Lemma 11 shows that each term in the sum of Equation 5.3 follows a χ2
1 distribution with

one degree of freedom. Based on that result, we focus on determining the distribution of
the difference of two R.V.s, when each of them follows a χ2

1 distribution.

Lemma 12. Let F = Q − R, where Q,R ∼ χ2
1. Then F follows a symmetric around zero

Variance-Gamma (V.G.(α,β,λ,µ)) distribution with parameters: α = λ = 1/2 and β = µ = 0.

The proof is based on the moment-generating function of the Chi-square distribution with
one degree of freedom.

MQ(t) = MR(t) = (1− 2t)−1/2.

MF (t) =

(
1/4

1/4− t2

)1/2

. (5.4)

Equation 5.4 shows that the moment of F matches the moment of a variance-gamma distri-
bution with the aforementioned parameters.
Using the parameter set defined in Lemma 12 to the equations of the Variance-Gamma dis-
tribution we get: i) E[F ] = 0, and ii) V ar(F ) = 4.
Combining the results of Lemma 11 and Lemma 12, we deduce that the product of two
independent R.V.s, Y1, and Y2, each following a Gaussian distribution, follows a Variance-
Gamma distribution. Specifically, the parameter set of the distribution is outlined in Lemma
12, i.e. Y1Y2 ∼ JY1,Y2 ·F , where JY1,Y2 =

(
V ar(Y1)+V ar(Y2)

)
/4, and F ∼ V.G.(1/2,0,1/2,0).

Applying this result to Equation 5.3 leads to:

w1,2
1,1 ∼

V ar(Init(W (1))) + V ar(Init(W (2)))

4

d∑
i=1

Fi,

where V ar(Init(W (k))) is the variance of the distribution used for the initialization of the
weight matrix of the k-th layer, and Fi ∼ V.G.(1/2,0,1/2,0).
Both W (1) and W (1) are initialized by a zero-mean Gaussian distribution with variance
equal to 1/d (Glorot initialization), which in turn leads to the following result about the
distribution of each element of the W (1) ·W (2) matrix:

w1,2
1,1 ∼

1/d+ 1/d

4

d∑
i=1

Fi =
1

2d

d∑
i=1

Fi =
1

2
F̄d,

with F̄d being the average of Fi’s.
For the last step of our analysis of the product of the weight matrices, we utilize the Cen-
tral Limit Theorem (CLT). CLT states that the distribution of

√
d(F̄d − E[Fi])

approx.−−−−→
N (0, V ar(Fi)) as d increases.
Considering thatE[Fi] = 0 andV ar(Fi) = 4, we conclude that the distribution of F̄d

approx.−−−−→
N
(
0, 4

d

)
.

Hence, we arrive at the distribution of w1,2
1,1 ∼ 1

2
F̄d

approx.−−−−→ N
(
0, 1

d

)
, which is the same dis-

tribution as the one used in Glorot initialization. Consequently, the elements of the product
of two weight matrices follow the same distribution as that followed by the elements of the
initial matrices. Using induction we can also prove that the product of an arbitrary num-
ber of untrained weight matrices is a Gaussian matrix, with elements following a N

(
0, 1

d

)
distribution, as model’s width (i.e., d) increases.
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2.3 Effect of W left

We have proved that both W left and W right are Gaussian matrices, with random elements
following the distribution of the Glorot initialization method. Looking back at Equation
5.2, since both the graph topology and the initial node features are fixed, their product
(B = ÂL−1X) remains constant during training. Therefore, we investigate the effect of
multiplying a Gaussian matrix with a constant matrix, i.e. matrix B. In order to keep the
notation simple, we analyze the case of j = L−1 in Equation 5.2, which means thatW right

disappears. Equation 5.2 is transformed as follows:

H(L) =
(
B ·W left

)
·W (j). (5.5)

Lemma 13. Let Y be a random vector with Y ∼ N (µ,Σ), and O a non-singular matrix, the
distribution of O · Y is given as:

O · Y ∼ N (Oµ,OΣOT ).

According to Lemma 13, every column of the product of a Gaussian matrix and a non-
singular matrix follows the same Gaussian distribution. Hence the resulting matrix also
follows that particular Gaussian distribution.
The proof of Lemma 13 comes from the definition of a multivariate Gaussian random vec-
tor and the impact of an affine transformation on its distribution. Lemma 13 indicates that
B ·W left ∼ N (0, 1

d
BBT ), because W left ∼ N (0, 1

d
) and B is non-singular.

Let us take a closer look at matrix B, ignoring temporarily W left. Matrix B comprises
node features that are averaged multiple times, based on the underlying graph topology.
As the depth increases, the number of copies of Â in B also increases, intensifying the
averaging process. This, in turn, increases the similarity and the correlation between the
feature vectors (i.e., rows of B). Highly correlated features become too similar, causing
oversmoothing. This problem can also be viewed as a reduction in the standard deviation
of each feature column in B.
We focus on the training subset, as it drives representations (via weight updates) either
towards or away from the oversmoothing subspace. Let Btrain be the observed dataset,
i.e., a submatrix of B containing only the respective rows of the training (i.e., labeled)
nodes. We assume that the initial node features are independent and identically distributed
(i.i.d.), drawn from an unknown distribution. Consequently, the row vectors of Btrain,
representing node features averaged multiple times, also follow an unknown distribution.
Additionally, we assume that these row vectors Bi, follow a continuous and irreducible
p-dimensional distribution with mean µ and a positive-definite covariance matrix Σ, e.g.,
Bi ∼ Np(µ,Σ). Lastly, we make the mild assumption that µ = 0.
Next, we focus on estimating the sample correlation matrix. Let Y = (Yij)Ntrain×p be
the matrix resulting from the original dataset Btrain, normalized by column, i.e. Yij =

(Bij − µ̂j)/σ̂j , where µ̂j =
1

Ntrain

Ntrain∑
i=1

Bij and σ̂j
2 = 1

Ntrain−1

Ntrain∑
i=1

(Bij − µ̂j)
2. Then the

sample correlation matrix R is defined as:

R =
1

Ntrain

Y TY.

Since we assumed that µ̂j = 0 ∀j, we get that Yij = Bij/σ̂j , which in turn leads to Y =

BtrainΣ̂, where Σ̂ = diag(1/σ1, 1/σ2, ..., 1/σC).
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In this formula of Σ̂, σi represents the standard deviation of each feature column in B,
computed column-wise. That is, σi corresponds to the standard deviation of the i-th feature
across all nodes, assuming each node has C initial features. This, in turn, transforms R as
follows:

R =
1

Ntrain

Σ̂BT
trainBtrainΣ̂ = Σ̂ · S · Σ̂,

where S = 1
Ntrain

BT
trainBtrain is the sample covariance matrix, because µ̂j = 0 ∀j.

Leveraging the properties of the diagonal matrix Σ̂, we can derive bounds for R as follows:

Clower · S =

(
min
j

1

σj

)2

S ≤ R ≤
(
max

j

1

σj

)2

S = Cupper · S, (5.6)

where Clower =

(
min
j

1
σj

)2

, and Cupper =

(
max

j

1
σj

)2

.

The addition of W left, alters the distribution from which the samples B′
i are drawn. The

product B · W left follows a Gaussian distribution with a predefined variance. We proved
that B′

i ∼ N
(
0, Ntrain

d

(
1

Ntrain
BT

trainBtrain

))
= N

(
0, Ntrain

d
S
)
. As a consequence, the

correlation matrix R′ after the addition of W left is bounded as follows:

Ntrain

d
Clower · S ≤ R′ ≤ Ntrain

d
Cupper · S, (5.7)

where d the width of the trainable layer.
Therefore, the presence of W left in Equation 5.5 modifies the upper and lower bounds of
the correlation matrix.
We observe that both Clower and Cupper depend on the inverse of the smallest and largest
standard deviations among the columns of Btrain, respectively. As depth increases and
oversmoothing occurs, the largest standard deviation shrinks. This shrinkage increases the
value of Clower, which, in turn, increases the lower bound of R, leading to higher correla-
tion values.
On the contrary, when W left is introduced, the denominator d keeps the upper bound of
R′ small. Comparing Equation 5.6 with Equation 5.7 leads to the following conclusion: In-
creasing the depth reduces the smallest standard deviation among feature elements, thereby
increasing the lower bound and overall values of the correlation matrix. The introduction of
W left adjusts the upper bound of the correlation matrix and reduces its values as d increases.
Since the rows ofB are highly correlated, as the depth increases, we expect that the covari-
ance matrix (and its estimator S) will contain large elements. This, in turn, highlights the
role of the term Ntrain

d
, which tones down these large elements. Therefore, we would like

to adjust the elements of the correlation matrix, in order to: i) prevent similar embeddings
for all nodes, and ii) avoid highly dissimilar embeddings between nodes of the same class.
Therefore, the term Ntrain

d
plays a crucial role in reducing the correlation between the rows

of matrix B. Given that Ntrain is fixed, we can reduce the correlation, by increasing d.
Additionally, since we assume zero-mean distribution of the row values, the cosine simi-
larity of vectors equals their correlation coefficient. Hence, lower values in the correlation
matrix correspond to lower cosine similarity, indicating less similar node representations.
This observation highlights the effect of W left, which can increase the dissimilarity be-
tween node embeddings, counteracting the oversmoothing caused by repeated multipli-
cations with the adjacency matrix. Finally, we observe that d serves a dual purpose, as
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its increase (a) strengthens the conditions of CLT; namely the more random variables we
sum, the stronger is the convergence of their average to a Gaussian distribution, and (b)
reduces the correlation between node features (as explained above). However, excessively
increasing dmight lead to very dissimilar node embeddings and poor training performance.

2.4 Untrained Weight Matrices and Oversmoothing

Conceptually, as discussed in section 2.3, untrained weight matrices act as reducers of the
correlation between node embeddings before learning occurs. Their presence helps the
model to preserve the informative aspects of the initial node embeddings, while also aggre-
gating information from distant nodes in the multi-hop neighborhood, due to the powers
of the adjacency matrix. Consequently, the trainable layer is applied to node embeddings
that contain information from distant nodes, thereby enabling effective learning.
We now shift our focus to the singular values of the weight matrices, which are known
to influence oversmoothing. The untrained matrices are all initialized using Glorot method
and remain constant during training, which means that their singular values do not change.
Leveraging Corollary 10 about these matrices, we conclude that their largest singular value
is greater than 2, as their width (i.e., d) tends to infinity. Therefore, the product of the
largest singular values of the untrained weight matrices maintains a high value. Accord-
ing to Corollary 2, a large value of the product of the largest singular values of the weight
matrices allows the model to reduce oversmoothing, which is what we expect from the
partially trained models.

3 Experiments

3.1 Experimental Setup

Datasets: We conduct experiments on well-known benchmark datasets for node classifi-
cation: Cora, CiteSeer, Pubmed, utilizing the same data splits as in [25], where all nodes
except the ones used for training and validation are used for testing. Furthermore, we use
the Photo, Computer, Physics and CS datasets, adopting the splitting method presented in
[138]. To assess the real world applicability of our partial training paradigm, we extended
our evaluation to the Arxiv dataset [134] as well. Dataset statistics can be found in Ap-
pendix 24.
Models: The focus of our work is on the effect of the model’s width, under the partially
trained setting. Therefore, our base model is the simple and conventional GCN architec-
ture [25]. To further validate the proposed method, we also experiment with the GAT
model [41], which leverages an attention mechanism for node feature aggregation, i.e., the
features of each node are derived by the weighted sum of the features of its neighbors.
Additionally, we experimented with a more advanced method that addresses the problem
of oversmoothing, through the use of residual connections and identity mapping, namely
GCNII [11]. The reason for including such a method was to verify that the proposed partial
training approach does not harm its performance. All partially trained models update a
single layer, and keep the rest of the model weights frozen to the initial random values.
Hyperparameters: We vary the width of GCNs and GATs between 64 and 8192. The fully
trained models are subject to L2 regularization with a penalty of 5 ·10−4, while the partially
trained models do not use regularization. The learning rate for the fully trained models is
set to 10−3, whereas for the partially trained, it is set to 0.1. For GAT we use a single atten-
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Figure 5.2: Comparison between a fully trained GCN and different configurations (in terms
of width) of partially trained GCNs across 8 datasets for varying depth. The
trainable layer is always the second.

tion head. The above values are determined, based on the performance of the models on
the validation set.
Configuration: Each experiment is run 10 times and we report the average accuracy and
standard deviation over these runs. We train all models for 200 epochs using Cross Entropy
as the loss function. For the Arxiv dataset training was run for 10.000 epochs to ensure con-
vergence.

3.2 Experimental Results

One trainable layer for different widths and depths:
In our first experiment, we investigate the effect of width and depth in partially trained
GCNs and GATs, of varying depth. Specifically, in Figure 5.2 and Figure 5.3 we observe
that wider networks tend to be more resistant to oversmoothing, as the depth of the net-
work increases. This aligns with our theoretical findings, as presented in section 5.2. The
trainable layer of the networks is the second, a choice which was based on experimenta-
tion. Additionally, partially trained GCNs and GATs outperform fully trained ones given a
wide enough trainable layer. Therefore, a wide single layer can effectively learn informa-
tive node representations, when node information is appropriately aggregated by untrained
layers.
To further explore the capabilities of the partial training paradigm and assess real-world
applicability, we evaluated GCN with and without partial training on the large-scale Arxiv
dataset. Across all depths, both partially trained variants yield consistent accuracy im-
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Figure 5.3: Comparison between a fully trained GAT and different configurations (in terms
of width) of partially trained GATs across 8 datasets for varying depth. The
trainable layer is always the second. Arxiv experiments were limited to 8 layers
due to hardware constraints.

provements over the fully-trained baseline. At shallow depths (4 and 8 layers), the gains are
modest, but increase at deeper settings (16 and 32 layers). For the GAT model, experiments
on the Arxiv dataset were limited to 8 layers due to hardware constraints. The above result
highlights again that partially trained models are more effective under conditions where
oversmoothing risk is higher. Additionally, the results with the Arxiv dataset demonstrate
that the partial training setup can scale to million-edge graphs, with its benefits becoming
more evident at greater depths where the risk of oversmoothing is higher.
It is also noteworthy, that increasing the width of fully trained GCNs and GATs does not
improve their performance, while, in contrast, we observe significant improvements for the
partially trained models as their width increases. In particular, Figure 5.4 and Figure 5.5 il-
lustrate that fully trained models perform better with smaller widths. Wider fully trained
models achieve lower accuracy, likely due to the increased number of trainable parameters
that hinder the optimization process.
As mentioned above, we also experimented with the more advanced GCNII across varying
network depths. The results of those experiments, which can be found in Appendix 12,
show that the proposed approach does not harm the performance of GCNII and in some
cases may even improve it slightly.
Partially trained GNNs can solve the “cold start” problem:
The second set of experiments aimed at demonstrating the advantages of using deep archi-
tectures that are resistant to oversmoothing. For this purpose, we simulate the “cold start”
scenario, which resembles the situation where a new item enters a recommender system
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Figure 5.4: Comparison between different configurations (in terms of width) of fully
trained GCNs across 8 datasets for varying depth.

without any features. This setup, initially proposed in [13], requires leveraging information
from distant nodes to create meaningful embeddings for the new item. In order to simulate
it, we create the cold-start variants of the datasets, by removing feature vectors from the
unlabeled nodes and replacing them with all-zero vectors. Classification accuracies under
this “cold start” scenario (see Table 5.1) are lower than in the standard setting, as the model
is trained without feature information for the unlabeled nodes. These modified datasets en-
able us to assess the effectiveness of deep architectures in handling scenarios with limited
feature information.
For different widths of partially trained GCNs and GATs, we present the best performance
achieved and the depth at which the model attains that performance in Table 5.1.
In this context, we observed that partially trained models perform better if both of their
last two layers are allowed to receive updates. This is due to the increased difficulty of the
problem, compared to standard node classification without missing features. From Table
5.1, we observe that the deeper models consistently outperform shallower ones in almost
every dataset, underscoring the necessity of relatively deep architectures, which are less
prone to oversmoothing. Additionally, Table 5.1 shows that as width increases, the perfor-
mance of the models improves, and the depth at which optimal performance is attainable
also increases. It is worth noting that the fully trained GCNs and GATs generally exhibit
inferior performance, which is also attained by shallower architectures. This is due to the
high-degree of oversmoothing of such models, which makes deeper architectures unusable.
Role of the position of the trainable layer:
Having demonstrated the advantages of partially trained GCNs and GATs in both standard
node classification tasks and the “cold start” problem, we now conduct a set of ablation
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Figure 5.5: Comparison between different configurations (in terms of width) of fully
trained GATs across 8 datasets for varying depth. Arxiv experiments were lim-
ited to 8 layers due to hardware constraints.

experiments. According to Equation 5.2, the trainable layer can be placed at any position
within the network. Our theoretical analysis has primarily focused on the scenario where
the final layer is trainable.
Table 5.2 shows the impact of varying the position of the trainable layer across different
combinations of widths and depths. We observe that, in general, the optimal position for
the trainable layer is the second. Placing the trainable layer at a relatively early stage of
the model, facilitates training on the basis of a very local aggregation of information, i.e.
2-hop. Subsequent convolutional layers then distribute the learned embeddings, while also
preventing over-correlation, as explained theoretically. The performance gap between dif-
ferent positions of the trainable layer diminishes with increasing width, showing that a
large width makes the model more robust to the placement of the trainable layer. Addi-
tionally, the optimal position is different for different datasets. Table 5.2 presents the results
for three datasets chosen to highlight this observation. For the rest of the datasets we have
observed similar behavior and the respective results appear in the Appendix 13.
MLP vs GCN for trainable layer:
In this experiment, we aimed to answer the question of whether the trainable layer has to
be a graph convolutional layer, or if it could be replaced by aMulti-Layer Perceptron (MLP).
The underlying hypothesis was that if sufficient information has already been effectively
propagated through the network by the untrained graph convolution layers, then an MLP
could potentially generate informative node representations.
Table 5.3 presents the performance achieved by models employing either a single GCN or
an MLP as their trainable layers. We focus on a rather challenging configuration of a 16-
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Table 5.1: Comparison of different model widths of partially trained GCNs and GATs with
fully trained ones, in the “cold start” scenario. Only the features of the nodes in
the training set are available to the model. We present the best accuracy of the
model and the depth (i.e. # Layers) this accuracy is achieved.

