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Περίληψη

Τα ϐαθιά νευρωνικά δίκτυα µε υπολειµµατικές συνδέσεις (Υπολλειµατικά Νευρωνικά

∆ίκτυα - ΥΝ∆) έχουν επιδείξει αξιοσηµείωτη επιτυχία σε διάφορους τοµείς, αλλά η αύξηση

του ϐάθους τους συχνά εισάγει υπολογιστικό κόστος χωρίς αντίστοιχες ϐελτιώσεις στην

ποιότητα των αναπαραστάσεων που µαθαίνουν. Σε αυτήν την εργασία, παρουσιάζουµε τα

Αυτο-Συµπιεζόµενα ∆ίκτυα (ΑΣ∆), µια αρχιτεκτονική παραλλαγή των ΥΝ∆ όπου οι σύντοµες

υπολειµµατικές συνδέσεις αντικαθιστόνται από προσθετικές µακρινές εµπρόσθιες συνδέσεις

από κάθε στρώµα στην έξοδο. Αναλύοντας την δοµή που επιφέρει αυτήν η τροποποίηση στο

δίκτυο, αποκαλύπτουµε µια µοναδική ιδιότητα των ΑΣ∆ που ονοµάζουµε αυτο-συµπίεση—την

ικανότητα ενός δικτύου να συµπιέζει την πληροφορία κατά τη διάρκεια της εκπαίδευσης σε

ένα υποσύνολο των συνολικών στρωµάτων του, αυτόµατα µέσω αρχιτεκτονικού σχεδιασµού.

Εξετάζοντας την αρχιτεκτονική, δείχνουµε ϑεωρητικά ότι αυτή η ιδιότητα προκύπτει από

µοτίβα εκπαίδευσης στρώµα µε στρώµα (layer-wise) στα ΑΣ∆, όπου τα στρώµατα χρησι-

µοποιούνται δυναµικά κατά τη διάρκεια της εκπαίδευσης ϐάσει των απαιτήσεων του προβ-

λήµατος στο οποίο εκπαιδεύονται. Επιπλέον εξηγούµε µαθηµατικά και δείχνουµε εµπειρικά

ότι η αυτο-συµπίεση δεν συµβαίνει στα ΥΝ∆ ή στα απλα Εµπρόσθια Νευρωνικά ∆ίκτυα (ΕΝ∆).

Στη συνέχεια, διαπιστώνουµε πειραµατικά ότι τα ΑΣ∆ παρουσιάζουν ενισχυµένη ανθεκ-

τικότητα στο ϑόρυβο σε σύγκριση µε τα υπολειµµατικά δίκτυα, ανώτερη επίδοση σε περιβάλ-

λοντα χαµηλών δεδοµένων, ϐελτιωµένες ικανότητες µεταφοράς µάθησης, και ξεχνούν σηµαν-

τικά λιγότερο (catastrophic forgetting), συγκεκριµένα έως και 18% λιγότερο, σε συνθήκες

διαρκούς µάθησης, προτείνοντας ότι µαθαίνουν αναπαραστάσεις που γενικεύουν καλύτερα

παρά τη χρήση λιγότερων παραµέτρων. Τα πειραµατικά αποτελέσµατά της παρούσας ερ-

γασίας δείχνουν 30-80% αρχιτεκτονική συµπίεση µε διατήρηση υψηλής επίδοσης σε προβ-

λήµατα όρασης και ϕυσικής γλώσσας όταν τα ΑΣ∆ ενσωµατώνονται σε διάφορες αρχιτεκ-

τονικές όπως Vision transformers, MLP-mixers, και BERT. Επιπλέον, δείχνουµε ότι όταν

συνδυάζουµε τα ΑΣ∆ µε παραδοσιακές τεχνικές κλαδέµατος (pruning), το κέρδος συµπίεσης

διατηρείται και η αυτο-συµπίεση λειτουργεί συµπληρωµατικά. Συνολικά, τα ευρήµατα της

παρούσας εργασίας καθιστούν τα ΑΣ∆ ως µια πρακτική προσέγγιση για την ανάπτυξη

αποδοτι-κών νευρωνικών αρχιτεκτονικών που προσαρµόζουν αυτόµατα το υπολογιστικό τους

αποτύπωµα στην πολυπλοκότητα του εκάστοτε προβλήµατος.

Λέξεις Κλειδιά

Βαθιά Μάθηση, Αρχιτεκτονικές Νευρωνικών ∆ικτύων, Μάθηση Αναπαραστάσεων, Υπ-

ολλειµατική Μάθηση, ∆ιαρκής Μάθηση, Συµπίεση
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Abstract

Deep neural networks with short residual connections have demonstrated remarkable

success across domains, but increasing depth often introduces computational redun-

dancy without corresponding improvements in representation quality, while potentially

harming generalization in certain cases. In this work, we introduce Auto-Compressing

Networks (ACNs), an architectural variant where additive long feedforward connections

from each layer to the output replace traditional short residual connections. By ana-

lyzing the distinct dynamics induced by this modification, we reveal a unique property

we coin as auto-compression—the ability of a network to organically compress informa-

tion during training with gradient descent, through architectural design alone. Through

auto-compression, information is dynamically "pushed" into early layers during training,

enhancing their representational quality and revealing potential redundancy in deeper

ones, resulting in a sparse yet powerful network at inference. We theoretically show that

this property emerges from layer-wise training patterns present in ACNs, where layers are

dynamically utilized during training based on task requirements. We also find that ACNs

exhibit enhanced noise robustness compared to residual networks, superior performance

in low-data settings, improved transfer learning capabilities, and mitigate catastrophic

forgetting suggesting that they learn representations that generalize better despite using

fewer parameters. Our results demonstrate up to 18% reduction in catastrophic for-

getting and 30-80% architectural compression while maintaining accuracy across vision

transformers, MLP-mixers, and BERT architectures. Furthermore, we demonstrate that

when coupling ACNs with traditional pruning techniques, the compression gain persists

and enables significantly better sparsity-performance trade-offs compared to conventional

architectures. These findings establish ACNs as a practical approach to developing effi-

cient neural architectures that automatically adapt their computational footprint to task

complexity, while learning robust representations suitable for noisy real-world tasks and

continual learning scenarios.

Keywords

Deep Learning, Neural Network Architectures, Representation Learning, Residual

Learning, Continual Learning, Compression
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0.1 Εισαγωγή

Τα ϐαθιά νευρωνικά δίκτυα έχουν επιτύχει εντυπωσιακά αποτελέσµατα σε ένα ευϱύ

ϕάσµα εφαρµογών, από την αναγνώριση εικόνων έως την επεξεργασία ϕυσικής γλώσ-

σας (10; 11; 12). Παϱά την επιτυχία τους, αυτά τα µοντέλα είναι υπολογιστικά πολύ

ακϱιϐά µε συχνές αποτυχίες στη γενίκευση σε νέα πεδία διαφορετικά από τα συνολά εκ-

παίδευσης τους, σε αντίθεση µε τα ϐιολογικά νευρωνικά δίκτυα που είναι σηµαντικά πιο

αποδοτικά και ευέλικτα. Η εισαγωγή των Υπολειµµατικών ∆ικτύων (ResNets) αποτέλεσε

σηµαντικό ϐήµα πϱος την κατεύϑυνση της αύξησης της επίδοσης και λειτουργικότηταςτων

νευρωνικών δικτύων και αποτέλεσε την ϐάση της Βαθιάς Μάϑησης, επιτρέποντας την εκ-

παίδευση πολύ ϐαθέων αρχιτεκτονικών µε εκπληκτικά αποτελέσµατα. Από την άλλη, αρκετές

ϕοϱές η αύξηση του ϐάϑους δεν οδηγεί σε αντίστοιχα ωϕέλη ως πϱος την ποιότητα των ανα-

παραστάσεων (13), ενώ αυξάνει σηµαντικά το υπολογιστικό κόστος, ενώ µποϱεί να επιϕέϱει

και αρνητική επίδραση στην ικανότητα γενίκευσης του δικτύου (14; 15). Στην παϱούσα

εργασία, παρουσιάζουµε τα Αυτο-ΣυµπιεϹόµενα ∆ίκτυα (ΑΣ∆), µια νέα αρχιτεκτονική παρ-

αλλαγή των υπολλειµατικών δικτύων, που αξιοποιεί την ιδιότητα της αυτο-συµπίεσης για

να επιτύχει καλύτεϱη αποδοτικότητα και γενίκευση, χρησιµοποιώντας το ϐάϑος δυναµικά

ανάλογα µε την ϕύση και την δυσκολία του προβλήµατος. Στην συνέχεια, αρχικά συϹητάµε

το ϑεωρητικό υπόβαθρο απαϱαίτητο για την κατανόηση της εργασίας και έπειτα παρουσιά-

Ϲουµε και αναλύουµε λεπτοµερώς τα ΑΣ∆ και τις ιδιότητές τους, τόσο ϑεωρητικά όσο και

πρακτικά, συγκρίνοντας τα µε τα Υπολλειµατικά Νευρωνικά ∆ίκτυα (ΥΝ∆) και τα Εµπρόσθια

Νευρωνικά ∆ίκτυα (ΕΝ∆).