Dataset Width
GCN GAT

Accuracy (%) & std #L Accuracy (%) & std #L

Cora

128 63.31 ± 2.5 6 58.41 ± 2.3 4
512 70.60 ± 1.5 15 66.66 ± 1.8 22
8192 73.24 ± 0.6 17 72.09 ± 1.6 28

Trained 69.35 ± 0.9 6 66.23 ± 1.3 5

CiteSeer

128 42.09 ± 0.7 4 40.75 ± 2.0 5
512 48.17 ± 1.2 14 45.26 ± 2.6 19
8192 51.32 ± 0.6 31 50.29 ± 0.9 31

Trained 46.62 ± 0.7 7 44.38 ± 0.8 5

Pubmed

128 64.68 ± 3.2 7 63.47 ± 3.5 5
512 69.80 ± 0.8 7 67.22 ± 2.7 28
8192 72.73 ± 0.5 16 69.83 ± 0.8 7

Trained 69.48 ± 0.6 7 66.50 ± 1.3 5

Physics

128 38.61 ± 0.0 2 54.99 ± 7.5 3
512 75.82 ± 0.6 4 72.11 ± 1.5 4
4096 88.11 ± 0.5 14 75.29 ± 5.7 16

Trained 82.50 ± 0.1 5 74.11 ± 2.6 4

CS

128 40.52 ± 0.2 2 43.42 ± 1.4 3
512 63.94 ± 0.8 4 56.12 ± 0.7 4
8192 77.49 ± 0.4 14 72.43 ± 3.0 17

Trained 66.11 ± 1.2 6 61.32 ± 3.1 7

Photo

128 73.87 ± 0.5 2 67.14 ± 2.0 2
512 76.72 ± 0.0 2 68.85 ± 2.5 2
8192 86.11 ± 0.2 5 75.90 ± 3.5 12

Trained 82.53 ± 1.2 5 74.08 ± 1.1 3

Computers

128 61.07 ± 0.7 2 56.46 ± 2.6 2
512 67.07 ± 0.0 2 57.72 ± 2.1 2
4096 76.58 ± 0.4 5 63.92 ± 4.3 13

Trained 74.03 ± 0.8 6 57.55 ± 3.3 3

layer model, which has access to distant information but needs to avoid oversmoothing.
Results indicate that GCN slightly outperforms MLP in terms of accuracy and stability, as
evidenced by achieving better scores with smaller standard deviations. However, the per-
formance improvement is marginal, suggesting that both approaches can generate infor-
mative node representations, provided the necessary information has been appropriately
received and not excessively mixed by graph convolution.

Varying width within the network:
In our final experiment, we investigate the impact of changing the width of the untrained
layers. Table 5.4 shows the performance of a 16-layer partially trained GCN with varying
width across all of its untrained layers. Each row corresponds to a model with a different
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Table 5.2: Performance comparison of GCNmodels with different width and depth, as well
as different placement of the trainable layer.

Accuracy (%) & std

Dataset (Width, Depth) Position
2 4 8 16 32

CiteSeer

(512, 8) 67.58 ± 1.25 62.13 ± 1.18 53.47 ± 1.85 - -
(2048, 8) 71.20 ± 0.49 67.20 ± 1.18 61.14 ± 1.11 - -
(8192, 8) 70.78 ± 1.45 69.52 ± 1.08 66.39 ± 0.74 - -
(512, 32) 34.35 ± 12.25 32.40 ± 9.81 29.01 ± 9.86 27.72 ± 11.78 30.12 ± 10.94

(2048, 32) 57.36 ± 6.46 55.76 ± 5.72 57.22 ± 2.87 56.72 ± 3.84 58.69 ± 3.80

(8192, 32) 70.18 ± 0.64 68.21 ± 0.87 65.45 ± 1.06 65.45 ± 0.99 65.99 ± 1.09

Photo

(512, 8) 84.53 ± 1.32 83.54 ± 0.74 66.85 ± 5.44 - -
(2048, 8) 89.68 ± 0.12 89.41 ± 0.18 82.59 ± 0.36 - -
(8192, 8) 90.26 ± 0.21 89.82 ± 0.22 87.73 ± 0.18 - -
(512, 32) 22.69 ± 15.00 22.15 ± 11.70 24.42 ± 15.12 25.68 ± 15.29 21.61 ± 12.61

(2048, 32) 41.12 ± 17.04 44.96 ± 15.92 50.78 ± 13.71 51.76 ± 13.70 50.19 ± 13.14

(8192, 32) 72.32 ± 2.93 71.39 ± 2.04 70.58 ± 1.27 70.66 ± 1.95 71.62 ± 1.80

Computers

(512, 8) 64.74 ± 2.14 63.81 ± 1.57 59.70 ± 1.03 - -
(2048, 8) 73.10 ± 0.26 72.22 ± 0.22 64.77 ± 0.71 - -
(4096, 8) 74.80 ± 0.00 73.15 ± 0.00 66.52 ± 0.00 - -
(512, 32) 8.43 ± 5.18 8.83 ± 5.24 12.71 ± 11.89 10.82 ± 5.48 8.33 ± 5.21

(2048, 32) 45.74 ± 19.44 48.15 ± 19.88 49.38 ± 19.14 50.85 ± 17.11 50.97 ± 17.32

(4096, 32) 65.00 ± 0.00 67.62 ± 0.00 65.17 ± 0.00 66.28 ± 0.00 64.84 ± 0.00

Table 5.3: Performance comparison between an MLP and a GCN, used as trainable layers,
in a 16-layer GCN model, for Cora, Citeseer and Pubmed datasets.

Accuracy (%) & std

Dataset
Model MLP GCN

Cora 80.83 ± 0.8 81.09 ± 0.4

CiteSeer 70.31 ± 1.2 71.15 ± 1.1

Pubmed 78.32 ± 0.8 78.55 ± 0.3

configuration. In our experiments, wide layers are placed lower in the model, but changing
their position does not yield improvements.
Results indicate that models having the majority of their layers wide, perform better. This
observation is aligned with our theoretical analysis, in which we have assumed wide square
weight matrices (i.e., maintaining the same width throughout the network).
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Table 5.4: Performance comparison on the Cora dataset, when we vary the width of a 16-
layer GCN model, in which only the final layer is trainable. For each configu-
ration each width column indicates the number of the untrained layers which
have that particular width. Wider layers are placed at the lowest positions.

Width Accuracy (%) & std2048 4096 8192
12 0 3 76.54 ± 1.0

8 0 7 76.82 ± 1.0

4 0 11 77.50 ± 1.0

0 0 15 79.45 ± 1.0

0 12 3 78.37 ± 0.7

0 8 7 78.62 ± 1.0

0 4 11 79.06 ± 0.8

Memory and Convergence:
Table 5.5 reports peak GPU memory and convergence metrics for GCN and GCNII on the
Arxiv dataset, for varying depth and width ¹. As expected, wider and deeper networks
demand more memory, but this cost depends solely on the architecture size. Partially-
trained models consistently converge faster than the fully trained ones (at 50% - 75% of the
epochs), while achieving higher accuracy as shown in subsection 4.2. Per-epoch runtime
increases with width, due to larger number of parameters, but partially-trained models
require fewer epochs and achieve superior performance, reducing oversmoothing in deeper
architectures.

Table 5.5: Peak memory and convergence metrics. Each entry shows memory (GB) and
time per epoch×epochs. Width is annotated with (Full) or (Partial), depending
on the type of training adopted.

Depth Width Model Memory Time×Epochs

4

128 (Full) GCN 1.6 0.1×8000
1024 (Partial) GCN 6.0 0.4×4500
256 (Full) GCNII 9.1 0.4×800

512 (Partial) GCNII 17.6 0.8×400

8

128 (Full) GCN 2.5 0.2×7000
1024 (Partial) GCN 11.2 1.0×4000
256 (Full) GCNII 14.0 0.8×800

512 (Partial) GCNII 22.5 1.6×600

16

128 (Full) GCN 4.5 0.3×10000
1024 (Partial) GCN 23.0 2.4×8000
256 (Full) GCNII 19.0 1.7×1000

512 (Partial) GCNII 32.2 3.3×800

¹ GAT was excluded from this study, due to its memory-handling problems.
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4 Conclusion
In this chapter we investigated the use of partially trained GCNs for node classification
tasks. We have shown theoretically that training only a single layer in wide GCNs and
GATs is sufficient to achieve comparable or superior performance to fully trained mod-
els. Additionally, we linked our proposed method to existing literature on oversmoothing
and demonstrated that partially trained models can perform well even as their depth in-
creases. We emphasized the dual role of width in our analysis, both in terms of Central
Limit Theorem convergence and for reducing the correlation of node embeddings, due to
repeated weight averaging. We have assessed our theoretical results through a variety of
experiments that confirmed the potential of partially trained GCNs and GATs. Finally, we
applied our method to the state-of-the-art GCNII architecture. In these experiments we
observe that the proposed method yields consistently at least as high an accuracy as the
fully trained GCNII, even though GCNII’s architecture already provides strong resistance to
oversmoothing. Importantly, our integration required no modification to GCNII’s core de-
sign, underscoring that partial training can complement diverse GNNmodels with minimal
effort.
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Chapter 6

Reducing Oversmoothing through Informed
Weight Initialization in Graph Neural Networks

This chapter addresses the problem of oversmoothing in deep Graph Neural Networks
through the lens of weight initialization. Most existing GNNs adopt initialization meth-
ods originally developed for fully connected or convolutional neural networks, such as
Kaiming [15] or Xavier [122] initialization. These methods, however, neglect the structural
properties of graph data and the unique signal propagation behavior inherent in GNN ar-
chitectures.
Several methods have been proposed to alleviate oversmoothing and enable deep GNNs
[103, 13], but none of them considers the effect of weight initialization. The aim of this
chapter is to propose a weight initialization that is suitable for GNNs and investigate the
effect weight initialization can have to oversmoothing. In particular, we generalize the
analysis of [15] to GNNs and present results about the variance of signals and gradients
flowing inside the network. We analyze the case of a general GNN model, which may
combine graph convolution, residual connections and skip connections, aiming to cover
the majority of existing graph convolutional models. Leveraging these theoretical results,
we then focus on the simpler case of a GCN and we propose a novel weight initialization
method (G-Init), that stabilizes variance and reduces oversmoothing. We attribute this ef-
fect to the initial largest singular values of the weight matrices, which may influence the
largest singular values after convergence. These, in turn, are known to be related to over-
smoothing [7]. Finally, experiments on a diverse range of datasets verify our theoretical
results.
Hence, the main contributions of the work presented in this chapter are as follows:

• Theoretical analysis of weight initialization for GNNs: We generalize the analysis of
[15] to convolutional GNNs. We investigate a parametric GNN encompassing variations
with and without residual connections, skip connections, identity addition to the weight
matrix and controlled effects of graph convolution and weight matrix. We derive the re-
spective formulas about the variance of the forward signals and the backward gradients
within the model.

• A new weight initialization method (G-Init): We propose a new way to initialize GNN
weight matrices, focusing on the initialization of GCN. Our method aims to stabilize the
variance and capitalize on its relationship with oversmoothing reduction.

• Experimental confirmation of the benefits of G-Init: We conduct experiments utilizing
deep GCNs and GATs with up to 64 layers across 8 datasets for node classification tasks and
show that the proposed initialization reduces oversmoothing. Additionally, we demonstrate
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the benefits of G-Init, in the presence of the “cold start” situation, where node features are
available only for the labeled nodes. Additionally, we extend our experiments to graph
classification tasks, in which G-Init outperforms standard initialization methods.

1 Notations
Extending the GCN formula to a parametric and more generic GNN we arrive at:

H(l+1) = σ
((
αÂH(l) + βH(0) + γH(l−1)

)
×
(
δW (l) + ϵI

))
, (6.1)

where α, β, γ, δ and ϵ are preselected parameters that determine the convolutional GNN
architecture (e.g., if α = δ = 1, β = γ = ϵ = 0 we have a GCN, while if α = 0.9, β =
0.1, γ = 0, δ = λ/l, ϵ = 1−δ we arrive at GCNII [11]). We observe that, α and δ control the
importance of graph convolution and the effect of the weight matrix respectively. Further-
more, β, γ and ϵ dictate the existence or absence of residual connections, skip connections
and identity addition respectively.
GNNs are also commonly used for graph classification tasks. Such tasks involve multiple
graphs of arbitrary sizes, each associated with a label that needs to be predicted. To achieve
this, GNNs are slightly extended with the addition of a READOUT function. That func-
tion takes as input the final node embeddings and aggregates them to produce a graph
representation. It is common practice to use average pooling as a READOUT function.
We will follow the same approach in our experiments throughout this work.

1.1 Weight Initialization

Before training, all entries of the weight matrices are sampled from a probability distribu-
tion. Selecting the appropriate distribution is very important. The most commonly used
initialization methods (i.e., [122] and [15]) focus on the stabilization of the variance across
layers. They aim to stabilize both the variance of the signals flowing forward and of the
gradients which flow backwards. The aforementioned methods either use uniform or zero-
mean Gaussian distributions. When Gaussian distributions are used, their variance plays a
crucial role. In particular, [122] proposed to initialize the weights, using a zero-mean Gaus-
sian with variance equal to 1/nl, where nl is the dimensionality of the l-th layer. Moving
one step further [15] proposed an initialization with a zero-mean Gaussian with variance
equal to 2/nl, taking into account the characteristics of the ReLU activation function.
In this work, we establish a connection between the weight initialization and the initial
singular values of the weight matrices. These values have the potential to influence the
final singular values and, consequently, oversmoothing. For this, we will use the circular
law conjecture, which was proven with strong convergence by [139].

Theorem 14 (Circular Law Conjecture [139]). Let Zn be a random matrix of order n, whose
entries are i.i.d. samples of a random variable of zero-mean and bounded variance σ2

std. Also
let λ1, ..., λn be the eigenvalues of 1

σstd
√
n
Zn. The circular law states that the distribution of λi

converges to a uniform distribution over the unit disk as n tends to infinity.

The circular law conjecture dictates the relationship between the standard deviation (σstd)
of the random variable and the radius of the disk. In fact, if we increase σstd there is a
proportional increase of the disk radius, which in turn increases the largest eigenvalue of
Zn.
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2 Theoretical Analysis
Despite their success in CNNs and FFNs, existing weight initialization methods fail to cap-
ture the effect of the graph topology, which is of high importance in GNNs. Therefore,
we generalize the method developed in [15] to provide new formulas about the variance
flowing within the network, which takes into account the underlying graph topology. Sub-
sequently, we simplify the formulas specifically for the case of a GCN and introduce a novel
weight initialization method (G-Init) tailored to this particular model. Building on the the-
oretical foundation established by [15], we extend their analysis to the graph domain, by
incorporating the adjacency matrix, a fundamental component of the aggregation scheme
in GNNs. Additionally, we examine the forward propagation of signals and the backward
flow of gradients within the model. The key distinction of the proposed approach, and the
essence of our generalization, lies in the explicit role of the adjacency matrix in our formu-
lation. Notably, when this matrix is omitted, our analysis naturally reduces to that of [15],
reinforcing the validity and continuity of our approach as an extension of their work.

2.1 Forward Propagation

In order to simplify the notation, we will use the augmented normalized adjacency matrix
(i.e., Â = D̂−1(A + I)) instead of the symmetrically normalized augmented adjacency
matrix in Equation 6.1. This simplification results in an equivalent analysis, differing only
in the use of the factor 1

di
instead of 1√

didj
, in the formula of node representations. Hence,

the representation of a node i in layer l becomes:

y
(i)
l =

(
α

di

∑
j∈N̂(i)

x
(j)T
l + β · x(i)

(0) + γ · x(i)
(l−1)

)
· (δWl + ϵI) + bl, (6.2)

where N(i) is the neighborhood of node i and N̂(i) is the augmented neighborhood, af-
ter self-loop addition, and bl is the bias. Here x

(j)
l is an nl × 1 vector that contains the

representation of node j at layer l and W (l) is an nl × nl matrix, where nl is the di-
mensionality of the layer l. Finally, x(j)

l = σ
(
y
(j)
l−1

)
, according to Equation 6.1. Setting

x
(i)′

l = α
di

∑
j∈N̂(i)

x
(j)T
l + β · x(i)

(0) + γ · x(i)
(l−1) and W ′

l = δWl + ϵI aligns Equation 6.2 above

with Equation 5 in [15].
We let the initial elements of W (l) be drawn independently from the same distribution.
Aligned with [15], we assume that the elements of x(j)

l are also mutually independent and
drawn from the same distribution. Finally, we assume that x(j)

l and W (l) are independent
of each other. Hence, we get:

V ar[y
(i)
l ] = nlV ar[δwlx

(i)′

l + ϵx
(i)′

l ], (6.3)

where y
(i)
l , x

(i)′

l and wl represent the random variables of each element in the respective
matrices. Utilizing the fact that the variance of the sum of two variables is equal to the
sum of their individual variances, plus twice the covariance between them, we let wl have
zero-mean, leading the variance to be:

V ar[y
(i)
l ] = nl

(
V ar

[
δwlx

(i)′

l

]
+ V ar

[
ϵx

(i)′

l

]
+ 2Cov(δwlx

(i)′

l , ϵx
(i)′

l )

)
=
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nl

(
δ2V ar[wl]E

[(
x
(i)′

l

)2]
+ ϵ2V ar

[
x
(i)′

l

])
=⇒

V ar[y
(i)
l ] ≤ nl · E

[(
x
(i)′

l

)2] (
δ2V ar[wl] + ϵ2

)
. (6.4)

In Equation 6.4, x(i)′

l aggregates information from the neighborhood of each node, its pre-
vious representation and its initial representation. These components are subsequently
combined to generate the new node representation. Considering that x(i)

l = σ
(
y
(i)
l−1

)
, it is

necessary to decompose x
(i)′

l into three components: the first containing x
(i)
l , the second

containing x
(i)
l−1, and the third containing the remaining information of x(i)′

l . In order to
achieve that, we will employ the Cauchy–Bunyakovsky–Schwarz inequality (CBS), because
it allows to transform a squared sum of elements into a sum of squares of these elements.

Lemma 15.