0.2 Θεωϱητικό Υπόϐαϑϱο

Σε αυτήν την ενότητα, παρουσιάζουµε συνοπτικά το ϑεωρητικό υπόβαθρο που είναι

σχετικό και χϱήσιµο για την παϱούσα εργασία. Πϱώτα κάνουµε µια σύντοµη ανασκόπηση

στο πεδίο της Μηχανικής Μάϑησης, στην συνέχεια συϹητάµε το πεδίο της Μάϑησης Ανα-

παραστάσεων και τέλος παρουσιάζουµε τις ϐασικές ιδέες και δουλειές των αρχιτεκτονικών µε

πολλαπλά µονοπάτια.

0.2.1 Μηχανική Μάϑηση

Τύποι Μάϑησης

• Η επιϐλεπόµενη µάϑηση (16) ϐασίϹεται σε ένα σύνολο δεδοµένων που πεϱιέχει Ϲεύγη

εισόδου-εξόδου, D = {(x1, y1), . . . , (xn, yn)}. Σκοπός είναι η εκµάϑηση της συσχέτισης
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µεταξύ της εισόδου x και της επιϑυµητής εξόδου y (ονοµάϹεται και ετικέτα), ώστε το

µοντέλο να πϱοϐλέπει σωστά τις εξόδους για νέες, άγνωστες εισόδους. Εάν οι έξοδοι

είναι κατηγοϱικές (διακϱιτές τιµές), πϱόκειται για πϱόϐληµα ταξινόµησης, ενώ αν είναι

συνεχείς, πϱόκειται για παλινδϱόµηση.

• Η µη επιβλεπόµενη µάϑηση (16) χρησιµοποιεί µόνο δεδοµένα εισόδου, χωϱίς αντίσ-

τοιχες ετικέτες, δηλαδή D = {x1, . . . , xn}. Ο στόχος είναι η ανακάλυψη εσωτεϱικών

δοµών, σχέσεων ή συσχετίσεων στα δεδοµένα, µέσω τεχνικών όπως η οµαδοποίηση

(clustering) ή η µείωση διαστάσεων.

• Η ενισχυτική µάϑηση (17) στηρίζεται σε έµµεση ανατροφοδότηση, χωϱίς την ύπαϱξη

ακϱιϐών ετικετών αλλά συνήϑως ϑετικού ή αρνητικού σήµατος (επιβράβευση ή τιµωϱία).

Ο αλγόριθµος µαθαίνει µέσω δοκιµών και σϕαλµάτων, λαµβάνοντας ενίσχυση (π.χ.

ϑετική ή αρνητική ανταµοιβή) ανάλογα µε την απόδοση των ενεργειών του σε ένα

περιβάλλον.

∆ιακϱίσεις Μοντέλων Μια συνήϑης διάκϱιση των µοντέλων µηχανικής µάϑησης είναι σε

παϱαµετϱικά και µη-παϱαµετϱικά µοντέλα (16). Στα παϱαµετϱικά µοντέλα, ο αϱιϑµός των

παϱαµέτϱων είναι σταϑεϱός και ανεξάϱτητος από το πλήϑος των δεδοµένων εκπαίδευσης.

Είναι γενικά αποδοτικά σε υπολογιστικό επίπεδο και εύκολα στην εκπαίδευση, αλλά µποϱεί

να υστεϱούν σε εκϕϱαστικότητα. Αντίϑετα, τα µη-παϱαµετϱικά µοντέλα πϱοσαϱµόϹουν τη

δοµή τους ανάλογα µε τον όγκο των δεδοµένων, αποκτώντας µεγαλύτεϱη ευελιξία αλλά και

αυξηµένες υπολογιστικές απαιτήσεις.

Μια δεύτεϱη σηµαντική διάκριση είναι µεταξύ γραµµικών και µη-γϱαµµικών µοντέλων.

Τα γραµµικά µοντέλα ορίζουν την έξοδο ως γραµµική συνάϱτηση των εισόδων και είναι

κατάλληλα για προβλήµατα µε απλές, γραµµικά διαχωρίσιµες σχέσεις. Παϱέχουν καλή

κατανόηση και είναι υπολογιστικά αποδοτικά, αλλά αδυνατούν να αποδώσουν πολύπλοκα

µοτίϐα. Τα µη-γϱαµµικά µοντέλα, όπως τα νευρωνικά δίκτυα, είναι ικανά να µοντελοποιή-

σουν πολύπλοκες εξαρτήσεις, µε τίµηµα όµως την ανάγκη για πιο σύνθετους αλγορίθµους

εκπαίδευσης και αυξηµένους πόϱους.

Μη Γϱαµµικοί Μετασχηµατισµοί Εισόδου ΄Ενα κλασικό παϱάδειγµα που αναδεικνύει

την ανάγκη για µη-γϱαµµικούς µετασχηµατισµούς (δηλαδή µη-γϱαµµικά µοντέλα) είναι το

πϱόϐληµα ταξινόµησης XOR. ΄Εστω είσοδοι x = (x1, x2) ∈ {−1, 1}2 και ετικέτα y = x1 ⊕ x2,

όπου ⊕ είναι η λογική πϱάξη XOR. Τα Ϲεύγη εισόδου-εξόδου είναι:

(−1,−1) 7→ 0, (−1, 1) 7→ 1, (1,−1) 7→ 1, (1, 1) 7→ 0

Το πϱόϐληµα δεν είναι γραµµικά διαχωρίσιµο στο αρχικό χώϱο, δηλαδή δεν υπάρχει

γραµµικό µοντέλο (ευθεία) που να ταξινοµεί σωστά όλα τα σηµεία, όπως ϕαίνεται στο

Σχήµα 1. Ωστόσο, µε έναν µη-γϱαµµικό µετασχηµατισµό, όπως φ(x) = (x1, x1 · x2), τα

σηµεία απεικονίζονται σε νέο χώϱο χαρακτηριστικών όπου γίνονται γραµµικά διαχωρίσιµα

και µποϱούν να διαχωρίστούν επιτυχώς. ΤΟ ΧΟR αποτελεί ένα από παϱάδειγµα που

αναδεικνύει τη σηµασία των µη-γϱαµµικών µετασχηµατισµών στη µηχανική µάϑηση.
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Σχήµα 1. Το Πρόβληµα XOR.

Εκπαίδευση Μοντέλων Η εκπαίδευση πεϱιλαµϐάνει τη χϱήση µιας συνάϱτησης κόστους

(loss function) που µετϱά την απόδοση του µοντέλου και ενός αλγοϱίϑµου εκπαίδευσης που

πϱοσαϱµόϹει τις παϱαµέτϱους. Για παϱάδειγµα, σε ένα πϱόϐληµα επιϐλεπόµενης µάϑησης,

η συνάϱτηση κόστους µετϱάει πόσο κοντά η έξοδος του µοντέλου είναι στην σωστή ετικέτα. Ο

αλγόϱιϑµος εκπαίδευσης ουσιαστικά εκϕϱάϹει µαϑηµατικά το πως πϱέπει να µεταϐληϑούν

οι παϱάµετϱοι του µοντέλου (µιλώντας για παϱαµετϱικά µοντέλα) έτσι ώστε να ϐελτωϑεί η

συνάϱτηση κόστους.