E

[(
x
(i)′

l

)2]
= E

[(
α

di

∑
j∈N̂(i)

x
(j)T
l + β · x(i)

(0) + γ · x(i)
(l−1)

)2]
CSB

≤

(di + 1(β ̸= 0) + 1(γ ̸= 0))×
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representations excluding the self representation and 1(·) is the indicator function.

If we let wl−1 have a symmetric distribution around zero and bl−1 = 0 then yl−1 has zero-

mean and symmetric distribution around its mean. This leads toE
[(

x
(i)
l

)2]
= 1

2
V ar[yl−1],

when the activation function is ReLU. Applying that result and Lemma 15 to Inequality 6.4
leads to the first main theorem of our work.

Theorem 16. The upper bound of the variance of the signals flowing forward in a generic GNN
defined by Equation 6.1 is:

V ar[y
(i)
l ] ≤ nl · (di + 1(β ̸= 0) + 1(γ ̸= 0))×
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2d2i
V ar[y

(i)
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δ2V ar[wl] + ϵ2

)
, (6.5)

wherenl is the weightmatrix dimension, di is the degree of node i, 1(·) is the indicator function,
α, β, γ, δ and ϵ are parameters, depending on the underlying architecture of the model, and
j(α, β) is defined in Lemma 15.

The extended proof of Theorem 16, along with a lower bound of V ar[y
(i)
l ], is available in

Appendix 14.
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2.2 Backward Propagation

For back-propagation, the gradient for node i is computed by:

∆x
(i)
l = W ′

l∆y
(i)
l . (6.6)

We follow the same notation as in [15], where∆x
(i)
l and∆y

(i)
l denote gradients

(
∂E

∂x
(i)
l

, ∂E

∂y
(i)
l

and E is the loss
)

and have dimensionality of nl × 1. Equation 6.6 represents the result of applying the deriva-
tive to the loss function of the model’s predictions. Considering the common practice in
GNNs to maintain a constant hidden dimension across layers, we proceed our analysis with
Wl being an nl × nl matrix. We note that, in the general case proposed in [15],W ′

l might be
substituted by a matrix Ŵ ′

l, with n̂l × n̂l dimensions, which can be formed byW ′
l through

reshaping. That modification does not affect our analysis, except in the appearance of the
factor n̂l in the results instead of nl. The reshaped matrix, Ŵ ′

l, retains the structural prop-
erties of W ′

l , allowing us to use the latter for our analysis. More details about the use of
Ŵ ′

l can be found in [15].
We also set ∆x

(i)′

l = α
di

∑
j∈N̂(i)

(
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(j)T
l

)
+ γ ·∆x

(i)T
(l−1), the average gradient reaching node

i derived from the forward pass and the interaction with its neighbors (message passing),
plus the gradient of its representation in the previous layer. The presence of residual con-
nections does not impact the gradient, as it adds a constant value to the node representation
(i.e., x(i)

0 ), which has a derivative equal to zero. This ensures that the gradient for each node
is computed by aggregating the gradients of neighboring nodes, adjusted by the degree of
the node, along with the gradient of its own representation from the previous layer, pre-
serving the effect of residual connections.
If we assume thatwl (a random variable representing the weight matrix elements) and∆y

(i)
l

are independent of each other and wl is initialized with a symmetric distribution around
zero, then ∆x

(i)
l has zero mean for all l. Therefore, ∆x
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l also has a zero mean, as it results
from the summation of zero-mean variables.
In back-propagation we have ∆y
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l = σ′(y

(i)
l )∆x

(i)′

l+1, where σ′(·) is the derivative of the
activation function (i.e., ReLU). The derivative of the activation function, σ′(·), determines
how the error is scaled at each node. Since for ReLU, σ′(·) is either one or zero, with
equal probabilities, the back-propagated error either passes through (when the neuron is
active) or gets blocked (when the neuron is inactive). Additionally, we assume indepen-
dence between σ′(y
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l ) and ∆x
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l+1. Hence, we arrive at the conclusion that E
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Finally, we compute the variance of the gradient in Equation 6.6 as follows:

V ar [∆xl] = nlV ar[w′
l]V ar

[
∆y

(i)
l

]
=

1

2
nl

(
δ2V ar[wl] + ϵ2

)
V ar

[
∆x

(i)′

l+1

]
. (6.7)
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Following a similar approach as in the forward pass and in Lemma 15 we get:

Lemma 17.
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, i.e., the sum of gradients originating

from the neighbors of the node, excluding self-originating gradient and 1(·) is the indicator
function.

Taking into consideration that V ar
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]
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and applying Lemma 17 to

Equation 6.7 gives rise to the second main theorem of this work.

Theorem 18. The upper bound of the variance of the gradients flowing backward in a generic
GNN defined by Equation 6.1 is:
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with

mw =
1

2
nl (di + 1(γ ̸= 0)) ·

(
δ2V ar[wl] + ϵ2

)
,

where nl is the weight matrix dimension, di is the degree of node i, 1(·) is the indicator function
α, γ, δ and ϵ are parameters, depending on the underlying architecture of the model, and q(α)
is defined in Lemma 17.

The extended proof of Theorem 18, along with a lower bound of V ar[∆x
(i)
l ], are provided

in Appendix 15.

2.3 G-Init

Having analyzed the generic case of convolutional GNNs, we focus on the simpler yet
prominent GCN model. The GCN is defined by Equation 2.1, a special case of Equation
6.1 with α = δ = 1, β = γ = ϵ = 0. Leveraging Theorem 16 and Theorem 18, we aim to
control the variance of the input signal at the final layer (L) of the model and the variance
of the gradients flowing backward within it.
Regarding the variance at the final layer, we utilize Equation 6.5 and telescopically replace
the factor V ar
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y
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]
, until we arrive at V ar
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A proper initialization method should avoid reducing or magnifying the magnitudes of
input signals exponentially. We aim to control the upper bound of the variance of the final
layer of the model, which in turn requires tuning the products of Equation 6.9, in order to
obtain a proper scalar, e.g. 1. A sufficient condition to achieve this is the following:

nl

2di
V ar[wl] = 1, ∀l. (6.10)

This leads to a zero-mean Gaussian distribution of the weights, with standard deviation
(std) equal to

√
2di/nl.

Similar results can be obtained for the weight initialization, based on the gradients flowing
backward in the network, if we use the respective equations.
Using the initialization generated by either of the two directions (forward or backward) is
sufficient, as both methods prevent the exponential reduction or increase of magnitudes in
both the input signals (flowing forward) and the gradients (flowing backward). Hence, for
the new initialization method (G-Init) we choose a zero-mean Gaussian, whose standard
deviation is

√
2di/nl.

3 Experiments

We conducted extensive experiments to thoroughly evaluate the performance of G-Init. We
tested node classification on 8 benchmark datasets and explored “cold start” variants on
them. Additionally, we performed graph classification on 10 datasets, showcasing the ver-
satility of G-Init. To ensure robustness, we varied the model depth and compared G-Init’s
performance against several state-of-the-art initialization methods, consistently achieving
superior results. This comprehensive evaluation highlights the effectiveness of G-Init, not
only in “cold start” scenarios, but also in a wide range of graph learning applications.

3.1 Experimental Setup

Datasets: Aligned to most of the literature about node classification tasks, we focus on
some well-known benchmarks in the GNN domain: Cora, CiteSeer, Pubmed, adopting the
data splits of [25], where all the nodes except the ones used for training and validation are
used for testing. Additionally, we use the Arxiv dataset [134] from the OGB suite. Further,
we experiment with the Photo, Computers, Physics and CS datasets following the splitting
method presented in [138]. Finally, we test the method on graph classification tasks, uti-
lizing various datasets from two collections: TUDataset [140] and MoleculeNet [141]. To
ensure a fair comparison between all methods, we use the same train, validation, and test
splits that are publicly available. Dataset statistics can be found in Appendix 24.
Methods: The focus of our experiments is on the effect of different initialization methods.
For this reason, we combine the basic GCN architecture [25], with different weight initial-
ization methods. To further explore the capabilities of G-Init, we also experiment with the
GATmodel [41], which leverages an attentionmechanism for node feature aggregation, i.e.,
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the features of each node are derived by the weighted sum of the features of its neighbors.
Specifically, we compare our method (G-Init) against Xavier initialization [122] and Kaim-
ing initialization [15]. For each of the two competing methods, we explore two variants;
namely drawing samples from a uniform distribution with predefined limits and drawing
samples from a zero-mean Gaussian distribution of predefined standard deviation. We use
the notation Uniform andNormal to denote these two variants. We also compare against
a recently proposed initialization method for GNNs, i.e., VIRGO initialization [123]. Thus,
our comparison includes all well-established initialization methods for GNNs, which serve
as standard baselines in the literature.
Hyperparameters: We performed a hyperparameter sweep, details can be found in Ap-
pendix 18, to determine the optimal hyperparameter values, based on their performance
on the validation set. For both models, the number of hidden units of each layer is set to
128 across all datasets, except for the Arxiv dataset, where it is set to 256. For GAT we
use a single attention head. For both models L2 regularization is applied with a penalty of
5·10−4, and the learning rate is set to 10−3.
Configuration: Each experiment is run 10 times and we report the average performance
and standard deviations over these runs. We train all models for 200 epochs (1200 for Arxiv
dataset) using Cross Entropy as the loss function. We evaluate each model based on its
accuracy in both the node and the graph classification tasks.

3.2 Experimental Results

The choice of an appropriate value of di in G-Init is important.

Figure 6.1: Variance plots on the Cora
dataset.

Choosing di = 1 would neglect the struc-
ture of the graph, while opting for a larger
value could result in increased magnitudes
of weight elements, leading to training in-
stability. Consequently, we needed to iden-
tify a proper value for di that balances these
two factors. The smallest possible degree
for a node in a graph, with self loops in-
cluded, is equal to 2 (indicating a single
neighbor). Empirically, we have found that
values of di in the range (1, 2] achieve high
performance. In our experiments, we set
di = 2, except for the Arxiv dataset where
di = 1.6 further improves the performance.
These values are in accordance with the
proposed theoretical analysis and improve
the performance of the models. In sum-
mary, we propose initializing the weights
of the models with a zero-mean Gaussian
distribution, with a standard deviation (std)
of
√
4/nl (in the Arxiv dataset, the std is

equal to
√

3.2/nl).

Variance stability:
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The first goal of our experimentation was to validate our theoretical results regarding the
effect of G-Init on the variance within the model, before training. Specifically, we measured
the average node variance as the signal flows forward in an 8-layer GCN and the average
variance of the gradients flowing backward. Figure 6.1 presents the results for the Cora
dataset. Both in the forward and in the backward pass, G-Init maintains a larger variance
than the other methods.

Figure 6.2: Comparison between 6 weight initialization methods across 8 datasets for vary-
ing GCN model depth.

Node classification and oversmoothing reduction:
Given this increased variance in the signal and the gradients, the next goal of our exper-
iments was to assess the effect on classification performance. Figure 6.2 and Figure 6.3
illustrate the performance of a GCN and a GAT model, respectively, with varying depth on
8 different datasets. G-Init enables the model to achieve superior performance across all
combinations of datasets and depths. In fact, a GNN model initialized with G-Init outper-
forms its counterparts initialized with any of the other methods. The experimental results
verify the benefit of using a graph-informed weight intialization method, compared to the
standard initialization methods that were devised for CNNs and FFNs.
GCN, GAT, and models employing graph convolution, inherently reduce the variance of
node representations (information signal), due to the repetitive application of the Lapla-
cian operator. G-Init enables the model to maintain a higher variance in the lower layers,
preventing the collapse of node representations to a subspace, where they would become
indistinguishable.
Our experimentation also confirms the relationship between weight initialization and over-
smoothing. GCN and GAT cannot avoid oversmoothing using classical initialization meth-
ods, even at moderate depths. On the contrary, G-Init significantly reduces this effect, fa-
cilitating the use of deeper architectures. This assertion is validated not only by the model’s
accuracy but also by the resulting t-SNE [142] plots, which show that node representations
have not been mixed to the extent of becoming indistinguishable. T-SNE plots of the GCN
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Figure 6.3: Comparison between 6 weight initialization methods across 8 datasets for vary-
ing GAT model depth.

model for the Cora dataset are presented in Figure 6.4, while for other datasets and initial-
ization methods t-SNE plots are available in Appendix 17.
The oversmoothing reduction achieved by G-Init can be attributed to different initial sin-
gular values of the weight matrices, compared to the classical initialization methods. In
particular, [15] propose an initialization using a zero-mean Gaussian with a standard de-
viation equal to

√
2/
√
nl. Based on Theorem 14, we conclude that that approach creates

weight matrices, whose eigenvalues lie on a disk with a radius equal to
√
2, while G-Init

does the same on a disk of a greater radius (i.e.,
√
4). Hence, G-Init initializes themodel with

weight matrices having larger maximum singular values than those produced by Kaiming
initialization. These initial values may influence the largest singular values of the weight
matrices after convergence, which, in turn, affect the extent to which oversmoothing can
be reduced, based on Theorem 1.
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Figure 6.4: T-SNE plot of Cora dataset. The upper row presents results for a G-Init initial-
ized 32-layer GCN, while the lower row showcases results for a KaimingNormal
initialized 32-layer GCN.

Performance under the “cold start” scenario:
In order to further explore the impact of G-Init on oversmoothing, we conducted a set of
experiments aiming to highlight the value of using deep architectures that are not prone to
oversmoothing. Specifically, we introduced a “cold start” situation in the datasets (details
about “cold start” are available in Appendix 16), by replacing the feature vectors of the unla-
beled nodes with all-zero vectors. For each dataset, Table 6.1 presents the best performance
achieved and the depth at which the model attains that performance, for G-Init, VIRGO, and
Kaiming Normal initialization, because these three are the top-performingmethods. An ex-
tended version of Table 6.1 with results for every combination of initialization method and
dataset is available in Appendix 16. We observe that, G-Init consistently outperforms the
other methods across almost all datasets.
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Table 6.1: Comparison of different initialization methods in the “cold start” scenario. Only
the features of the nodes in the training set are available to themodel. We present
the best accuracy of the model and the depth (i.e. # Layers) this accuracy is
achieved, for both GCN and GAT.

Dataset Method
GCN GAT

Accuracy (%) & std #L Accuracy (%) & std #L

Cora
Kaiming Normal 68.35 ± 1.9 6 60.73 ± 4.5 4
VIRGO 73.01 ± 1.0 26 70.68 ± 1.5 18
G-Init 74.04 ± 1.7 25 72.34 ± 2.0 27

CiteSeer
Kaiming Normal 44.62 ± 1.8 6 37.09 ± 9.1 5
VIRGO 49.18 ± 1.4 18 41.01 ± 9.5 13
G-Init 49.75 ± 0.7 27 49.31 ± 0.4 30

Pubmed
Kaiming Normal 68.48 ± 1.5 6 60.25 ± 2.7 4
VIRGO 71.55 ± 1.5 14 63.06 ± 9.8 14
G-Init 71.65 ± 1.8 23 72.24 ± 1.1 32

Physics
Kaiming Normal 94.00 ± 0.0 2 93.45 ± 0.0 1
VIRGO 82.34 ± 6.1 8 85.58 ± 4.3 5
G-Init 93.99 ± 0.0 1 93.62 ± 0.1 2

CS
Kaiming Normal 90.13 ± 0.3 3 90.77 ± 0.1 1
VIRGO 71.28 ± 1.9 6 76.85 ± 3.7 6
G-Init 90.28 ± 0.2 3 90.82 ± 0.1 3

Photo
Kaiming Normal 86.53 ± 0.6 5 86.35 ± 0.9 4
VIRGO 83.00 ± 3.5 6 77.60 ± 4.0 6
G-Init 87.56 ± 1.2 4 86.07 ± 0.9 4

Computers
Kaiming Normal 75.18 ± 3.0 4 74.35 ± 3.5 4
VIRGO 75.17 ± 2.7 6 69.91 ± 3.6 7
G-Init 78.03 ± 1.0 5 76.28 ± 1.7 5

Graph classification:
We also conducted experiments with various initialization methods on the task of graph
classification, utilizing a GCN and a GAT model with average pooling on top. As shown in
Table 6.2 and Table 6.3, G-Init outperforms the other initialization methods in 8 out of 10
datasets, closely trailing as the second-best in the remaining two. These results verify that
G-Init enhances the performance of both GCN and GAT also in graph classification tasks.
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Table 6.2: Comparison between 6weight initializationmethods across 10 datasets for graph
classification for the GCN model.

Methods Dataset
BACE BBBP Clintox Sider Tox21

Xavier Normal 81.07 ± 1.9 69.27 ± 1.4 91.51 ± 1.1 59.75 ± 1.2 75.33 ± 0.6

Xavier Uniform 80.43 ± 2.5 69.68 ± 1.2 91.69 ± 1.1 59.77 ± 1.6 75.34 ± 0.8

Kaiming Normal 80.78 ± 1.9 69.66 ± 1.2 91.59 ± 1.6 59.50 ± 1.5 75.52 ± 0.6

Kaiming Uniform 79.36 ± 3.3 69.37 ± 1.0 91.15 ± 1.5 59.55 ± 1.8 75.47 ± 1.0

VIRGO 81.16 ± 2.1 69.93 ± 1.2 92.26 ± 1.3 58.74 ± 1.0 74.97 ± 0.8

G-Init 82.04 ± 1.1 70.03 ± 1.3 93.05 ± 1.4 60.01 ± 1.1 75.81 ± 1.0

Methods Dataset
Toxcast MUTAG ENZYMES Proteins IMDBbin

Xavier Normal 64.18 ± 0.5 90.53 ± 3.2 52.41 ± 2.6 68.84 ± 1.6 72.11 ± 1.0

Xavier Uniform 64.20 ± 0.8 88.42 ± 3.2 51.25 ± 2.0 68.48 ± 1.3 72.67 ± 1.3

Kaiming Normal 64.45 ± 0.6 90.00 ± 1.8 52.41 ± 1.8 69.02 ± 1.5 72.33 ± 0.9

Kaiming Uniform 64.37 ± 0.3 89.47 ± 2.4 53.44 ± 2.6 68.93 ± 1.6 72.00 ± 1.5

VIRGO 64.40 ± 0.6 90.53 ± 3.2 49.67 ± 3.6 69.73 ± 1.7 72.00 ± 1.3

G-Init 64.96 ± 0.5 92.63 ± 3.1 52.71 ± 2.5 68.84 ± 1.2 72.89 ± 0.7

Figure 6.5: Comparison between 6 weight initialization methods for the needed time to
initialize a GCN as its depth increases. All methods, except for VIRGO, overlap
in the graph, making them appear one on top of the other.