Τεχνητά Νευρωνικά ∆ίκτυα Τα τεχνητά νευρωνικά δίκτυα (ΤΝ∆) αποτελούν ϐασική κατη-

γορία παϱαµετϱικών µοντέλων στη µηχανική µάϑηση, εµπνευσµένα από τη δοµή των ϐι-

ολογικών νευρωνικών δικτύων στον εγκέφαλο (18; 19). ΄Ενα ΤΝ∆ αποτελείται από κόµβους

(νευϱώνες) και σταθµισµένες συνδέσεις, οργανωµένες σε στρώµατα. Στην απλούστεϱη µοϱϕή

τους, τα εµπρόσθια νευρωνικά δίκτυα (ΕΝ∆), η είσοδος x ∈ Rd
πεϱνά διαδοχικά από στρώ-

µατα όπου εφαρµόζονται δύο ϐασικές λειτουργίες: άθροισµα σταθµισµένο από τα ϐάϱη

των ακµών και µη-γϱαµµικές συναρτήσεις ενεργοποίησης.

Για παϱάδειγµα, ένα µονοστϱωµατικό νευϱωνικό δίκτυο υπολογίϹει:

y = f (x) = φ

 d∑
i=1

θixi + b

 = φ(θ⊤x + b),

όπου θi είναι τα ϐάϱη, b η παϱάµετϱος µετατόπισης (bias) και φ η µη-γϱαµµική

συνάϱτηση ενεργοποίησης, π.χ. ReLU, sigmoid ή tanh.

Οι παϱάµετϱοι θ "µαϑαίνονται" από τα δεδοµένα κατά την εκπαίδευση, ώστε το δίκτυο

να παϱάγει σωστές πϱοϐλέψεις (δηλαδή σωστές ετικέτες σε σενάϱιο επιϐλεπόµενης µάϑησης)

ŷi = f (xi ; θ) για κάϑε δείγµα (xi , yi) του συνόλου εκπαίδευσης.

Εκπαίδευση Νευρωνικών ∆ικτύων Η εκπαίδευση νευρωνικών δικτύων γίνεται κυϱίως

µε τη µέϑοδο της οπισθοδιάδοσης (backpropagation) (20), η οποία χρησιµοποιεί τον

κανόνα της αλυσίδας για να υπολογίσει τις παραγώγους της συνάϱτησης κόστους ως πϱος τις

παϱαµέτϱους του δικτύου. Περιλαµβάνει ένα πϱοωϑητικό πέϱασµα (forward pass), κατά το

οποίο υπολογίζεται η έξοδος του µοντέλου και η συνάϱτηση κόστους, και ένα οπισθοδροµικό
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(backward pass), κατά το οποίο διαδίδονται οι παράγωγοι και πραγµατοποιείται ανανέωση

των ϐαϱών.

Βαϑιά Μάϑηση Η ϐαϑιά µάϑηση εστιάϹει στη χϱήση ϐαϑιών νευϱωνικών δικτύων µε πολλά

στϱώµατα για την εκµάϑηση πολύπλοκων µη γϱαµµικών συναϱτήσεων (21). Το πλεονέκτηµα

τους είναι ότι µαϑαίνουν αυτόµατα από τα δεδοµένα ιεϱαϱχίες αναπαϱαστάσεων, οδηγώντας

σε καλή απόδοση σε πεϱίπλοκα πϱοϐλήµατα του πϱαγµατικού κόσµου όπως η αναγνώϱιση

εικόνας ή η κατανόηση γλώσσας. Οι κυϱιότεϱες αϱχιτεκτονικές νευϱωνικών δικτύων που

χϱησιµοποιούνται στην Βαϑιά Μάϑηση είναι:

• Εµπϱόσϑια Νευρωνικά ∆ίκτυα (ΕΝ∆) (18; 19): Αποτελούνται από διαδοχικά πλήϱως

συνδεδεµένα στρώµατα (συνδέσεις από κάϑε νευϱώνα σε κάϑε νευϱώνα του επόµενου

στρώµατος), όπου κάϑε επίπεδο εφαρµόζει έναν γραµµικό µετασχηµατισµό και µια

µη-γϱαµµική συνάϱτηση ενεργοποίησης (όπως προηγουµένως). Επιτρέπουν την εκ-

µάθηση σύνθετων µη-γϱαµµικών συναϱτήσεων και αποτελούν τη ϐάση των πιο σύν-

ϑετων αρχιτεκτονικών.

• Συνελικτικά Νευϱωνικά ∆ίκτυα (CNNs) (22; 23; 24): Εξειδικευµένα για είσοδο

µε δοµή πλέγµατος (όπως εικόνες), εϕαϱµόϹουν τοπικές συνελίξεις αντί για πλήϱεις

συνδέσεις µεταξύ στϱωµάτων. Ενσωµατώνουν δύο ϐασικές αϱχιτεκτονικές ιδέες:

– Τοπικότητα: Οι νευϱώνες συνδέονται µόνο µε µικϱές περιοχές της εισόδου.

Παίϱνουν έµπνευση από την ϕύση των εικόνων, όπου συχνά τα αντικείµενα είναι

εντοπισµένα σε µια περιοχή της εικόνας (εισόδου).

– Κοινή χϱήση ϐαϱών (weight sharing): Το ίδιο ϕίλτϱο εϕαϱµόϹεται σε πολλαπλές

ϑέσεις (µέϱη) της εισόδου (εικόνας), ψάχνοντας για συγκεκϱιµένα χαϱακτηϱιστικά

(π.χ. ακµές) κατά µήκος της εικόνας.

Τα δίκτυα αυτά, µέσα από διαδοχικά στρώµατα, µαθαίνουν ιεραρχικές αναπαραστά-

σεις από χαµηλού επιπέδου γεωµετϱικά χαρακτηριστικά (π.χ. ακµές) έως και πιο

υψηλού επιπέδου αντικείµενα (π.χ. πϱόσωπα). ΑξίϹει να σηµειωθεί, ότι η επιτυχία του

συνελικτικού δικτύου AlexNet (24) στο ImageNet (25) αποτέλεσε κοµβική στιγµή στην

πϱόοδο της ϐαθιάς µάϑησης.

• Αναδϱοµικά Νευρωνικά ∆ίκτυα (RNNs) (26; 27): Σχεδιασµένα για σειριακά δε-

δοµένα (π.χ. γλώσσα, ήχος), διαθέτουν µηχανισµό επανάληψης (recurrent connec-

tions) που επιτϱέπει τη διατήρηση µνήµης (context vector) για µελλοντικές εισόδους.

Αυτό το πλαίσιο επιτϱέπει στο δίκτυο να επεξεργάζεται ακολουθίες αυθαίρετου µήκ-

ους. Η ιδέα είναι ότι σε ακολουθιακά δεδοµένα υπάρχει έντονη χϱονική εξάϱτηση,

οπότε η εισαγωγή µνήµης επιτϱέπει µελλοντικές εισόδους να αλληλεπιδρούν µε προ-

ηγούµενες. Παϱά τις επιτυχίες τους, οι ϐασικές εκδόσεις RNNs έχουν περιορισµούς

στην αποθήκευση µακροχρόνιων εξαϱτήσεων, οι οποίοι αντιµετωπίστηκαν εν µέϱει από

έξυπνες επεκτάσεις όπως τα LSTM (28).