Comparison against VIRGO:
Theabove results showed that VIRGO approached the performance of G-Init in some datasets.
Since both have been specifically devised for GNNs, we compared them further. In partic-
ular, we examined the computational cost of the different methods, since VIRGO needs to
calculate intermediate factors, which are depth dependent. Figure 6.5 presents the time
needed to initialize a model as its depth increases. We observe that time required for ini-
tialization by VIRGO increases exponentially with the depth of the model, in contrast to
G-Init. This behavior provides further reasons for using G-Init for GNN weight initializa-
tion. Note that the computational cost of G-Init remains independent of the graph size,
as it depends solely on the number of model parameters. This is analogous to standard
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Table 6.3: Comparison between 6weight initializationmethods across 10 datasets for graph
classification for the GAT model.

Methods Dataset
BACE BBBP Clintox Sider Tox21

Xavier Normal 76.89 ± 2.3 67.89 ± 1.9 89.31 ± 1.1 58.46 ± 1.5 75.13 ± 0.9

Xavier Uniform 76.84 ± 3.5 67.62 ± 2.4 89.68 ± 1.7 58.17 ± 0.9 75.25 ± 0.6

Kaiming Normal 76.34 ± 3.1 67.13 ± 2.2 89.00 ± 2.7 58.65 ± 1.5 75.20 ± 0.5

Kaiming Uniform 76.30 ± 2.8 67.12 ± 2.0 89.05 ± 2.2 58.02 ± 1.3 75.13 ± 0.8

VIRGO 76.32 ± 2.2 66.36 ± 2.7 89.12 ± 3.5 58.51 ± 1.0 74.25 ± 0.7

G-Init 77.04 ± 2.1 66.79 ± 1.1 90.01 ± 1.8 59.21 ± 1.5 75.34 ± 0.5

Methods Dataset
Toxcast MUTAG ENZYMES Proteins IMDBbin

Xavier Normal 64.32 ± 0.6 90.51 ± 3.2 48.26 ± 3.6 68.29 ± 2.1 72.79 ± 3.4

Xavier Uniform 64.56 ± 0.4 91.05 ± 3.4 46.48 ± 4.3 68.11 ± 2.0 71.50 ± 2.2

Kaiming Normal 64.57 ± 0.5 90.53 ± 3.9 46.67 ± 4.0 64.64 ± 8.0 71.89 ± 2.9

Kaiming Uniform 64.53 ± 0.6 91.05 ± 3.4 47.41 ± 5.0 68.29 ± 2.8 73.97 ± 1.9

VIRGO 63.77 ± 1.3 91.87 ± 5.2 47.86 ± 4.7 66.07 ± 3.6 73.00 ± 2.9

G-Init 64.64 ± 0.3 93.16 ± 3.4 46.73 ± 3.7 68.73 ± 2.0 74.50 ± 2.1

initialization schemes, such as Kaiming and Xavier, ensuring scalability regardless of the
complexity of the graph.

4 Conclusion
In this chapter, we conducted a theoretical analysis of the variance within a generic convo-
lutional GNN and introduced a novel weight initialization method, extending the approach
presented by [15] to GNNs. In particular, the proposed method takes into account the graph
topology and avoids exponentially large or small variance values. We assessed the behavior
of the method through a series of experiments across a diverse set of benchmark datasets,
encompassing both node and graph classification tasks. Our results have confirmed the re-
lationship between weight initialization and oversmoothing reduction, which allowed us to
use deep networks, without modifying either the model’s architecture or the graph topol-
ogy. Additional experiments under the “cold start” scenario, where features are limited to
labeled nodes, demonstrated the superior performance of G-Init.
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Chapter 7

Reducing Oversmoothing in Graph Neural
Networks by Changing the Activation Function

This chapter investigates oversmoothing in deep Graph Neural Networks from a new per-
spective, without focusing on modifying the model structure to mitigate the issue. In con-
trast, we analyze the impact of two fundamental yet often overlooked components: the
activation function and the learning rate, as applied layer-wise throughout the network.
We demonstrate, both theoretically and experimentally, that the choice and configuration
of activation functions play a central role in the smoothing dynamics of node embeddings.
In particular, we study how the standard ReLU activation contributes to representation
collapse in deep GNNs. Building on this insight, we propose a simple yet effective modi-
fication: adjusting the slope of ReLU to preserve representational diversity across layers.
Crucially, our method does not require changes to the network’s architecture or the intro-
duction of skip connections.
We providewhat is to the best of our knowledge the first study regarding the role of the acti-
vation function and the learning rate per layer of the model to oversmoothing and propose
a new method to address the problem. We confirm our hypotheses both experimentally
and theoretically. The new method is shown to prevent node embeddings from converging
to the same point, thus leading to better node representations. We summarize our main
contributions as follows:

• Role of Activation Function in Oversmoothing: We prove theoretically the connec-
tion between the activation function and oversmoothing. In fact, we show the relation
between the slope of ReLU and the singular values of weight matrices, which are known
to be associated with oversmoothing [7, 21]. We have also verified our theoretical results
experimentally.

• Role of Learning Rate in Oversmoothing: Our analysis on the effect of the slope of
ReLU to oversmoothing has a direct extension to the learning rates used per layer of the
network. We conducted further experiments to study the effect of tuning the learning rates,
showing that this approach could also reduce oversmoothing, but it is less practical.

• The power of Deep GNNs: We have performed extensive experiments using up to 64-
layer networks, tackling oversmoothing with the proposed method. We further show the
benefits that such deep GNNs can provide in the presence of reduced information, such as
in a “cold start” situation, where node features are available only for the labeled nodes in a
node classification setting.
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1 Preliminaries

1.1 Normalization in deep neural networks

Of relevance to oversmoothing are alsomethods that perform normalization for deep neural
networks [143, 144]. In such methods, the output of each neuron is normalized, in order to
keep a portion of the initial feature variance. Related work proposed Self Normalized Net-
works (SNN), that use a different activation function (SeLU) [129]. These models perform
self normalization inside each neuron, in order to keep the variance between consecutive
layers stable. They have managed to enable deep Fully Connected models and achieve good
performance.
A recent work regarding normalization in GNNs is the Pairnorm method [13], which aims
to keep constant the total pairwise distance between node representations. Compared to
SNNs, Pairnorm performs normalization needing a constant value as hyper-parameter de-
termined per dataset, while SNNs normalize the output utilizing their activation function,
which can be used in a family of neural networks. The SeLU activation function has a satu-
rating region to reduce data variance and a slope slightly greater than 1 in order to increase
data variance, when needed.

2 Understanding and dealing with oversmoothing

Based on the mathematical definition of oversmoothing by [7], in this section we establish
a connection with the training process of GNNs. In particular, we analyse the role of the
activation function and the learning rate and we propose modified versions of GNNs to
address the issue.

2.1 Theoretical Analysis

We start by establishing the connection between oversmoothing and variance reduction
of node representations. Consider oversmoothing as the convergence to a subspace of the
feature space, where node representations are almost the same. In that particular subspace,
the initial variance of feature vectors has been massively reduced. Using ReLU, this un-
wanted oversmoothing effect is “harsh”, due to the mapping of negative input to zero. We
use the term “harsh” to indicate the smoothing case, where representations are mapped to
a single point (i.e. zero), instead of converging to a subspace.
We will now show how the slope of the ReLU activation function affects oversmoothing,
starting with two important assumptions: (a) the non-exploding gradients, and (b) inde-
pendence of ReLU’s probability not to output zero. We use these assumptions to extract
bounds on the weights of the network and then use these bounds to determine the rela-
tionship between the largest singular value and the elements of each weight matrix. Given
that relationship, we connect our analysis with existing literature regarding oversmoothing
through Theorem 1.

Assumption 19. For each layer l there exists a number Gl which is the upper bound to the
gradients of the output of the subsequent layer (l+1) with respect to the weight elements of
W (l), i.e.

dO(l+1)

dw
(l)
oldi,j

≤ Gl, ∀w(l)
oldi,j

(7.1)
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where O(l+1) is the output of (l+1)-th layer.

This assumption needs to hold in all cases, in order to avoid the exploding gradient case,
that would not allow the learning process to converge.

Assumption 20. The probability, that the output of the ReLU function does not equal zero
at layer l is independent of the outputs of the previous layers, in a feed-forward ReLU neural
network, i.e.

P (ReLU(h(l)) ̸= 0⃗|∀h(j), j < l) ≤ p, p ∈ [0, 1) (7.2)

whereh(l) is the node representation at layer l, ReLU is applied piece-wise on that representation
and 0⃗ is the all zero vector.

Following the results of [126] we get that P (ReLU(h(l)) ̸= 0⃗|∀h(j), j < l) = 1/2 for feed-
forward networks (FFs), on the condition that the output of the previous layers is positive.
That condition does not necessary hold in GNNs, due to the role of the adjacency matrix
in the aggregation scheme. In FFs, when the output of a layer is zero, so are the outputs of
all subsequent layers. In GNNs there might be cases, where the output of layer l (a node
representation) is zero but the aggregation using the adjacency matrix produces a non-zero
representation in layer (l+1). Apart from this difference, GNNs can be considered a special
case of FFs, with the proper wiring due to the adjacency matrix aggregation. Therefore, the
above assumption holds also for GNNs.

Lemma 21. For a network of depth dep the total gradient reaching the l-th layer
(
i.e., dJ

dw
(l)
oldi,j

)
in order to update W (l) is bounded by:

dJ

dw
(l)
oldi,j

≤ α(dep−l) ·Gl (7.3)

Where J is the model’s loss function (i.e. Cross Entropy), α stands for the ReLU slope and Gl

is the upper bound of gradients of the output of the subsequent layer (l+1) with respect to the
weight elements of W (l).

Theproof of Lemma 21 is shown in Appendix 19 and is based on the chain rule for backprop-
agation. Given the derivative of the ReLU function and the upper boundGl of Assumption
19, we can derive the bound of Equation 7.3. To compute the gradient with respect to
weight element w(l)

i,j of layer l, we repeatedly differentiate nested ReLU functions, leading
to a product of their slopes (or zero). In the final differentiation step, we get the gradient
of the output of (l+1)-th layer with respect to w

(l)
i,j , which is bounded by Gl.

Lemma 22. While model’s loss, through gradients, flows backwards, some weight elements do
not receive updates, because we have dying ReLUs (i.e. ReLUs that output zero) [126]. The total
number of weight elements getting updated at layer l is bounded by:

#{w(l)
i,j} ≤ p(dep−l) · d2 (7.4)

where d is the largest of the two dimensions ofW (l), i.e. there are at most d2 elements inW (l),
if it is a square matrix.
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The proof of Lemma 22 appears in Appendix 20. Given Lemma 21, the gradient flowing
backwards, with respect to a weight element w(l)

i,j , contains a product of ReLU derivatives.
In order for w(l)

i,j to get an update, all ReLU derivatives need to be non-zero, otherwise the
gradient will be zeroed and w

(l)
i,j will not be updated. Additionally, due to Assumption 20,

weight elements located at the lower weight matrices tend to receive fewer updates. This
is due to the fact, that the further the gradient flows backwards the more ReLU derivative
factors appear in it. Based on Assumption 20, the probability of all of them to be non-zero
decreases.
Regarding the singular values (denoted by sl(·)) of a weight matrixW (l) at the l-th layer, the
largest of them is given by: max(sl(W

(l))) = ||W (l)||2 ≤ ||W (l)||F =
√∑

|w(l)
i,j |2, where

|| · ||F is the Frobenius norm and || · ||2 is the spectral norm. Using the general weight

updating rule
(
i.e., w(l)

newi,j = w
(l)
oldi,j

+ η · dJ

dw
(l)
oldi,j

)
, where J is the model’s loss and η is the

learning rate, we arrive at the main theorem of this work.

Theorem 23. The upper bound of the largest singular value of the weight matrixW (l) at layer
l for a GNN model, utilizing a ReLU activation function, depends on the slope of the function.
That bound is given per layer and shows the effect of each iteration of updates on the weight
matrix. We denote withWold andWnew the weight matrices before and after the update during
an iteration of the training process respectively.

max(sl(W
(l)
new)) ≤ ||W (l)

old||F +
√
3 · p(

dep−l
2 ) · d · α(dep−l) · Bl (7.5)

where Bl = η ·Gl, dep is the network’s depth, d is the largest dimension of theW (l) matrix, p
is the upper bound of the probability of ReLU not to output zero and α is ReLU’s slope.

The proof of Theorem 23 appears in Appendix 21 and uses the upper bound of the largest
singular value by the Frobenius norm, expanded according to the weight update rule. Sep-
arating weight elements into two sets (updated and not updated) we identify the gradient
values responsible for the weight updates. These values are bounded (Lemma 21), as is
the number of updated elements (Lemma 22), leading to Equation 7.5. The resulting upper
bound shows the connection of the slope of ReLU and the upper bound of the probability of
ReLU not to output zero with the largest singular value of the weight matrix. That largest
singular value is connected with the oversmoothing problem and as we mentioned above
could act as a resource to reduce it.

Theorem 24. The lower bound of the largest singular value of the weight matrixW (l) at layer
l for a GNNmodel, utilizing the ReLU activation function, depends on the slope of the function.
That bound is defined per layer and shows the effect of each iteration of updates on the weight
matrix. We denote with Wold and Wnew the weight matrices before and after the update that
happens during an iteration of the training process respectively.

max(sl(W
(l)
new)) ≥

√
2
√
3 ·max(w

(l)
oldi,j

) · B′
l · α

dep−l
2 (7.6)

where B′
l = η · Ll, Ll is the lower bound to the gradient with respect to the output of the

subsequent layer
(

dO(l+1)

w
(l)
oldi,j

≥ Ll

)
, dep is the network’s depth and α is ReLU’s slope.

The proof of Theorem 24 appears in Appendix 21 and is analogous to the one used in The-
orem 23. Theorem 24 indicates the effect of ReLU’s slope to the lower bound of the largest
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singular value of the weight matrix. From Equation 7.6 we observe that, increasing the
slope of ReLU results in an increment of the lower bound of the maximum singular value
of the weight matrix. Therefore, a larger ReLU slope yields greater largest singular value,
which in turn reduces the oversmoothing effect.

2.2 Alleviating Oversmoothing

We transfer the idea of SeLU to GNNs, focusing on the part that increases the variance,
because the repetition of the Laplacian operator acts as a variance reducer. In order to
avoid oversmoothing in deep GNNs using this approach, we need to identify a ‘sweet’ spot,
where variance reduction from graph convolution is counteracted as needed by the slope
of the activation function. Typically in GNNs, ReLU is used with a slope value α = 1. As
a result, the second exponential factor in Equation 7.5 can be ignored (it is always equal to
1). This pushes the bound for the largest singular value of weight matrices towards a fixed
low value, when the architecture of the network gets deeper (dep increases), and especially
at the lower layers (small l) of the network. This is due to the first exponential factor of
Equation (7.5) converging to zero for large values of dep.
The restriction of the largest singular values to low values, increases the speed of conver-
gence to the oversmoothng subspace, as stated in Corollary 2 from [7]. According to the
corollary, the speed depends on λ and s. The former parameter (λ) is a property of the data
(largest eigenvalue of the adjacency matrix), while the latter (s) is the product of the largest
singular values of the weight matrices.
Realizing the importance of the slope of ReLU in the training process, we move on to pro-
pose a simple modification of the activation function that reduces oversmoothing. Follow-
ing [126], we proceed our analysis with p = 1/2 (see Assumption 20), which simplifies
calculations. In particular, we observe that a slope of 2 makes the second exponential fac-
tor prevail over the first one, leading to a new combined factor of 2(

dep−l
2 ). This in turn

increases the upper bound for the largest singular value, restricting the influence of the
layer index (l) and depth (dep) in Equation (7.5). It is worth noting, that the upper bound
should not be constant across all layers (which could be achieved by setting a correspond-
ing value for the slope), because different layers of the network have different roles and
the goal of a GNN is to bring intra-class representations close, while keeping inter-class
representations apart. Moreover, an increased value of the slope pushes the lower bound
of the largest singular value, as shown in Equation 7.6.
Using the results of [7] we can further connect the choice of slope for the activation func-
tion to the speed of convergence to the oversmoothing subspace. The proposed method
increases the bound for each largest singular value, which in turn decreases the speed of
convergence to the oversmoothing subspace, according to Corollary 2.

2.3 Modifying the slope of ReLU: Limitations

Oono & Suzuki [7] have proved that any deep enough GCN-like GNN will eventually reach
the oversmoothing subspace. In theory, this also holds for our method, when the GNN gets
very deep. Could this be avoided by increasing the slope of ReLU further? Unfortunately
not, as we cannot make the slope too large. It is known, that by increasing the slope of
ReLU too much, one may face the problem of exploding gradients [145], that impedes the
learning procedure. In fact, if we increase the slope of ReLU too much, the lower bound
in Equation 7.6 over increases, the upper bound in Equation 7.5 becomes too loose and the
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performance degrades. Our proof suggests, that a slope equal to 2 avoids oversmoothing
and our experiments have shown that it also avoids the exploding gradients problem. In
fact, the choice of 2 is not exact, but that particular value seems to work well as depth
increases. Our experiments have shown, that the proposed method is not sensitive on the
exact slope and that values around 2 also manage to reduce oversmoothing.

2.4 Modifying the learning rate, instead of the slope of ReLU

Instead of changing the slope of ReLU, we could opt to modify the Learning Rate (LR) per
layer in order to increase the lower bound in Equation 7.6 and the upper bound in Equation
7.5. In particular, a different learning rate (η) per layer leads to a different Bl (= η · Gl) per
layer, counteracting the problematic first exponential factor of Equation 7.5.
However, determining the right LR per layer is a non-trivial task. Intuitively, LR should be
larger in the lower layers and smaller in the upper ones. Keeping the slope equal to 1, the
first problematic exponential term is smaller (note that p < 1) in the lower layers, reducing
the value of the upper bound. To avoid this, one needs to tune LR carefully. Additionally, LR
affects heavily the learning process and large LR values might lead to oscillations and poor
learning performance. Modifying the slope and the learning rate combined led to negligible
improvements. Preliminary results with modified LR values are shown in Appendix 22.