• Μετασχηµατιστές (Transformers) (29): Εισήγαγαν τον µηχανισµό προσοχής (at-

tention) (30), ο οποίος επιτϱέπει τη δυναµική στάϑµιση όλων των εισόδων κατά την
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επεξεργασία µιας ακολουθίας, χωϱίς την ανάγκη επαναληπτικής κατάστασης. Η ιδέα

είναι ότι κάϑε είσοδος έχει στην διάθεση της όλες τις προηγούµενες για άντληση

πληροφορίας, αντίθετα µε τα RNNs όπου όλες οι αλληλεπιδράσεις γίνονται µέσω

µιας σταθερής σε διάσταση µνήµης. Η αρχιτεκτονική αυτή έϕεϱε επανάσταση στην

µοντελοποίηση ακολουθιακών δεδοµένων (ιδιαίτερα µεγάλου µήκους) και αποτελεί τη

ϐάση των σύγχϱονων Μεγάλων Γλωσσικών Μοντέλων.

0.2.2 Μάϑηση Αναπαϱαστάσεων

Από τις προηγούµενες ενότητες, είναι ϕανερό ότι οι αλγόριθµοι µηχανικής µάϑησης

εξαρτώνται σε µεγάλο ϐαθµό από τον τϱόπο αναπαράστασης των δεδοµένων. Για παϱάδειγµα,

το πϱόϐληµα XOR δείχνει ότι κατάλληλοι µη γραµµικοί µετασχηµατισµοί µποϱούν να

καταστήσουν ένα πϱόϐληµα γραµµικά διαχωρίσιµο, υποδεικνύοντας ότι ϐασικά µια «καλή»

αναπαράσταση είναι αυτή που καθιστά το πϱόϐληµα (εύκολα) επιλύσιµο. Η διαδικασία

που ακολουθήθηκε στο XOR, ωστόσο, δεν γενικεύεται εύκολα, και χρειάζεται αρκετό χϱόνο

από µηχανικούς για την εύϱεση τέτοιων αναπαραστάσεων και χαρακτηριστικών ιδίως για δε-

δοµένα υψηλής διάστασης (feature engineering). Αυτή η διαδικασία απαιτεί εξειδικευµένη

γνώση και δυσκολεύει τη γενίκευση σε διαφορετικούς τοµείς.

Μάϑηση Βαθιών Παϱαστάσεων Η εµφάνιση και επιτυχής εκπαίδευση των ϐαθιών νευρ-

ωνικών δικτύων µετέϐαλε τη διαδικασία µάϑησης αναπαραστάσεων. Συγκεκριµένα, τα δίκ-

τυα αυτά µποϱούν να µάϑουν τις κατάλληλες αναπαραστάσεις απευθείας από τα δεδοµένα,

µειώνοντας σηµαντικά τον χϱόνο και την προσπάθεια µηχανικών να ϐϱουν τα κατάλληλα

χαρακτηριστικά. ΄Ετσι, τα νευρωνικά δίκτυα επιτυγχάνουν τον µετασχηµατισµό του σήµατος

εισόδου σε µια αναπαράσταση που διευκολύνει την επίλυση του εκάστοτε προβλήµατος. Αυτή

η ικανότητα καθιστά τις ϐαθιές αναπαραστάσεις ιδιαίτερα ισχυϱές και αποτελεσµατικές στην

πϱάξη, ειδικά όταν υπάρχει η δυνατότητα προεκπαίδευσης µε µεγάλη ποσότητα δεδοµένων.

Η ϐασική ιδέα είναι ότι, το µοντέλο µαθαίνει να οργανώνει και κατανοεί την εγγενή δοµή των

δεδοµένων, µαθαίνοντας ουσιαστικά καλές αναπαραστάσεις αυτών και στην συνέχεια αυτές

οι αναπαραστάσεις χρησιµοποιούνται µε µόνο ένα µικϱό αριθµό παραδειγµάτων µε ετικέτες

για την εκµάθηση κάποιου πιο ειδικού προβλήµατος (31; 32; 21; 33).

Αυτο-επιϐλεπόµενη Μάϑηση Η αυτο-επιϐλεπόµενη µάϑηση έχει αναδειχθεί ως µια εξ-

αιρετικά αποτελεσµατική µοϱϕή µη επιβλεπόµενης µάϑησης, αντλώντας ουσιαστικά ιδέες

και έµπνευση από το πεδίο της µάϑησης αναπαραστάσεων. Συγκεκριµένα, τέτοιοι αλγόριθ-

µοι εκµεταλλεύονται δεδοµένα χωϱίς ετικέτες δηµιουργώντας ψευδο-στόχους, γεγονός που

επιτϱέπει την εκπαίδευση ισχυϱών µοντέλων και την µάϑηση γενικών αναπαραστάσεων χωϱίς

την ανάγκη ανθρώπινης επισηµείωσης (επιβλεπόµενη µάϑηση). Μοντέλα όπως το BERT (34)

και η σειϱά GPT (35) επέδειξαν την ικανότητα να µαθαίνουν γενικές γλωσσικές αναπαραστά-

σεις µε χϱήση τεϱάστιων συνόλων δεδοµένων χωϱίς ετικέτες. Αυτές οι αναπαραστάσεις

µποϱούν στην συνέχεια να προσαρµοστούν εύκολα (µε λίγα ή και καθόλου δεδοµένα) σε

πιο στοχευµένα προβλήµατα ϕυσικής γλώσσας, όπως για παϱάδειγµα ταξινόµηση συναισθή-

µατος ή περίληψη. Τέλος, παρόµοιες τεχνικές έχουν εφαρµοστεί και σε άλλα πεδία όπως η
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όϱαση (36), αποδεικνύοντας ότι η εκµάθηση αναπαραστάσεων από τεράστια δεδοµένα χωϱίς

ετικέτες µποϱεί να προσφέρει ισχυϱή ϐάση για ένα ευϱύ ϕάσµα εφαρµογών και προβληµάτων

διαφορετικής ϕύσεως (π.χ. ϕυσική γλώσσα, όϱαση).

0.2.3 Αϱχιτεκτονικές Νευϱωνικών ∆ικτύων µε πολλαπλά µονοπάτια

Η ανάπτυξη διαφορετικών τϱόπων συνδεσιµότητας στα νευρωνικά δίκτυα έχει παίξει

σηµαντικό ϱόλο στην πϱόοδο και αναγνωρισιµότητα του πεδίου της Βαθιάς Μάϑησης και

αποτελεί άλλη µια σηµαντική παϱάµετϱο που καθορίζει την µάϑηση αναπαραστάσεων. Συγ-

κεκριµένα, νωϱίς η ερευνητική κοινότητα ανακάλυψε ένα πϱόϐληµα των Εµπρόσθιων Νευρ-

ωνικών ∆ικτύων (ΕΣ∆), όπου τα gradients (κλίσεις) του δικτύου εξαφανίζονται ή µεγαλώνουν

σηµαντικά (εκρήγνυνται) καθώς περνούν µέσα από το δίκτυο όταν αυξάνεται το ϐάϑος, εξ-

αιτίας των διαδοχικών πολλαπλασιασµών και µη-γϱαµµικοτήτων (37; 38). ΄Ετσι άϱχισε να

δίνεται έµφαση σε δίκτυα µε πολλαπλά µονοπάτια και συνδέσεις συντοµεύσεων, µε την ιδέα

ότι µέσω αυτών των συνδέσεων η πληροφορία µποϱεί να ϱέει καλύτεϱα στο δίκτυο και οι

παράγωγοι να µην χάνονται καθώς αυξάνεται το ϐάϑος, δίνοντας την δυνατότητα διάδοσης

τους ανεµπόδιστα µέσω παϱακάµψεων.

Συνδέσεις Συντοµεύσεων (παϱακάµψεων) Τα δίκτυα Υπεϱ-∆ιαδϱοµών (39) εισήγαγαν

πύλες παϱάκαµψης που επιτρέπουν την ανεµπόδιστη ϱοή πληροφορίας σε πολύ ϐαθιά δίκ-

τυα, αντιµετωπίζοντας τα προβλήµατα µε τις παραγώγους που αναϕέϱαµε και εκπαιδεύοντας

αποτελεσµατικά δίκτυα µε εκατοντάδες επίπεδα. Πειραµατικά, αυτό οδήγησε σε καλύτεϱη

γενίκευση και πιο εύρωστη εκπαίδευση καθώς αυξάνεται το ϐάϑος. Η σχέση εισόδου-εξόδου

για ένα στϱώµα σε αυτά τα δίκτυα, από y = F (x) που είναι σε ένα ΕΝ∆, µετατρέπεται σε:

y = T (x) · F (x) + (1 − T (x)) · x.