3 Experiments

3.1 Experimental Setup

Datasets: Aligned to most of the literature, we use four well-known benchmark datasets:
Cora, CiteSeer, Pubmed and the less homophilic dataset Texas. The statistics of the datasets
are reported in the Appendix 24. For Cora, CiteSeer and Pubmed we use the same data
splits as in [25], where all nodes except the ones used for training and validation are used
for testing. For Texas we use the same splits as in [146].
Models: We utilize two different GNNs as our base models for the proposed methodology;
namely GCN [25] and GAT [41]. We compare the results of these models with and without
the modification of the slope of ReLU for varying number of layers. We do not compare
against methods utilizing residual connections, because the aim of this work is to show
that oversmoothing could be avoided without “short-circuiting” initial information to latter
layers. We use residual GNNs as a baseline in the Extended Experiments section, Appendix
23.
Hyperparameters: We set the number of hidden units (of each layer) of GCN and GAT to
128 for both models across all datasets. The L2 regularization is set with penalty 5 · 10−4

for both models and learning rate of 10−3. We vary the depth between 2 and 64 layers. The
number of attention heads for GAT is set to 1.
Configuration: Each experiment is run 10 times and we report the average performance
over these runs. We train all models for 200 epochs using Cross Entropy as a loss function.
For our experiments we used an RTX 3080ti GPU.

3.2 Experimental Results

Reducing oversmoothing:
Table 7.1 presents the classification performance of the two base models (GCN and GAT)
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Table 7.1: Performance comparison of vanilla GCN and GAT, against SeLU and Slope2GNN
enhanced versions of the samemodels, in Cora, CiteSeer, Pubmed, Texas. Average
test node classification accuracy (%) for networks of different depth. With bold
is the best performing model for each depth and each dataset.

Accuracy (%)

# Layers Method Cora CiteSeer Pubmed Texas
GCN GAT GCN GAT GCN GAT GCN GAT

2
Original 81.38 77.79 70.52 69.04 77.65 77.33 59.01 59.54

Slope2GNN 81.84 77.81 70.55 68.24 78.34 77.02 57.93 56.67
SeLU 81.74 76.59 69.91 66.81 77.80 76.83 59.01 57.21

4
Original 78.09 78.06 65.21 63.98 76.75 76.34 59.55 58.28

Slope2GNN 80.39 79.54 67.57 67.27 76.46 75.59 57.66 57.39
SeLU 79.85 79.33 67.53 67.24 74.09 72.62 58.02 58.65

8
Original 23.56 33.11 32.54 31.33 49.08 55.86 57.48 57.65

Slope2GNN 76.54 78.33 65.80 65.55 75.00 74.20 57.18 56.85
SeLU 79.41 78.19 67.27 67.58 73.43 71.93 56.85 57.47

16
Original 14.92 15.53 17.73 17.80 28.95 29.88 39.91 41.71

Slope2GNN 76.81 75.00 57.10 56.13 76.35 73.81 57.21 57.53
SeLU 76.38 74.92 61.99 62.23 76.11 74.27 52.88 57.44

32
Original 14.02 14.67 16.69 18.67 38.49 29.34 25.50 18.64

Slope2GNN 73.21 69.62 47.20 49.16 75.78 74.63 55.79 54.14
SeLU 68.77 69.36 47.90 52.97 71.80 73.60 55.77 57.75

64
Original 12.48 15.18 17.65 13.35 31.73 28.62 27.39 06.76

Slope2GNN 61.59 24.17 46.46 26.24 71.68 38.01 46.31 41.44
SeLU 26.85 30.55 27.10 20.42 40.90 41.00 58.38 56.30

on all four datasets, with and without the modified slope of ReLU (called Slope2GNN) for
varying number of layers. Additionally, it presents results using SeLU, instead of ReLU,
since it also modifies the slope of the function, while additionally normalizing node repre-
sentations, as explained in section 1.1. To the best of our knowledge, this is the first time
SeLU is used with GNNs.
Table 7.1 shows that methods with a modified activation function reduce oversmoothing
significantly. As expected, baselines maintain a high performance for shallow architectures
in homophilic datasets, where oversmoothing is not a problem. The modified activation
functions (Slope2GNN and SeLU) consistently improve the test accuracy as the number
of layers (#L) increases. Note that even the proposed method suffers performance degra-
dation for very deep GNNs, due to the unavoidable nature of oversmoothing [7]. GCN
and GAT average over information in the close neighborhood of the node, assuming ho-
mophily, which is not the case in the Texas dataset. Interestingly, low homophily in this
dataset makes oversmoothing appear at a larger depth, compared to other datasets. This
is because connected nodes do not have similar representations and the model needs more
Laplacian operations to oversmooth them.
The effect of deeper networks on different activation functions:
Focusing on the use of SeLU, although it seems to make themodels resistant to oversmooth-
ing, the effect seems to be lost for GCNs with 64 layers. This may be due to the sensitivity of
the function on the choice of slope value, which is lower than 2. Moreover, the saturating
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region of SeLU, used to reduce data variance, might act in favor of oversmoothing. Finally,
SNNs aim to keep the variance of the model stable, ignoring the effect of the Laplacian
smoothing in GNNs.
To further examine the behavior of each method, as the number of layers increases, in Fig-
ure 7.1, we present a more detailed progression of the accuracy of GCNs, as the networks
get deeper on the Cora dataset. The effect of oversmoothing and its reduction by the two
methods that modify ReLU is very apparent here. Furthermore, the simpler Slope2GNN
approach seems to be more resistant to the increase in the depth of the network.
The need for deep networks:
Having shown the benefit of using the modified activation functions in deep GNNs, we
move to a set of experiments that aims to highlight also the value of using such deep ar-
chitectures. In particular, we report our experimental results in the “cold start” scenario.
The cold-start datasets that we use in these experiments are generated by removing feature
vectors from unlabeled nodes and replacing them with all-zero vectors. For each com-
bination of GNN and activation function, we present in Table 7.2 the best performance
achieved and the depth at which the model attains that performance. The main observa-
tion in these results is the improvement in terms of accuracy with the use of deeper GNNs.
This improvement is only attainable with the modified activation functions that reduce the
effect of oversmoothing. The vanilla versions of GCN and GAT cannot go further than the
performance of their shallow versions. Worth-mentioning is also the fact that the simple
Slope2GNN approach manages to benefit from the deeper architectures even in the hard
Texas dataset. This is not the case for SeLU, which achieves its best scores with very shal-
low networks. This may indicate the need to tune the slope of the activation function, as
discussed above.

Figure 7.1: Comparison between three different activation functions for a GCN on Cora
dataset. Y-axis shows model accuracy on test nodes, while varying the model’s
depth (shown on the x-axis).

Slope sensitivity:
Finally, we performed an experiment to understand the effect of different ReLU slope values
on oversmoothing. Figure 7.2 presents results with GCN on the Cora dataset, showing that
the proposed method is not sensitive to the exact slope value. Slope values around 2 seem
also capable of reducing oversmoothing. Experiments on other datasets are included in
Appendix 23.
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Table 7.2: Comparison of different models and activation functions on the “cold start” prob-
lem. We show accuracy (%) on the test set, using GCN and GAT as backbone
GNN models. Only the features of the nodes in the training set are available to
the model. We also show at what depth (i.e. # Layers) each model achieves its
best accuracy.

Model GCN GAT
Dataset Method Accuracy (%) #L Accuracy (%) #L

Cora
Original 64.85 4 59.74 3

Slope2GNN 73.47 19 72.78 20
SeLU 73.00 22 72.65 23

CiteSeer
Original 41.94 4 38.50 4

Slope2GNN 49.88 21 49.63 26
SeLU 49.30 19 49.38 20

Pubmed
Original 60.16 4 50.45 4

Slope2GNN 72.61 32 71.14 32
SeLU 72.50 23 71.41 26

Texas
Original 32.40 4 30.10 2

Slope2GNN 33.33 6 31.00 4
SeLU 31.62 3 30.81 2

Figure 7.2: Varying ReLU slope results on Cora dataset.

4 Conclusion
In this chapter we have shown the important role that the slope of the ReLU activation
function plays in the oversmoothing problem in GNNs. We have further proposed a sim-
ple modification that reduces drastically the problem. We have illustrated the benefits of
the approach in a set of experiments with different datasets and GNNs of different depth.
Additionally, we showed the improvement in accuracy one can achieve through deep ar-
chitectures that do not suffer from oversmoothing. This was evident in a set of experiments
that simulated the “cold start” problem of missing node features in GNNs.
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Chapter 8

Discussion and Future Work

This section synthesizes the principal outcomes from Chapters 3-7, critically examines the
limitations shared across ourmethods, and outlines promising directions for future research
in oversmoothing mitigation for Graph Neural Networks.

1 Unified Insights

Across five approaches to detecting and reducing oversmoothing, several core principles
emerge:
First, variance preservation is fundamental. Chapter 3’s layer-wiseMASEDmetric and G-
Reg regularizer explicitly monitor and penalize the collapse of node-embedding distances,
while Chapter 6’s G-Init method adjusts weight variances to maintain signal spread at ini-
tialization. Both strategies aim to ensure a nonzero smallest singular value of each layer’s
weight matrix, thereby preserving representational diversity and effective gradient flow.
Second, the interaction between architecture and topology critically shapes smoothing dy-
namics. In Chapter 3, we showed that coupling adjacency depth to trainable transforma-
tions accelerates collapse, motivating decoupling strategies. Chapter 4’s analysis of resid-
ual architectures (APPNP, GCNII, PPRGNN) further reveals that skip connections alone
may fail to capture long-range dependencies when topology and residual strength are mis-
matched to task requirements.
Third, training regime can act as a powerful orthogonal mitigation. Chapter 5 demonstrated
that partially training only one layer in a wide GCN or GAT preserves feature diversity and
rival full-training accuracy, highlighting network width as an underappreciated resource
for expressivity and oversmoothing resistance.
Fourth, activation dynamics influence global depth behavior. Chapter 7 showed that a sim-
ple adjustment to the ReLU slope dramatically slows representation collapse, underscoring
that local nonlinearities serve as systemic levers for smoothing control.

Together, these findings form an integrated toolkit: diagnostic metrics (MASED), prop-
agation re-design (decoupling, residual analysis), selective optimization (partial training),
variance-aware initialization (G-Init), and activation-based smoothing control. Each con-
tributes a distinct but complementary mechanism for enabling deeper, more expressive
GNNs.

2 Limitations

Despite these advances, our work operates under several important constraints:
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Theoretical Assumptions. To obtain tractable analyses, we often assume linear message-
passing, omit activation functions in spectral bounds, or treat node features as independent.
In practice, modern GNNs employ attention, nonlinear aggregators, and highly correlated
feature spaces, which may violate these simplifying assumptions and lead to looser bounds.

Dataset and Scenario Gaps. Most public benchmarks (e.g., citation or social-network
datasets) are shallow, rarely requiring more than 4-6 GNN layers; thus, empirical validation
of very deep models remains limited. All experiments so far focus on static, homogeneous
graphs, leaving dynamic, heterogeneous, and multilayer networks unexplored. While “cold
start” scenarios test feature sparsity, systematic evaluation across varying degrees of node-
feature availability is yet to be performed.

Training Dynamics. Although Chapter 7 hints at benefits from layer-wise learning rate
schedules, we lack a principled framework for selecting optimal rates per layer or for
jointly tuning initialization, regularization, activation, and optimizer settings. The inter-
play among these components remains underexplored.

3 Future Directions

Building on these insights and acknowledging the above limitations, we identify several
promising directions for future research:

Dynamic and Heterogeneous Graphs. Investigate how oversmoothing emerges in tem-
poral networks, where adjacency evolves over time, and adapt G-Reg, G-Init, and activation
slope methods to cope with the changing topology. Extend residual-topology analyses to
heterogeneous graphs with multiple relation types (e.g., knowledge graphs, recommender
systems) to derive propagation bounds that account for varying edge semantics.

Continual and Online Learning. Generalize the partially trained paradigm to streaming
settings by developing algorithms that selectively update only the most recent layers or
most informative nodes. Design adaptive mechanisms to freeze or unfreeze layers in real
time, enabling models to dynamically balance smoothness and expressivity in nonstation-
ary environments.

Layer-Wise Optimization Strategies. Develop theoretical guidelines for assigning dis-
tinct learning rates or optimizer hyperparameters per layer, informed by spectral analysis
or gradient-flow metrics. Explore second-order or natural-gradient optimizers that adap-
tively balance variance across layers, potentially mitigating oversmoothingwithout explicit
singular value penalties.

Real-WorldDeployment andRobustness. Benchmark our oversmoothingmitigationmeth-
ods on large-scale industrial graphs, such as user-item networks in recommender systems
or infrastructure grids, to evaluate scalability, runtime performance, and memory footprint.
Assess robustness to adversarial perturbations, noisy features, and missing edges. Tailor
methods to domain-specific applications in chemistry (molecular graphs), biology (protein
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interaction networks), and traffic modeling, where deep GNNs can capture long-range de-
pendencies critical for accurate predictions.

By pursuing these directions, we aim to broaden the applicability of our oversmoothing
detection and mitigation strategies to establish a unified framework for training deep, ex-
pressive GNNs across diverse, real-world scenarios.
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Chapter 9

Appendix

1 Lower Bound on ∆r

Let

ri = ∥Hi,∗∥2 = ∥Ĥi,∗W∥2, MĤ = max
1≤i≤N

∥Ĥi,∗∥2, mĤ = min
1≤i≤N

∥Ĥi,∗∥2,

and define the row–norm spread ∆r = rmax − rmin.

Step 1: Bounds on rmax and rmin

From the singular‐value inequalities,

∥Ĥi,∗W∥2 ≥ σmin(W ) ∥Ĥi,∗∥2, ∥Ĥi,∗W∥2 ≤ σmax(W ) ∥Ĥi,∗∥2.

Choose i∗ such that ∥Ĥi∗,∗∥2 = MĤ . Then

rmax = max
i

ri ≥ ri∗ = ∥Ĥi∗,∗W∥2 ≥ σmin(W )MĤ .

Similarly, pick j∗ with ∥Ĥj∗,∗∥2 = mĤ . Then

rj∗ = ∥Ĥj∗,∗W∥2 ≤ σmax(W )mĤ ,

and since rmin = mini ri ≤ rj∗ , we have

rmin ≤ σmax(W )mĤ .

Step 2: Subtract to obtain ∆r

Subtracting the two bounds (lower bound on rmax minus upper bound on rmin) gives

∆r = rmax − rmin ≥ σmin(W )MĤ − σmax(W )mĤ .

Step 3: Express via the condition number

Define the condition numberκ(W ) = σmax(W )/σmin(W ). Then σmax(W ) = κ(W ) σmin(W ),
and the bound becomes

∆r ≥ σmin(W )
(
MĤ − κ(W )mĤ

)
.

This is nonnegative (and thus meaningful) whenever MĤ ≥ κ(W )mĤ , i.e. when the in-
herent spread in Ĥ exceeds the distortion introduced by W . We make that assumption in
order to further proceed our analysis.
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2 MASED Evolution plots

Figures 9.1, and 9.2 present the MASED evolution for ResGCN and SGC models. Addi-
tionally, Figures 9.3, 9.4, and 9.5 present the MASED evolution on the CiteSeer, Pubmed,
Computers, and Physics datasets for all models.

Figure 9.1: Epoch evolution of the Mean Average Squared Euclidean Distance (MASED)
value of the embeddings of all nodes and training nodes. We show results for
3 different depths of a ResGCN model and MASED values in different layers
within the model. We show how MASED evolve in the first, the middle and
the last layer of each model. We also include the accuracy achieved by each
model.
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Figure 9.2: Epoch evolution of the Mean Average Squared Euclidean Distance (MASED)
value of the embeddings of all nodes and training nodes. We show results for 3
different depths of a SGC model andMASED values in different layers within
the model. We show how MASED evolve in the first, the middle and the last
layer of each model. We also include the accuracy achieved by each model.
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Figure 9.3: Epoch evolution of the Mean Average Squared Euclidean Distance (MASED)
value of the embeddings of all nodes and training nodes. We show results for 3
different depths of a GCNmodel andMASED values in different layers within
the model. We show how MASED evolve in the first, the middle and the last
layer of each model. We also include the accuracy achieved by each model.
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Figure 9.4: Epoch evolution of the Mean Average Squared Euclidean Distance (MASED)
value of the embeddings of all nodes and training nodes. We show results for
3 different depths of a ResGCN model and MASED values in different layers
within the model. We show how MASED evolve in the first, the middle and
the last layer of each model. We also include the accuracy achieved by each
model.
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Figure 9.5: Epoch evolution of the Mean Average Squared Euclidean Distance (MASED)
value of the embeddings of all nodes and training nodes. We show results for
3 different depths of a SGC model and MASED in different layers within the
model. We show howMASED evolve in the first, the middle and the last layer
of each model. We also include the accuracy achieved by each model.

3 Embedding Norms & Centroids Angle Evolution plots

Figure 9.6 and Figure 9.7 show the evolution of the norms during 50 epochs for ResGCN
and SGC models.
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Figure 9.6: Epoch evolution of the average value of the norms of the embeddings of all
nodes and training nodes separately. We show results for 3 different depths of
a ResGCN model and average norm values in different layers within the model.
We show how norms evolve in the first, the middle and the last layer of each
model. We also include the accuracy achieved by each model.

Figure 9.7: Epoch evolution of the average value of the norms of the embeddings of all
nodes and training nodes separately. We show results for 3 different depths of
a SGC model and average norm values in different layers within the model. We
show how norms evolve in the first, the middle and the last layer of each model.
We also include the accuracy achieved by each model.

151



Figures 9.8, 9.9, and 9.10 present the evolution of norms for 200 epochs for GCN, ResGCN,
and SGC models.

Figure 9.8: Epoch evolution of the average value of the norms of the embeddings of all
nodes and training nodes separately. We show results for 3 different depths of
a GCNmodel and average norm values in different layers within the model. We
show how norms evolve in the first, the middle and the last layer of each model.
We also include the accuracy achieved by each model.
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Figure 9.9: Epoch evolution of the average value of the norms of the embeddings of all
nodes and training nodes separately. We show results for 3 different depths of
a ResGCN model and average norm values in different layers within the model.
We show how norms evolve in the first, the middle and the last layer of each
model. We also include the accuracy achieved by each model.
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Figure 9.10: Epoch evolution of the average value of the norms of the embeddings of all
nodes and training nodes separately. We show results for 3 different depths
of a SGC model and average norm values in different layers within the model.
We show how norms evolve in the first, the middle and the last layer of each
model. We also include the accuracy achieved by each model.

Figures 9.11, 9.12, and 9.13 show the norm evolution on the CiteSeer, Pubmed, Computers,
and Physics datasets for all models under investigation.
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Figure 9.11: Epoch evolution of the average value of the norms of the embeddings of all
nodes and training nodes separately. We show results for 3 different depths of
a GCN model and average norm values in different layers within the model.
We show how norms evolve in the first, the middle and the last layer of each
model. We also include the accuracy achieved by each model.
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Figure 9.12: Epoch evolution of the average value of the norms of the embeddings of all
nodes and training nodes separately. We show results for 3 different depths
of a ResGCN model and average norm values in different layers within the
model. We show how norms evolve in the first, the middle and the last layer
of each model. We also include the accuracy achieved by each model.
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Figure 9.13: Epoch evolution of the average value of the norms of the embeddings of all
nodes and training nodes separately. We show results for 3 different depths
of a SGC model and average norm values in different layers within the model.
We show how norms evolve in the first, the middle and the last layer of each
model. We also include the accuracy achieved by each model.

Figures 9.14, and 9.15 show the evolution of the average angle between the centroids of the
embeddings of the training nodes for ResGCN and SGC. Figures 9.16, 9.17, and 9.18 present
the angle evolution on the CiteSeer, Pubmed, Computers, and Physics datasets.
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Figure 9.14: Epoch evolution of the average value of the angles between the centroids of
the embeddings of the training nodes. We show results for 3 different depths
of a ResGCN model and average norm values in different layers within the
model. We show how angles evolve in the first, the middle and the last layer
of each model. We also include the accuracy achieved by each model.
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Figure 9.15: Epoch evolution of the average value of the angles between the centroids of
the embeddings of the training nodes. We show results for 3 different depths
of a SGC model and average norm values in different layers within the model.
We show how angles evolve in the first, the middle and the last layer of each
model. We also include the accuracy achieved by each model.
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Figure 9.16: Epoch evolution of the average value of the angles between the centroids of
the embeddings of the training nodes. We show results for 3 different depths
of a GCNmodel and average norm values in different layers within the model.
We show how angles evolve in the first, the middle and the last layer of each
model. We also include the accuracy achieved by each model.
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Figure 9.17: Epoch evolution of the average value of the angles between the centroids of
the embeddings of the training nodes. We show results for 3 different depths
of a ResGCN model and average norm values in different layers within the
model. We show how angles evolve in the first, the middle and the last layer
of each model. We also include the accuracy achieved by each model.
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Figure 9.18: Epoch evolution of the average value of the angles between the centroids of
the embeddings of the training nodes. We show results for 3 different depths
of a SGC model and average norm values in different layers within the model.
We show how angles evolve in the first, the middle and the last layer of each
model. We also include the accuracy achieved by each model.

4 Regularization plots

Figures 9.19, and 9.20 present the results of ResGCN and SGC on every dataset with and
without the proposed regularization.
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Figure 9.19: Comparison between a ResGCNwith and without the proposed regularization
across 7 datasets for varying depth. We include results for different values of
λw.
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Figure 9.20: Comparison between a SGC with and without the proposed regularization
across 7 datasets for varying depth. We include results for different values
of λw.

5 Plots on variable number of SGC layers

Figure 9.21 presents the performance of SGC models with varying number of layers on the
CiteSeer, Pubmed, Computers, and Physics datasets. For the Physics dataset, we could not
train a model with 8 SGC layers due to hardware limitations.

Figure 9.21: Comparison between SGC models that have different number of SGC layers
stacked across 4 different datasets for varying depth. In every depth all models
have access to the same information. We only vary the number of trainable
weight matrices (i.e., the number of SGC layers).
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6 Hyperparameters

Table 9.1: Hyperparameter search space used for finding the optimal configuration.

Hyperparameter Search Space
Learning Rate (lr) {1e-4, 6e-4, 1e-3, 6e-3, 1e-2, 6e-2}
Hidden Dimension {64, 128, 256}
Number of Layers {2, 4, 8, 16, 24, 32, 40}
Weight Decay {5e-4, 1e-3, 0}
Epochs {200, 1500, 3000}
λw {0, 0.01, 0.5, 1, 2, 3, 4, 6, 8, 10, 12}

7 Lemma 8 Proof
Lemma 25. In a power iteration method with convergence rate equal to (1 − α), in order to
achieve tolerance error at most tol, the number of iterations (L) needed is given by:

L ∼ log10(tol)

log10(1− α)
=⇒ tol ∼ (1− α)L.

Proof: Let us assume that the power iteration is given by xk+1 = Pxk, where P is the
transition matrix with λ1(P ) = 1 and λ2(P ) = (1 − α), as explained in subsection 2.1.
Considering that in a power iteration method the convergence rate (cr) is given by:

cr =
λ2(P )

λ1(P )
=

1− α

1
= 1− α.

In a power iteration method, with P as transition matrix and ui denoting its i-th eigenvec-
tor, we can get the following results regarding the convergence of the method:

x0 = c1u1 + ...+ cnun, where ci’s are constants.

xk = P kx0 = c1λ
k
1u1 + ...+ cnλ

k
nun

xk = c1λ
k
1

(
u1 +

c2
c1

(
λ2

λ1

)k

u2 + ...+
cn
c1

(
λn

λ1

)k

un

)
−→ c1λ

k
1u1. (9.1)

From Equation 9.1 we observe that the slowest convergent factor is the one associated with
the second largest eigenvalue. The tolerance error between consecutive iterations is given
mainly (approached better) by the slowest convergent to zero i.e., the one associated with
the second largest eigenvalue. Hence we get:(

λ2

λ1

)k

∼ tol =⇒ (1− α)k ∼ tol =⇒ k ∼ log10(tol)

log10(1− α)
.

8 Deriving Equation 4.10
Starting from Equation 4.9, substituting βl = 1, ∀l, and disregarding the activation func-
tions leads to:

H(l+1) =

(
(1− αl)ÂH

(l) + αlH
(0)

)
W (l).
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Substituting H(l) once yields:

H(l+1) =

(
(1− αl)Â

((
(1− αl−1)ÂH

(l−1) + αl−1H
(0)

)
W (l−1)

)
+ αlH

(0)

)
W (l) =

Â2(1− αl)(1− αl−1)H
(l−1)W (l)W (l−1) + Â(1− αl)αl−1H

(0)W (l)W (l−1) + αlH
(0)W (l).

Repeatedly substituting H(k) until k reaches to zero, and writing products of (1 − αk) in
the
∏
(·) format, leads to the formula presented in Equation 4.10.

9 Training Statistics

Figure 9.22 and Figure 9.23 illustrate the training loss evolution for two variants of the Star
dataset. When the star path length is short (Figure 9.22), all models effectively learn the
underlying task. However, as the length increases (Figure 9.23), residual methods exhibit
inferior performance, struggling to integrate distant information from the star’s leaves.

Figure 9.22: Training loss evolution of APPNP, PPRGNN, GCN, and three variants of GCNII
on a variant of the Star dataset with 3 paths of length 3.
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Figure 9.23: Training loss evolution of APPNP, PPRGNN, GCN, and three variants of GCNII
on a variant of the Star dataset with 3 paths of length 7.

We also compare the models in terms of average training time consumption for two vari-
ants of the Star dataset. Figure 9.24 shows that for short-range interactions, GCNII is faster.
However, as path length increases, other methods require less time and scale more effi-
ciently, maintaining nearly constant runtime. In contrast, GCNII variants require progres-
sively more time to compute the output as path length grows.

Figure 9.24: Average training time consumption of APPNP, PPRGNN, GCN, and three GC-
NII variants across two versions of the Stars dataset.
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10 Statistical Analysis
Tables 9.2 and 9.3 report Friedman and Conover test results. Table 9.2 shows per-dataset
Friedman tests (10 runs each), all of which reject the null hypothesis (p < 0.05). Holm-
adjusted Conover post-hoc tests identify significant classifier pairs. An asterisk “*” denotes
that all pairwise differences are significant.
Table 9.3 summarizes the global Friedman test on dataset-wise mean accuracies. The result
is not significant, indicating that there is no clear winner across the evaluated datasets.

Table 9.2: Per‐dataset Friedman test and Conover post-hoc results (Holm‐adjusted). Each
row shows a dataset (10 runs): the Friedman χ2, its p‐value, and any significant
classifier pairs.

Dataset χ2 pFriedman Significant pairs (Conover)

Cora 19.56 2.1e-4 APPNP-GCNII, APPNP-PPRGNN, APPNP-GCN
CiteSeer 25.49 1.2e-5 *
Pubmed 25.32 1.3e-5 All except of APPNP-PPRGNN pair
Photo 30.00 1.4e-6 *
Computers 23.76 2.8e-5 All except of APPNP-PPRGNN pair
Arxiv 28.92 2.3e-6 *
“*” means all pairs are significant at α = 0.05.

Table 9.3: Global Friedman test (on dataset‐means) and Conover post-hoc (Holm‐adjusted).

Analysis χ2 pFriedman Significant pairs (Conover)

All datasets 4.8 0.18 -

11 Hyperparameters

Table 9.4: Hyperparameter search space used for finding the optimal configuration.

Hyperparameter Search Space
Learning Rate (lr) {1e-4, 1e-3, 1e-2, 2e-2, 1e-1}
Hidden Dimension {32, 64, 128, 256}
Number of Layers {2, 4, 8, 16, 32, 64}
Weight Decay {5e-4, 1e-3}

12 Partially trained GCNII
Figure 9.25 presents the comparison of fully-trained GCNII and partially trained GCNII
across seven benchmark datasets. Each subplot reports mean test accuracy over 10 ran-

168



dom seeds, using the original hyperparameter settings from the GCNII authors. Across all
datasets, partially trained GCNII performs at least as well as the fully-trained GCNII. This
behavior aligns with expectations: GCNII already employs identity mappings and residual
connections to resist oversmoothing and achieves near state-of-the-art accuracy, leaving
limited room for further improvement. Nonetheless, the consistent positive results confirm
that our partial training paradigm can complement even highly optimized architectures.
We also conducted a hyperparameter sweep over larger width values on the fully-trained
GCNII and observed no significant performance gains, confirming that improvements arise
specifically from the use of the partial training mechanism.

Figure 9.25: Comparison between a fully trained GCNII and different configurations (in
terms of width) of partially trained GCNIIs across 8 datasets for varying depth.
The trainable layer is always the second. Experiments were limited to the
reported widths due to hardware constraints.

13 Extended Table 5.2
We present the extended version of Table 5.2 of the main text.
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Table 9.5: Performance comparison of GCNmodels with different width and depth, as well
as different placement of the trainable layer.

Accuracy (%) & std

Dataset (Width, Depth) Position
2 4 8 16 32

Cora

(512,8) 79.65 ± 0.62 78.07 ± 1.31 73.49 ± 2.28 - -
(2048,8) 81.85 ± 0.34 81.09 ± 0.74 78.06 ± 1.12 - -
(8192,8) 81.25 ± 0.71 81.47 ± 0.89 81.04 ± 0.56 - -
(512,32) 35.29 ± 12.74 36.60 ± 11.21 38.83 ± 9.03 39.65 ± 10.99 33.55 ± 12.14

(2048,32) 76.90 ± 2.23 77.09 ± 2.05 77.43 ± 1.88 77.22 ± 1.95 76.99 ± 2.22

(8192,32) 78.87 ± 0.45 78.44 ± 0.58 79.07 ± 0.73 78.83 ± 0.43 78.97 ± 0.61

CiteSeer

(512, 8) 67.58 ± 1.25 62.13 ± 1.18 53.47 ± 1.85 - -
(2048, 8) 71.20 ± 0.49 67.20 ± 1.18 61.14 ± 1.11 - -
(8192, 8) 70.78 ± 1.45 69.52 ± 1.08 66.39 ± 0.74 - -
(512, 32) 34.35 ± 12.25 32.40 ± 9.81 29.01 ± 9.86 27.72 ± 11.78 30.12 ± 10.94

(2048, 32) 57.36 ± 6.46 55.76 ± 5.72 57.22 ± 2.87 56.72 ± 3.84 58.69 ± 3.80

(8192, 32) 70.18 ± 0.64 68.21 ± 0.87 65.45 ± 1.06 65.45 ± 0.99 65.99 ± 1.09

Pubmed

(512, 8) 78.07 ± 0.85 76.99 ± 0.88 72.68 ± 2.19 - -
(2048, 8) 77.18 ± 0.66 77.53 ± 0.52 76.72 ± 0.66 - -
(8192, 8) 74.05 ± 2.67 76.20 ± 1.43 77.75 ± 0.67 - -
(512, 32) 66.91 ± 14.76 68.56 ± 11.22 68.99 ± 11.79 68.32 ± 13.51 65.56 ± 18.07

(2048, 32) 78.55 ± 0.40 78.22 ± 0.48 78.06 ± 0.61 77.96 ± 0.93 78.24 ± 0.77

(8192, 32) 78.63 ± 0.44 78.57 ± 0.51 78.53 ± 0.45 78.56 ± 0.57 78.57 ± 0.45

Photo

(512, 8) 84.53 ± 1.32 83.54 ± 0.74 66.85 ± 5.44 - -
(2048, 8) 89.68 ± 0.12 89.41 ± 0.18 82.59 ± 0.36 - -
(8192, 8) 90.26 ± 0.21 89.82 ± 0.22 87.73 ± 0.18 - -
(512, 32) 22.69 ± 15.00 22.15 ± 11.70 24.42 ± 15.12 25.68 ± 15.29 21.61 ± 12.61

(2048, 32) 41.12 ± 17.04 44.96 ± 15.92 50.78 ± 13.71 51.76 ± 13.70 50.19 ± 13.14

(8192, 32) 72.32 ± 2.93 71.39 ± 2.04 70.58 ± 1.27 70.66 ± 1.95 71.62 ± 1.80

Computers

(512, 8) 64.74 ± 2.14 63.81 ± 1.57 59.70 ± 1.03 - -
(2048, 8) 73.10 ± 0.26 72.22 ± 0.22 64.77 ± 0.71 - -
(4096, 8) 74.80 ± 0.00 73.15 ± 0.00 66.52 ± 0.00 - -
(512, 32) 8.43 ± 5.18 8.83 ± 5.24 12.71 ± 11.89 10.82 ± 5.48 8.33 ± 5.21

(2048, 32) 45.74 ± 19.44 48.15 ± 19.88 49.38 ± 19.14 50.85 ± 17.11 50.97 ± 17.32

(4096, 32) 65.00 ± 0.00 67.62 ± 0.00 65.17 ± 0.00 66.28 ± 0.00 64.84 ± 0.00

Physics

(512, 8) 92.88 ± 0.14 92.68 ± 0.11 90.97 ± 0.71 - -
(2048, 8) 92.51 ± 0.06 92.47 ± 0.12 92.66 ± 0.17 - -
(8192, 8) 92.46 ± 0.06 92.41 ± 0.09 92.65 ± 0.13 - -
(512, 32) 39.50 ± 27.73 37.52 ± 26.90 40.04 ± 27.52 38.29 ± 26.26 33.93 ± 26.08

(2048, 32) 81.54 ± 24.21 80.75 ± 24.78 86.35 ± 14.05 85.72 ± 13.94 86.09 ± 13.89

(8192, 32) 92.47 ± 0.18 92.53 ± 0.16 92.44 ± 0.09 92.40 ± 0.10 92.43 ± 0.12

CS

(512, 8) 87.16 ± 1.33 86.83 ± 1.39 79.82 ± 1.76 - -
(2048, 8) 88.34 ± 0.09 88.45 ± 0.16 88.20 ± 0.30 - -
(8192, 8) 87.17 ± 0.09 87.45 ± 0.08 88.93 ± 0.12 - -
(512, 32) 7.17 ± 5.28 9.04 ± 7.78 5.92 ± 3.92 5.99 ± 3.75 7.30 ± 3.53

(2048, 32) 36.07 ± 14.23 38.16 ± 10.80 41.19 ± 11.22 39.35 ± 9.42 41.39 ± 11.59

(8192, 32) 82.96 ± 0.92 82.32 ± 1.53 82.62 ± 0.30 82.56 ± 0.36 82.37 ± 0.43
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14 Main Text Formulas
The generic GNN equation as defined in main text is:

H(l+1) = σ
((
αÂH(l) + βH(0) + γH(l−1)

)
×
(
δW (l) + ϵI

))
, (9.2)

where α, β, γ, δ and ϵ are preselected parameters that determine the convolutional GNN
architecture.

The variance of the gradient flowing backwards is defined as:

V ar [∆xl] = nlV ar[w′
l]V ar

[
∆y

(i)
l

]
=

1

2
nl

(
δ2V ar[wl] + ϵ2

)
V ar

[
∆x

(i)′

l+1

]
. (9.3)

Theorem 16 proof
Theorem 26. The upper bound of the variance of the signals flowing forward in a generic GNN
defined by Equation 9.2 is:

V ar[y
(i)
l ] ≤ nl · (di + 1(β ̸= 0) + 1(γ ̸= 0)) ·(

α2

2d2i
V ar[y

(i)
l−1] +

γ2

2
· V ar[y

(i)
l−2] + j(α, β)

)
·

(
δ2V ar[wl] + ϵ2

)
, (9.4)

where nl is the weight matrix dimension, di is the degree of node i, 1(·) is the indicator func-
tion α, β, γ, δ and ϵ are constants depending on the underlying architecture of the model, and
j(α, β) is defined in Lemma 3.

Proof: We let the initialized elements in W (l) be mutually independent and have the same
distribution. We also assume that elements in x

(i)
l are also mutually independent and have

the same distribution and finally we assume that x(i)
l and W (l) are independent of each

other. Following a similar analysis as the one presented in [15] we have:

V ar[y
(i)
l ] = nlV ar[δwlx

(i)′

l + ϵx
(i)′

l ], (9.5)

where y
(i)
l , x

(i)′

l and wl represent the random variables of each element in the respective
matrices. We let wl have zero mean, hence the variance of the product is:

V ar[y
(i)
l ] = nl

(
V ar

[
δwlx

(i)′

l

]
+ V ar

[
ϵx

(i)′

l

]
+ 2Cov(δwlx

(i)′

l , ϵx
(i)′

l )
)
=

(9.6)

nl

(
δ2V ar[wl]E

[(
x
(i)′

l

)2]
+ ϵ2V ar

[
x
(i)′

l

])
≤ nl · E

[(
x
(i)′

l

)2] (
δ2V ar[wl] + ϵ2

)
.