Στην συνέχεια, παρουσιάζονται τα Υπολλειµατικά Νευρωνικά ∆ίκτυα (ΥΝ∆) (40) που

αποτελούν µια απλοποιηµένη πεϱίπτωση των δικτύων Υπεϱ-∆ιαδϱοµών, αφαιρώντας τις

πύλες και υιοθετώντας απευθείας ταυτοτικές συνδέσεις παϱάκαµψης, καταλήγοντας στον

απλούστερο τύπο:

y = x + F (x).

Πολλές µελέτες έχουν αναδείξει τα πλεονεκτήµατα των ΥΝ∆ έναντι των ΕΝ∆, κυϱίως ως

πϱος τη δυναµική της εκπαίδευσης και τη διάδοση σήµατος. Συγκεκριµένα, έχει δειχ-

ϑεί ότι οι πολυδιάστατες µεϱικές παράγωγοι συµπεριφέρονται καλύτεϱα εξαιτίας αυτών των

συνδέσεων συντοµεύσεων, για παϱάδειγµα εξοµαλύνοντας την επιϕάνεια ϐελτιστοποίησης

(41) (ουσιαστικά κάνοντας το πϱόϐληµα ϐελτιστοποίησης πιο εύκολο στο να ϐϱει ένα

καλό ελάχιστο). Ακόµη, οι παράγωγοι στα ΕΝ∆ καθώς το ϐάϑος αυξάνεται γίνονται

πολύ ϑοϱυϐώδεις (42) δυσκολεύοντας την εκπαίδευση, κάτι που µετριάζεται µέσω των

παϱακάµψεων των ΥΝ∆. Τέλος, έχει ϑεωρητικά αποδειχτεί (43) ότι αυτές οι συνδέσεις

πϱοκαλούν διατήρηση του µέτϱου των σηµάτων που διαδίδονται εµπρόσθια ή κατά την

οπισθοδιάδοση στο δίκτυο, ουσιαστικά σταθεροποιώντας την εκπαίδευση.

Μια ανάλυση που εξηγεί τον όϱο "αρχιτεκτονικές µε πολλαπλά µονοπάτια" γίνεται στο
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(3). Συγκεκριµένα, τα ΥΝ∆ παρουσιάζονται ως σύνολα εξαρτώµενων επιµέϱους δικτύων (en-

semble). ΄Ετσι, ένα ΥΝ∆ n στρωµάτων περιέχει 2
n

µονοπάτια διαφορετικού µήκους, καθώς

το σήµα, καθώς πεϱνάει το δίκτυο, µποϱεί σε κάϑε στϱώµα να περάσει από µέσα ή από πάνω

(µέσω της συντόµευσης).

Παραλλαγές αρχιτεκτονικών µε πολλαπλά µονοπάτια Μετά την επιτυχία των Υπολειµ-

µατικών Νευρωνικών ∆ικτύων (ΥΝ∆), προτάθηκαν διάφορες παραλλαγές που τϱοποποιούν

τη διασύνδεση των στρωµάτων πέϱα από την απλή προσθετική σύνδεση "+1", µε στόχο την

αύξηση της εκφραστικότητας και της αποδοτικότητας. Ενδεικτικά, δοκιµάστηκαν ιδέες για

αντικατάσταση της πρόσθεσης µε concatenation ή αναδϱοµικές ιδέες (44; 45) και επέκ-

ταση των ΥΝ∆ µε εκπαιδεύσιµο γραµµικό συνδυασµό των προηγούµενων στρωµάτων (46),

πιο πυκνή (σε ϐάϑος και πλάτος) συνδεσιµότητα (47) αλλά και χϱήση µηχανισµών προσο-

χής µεταξύ στρωµάτων (48). Συµπληρωµατικά, υπήρξαν και διάφορες προσεγγίσεις που

εξέταζαν παραλλαγές των ΥΝ∆ κυϱίως µε τεχνικές όπως gating (δηλαδή y = x + a · F (x)) µε

σκοπό ϐελτιώσεις στη σταθερότητα και ταχύτητα εκπαίδευσης και στην ικανότητα γενίκευσης

(49; 50; 15; 51).

Πιθανός πλεονασµός παϱαµέτϱων στα ΥΝ∆ Παϱά τα πλεονεκτήµατα των ΥΝ∆, µελέτες

δείχνουν ότι η εισαγωγή υπολλειµατικών συνδέσεων µποϱεί να οδηγεί σε υποεκπαίδευση

στρωµάτων (52) καθώς και πλεονασµό στις παϱαµέτϱους, ιδιαίτερα στα ανώτεϱα στρώ-

µατα (13). Αυτοί οι παράγοντες ενδέχεται να περιορίζουν τη γενίκευση (14) ή την ποιότητα

των αναπαραστάσεων (15). Στο επόµενο κεφάλαιο, παρουσιάζουµε µια εναλλακτική αρχιτεκ-

τονική που διατηϱεί τα ϐασικά οϕέλη των ΥΝ∆, διαθέτει δηλαδή πολλαπλά µονοπάτια ϱοής

πληροφορίας, αλλά µετϱιάϹει αυτές τις αδυναµίες, επιτυγχάνοντας εύρωστη µάϑηση χωϱίς

πλεονασµό και αποδοτικότητα.

0.3 Αυτο-ΣυµπιεϹόµενα ∆ίκτυα

0.3.1 Εισαγωγή

Παϱά τις ποικίλες προσπάθειες της ερευνητικής κοινότητας σχετικά µε την εισαγωγή

διαφορετικών αρχιτεκτονικών νευρωνικών δικτύων µε πολλαπλά µονοπάτια, όπως συϹητή-

ϑηκε και στην προηγούµενη ενότητα, καµία από αυτές δεν έχει τύχει ευρείας αναγνώρ-

ισης. Ακόµη, καµία από αυτή δεν έχει ερευνήσει το πϱόϐληµα του πιθανού πλεονασµού

στις παϱαµέτϱους σε υπολλειµατικές αρχιτεκτονικές. Στην παϱούσα εργασία, προτείνουµε

και µελετάµε µια αρχιτεκτονική διαφοροποίηση των αρχιτεκτονικών µε πολλαπλά µονοπά-

τια, την οποία ονοµάζουµε Αυτο-ΣυµπιεϹόµενα ∆ίκτυα (ΑΣ∆). Συγκεκριµένα, όπως ϕαίνεται

στον Πίνακα 1, τα ΑΣ∆ σχηµατίζονται ξεκινώντας από ένα απλό νευρωνικό δίκτυο µε εµ-

πρόσθιες συνδέσεις (ΕΝ∆) και προσθέτοντας επιπλέον µακϱινές εµπρόσθιες συνδέσεις από

κάϑε στϱώµα στο τελευταίο. Εξαιτίας αυτής της τϱοποποίησης, το δίκτυο έχει διαφορε-

τική δοµή σε σχέση µε τα άπλα ΕΝ∆ ή τα υπολλειµατικά νευρωνικά δίκτυα (ΥΝ∆), και έτσι

παϱουσιάϹει διαφορετική συµπεριφορά κατά την εκπαίδευση. Συγκεκριµένα, τα ΑΣ∆ διαθέ-

τουν µια ιδιότητα, την οποία ονοµάζουµε Αυτο-Συµπίεση, όπου το δίκτυο κατά την διάϱκεια
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της εκπαίδευσης συµπιέϹει την πληροφορία σε ένα υποσύνολο των πϱώτων στρωµάτων του, τα

οποία µποϱούν να λύσουν αποτελεσµατικά το παϱόν πϱόϐληµα, αφήνοντας έτσι τα τελευταία

του στρώµατα χωϱίς εκπαίδευση και αποκαλύπτοντας πιθανό πλεονασµό στις παϱαµέτϱους

του δικτύου. Στις επόµενες ενότητες παρουσιάζουµε αναλυτικά την προτεινόµενη αρχιτεκ-

τονική, αναλύουµε ϑεωρητικά και πειραµατικά την Αυτο-Συµπίεση, καθώς και τα αποτελέσ-

µατα που επιϕέϱει αυτή σε πρακτικό επίπεδο, συγκρίνοντας τα ΑΣ∆ µε τις προαναφερθείσες

αρχιτεκτονικές.

Arch Connectivity Forward Propagation Backward (Gradient) Propagation
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Πίνακας 1. Συνδεσιµότητα (2∆ περίπτωση) και διάδοση σήµατος forward/backward (1∆
γϱαµµική πεϱίπτωση) για ΕΝ∆, ΥΝ∆ και ΑΣ∆.

0.3.2 Η πϱοτεινόµενη αϱχιτεκτονική

΄Οπως αναϕέϱϑηκε, ένα ΑΣ∆ µε L στϱώµατα λαµϐάνει την παϱακάτω µοϱϕή:

xi = fi(xi−1), y =
L∑

i=0

xi (1)

Με ϐάση την παϱαπάνω εξίσωση, παϱατηϱούµε ότι ένα ΑΣ∆ είναι δίκτυο µε πολλαπλά

µονοπάτια λόγω των µακϱινών εµπϱόσϑιων συνδέσεων που πϱοστίϑενται. Συγκεκϱιµένα ο

αϱιϑµός των µονοπατιών είναι ίσος µε τον αϱιϑµό των στϱωµάτων L, τοποϑετώντας τα ΑΣ∆

µεταξύ των απλών ΕΝ∆ που δεν διαϑέτουν παϱακάµψεις µεταξύ στϱωµάτων και τα ΥΝ∆ τα

οποία διαϑέτουν 2
L
, για L στϱώµατα.

Εξισώσεις Παϱαγώγων και Ροή Πληροφορίας στις διάφορες αρχιτεκτονικές Συγ-

κρίνουµε τις εξισώσεις παϱαγώγων και την ϱοή πληροφορίας στα ΑΣ∆ συγκριτικά µε τα ΕΝ∆

και τα ΥΣ∆, στην πεϱίπτωση ενός γραµµικού δικτύου L στρωµάτων και µε σήµα εισόδου µίας

διάστασης. Συµβολίζουµε µε xi την έξοδο του στρώµατος i, µε wi το ϐάϱος της στρώµατος i,
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µε x0 το σήµα εισόδου, και yF , yR, yA είναι τα σήµατα εξόδου για κάϑε αρχιτεκτονική.

Παϱατηϱούµε στον Πίνακα 1 ότι σε κάϑε πεϱίπτωση η τελική εξίσωση παϱαγώγων για

κάϑε wi µποϱεί να αποσυντεϑεί σε δύο όϱους:

• Ο εµπρόσθιος όϱος περιέχει το εµπρόσθιο σήµα από την είσοδο ως το στϱώµα i και

καθορίζει τη σταθερότητα του µέτϱου της παραγώγου (δηλαδή αν το σήµα εξασθενεί

ή αυξάνεται απότοµα). Στα ΑΣ∆ και ΕΝ∆ αυτός ο όϱος είναι ίδιος και δεν περιέχει

παϱακάµψεις για τα ενδιάµεσα στρώµατα
1

και το µέτϱο του τυπικά µειώνεται καθώς

αυξάνεται το ϐάϑος του δικτύου, λόγω πολλαπλασιασµών και µη-γϱαµµικοτήτων (υπό

την υπόθεση αρχικοποίησης παϱαµέτϱων κοντά στο µηδέν). Αντίθετα στα ΥΝ∆, ο αρ-

ιθµός των µονοπατιών που περιλαµβάνονται σε αυτή την συνιστώσα αυξάνεται καθώς

διασχίζονται περισσότερα στρώµατα.

• Ο οπίσϑιος όϱος µεταϕέϱει την πληροφορία που σχετίζεται µε την µάϑηση. Στα

µονοδιάστατα (1∆) ΕΝ∆, αυτός ο όϱος περιλαµβάνει ένα µονοπάτι. Ωστόσο, για τα

1∆ ΑΣ∆ και 1∆ ΥΝ∆, έκαστες αρχιτεκτονικές πολλαπλών µονοπατιών, ο όϱος αποτελεί-

ται από L − i + 1 και 2
L−i

µονοπάτια, αντίστοιχα.
2

Συµβολίζουµε µε FG τον οπίσϑιο

όϱο.

Ο οπίσϑιος όϱος µποϱεί να διαχωϱιστεί πεϱαιτέϱω σε δύο όϱους:

• Μονοπάτια που διασχίϹουν το δίκτυο: Σε όλες τις αϱχιτεκτονικές, υπάϱχει µια

κυϱίαϱχη συνιστώσα στις εξισώσεις όπου η πληϱοϕοϱία ϕτάνει σε ένα στϱώµα µέσα

από τα επόµενα από αυτό στϱώµατα, διασχίϹοντας τα και ουσιαστικά καϑοϱίϹοντας πώς

πϱέπει να πϱοσαϱµοστούν τα ϐάϱη αυτού του στϱώµατος µε ϐάση τα επόµενα. Στις

εξισώσεις αντιστοιχεί στον συνολικό οπίσϑιο όϱο των ΕΝ∆, ενώ για τα ΑΣ∆ και ΥN∆

πεϱιλαµϐάνει όλα τα µονοπάτια εκτός του µονοπατιού που ϕτάνει απευϑείας από την

έξοδο (ο όϱος "1+" στις αντίστοιχες εξισώσεις). Σηµειώνουµε ότι το µέτϱο αυτής της

συνιστώσας µειώνεται καϑώς αυξάνεται το ϐάϑος λόγω της µείωσης των µονοπατιών και

την συµϐολίϹουµε ως NG.

• Μονοπάτι απευϑείας από την έξοδο του δικτύου: Στα ΑΣ∆ και ΥΝ∆ υπάϱχει επίσης

µια διαδϱοµή που πϱοέϱχεται απευϑείας από την έξοδο, λόγω των παϱακάµψεων

που δηµιουϱγούν οι υπολλειµατικες συνδέσεις και αντιστοιχεί στο σκέλος "1+" των

παϱαπάνω εξισώσεων
3
. ΣυµϐολίϹουµε τον όϱο ως DG. Ο όϱος αυτός µεταϕέϱει την

πληϱοϕοϱία του πως πϱέπει να µεταϐληϑεί το ϐάϱος ενός στϱώµατος ώστε το συνολικό

δίκτυο να ϐελτιωϑεί στο πϱόϐληµα που εκπαιδεύεται. Η συµϐολή του DG είναι πιο

σηµαντική στα ΑΣ∆, αϕού ο αϱιϑµός των µονοπατιών είναι γϱαµµικός ως πϱος το

ϐάϑος, σε αντίϑεση µε τα ΥΝ∆ όπου είναι εκϑετικός. Για παϱάδειγµα, στο στϱώµα 2

ενός δικτύου L = 12, η DG αποτελεί 1 από τα 11 µονοπάτια στα ΑΣ∆, ενώ στα ΥΝ∆

ανταγωνίϹεται 127 άλλα µονοπάτια.

1
Yπό την έννοια ότι το στϱώµα a για να ϕτάσει στο στϱώµα b πϱέπει να διασχίσει όλα τα ενδιάµεσα.

2
ΑξίϹει να αναϕεϱϑεί ότι το µονοπάτι του ΕΝ∆ είναι υποσύνολο των µονοπατιών του ΑΣ∆, τα οποία µε τη σειϱά

τους πεϱιλαµϐάνονται στα µονοπάτια του ΥΝ∆.

3
Στη ϐιϐλιογϱαϕία ο όϱος αυτός είναι γνωστός ως Direct Feedback Alignment (DFA) (53; 54)
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Συνολικά, µποϱούµε να γϱάψουµε:

FG = DG + NG.