(9.7)

The special form of x(i)′

l is not directly related to y
(i)
l−1. In order to bridge that gap we

will proceed our analysis with inequalities resulted by the usage of the Cauchy–Schwarz–
Bunyakovsky inequality (CSB).
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Lemma 27.

E

[(
x
(i)′

l

)2]
= E

α

di

∑
j∈N̂(i)

x
(j)T
l + β · x(i)

(0) + γ · x(i)
(l−1)

2 CSB

≤

(di + 1(β ̸= 0) + 1(γ ̸= 0))×α2

d2i
E

[(
x
(i)
l

)2]
+

α2
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∑
j∈N(i)

(
x
(j)T
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)2
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[(
x
(i)
0

)2]
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[(
x
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)2]
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(
α2

d2i
E

[(
x
(i)
l

)2]
+ γ2 · E

[(
x
(i)
l−1

)2]
+ j(α, β)

)
,

where k(i)
l =

∑
j∈N(i)

(
x
(j)T
l

)2
, i.e. sum of neighbors representations except of self representation

and j(α, β) = α2·k(i)l

d2i
+ β2 · E [( x

(i)
0 )2].

Using Lemma 27, Equation 9.6 transforms to:

V ar[y
(i)
l ] ≤ nl · (di + 1(β ̸= 0) + 1(γ ̸= 0))×(

α2

d2i
E

[(
x
(i)
l

)2]
+ γ2 · E

[(
x
(i)
l−1

)2]
+ j(α, β)

)
·
(
δ2V ar[wl] + ϵ2

)
. (9.8)

We have set x(i)′

l = α
di

∑
j∈N̂(i)

x
(j)T
l + β · x(i)

(0) + γ · x(i)
(l−1) and W ′

l = δWl + ϵI . Letting

w′
l−1 (element of W ′

l matrix) have a symmetric distribution around zero and bl−1 = 0, then
yl−1 has zero mean and symmetric distribution around zero. In order to have symmetric
distribution of w′

l−1 around zero we should have a symmetric distribution of wl−1 around
−ϵ, based on the relationship between Wl and W ′

l .

This leads to E

[(
x
(i)
l

)2]
= 1

2
V ar[yl−1], when activation function is ReLU. Applying that

result to Inequality 9.8 yields:

V ar[y
(i)
l ] ≤ nl · (di + 1(β ̸= 0) + 1(γ ̸= 0))×(

α2

2d2i
V ar[y

(i)
l−1] +

γ2

2
· V ar[y

(i)
l−2] + j(α, β)

)
·
(
δ2V ar[wl] + ϵ2

)
. (9.9)

In a similar spirit, we also derive the lower bound for the variance. Considering that x(i)
l > 0

for all l, i we have the following lemma:

Lemma 28.

E
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x
(j)T
l + β · x(i)

(0) + γ · x(i)
(l−1)

2 ≥

α2

d2i
E

[(
x
(i)
l

)2]
+ γ2 · E

[(
x
(i)
l−1

)2]
+ j(α, β).

This comes as a consequence of the fact that

(∑
j

mj

)2

≥
∑
j

m2
j , for all mj ≥ 0.
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Consequently, the lower bound of V ar
[
y
(i)
l

]
is given by:

V ar[y
(i)
l ] ≥ nl

(
α2

2d2i
V ar[y

(i)
l−1] +

γ2

2
· V ar[y

(i)
l−2] + j(α, β)

)
·
(
δ2V ar[wl] + ϵ2

)
. (9.10)

15 Theorem 18 proof
Lemma 29.

V ar
[
∆x

(i)′

l+1

]
= E

[(
∆x

(i)′

l+1

)2]
= E

[α

di

∑
j∈N̂(i)

∆x
(j)T
l+1 + γ ·∆x

(i)T
(l)

2 ]

CSB

≤ (di + 1(γ ̸= 0)) ·
(
α2

d2i
E

[(
∆x

(i)
l+1

)2]
+ γ2E

[(
∆x

(i)
l

)2]
+ q(α)

)
,

where q(α) = α2

d2i
· o(i)l+1, and o

(i)
l+1 =

∑
j∈N(i)

(
∆x

(j)T
l+1

)2
, i.e., the sum of gradients originating

from the neighbors of the node, excluding self-originating gradient and 1(·) is the indicator
function.

Theorem 30. The upper bound of the variance of the gradients flowing backward in a generic
GNN defined by Equation 9.2 is:

V ar
[
∆x

(i)
l

]
≤ mw

1− γ2mw

·
(
α2

d2i
V ar

[
∆x

(i)
l+1

]
+ q(α)

)
, (9.11)

with

mw =
1

2
nl (di + 1(γ ̸= 0)) ·

(
δ2V ar[wl] + ϵ2

)
,

where nl is the weight matrix dimension, di is the degree of node i, 1(·) is the indicator function
α, γ, δ and ϵ are constants depending on the underlying architecture of the model, and q(α) is
defined in Lemma 29.

Proof: Using the fact that E
[(

∆x
(i)
l

)2]
= V ar

[
∆x

(i)
l

]
and Lemma 29 to Equation 9.3 we

get:

V ar
[
∆x

(i)
l

]
=

1

2
nl

(
δ2V ar[wl] + ϵ2

)
V ar

[
∆x

(i)′

l+1

]
≤ 1

2
nl

(
δ2V ar[wl] + ϵ2

)
(di + 1(γ ̸= 0)) ·

(
α2

d2i
V ar

[
∆x

(i)
l+1

]
+ γ2V ar

[
∆x

(i)
l

]
+ q(α)

)
=

mw ·
(
α2

d2i
V ar

[
∆x

(i)
l+1

]
+ γ2V ar

[
∆x

(i)
l

]
+ q(α)

)
=⇒
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V ar
[
∆x

(i)
l

]
(1− γ2mw) ≤ mw ·

(
α2

d2i
V ar

[
∆x

(i)
l+1

]
+ q(α)

)
=⇒

V ar
[
∆x

(i)
l

]
≤ mw

1− γ2mw

·
(
α2

d2i
V ar

[
∆x

(i)
l+1

]
+ q(α)

)
.

In the final inequality we have assumed that mw < γ−2. If this condition is not satisfied,
then the last inequality has the inverse direction and establishes the lower bound for the
variance of the gradients.

Following a similar approach as in Appendix 14, we derive the lower bound of the variance
of the gradients.
Lemma 31.

V ar
[
∆x

(i)′

l+1

]
= E

[(
∆x

(i)′

l+1

)2]
= E

[α

di

∑
j∈N̂(i)

∆x
(j)T
l+1 + γ ·∆x

(i)T
(l)

2 ]
≥

α2

d2i
E

[(
∆x

(i)
l+1

)2]
+ γ2E

[(
∆x

(i)
l

)2]
+ q(α).

This comes as a consequence of the fact that

(∑
j

mj

)2

≥
∑
j

m2
j , for all mj ≥ 0.

Consequently, the lower bound of V ar
[
∆x

(i)
l

]
is given by:

V ar
[
∆x

(i)
l

]
≥ mw

(di + 1(γ ̸= 0))

(
α2

d2i
V ar

[
∆x

(i)
l+1

]
+ γ2V ar

[
∆x

(i)
l

]
+ q(α)

)
=⇒

V ar
[
∆x

(i)
l

]
≥ m′

w

1− γ2m′
w

·
(
α2

d2i
V ar

[
∆x

(i)
l+1

]
+ q(α)

)
,

where m′
w = mw/ (di + 1(γ ̸= 0)) and once again we assume that m′

w < γ−2. If this
condition is not satisfied, then the last inequality has the inverse direction and establishes
the upper bound for the variance of the gradients.

16 Extended analysis about the “cold start” problem
Oversmoothing primarily affects deep GNNs, raising the question of the necessity of deep
architectures. Many benchmark datasets in the literature do not require deep networks
due to the homophilic nature of the data. Homophily implies that the valuable information
for the majority of the graph nodes is typically within close neighbors (2 or 3 hops away).
One particular scenario where deeper architectures might be beneficial is the “cold start”
problem, where the majority of node features are missing, resembling to a recommender
system encountering a new product or user. In this context, deeper GNNs may recover
features from more distant nodes to generate informative representations. The “cold start”
datasets that we use in these experiments are generated by removing feature vectors from
unlabeled nodes and replacing them with all-zero vectors.

We present an extended version of Table 6.1:
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Table 9.6: Comparison of different initialization methods on the “cold start” problem. We
show accuracy percentage (%) for the test set. Only the features of the nodes in
the training set are available to the model. We also show at what depth (i.e. #
Layers) each model achieves its best accuracy, for both GCN and GAT.

Dataset Method
GCN GAT

Accuracy (%) & std #L Accuracy (%) & std #L

Cora

Xavier Normal 64.86 ± 0.7 4 59.47 ± 1.0 3
Xavier Uniform 62.52 ± 3.9 4 59.63 ± 1.3 3
Kaiming Normal 68.35 ± 1.9 6 60.73 ± 4.5 4
Kaiming Uniform 62.78 ± 5.1 6 57.36 ± 5.3 4
VIRGO 73.01 ± 1.0 26 70.68 ± 1.5 18
G-Init 74.04 ± 1.7 25 72.34 ± 2.0 27

CiteSeer

Xavier Normal 41.95 ± 0.2 4 39.75 ± 6.3 4
Xavier Uniform 40.17 ± 5.0 5 36.63 ± 0.6 3
Kaiming Normal 44.62 ± 1.8 6 37.09 ± 9.1 5
Kaiming Uniform 44.20 ± 2.5 7 41.68 ± 1.2 4
VIRGO 49.18 ± 1.4 18 41.01 ± 9.5 13
G-Init 49.75 ± 0.7 27 49.31 ± 0.4 30

Pubmed

Xavier Normal 64.54 ± 0.9 4 59.76 ± 1.5 4
Xavier Uniform 62.83 ± 2.8 4 46.91 ± 6.5 4
Kaiming Normal 68.48 ± 1.5 6 60.25 ± 2.7 4
Kaiming Uniform 65.93 ± 5.7 5 56.93 ± 5.2 4
VIRGO 71.55 ± 1.5 14 63.06 ± 9.8 14
G-Init 71.65 ± 1.8 23 72.24 ± 1.1 32

Physics

Xavier Normal 94.00 ± 0.1 2 93.26 ± 0.1 1
Xavier Uniform 93.98 ± 0.0 1 92.9 ± 0.1 2
Kaiming Normal 94.00 ± 0.0 2 93.45 ± 0.0 1
Kaiming Uniform 93.98 ± 0.0 1 92.68 ± 0.1 2
VIRGO 82.34 ± 6.1 8 85.58 ± 4.3 5
G-Init 93.99 ± 0.0 1 93.62 ± 0.1 2

CS

Xavier Normal 89.95 ± 0.2 1 90.78 ± 0.1 1
Xavier Uniform 90.17 ± 0.4 2 90.71 ± 0.1 1
Kaiming Normal 90.13 ± 0.3 3 90.77 ± 0.1 1
Kaiming Uniform 90.22 ± 0.4 2 90.71 ± 0.1 1
VIRGO 71.28 ± 1.9 6 76.85 ± 3.7 6
G-Init 90.28 ± 0.2 3 90.82 ± 0.1 3

Photo

Xavier Normal 83.19 ± 5.1 5 85.58 ± 0.8 4
Xavier Uniform 84.50 ± 1.4 3 85.02 ± 0.7 3
Kaiming Normal 86.53 ± 0.6 5 86.35 ± 0.9 4
Kaiming Uniform 87.11 ± 0.6 4 86.29 ± 1.2 4
VIRGO 83.00 ± 3.5 6 77.60 ± 4.0 6
G-Init 87.56 ± 1.2 4 86.07 ± 0.9 4

Computers

Xavier Normal 68.83 ± 6.5 4 70.26 ± 1.7 2
Xavier Uniform 42.73 ± 6.7 2 70.55 ± 1.4 2
Kaiming Normal 75.18 ± 3.0 4 74.35 ± 3.5 4
Kaiming Uniform 72.42 ± 2.5 5 68.87 ± 2.9 3
VIRGO 75.17 ± 2.7 6 69.91 ± 3.6 7
G-Init 78.03 ± 1.0 5 76.28 ± 1.7 5
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17 t-SNE plots

We present t-SNE [142] plots for all datasets using a 32-layer GCN model initialized with
the methods investigated in this study. T-SNE results are exhibited for layers 1, 9, 17 and
25. Specifically, we compare the t-SNE plots of a GCN initialized with the proposed G-Init
method against the generally second-best performing initialization method, namely, Kaim-
ing Normal. The t-SNE plots validate that our proposed method attains high accuracy by
generating meaningful representations that reduce oversmoothing. In contrast, alternative
initialization methods lead to the mixing of node embeddings, contributing to a degrada-
tion in performance. We observe this difference in the mixing of node representations as
depth increases across the majority of datasets.

Figure 9.26: T-SNE plot of Cora dataset. The upper row presents results for a G-Init ini-
tialized 32-layer GCN, while the lower row showcases results for a Kaiming
Normal initialized 32-layer GCN.
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Figure 9.27: T-SNE plot of Citeseer dataset. The upper row presents results for a G-Init
initialized 32-layer GCN, while the lower row showcases results for a Kaiming
Normal initialized 32-layer GCN.

Figure 9.28: T-SNE plot of Pubmed dataset. The upper row presents results for a G-Init
initialized 32-layer GCN, while the lower row showcases results for a Kaiming
Normal initialized 32-layer GCN.
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Figure 9.29: T-SNE plot of Physics dataset. The upper row presents results for a G-Init
initialized 32-layer GCN, while the lower row showcases results for a Kaiming
Normal initialized 32-layer GCN.

Figure 9.30: T-SNE plot ofCS dataset. The upper row presents results for a G-Init initialized
32-layer GCN, while the lower row showcases results for a Kaiming Normal
initialized 32-layer GCN.
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18 Hyperparameters

Table 9.7: Hyperparameter search space used for finding the optimal configuration.

Hyperparameter Search Space
Learning Rate (lr) {1e-4, 1e-3, 1e-2}
Hidden Dimension {64, 128, 256}
Number of Layers {2, 4, 8, 16, 32, 64}
Weight Decay {5e-4, 1e-3}
Batch Size {16, 32, 64}

19 Lemma 21 Proof

Lemma 21 For a network of depth dep the total gradient reaching to the l-th layer
(
i.e., dJ

dw
(l)
oldi,j

)
in order to update W (l) is bounded by:

dJ

dw
(l)
oldi,j

≤ α(dep−l) ·Gl.

Where J is the model’s loss function (i.e. Cross Entropy), α stands for the ReLU slope and Gl

is the upper bound of gradients of the output of the subsequent layer (l+1) with respect to the
weight elements of W (l).

Proof: Firstly, let us define the gradient of the output of a ReLU function with respect to
the input as follows:

d(ReLU(x))

dx
=

{
α, x > 0.
0, x ≤ 0.

Let us consider now a function of nested ReLUs, like the neural networks under investi-
gation, i.e. f(x) = g(σ(g(σ(..g(σ(g(x)))..)))), where σ(·) is the ReLU function applied
repeatedly n times, and g(·) is a function that multiplies its input with a value. Then the
gradient of f(·) with respect to x (x is a vector) is given as:

d(f(x))

dx
=

{
αn · d(g(x))

dx
, g(x) > 0, g(σ(·)) > 0.

0, otherwise. (9.12)

This formula indicates the relation between slope, layer index, depth and largest singular
value (we only care about the largest). Let as use the notion of J for the loss function of
the network (i.e. Cross Entropy). The relation comes from the following formulas (for each
weight element in the weight matrix):

w(l)
newi,j

= w
(l)
oldi,j

+ η · dJ

dw
(l)
oldi,j

.

dJ

dw
(l)
oldi,j

= α(depth−l) · dO
(l+1)

w
(l)
oldi,j

or 0.
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Where the 0 value comes from Equation 9.12. GNNs’ forward pass is similar to f(·), hence
performing the backpropagation leads to gradient calculation of the form of Equation 9.12.
So the update rule adds (or subtracts) to each weight a big number (contains exponential
factor). We prove, that dJ

dwoldi,j
tends to be closer to zero as the layer index gets smaller,

because when the gradient travels backwards the more distant it travels the more probable
it is to die. There exist many components (gradients of ReLU functions) in the total gradient
so it is probable one of them to be zero and the total gradient to be zero.
Given Assumption 19, we get an upper bound regarding the gradient of the output of the

subsequent layer with respect to each weight element of W (l)

(
i.e., dO(l+1)

w
(l)
oldi,j

≤ Gl

)
.

So we will have that:

η · dJ

dwoldi,j

≤ η · α(depth−l) ·Gl ≤ α(depth−l) · Bl, (9.13)

where Bl is an upper bound on the product of the learning rate η with Gl, i.e. Bl = η ·Gl.

20 Lemma 22 Proof

Lemma 22 While model’s loss, through gradients, flows backwards some weight elements do
not receive updates, because we have dying ReLUs (i.e. ReLUs outputting zero) [126]. The total
number of weight elements getting updated at layer l is bounded by:

#{w(l)
i,j} ≤ p(dep−l) · d2,

where d is the largest of the two dimensions ofW (l), i.e. there are at most d2 elements inW (l),
if it is a square matrix.

Proof: Let us assume that the number of weights that get updated is reduced as the gradient
flows backward. This is due to the fact that, the further the gradient “travels” the more
gradients of ReLUs will exist within it. Hence the greater is the probability at least one of
them to be zero. In fact, we define the probability of a weight element to get updated and
the number of weight elements to be updated in layer l as:

P{w(l)
i,j = updated} = p(depth−l).