’΄Εµµεση εκπαίδευση στϱώµα µε στϱώµα στα ΑΣ∆ Το γεγονός ότι τα ΑΣ∆ διαθέτουν

εµπρόσθιο όϱο όµοιο µε τα ΕΝ∆ και οπίσϑιο όϱο µε πολλαπλά µονοπάτια οδηγεί έµµεσα

σε εκπαίδευση στϱώµα µε στϱώµα (layer-wise), όπου τα πϱώτα στρώµατα εκπαιδεύονται πιο

γρήγορα από τα πιο ϐαθειά αϕού έχουν µεγαλύτεϱο σε µέτϱο εµπρόσθιο όϱο καθώς και

µεγαλύτεϱο σε µέτϱο οπίσϑιο όϱο λόγω περισσότερων µονοπατιών. Ακόµη διαθέτουν ένα

ισχυϱό (σε σχέση µε τα ΥΝ∆) DG όϱο που ωϑεί τα στρώµατα να µεταβάλλουν τα ϐάϱη τους

έτσι ώστε να µειώνεται άµεσα (λόγω της συνεισφοράς τους στο τελικό άθροισµα) το λάϑος

κατά την εκπαίδευση. ΄Ετσι, η ιδέα είναι ότι αν τα πϱώτα στρώµατα, που εκπαιδεύονται

ταχύτεϱα, µποϱούν επιτυχώς να λύσουν το πϱόϐληµα, τα τελευταία στρώµατα δεν χρησι-

µοποιούνται από το δίκτυο και καταλήγουν αυτόµατα να είναι πλεονάζοντα. Αυτή ουσι-

αστικά η συµπεριφορά είναι η Αυτο-Συµπίεση, όπου το δίκτυο αυτόµατα κατά την εκπαίδευση

χρησιµοποιεί µόνο όσα στρώµατα πραγµατικά χρειάζεται για την επίλυση του προβλήµατος

(ελαχιστοποίηση του λάϑους).

Σηµειώνουµε πως αυτή η συµπεϱιϕοϱά κατά την εκπαίδευση είναι διαϕοϱετική από

τα ΥΝ∆ (όπως ϑα δείχνει και εµπειϱικά στην επόµενη ενότητα) και αντιµετωπίϹει ευϑέως τον

πιϑανό πλεονασµό παϱαµέτϱων στα ΥΝ∆, που συϹητήϑηκε πϱοηγουµένως, µέσω της ιδιότητας

της Αυτο-Συµπίεσης.

0.3.3 Πειϱάµατα

Στις επόµενες ενότητες παϱουσιάϹουµε πειϱαµατικά αποτελέσµατα της πϱοτεινόµενης

αϱχιτεκτονικής.

Μοντέλα: Υλοποιούµε ΑΣ∆ σε αϱχιτεκτονικές Transformer (29) και MLP-Mixer (4).

Σύνολα ∆εδοµένων: Χϱησιµοποιούµε για ταξινόµηση εικόνων τα CIFAR-10/100 (5) και

ImageNet-1K και για κατανόηση ϕυσικής γλώσσας τα BooksCorpus (55), English Wikipedia,

SST-2 (56), QQP (57) και QNLI (58).
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Σχήµα 2. Τα µέτρα των gradients στα ΥΝ∆ και ΑΣ∆ κατά την διάϱκεια της εκπαίδευσης.
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Αυτο-Συµπίεση στην πϱάξη Εκπαιδεύουµε ΑΣ∆, ΕΝ∆ και ΥΝ∆ ενσωµατωµένα στην αρ-

χιτεκτονική MLP-Mixer στο σύνολο δεδοµένων CIFAR-10 για 100 εποχές. Επίσης εκ-

παιδεύουµε µία παραλλαγή ΑΣ∆ που λαµβάνει σήµα κατά το backpropagation µόνο από

τις µακϱινές συνδέσεις (δηλαδή µόνο από το DG µονοπάτι). Τα αποτελέσµατα ϕαίνονται στο

Σχήµα 3 (αριστερά). Παϱατηϱούµε ότι µόνο τα ΑΣ∆ παρουσιάζουν Αυτο-Συµπίεση. Ακόµη

στο Σχήµα 3 (δεξιά) δείχνουµε ότι το DG είναι πιο ισχυϱό στα ΑΣ∆ από τα ΥΝ∆ και τέλος

στο Σχήµα 2 παϱατηϱούµε ότι τα µέτρα των παράγωγων των ΑΣ∆ µικραίνουν µε το ϐάϑος

ενώ στα ΥΝ∆ είναι πιο οµοιόµορφα, επιβεβαιώνοντας την στϱώµα µε στϱώµα εκπαίδευση που

συϹητήσαµε.
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Σχήµα 3. (αριστερά) Τα ΑΣ∆ είναι η µόνη αρχιτεκτονική που πετυχαίνει Αυτο-Συµπίεση.
(δεξιά) Ο λόγος του DG πϱος το FG στα ΥΝ∆ (Residual Networks) και ΑΣ∆ (Auto-Compressing
Networks). ΄Οπως ϕαίνεται, ο γϱαµµικός (έναντι εκϑετικού) αϱιϑµού µονοπατιών στα ΑΣ∆
πϱοκαλεί σηµαντική συνεισϕοϱά του DG στα πϱώτα στϱώµατα του ΑΣ∆.

Αυτο-ΣυµπιεϹόµενοι Vision Transformers Στη συνέχεια, αξιολογούµε τα ΑΣ∆ στο πλαί-

σιο των αρχιτεκτονικών τύπου Transformer, υλοποιώντας µία αυτο-συµπιεϹόµενη εκδοχή

του Vision Transformer (ViT) (6). Εκπαιδεύουµε έναν Vision Transformer (ViT) µε µακϱινές

συνδέσεις (AC-ViT) και ένα µε υπολλειµατικές κοντινές συνδέσεις (Residual ViT) στο σύνολο

δεδοµένων ILSVRC-2012 ImageNet-1K
4
. ΄Οπως παϱατηϱούµε στο Σχήµα 4 το ΑΣ∆ πετυχαίνει

σηµαντική αυτο-συµπίεση χρησιµοποιώντας το µισό ϐάϑος για να πετύχει την ίδια επίδοση

µε το ΥΝ∆ που χρησιµοποιεί όλο το δίκτυο.

Αυτο-Συµπίεση και ∆υσκολία του προβλήµατος Στη συνέχεια εξετάζουµε πως επηρεάζε-

ται η ικανότητα αυτο-συµπίεσης ως συνάϱτηση της δυσκολίας του προβλήµατος που καλείται

να λύσει το δίκτυο. Χρησιµοποιούµε τον αριθµό των κλάσεων ως έναν δείκτη για τη δυσκολία

του προβλήµατος ταξινόµησης εικόνων στο σύνολο δεδοµένων CIFAR-10, δηµιουργώντας

υποσύνολα µε 2, 5 και 10 κλάσεις. Για το πείϱαµα αυτό χρησιµοποιούµε την αρχιτεκ-

τονική MLP-Mixer και εκπαιδεύουµε δύο παραλλαγές: την αρχική MLP-Mixer µε υπολειµ-

µατικές συνδέσεις (Residual Mixer - ΥΝ∆) και την τροποποιηµένη έκδοση (ΑΣ∆) µε µακϱινές

συνδέσεις (AC-Mixer). ΄Οπως παϱατηϱούµε στο Σχήµα 5, τα ΑΣ∆ ϕαίνονται να προσαρµό-

Ϲονται στην δυσκολία του προβλήµατος, χρησιµοποιώντας διαδοχικά περισσότερα στρώµατα

4
το ΥΝ∆ συγκλίνει σε 300 εποχές ενώ το ΑΣ∆ χϱειάϹεται 700 εποχές.
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Σχήµα 4. Επίδοση των ενδιάµεσων στρωµάτων των ΑΣ∆ (AC-ViT) και ΥΝ∆ (Residual ViT) στο
ImageNet-1k, ενσωµατωµένα σε αϱχιτεκτονική Vision Transformer (ViT).