#{w(l)
i,j} = p(depth−l) · (i · j) ≤ p(depth−l) · d2. (9.14)

Where i, j are the dimensions of the weight matrix and d is the largest of them.
The probability for a weight element to get updated has the aforementioned form, because
we have used the Assumption 20 regarding the probability of a ReLU unit not to output
zero, which is at most p. Thus, the probability of getting updated is the probability of the
gradient flowing backwards to reach the weight element, which in turn means not to have
any ReLU component equal to zero.
The total number of elements that get updated is upper bounded (using union bound) on the
sum of the probabilities of all elements of the weight matrix. In fact, every weight matrix
has i · j elements where i, j are the matrix dimensions and d = max(i, j).
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21 Theorem 23 &Theorem 24 Proofs

Theorem 23The upper bound of the largest singular value of the weight matrixW (l) at layer
l for a GNN model, utilizing a ReLU activation function, depends on the slope of the function.
That bound is given per layer and shows the effect of each iteration of updates on the weight
matrix. We denote withWold andWnew the weight matrices before and after the update during
an iteration of the training process respectively.

max(sl(W
(l)
new)) ≤ ||W (l)

old||F +
√
3 · p(

dep−l
2 ) · d · α(dep−l) · Bl,

where Bl = η · Gl, dep is network’s depth, d is the largest dimension of W (l) matrix, p is the
upper bound of the probability of ReLU not to output zero and α is ReLU’s slope.

Proof: Regarding the singular values of a matrix (denoted by sl), it is known that:

max(sl(W
(l))) = ||W (l)||2 ≤ ||W (l)||F =

√∑
|w(l)

i,j |2,

the matrix here beingW (l), the weight matrix at layer l. Based on Lemma 21, a new weight,
during the weight update process will be given by: wnew ∼ α(depth−l) ·Bl. Since only #{w(l)

i,j}
weight elements are getting updated per layer (Lemma 22), in each iteration the Frobenius
norm increases by a value, that depends on layer index, depth and slope. Specifically, if we
define α(depth−l) · Bl = Kl, in order to simplify the formulas, we have:

max(sl(W
(l)
new)) ≤ ||W (l)

new||F =
√∑

|w(l)
newi,j |2 −→

max(sl(W
(l)
new)) ≤

√ ∑
updated

|w(l)
newi,j |2 +

∑
not_updated

|w(l)
newi,j |2

9.13−−→

max(sl(W
(l)
new)) ≤

√ ∑
updated

|w(l)
oldi,j

+Kl|2 +
∑

not_updated

|w(l)
oldi,j

|2 −→

max(sl(W
(l)
new)) ≤

√ ∑
updated

(
|w(l)

oldi,j
|2 + |Kl|2 + 2w

(l)
oldi,j

Kl

)
+

∑
not_updated

|w(l)
oldi,j

|2

Using the fact that w(l)
oldi,j

<= Kl, because Kl contains an exponential term and weights
are initialized to values close to zero we get:

max(sl(W
(l)
new)) ≤

√ ∑
updated

(
|w(l)

oldi,j
|2 + 3|Kl|2

)
+

∑
not_updated

|w(l)
oldi,j

|2
√
A+B≤

√
A+

√
B−−−−−−−−−−→

max(sl(W
(l)
new)) ≤

√ ∑
updated

|w(l)
oldi,j

|2 +
∑

not_updated

|w(l)
oldi,j

|2 +
√ ∑

updated

3|Kl|2
Lemma2(9.14)−−−−−−−−→
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In the second square root we sum over the updated weight elements andKl is independent
of them. Hence, we get:

max(sl(W
(l)
new)) ≤ ||W (l)

old||F +

√
3|Kl|2 · #{w(l)

i,j}

max(sl(W
(l)
new)) ≤ ||W (l)

old||F +
√
3 · |Kl| · p(

depth−l
2 ) · d

max(sl(W
(l)
new)) ≤ ||W (l)

old||F +
√
3 · p(

depth−l
2 ) · d · α(depth−l) · Bl.

So the slope of the function determines the upper bound of the Frobenius normwhile train-
ing. In turn this norm is directly connected as an upper bound to the largest singular value
of the matrix. In the aforementioned proof we have used previously defined Lemmas and
Assumptions.

Theorem 24The lower bound of the largest singular value of the weight matrix W (l) at layer
l for a GNN model, utilizing ReLU activation function depends on the slope of the function.
That bound is given per layer and shows the effect of each iteration of updates on the weight
matrix. We denote withWold andWnew the weight matrices before and after the update during
an iteration of the training process respectively.

max(sl(W
(l)
new)) ≥

√
2
√
3 ·max(w

(l)
oldi,j

) · B′
l · α

dep−l
2 , (9.15)

where B′
l = η · Ll, Ll is the lower bound to the gradient with respect to the output of the

subsequent layer
(

dO(l+1)

w
(l)
oldi,j

≥ Ll

)
, dep is the network’s depth and α is ReLU’s slope.

Proof: Let e1, ..., en denote the canonical basis of Rn. Let Ll is the lower bound to the
gradient with respect to the output of the subsequent layer, i.e., Ll is the lower bound in a

similar way that Gl is the upper bound
(

dO(l+1)

w
(l)
oldi,j

≥ Ll

)
. We define B′

l as B′
l = ηLl and set

K ′
l = α(depth−l)B′

l .

max(sl(W
(l))) ≥ ||W (l)ej|| =

√√√√ d∑
i=1

(
w

(l)
i,j

)2
≥ max(w

(l)
i,j ) −→

max(sl(W
(l)
new)) ≥

√√√√ d∑
i=1

(
w

(l)
newi,j

)2
−→

max(sl(W
(l)
new)) ≥

√√√√ d∑
i=1

(
w

(l)
oldi,j

)2
+
∑

updated

3(K ′
l)

2
at least one update−−−−−−−−−→

max(sl(W
(l)
new)) ≥

√√√√ d∑
i=1

(
w

(l)
oldi,j

)2
+ 3(K ′

l)
2 at most d elements−−−−−−−−−→

max(sl(W
(l)
new)) ≥

√
(max(w

(l)
oldi,j

))2 + 3(K ′
l)

2

√
A+B≥

√
2(A·B)1/4−−−−−−−−−−−→
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max(sl(W
(l)
new)) ≥

√
2
√
3 ·max(w

(l)
oldi,j

) ·K ′
l −→

max(sl(W
(l)
new)) ≥

√
2
√
3 ·max(w

(l)
oldi,j

) · B′
l · α

depth−l
2 .

22 Modifying learning rate: LR2GNN
As discussed in the main text, an alternative to changing the slope of ReLU is to modify
the learning rate. In order to test this hypothesis and compare the results to the modified
activation function, we performed some preliminary experiments with GCN. In these ex-
periments, we determined a different learning rate per layer, using the validation part of
each dataset and the chosen values are shown in Table 9.8. We did this only for the first
8 layers, as the process of tuning the rate proved very cumbersome and time-consuming.
The main observation seems to be the improved performance over the vanilla GCN for the
three simpler datasets, coupled with a low accuracy for the Texas dataset. The comparison
against the modified activation function seems inconclusive, but the latter approach wins
due to its simplicity. If one opted for the modified learning rate, a method to automatically
adapt the rate in different layers would be needed. Deeper architectures extend the com-
plexity and the pool, from which we would have to find the proper values of learning rates.
Worth to mention, combining different values of LR per layer with Slope2GNN results in
negligible improvements.

Table 9.8: Preliminary results of modifying the learning rate of GCN on Cora, CiteSeer,
Pubmed and Texas datasets. The graph displays test accuracy of an 8-layer GCN,
using the aforementioned learning rates.

Layer index 0 1 2 3 4 5 6 7
Learning Rate 3 · 10−3 10−4 10−5 5 · 10−5 10−5 10−4 10−4 10−4

Cora Accuracy: 76.43 CiteSeer Accuracy: 64.96 Pubmed Accuracy: 78.82
Texas Accuracy: 16.32

23 Extended Experiments
Extended experimentation, regular datasets:
Table 9.9 is an expanded version of Table 7.1 (of the main text), showing average test node
classification accuracy along with the respective standard deviations. We have also in-
cludedGCNII [11], which is one of the best performingGNNs utilizing residual connections.
GCNII reduces oversmoothing through “short circuiting” initial information to subsequent
layers of the model. The aim of the comparison against GCNII is to show that by changing
the slope of ReLU simple models are capable of producing comparable (up to a limit) results
to more sophisticated architectures, that use residual connections.
Extended “Cold start”:
Table 9.10 is an expanded version of Table 7.2 (of the main text) including (a) the per-
formance of the GCNII method, (b) standard deviations for all models, (c) preliminary re-
sults on two additional datasets called Computers and Amazon from [147]. The “cold start”
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Table 9.9: Performance comparison of vanilla GCN and GAT against SeLU and Slope2GNN
enhanced versions of the same models, in Cora, CiteSeer, Pubmed, Texas. We
include GCNII [11] in the comparison. Average test node classification accu-
racy (%) and standard deviation for networks of different depth. With bold the
best performing method for each model (i.e., GCN, GAT and GCNII), depth and
dataset.

Accuracy (%) and standard deviation

Dataset Method # Layers
2 4 8 16 32 64

Cora

GCN 81.38± 0.5 78.09± 1.8 23.56± 9.2 14.92± 6.4 14.02± 3.5 12.48± 2.9
GCN(Slope2GNN) 81.84± 0.3 80.39± 0.9 76.54± 1.5 76.81± 2.2 73.21± 1.7 61.59± 4.7
GCN(SELU) 81.74± 0.4 79.85± 0.7 79.41± 0.5 76.38± 1.1 68.77± 5.7 26.85± 4.0
GAT 77.79± 1.5 78.06± 1.6 33.11± 9.2 15.53± 9.0 14.67± 4.5 15.18± 5.5
GAT(Slope2GNN) 77.81± 2.2 79.54± 1.2 78.33± 2.5 75.00± 1.9 69.62± 2.4 24.17± 9.5
GAT(SELU) 76.59± 2.2 79.33± 1.1 78.19± 1.1 74.92± 1.6 69.36± 4.3 30.55± 4.9
GCNII 82.32± 0.6 82.89± 0.6 83.99± 0.5 84.77± 0.7 84.96± 0.7 85.39± 0.6

CiteSeer

GCN 70.52± 0.6 65.21± 1.0 32.54± 9.3 17.73± 4.9 16.69± 4.8 17.65± 4.2
GCN(Slope2GNN) 70.55± 0.4 67.57± 0.7 65.80± 1.2 57.10± 4.3 47.20± 3.8 46.46± 4.2
GCN(SELU) 69.91± 0.4 67.53± 0.6 67.27± 0.9 61.99± 1.9 47.90± 9.2 27.10± 7.6
GAT 69.04± 1.4 63.98± 2.8 31.33± 7.0 17.80± 1.9 18.67± 2.8 13.35± 4.3
GAT(Slope2GNN) 68.24± 1.2 67.27± 1.0 65.55± 2.0 56.13± 2.5 49.16± 4.5 26.24± 3.5
GAT(SELU) 66.81± 1.5 67.24± 1.1 67.58± 1.1 62.23± 3.8 52.97± 6.4 20.42± 2.8
GCNII 68.05± 0.7 67.75± 1.3 70.90± 0.5 72.69± 0.4 72.68± 0.4 72.77± 0.9

Pubmed

GCN 77.65± 0.3 76.75± 0.7 49.08± 9.7 28.95± 9.9 38.49± 9.8 31.73± 9.9
GCN(Slope2GNN) 78.34± 0.1 76.46± 1.0 75.00± 1.4 76.35± 1.7 75.78± 2.1 71.68± 1.7
GCN(SELU) 77.80± 0.2 74.09± 1.3 73.43± 1.1 76.11± 2.1 71.80± 4.3 40.90± 0.9
GAT 77.33± 0.7 76.34± 1.3 55.86± 7.5 29.88± 9.9 29.34± 9.9 28.62± 9.9
GAT(Slope2GNN) 77.02± 0.7 75.59± 1.1 74.20± 1.7 73.81± 2.4 74.63± 1.1 38.01± 5.7
GAT(SELU) 76.83± 1.0 72.62± 1.2 71.93± 1.8 74.27± 2.7 73.60± 2.2 41.00± 0.3
GCNII 78.57± 0.6 79.09± 0.4 79.85± 0.5 79.70± 0.3 79.77± 0.2 79.65± 0.3

Texas

GCN 59.01± 2.7 59.55± 7.7 57.48± 6.5 39.91± 0.7 25.50± 0.6 27.39± 0.9
GCN(Slope2GNN) 57.93± 4.2 57.66± 5.0 57.18± 6.2 57.21± 6.4 55.79± 6.5 46.31± 4.1
GCN(SELU) 59.01± 2.7 58.02± 5.0 56.85± 6.2 52.88± 6.6 55.77± 6.2 58.38± 6.8
GAT 59.54± 4.2 58.28± 6.5 57.65± 6.7 41.71± 4.0 18.64± 2.9 06.76± 1.9
GAT(Slope2GNN) 56.67± 4.3 57.39± 5.2 56.85± 6.0 57.53± 6.1 54.14± 6.5 41.44± 2.3
GAT(SELU) 57.21± 5.0 58.65± 5.8 57.47± 4.5 57.44± 6.9 57.75± 6.4 56.30± 5.1
GCNII 69.37± 2.9 70.72± 4.3 72.07± 2.5 70.00± 2.2 71.26± 1.6 71.35± 1.1

problem requires deeper models, because nodes containing informative feature vectors are
located further from each test node. Thus, architectures that utilize deep GNNs could effec-
tively address the problem, if they avoid oversmoothing. The proposed method effectively
enables deep architectures using simple models (i.e., GCN, GAT). Additionally, the new
datasets indicate that the simple methods may perform better than more advanced ones,
when assisted by our method. Removing the features of non-training nodes might be a real
case scenario (although an extreme one) when it comes to recommender systems.
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Table 9.10: Comparison of different models and activation functions on the “cold start”
problem. We show accuracy percentage (%) and standard deviation on the test
set using GCN and GAT as backbone GNN models and GCNII as a representa-
tive of residual GNNs. Only the features of the nodes in the training set, are
available to the model. We also show at what depth (i.e. # Layers) each model
achieves its best accuracy.

Dataset Method Accuracy (%) & std #L

Cora

GCN 64.85± 1.2 4
GCN(Slope2GNN) 73.47± 0.9 19
GCN(SeLU) 73.00± 1.5 22
GAT 59.74± 1.2 3
GAT(Slope2GNN) 72.78± 1.4 20
GAT(SeLU) 72.65± 1.6 23
GCNII 73.40± 1.0 5

CiteSeer

GCN 41.94± 0.3 4
GCN(Slope2GNN) 49.88± 1.1 21
GCN(SeLU) 49.30± 1.2 19
GAT 38.50± 4.7 4
GAT(Slope2GNN) 49.63± 0.9 26
GAT(SeLU) 49.38± 1.3 20
GCNII 59.84± 3.0 31

Pubmed

GCN 60.16± 5.4 4
GCN(Slope2GNN) 72.61± 0.8 32
GCN(SeLU) 72.50± 0.8 23
GAT 50.45± 8.9 4
GAT(Slope2GNN) 71.14± 1.5 32
GAT(SeLU) 71.41± 1.7 26
GCNII 78.25± 0.6 7

Texas

GCN 32.40± 6.8 4
GCN(Slope2GNN) 33.33± 6.9 6
GCN(SeLU) 31.62± 5.9 3
GAT 30.10± 8.5 2
GAT(Slope2GNN) 31.00± 5.9 4
GAT(SeLU) 30.81± 5.8 2
GCNII 57.66± 0.0 1

Dataset Method Accuracy (%) & std #L

Computers

GCN 18.43± 9.5 15
GCN(Slope2GNN) 77.07± 1.9 5
GCN(SeLU) 76.90± 2.0 5
GAT 13.10± 8.5 5
GAT(Slope2GNN) 71.94± 2.0 13
GAT(SeLU) 71.81± 5.1 8
GCNII 61.00± 7.0 31

Photo

GCN 16.00± 6.0 4
GCN(Slope2GNN) 82.07± 1.7 5
GCN(SeLU) 81.15± 3.5 4
GAT 13.87± 7.4 8
GAT(Slope2GNN) 77.53± 4.3 14
GAT(SeLU) 77.40± 4.1 15
GCNII 53.80± 3.2 32
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Slope sensitivity results:
The choice of slope (i.e., α = 2) that we proposed is based on Equation 7.5 (of the main
text). We have verified experimentally that this slope value helps to reduce the effect of
oversmoothing. However, this is not the only slope value that could be used. Therefore, we
experimented with other slope values and present the results in Figure 9.31. Based on the
Figure, it is evident that any value between 1.8 and 2.2 reduces oversmoothing, making the
exact choice of value less important.
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Figure 9.31: Comparison of test performance accuracy (%) of GCN and GAT with varying
slope values in Cora, CiteSeer and Pubmed. We show the accuracy of the mod-
els in y-axis, while increasing their depth.

Visualising the effect of oversmoothing:
In order to understand the effect of oversmoothing in GNNs and show how our method
alleviates it, we visualise node representations using t-SNE [142] for varying depth mod-
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els. Figures 9.32, 9.33 and 9.34 visualise the representations for different depth levels and
different ReLU slope values. Ideally, we would like nodes of the same color (same class) to
be close together and well-separated from other classes. In all three datasets, we observe
how oversmoothing (at slope = 1) leads to a mixing of the classes. We also see how the
situation changes for slope = 2. In those graphs, node representations do not rapidly mix
as the depth of the network increases.
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Figure 9.32: t-SNE of node representations of GCN and GAT on Cora, while increasing
model’s depth. Upper (lower) 4 figures show the results without (with) our
method.
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Figure 9.33: t-SNE of node representations of GCN and GAT on CiteSeer, while increasing
model’s depth. Upper (lower) 4 figures show the results without (with) our
method.
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Figure 9.34: t-SNE of node representations of GCN and GAT on Pubmed, while increasing
model’s depth. Upper (lower) 4 figures show the results without (with) our
method.
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24 Dataset Statistics

Table 9.11: The statistics of all datasets used in this work.

Datasets # Nodes # Edges # Classes # Features
Cora 2708 10556 7 1433

CiteSeer 3327 9104 6 3703
Pubmed 19717 88648 3 500
Physics 34493 495924 5 8415

CS 18333 163788 15 6805
Photo 7650 238162 8 745

Computers 13752 491722 10 767
Arxiv 169343 1166243 40 128
Texas 183 309 5 1703
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