καθώς κινούµαστε από 2- σε 10-κλάσεων πϱόϐληµα ταξινόµησης. Η συµπεριφορά αυτή

δεν παρατηρείται στα ΥΝ∆, τα οποία χρησιµοποιούν όλα τα στρώµατα ανεξάϱτητα από την

δυσκολία του προβλήµατος. Συνολικά, ϕαίνεται ότι τα ΑΣ∆ κάνουν δυναµική Αυτο-Συµπίεση

µε ϐάση το πϱόϐληµα χωϱίς να χάνουν σε επίδοση.

Ικανότητες Γενίκευσης των ΑΣ∆ Σε αυτήν την ενότητα, δείχνουµε πως οι αναπαραστά-

σεις που µαθαίνονται από το δίκτυο µέσω της αυτο-συµπίεσης γενικεύουν καλύτεϱα απέναντι

σε ϑόϱυϐο στην είσοδο και σε περιπτώσεις λιγοστών δεδοµένων εκπαίδευσης.

• ΑΣ∆ ενάντια σε ϑόϱυϐο εισόδου: Χρησιµοποιούµε τα εκπαιδευµένα µοντέλα ViT

προηγούµενης ενότητας και προσθέτουµε στην είσοδο αυξανόµενα επίπεδα προσ-

ϑετικού ϑοϱύϐου Gauss µε τυπική απόκλιση σ = 0.1, 0.2, 0.4, καθώς και ϑόϱυϐο

τύπου "salt-and-pepper" µε ποσοστό αλλοιωµένων pixels p = 1%, 2%, 10%. Τα αποτε-

λέσµατα (µέση ακϱίϐεια) που παρουσιάζονται στον Πίνακα 2, δείχνουν ότι τα ΑΣ∆ είναι

σηµαντικά πιο εύρωστα απέναντι στο ϑόϱυϐο σε σχέση µε τα ΥΝ∆, στα οποία ο ϑόϱυϐος

µεταφέρεται σε όλο το δίκτυο εξαιτίας των υπολλειµατικών συνδέσεων.

• ΑΣ∆ µε λιγοστά δεδοµένα εκπαίδευσης: Επαναλαµβάνουµε το πείϱαµα του MLP-

Mixer σε CIFAR-10 χρησιµοποιώντας το 1/10 των δεδοµένων εκπαίδευσης για κάϑε

κλάση. Εκπαιδεύουµε για 150 εποχές και δείχνουµε στο Σχήµα 6 το σϕάλµα εκ-

παίδευσης και test για τις δύο αρχιτεκτονικές. ΄Οπως ϕαίνεται, τα ΑΣ∆ πετυχαίνουν

γρήγορα µικϱό σϕάλµα εκπαίδευσης και σηµαντικά µικϱότεϱο σϕάλµα γενίκευσης

(test) σε σχέση µε τα ΥΝ∆, υποδεικνύοντας πως η προτεινόµενη αρχιτεκτονική είναι

καταλληλότερη σε περιπτώσεις µε λιγοστά δεδοµένα.
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Σχήµα 5. Συµπεριφορά (επίδοση) των ενδιάµεσων στρωµάτων σε ΑΣ∆ και ΥΝ∆ όταν µετα-
ϐάλλουµε τον αριθµό κλάσεων στο πρόβληµα ταξινόµησης εικόνων CIFAR-10 (µοντέλο MLP-
Mixer).

Model
Baseline Gaussian Noise Salt and Pepper Noise

w/o noise σ = 0.1 σ = 0.2 σ = 0.4 p = 0.01 p = 0.05 p = 0.1
Residual ViT 70.74 67.68 62.80 45.46 56.80 27.48 10.34

AC-ViT 70.76 69.50 64.54 51.89 59.80 36.35 19.98

Πίνακας 2. Συµπεριφορά των ΑΣ∆ και ΥΝ∆ υπό την παρουσία ϑορύβου στην είσοδο (πείραµα
ViT -ImageNet). ΠαϱουσιάϹεται η µέση ακϱίϐεια (%) απέναντι σε πϱοσϑετικό ϑόϱυϐο Gauss µε
και ϑόϱυϐο τύπου "salt-and-pepper".

Αυτο-ΣυµπιεϹόµενο BERT Στην συνέχεια, δοκιµάζουµε τα ΑΣ∆ σε σύγχϱονα µοντέλα

κατανόησης ϕυσικής γλώσσας και συγκεκριµένα στο BERT. Η ιδέα είναι ότι κατά την

διάϱκεια της πϱο-εκπαίδευσης το δίκτυο µποϱεί να χρησιµοποιεί όλα τα στρώµατα για την

κατανόηση της ϕυσικής γλώσσας που είναι ένα γενικό πϱόϐληµα και στην συνέχεια να χρησι-

µοποιεί µόνο ένα υποσύνολο αυτών όταν το προσαρµόζουµε σε πιο ειδικά προβλήµατα (π.χ.

ανάλυση συναισθήµατος). Πϱο-Εκπαιδεύουµε ένα υπολλειµατικό BERT (Residual BERT

- ΥΝ∆) για µία εποχή και ένα ΑΣ∆ µοντέλο BERT (AC-BERT) για δύο εποχές, στα Book-

Corpus και English Wikipedia και στην συνέχεια εκπαιδεύουµε σε πιο ειδικά και µικϱά

σύνολα δεδοµένων γα να αξιολογήσουµε τα δυο µοντέλα (ανάλυση συναισθήµατος: SST-2,

παϱάϕϱαση: QQP, εϱωτο-απαντήσεις: QNLI). Τα αποτελέσµατα του Σχήµατος 7 (αριστερά)

δείχνουν ότι το ΑΣ∆ πετυχαίνει παρόµοια επίδοση µε το ΥΝ∆ και στα 3 σύνολα δεδοµένων

επιδεικνύοντας όµως ισχυϱή Αυτο-Συµπίεση, αϕού χρησιµοποιεί πεϱίπου το 1/4 των στρ-

ωµάτων του BERT.

Ακόµη εξετάϹουµε αν τα ΑΣ∆ µποϱούν να χϱησιµοποιηϑούν συµπληϱωµατικά µε άλλες

τεχνικές αϕαίϱεσης παϱαµέτϱων, συγκεκϱιµένα τεχνικές pruning. Χϱησιµοποιούµε δύο

τέτοιες τεχνικές στο SST-2: (1) αϕαίϱεση παϱαµέτϱων µε ϐάση το µέτϱο τους µετά το τέλος

της εκπαίδευσης στο τελικό πϱόϐληµα και (2) σταδιακή αϕαίϱεση παϱαµέτϱων
5

κατά την

εκπαίδευση µε ϐάση το µέτϱο τους και τις παϱαγώγους τους ως πϱος το σϕάλµα (Movement

5
Στην πεϱίπτωση (Ι) αϕαιϱούµε 20% των παϱαµέτϱων µετά από κάϑε εποχή, ενώ στην (ΙΙ), 40% κάϑε εποχή
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Σχήµα 6. Σφάλµα εκπαίδευσης και γενίκευσης (τεστ) των ΑΣ∆ και ΥΝ∆ σε MLP-Mixer στο
CIFAR-10, σε σενάϱιο λιγοστών δεδοµένων (100 δεδοµένα ανά κλάση).

Pruning(59)). ΄Οπως παϱατηϱούµε στο Σχήµα 7 (δεξιά), η Αυτο-Συµπίεση των ΑΣ∆ δϱα

συµπληϱωµατικά µε αυτές τις τεχνικές και έτσι τα ΑΣ∆ πετυχαίνουν σηµαντικά καλύτεϱη

ισοϱϱοπία µεταξύ αϱιϑµού παϱαµέτϱων (sparsity level) και επίδοσης.
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Σχήµα 7. (αριστερά) Απόδοση του προ-εκπαιδευµένου AC-BERT (ΑΣ∆) έναντι του πϱο-
εκπαιδευµένου υπολειµµατικού BERT (ΥΝ∆) µετά από προσαρµογή (fine-tuning) σε σύνολα
δεδοµένων µε: ανάλυση συναισθήµατος (SST-2), παϱάϕϱαση (QQP), και εϱωτο-απαντήσεις
(QNLI). (δεξιά) Ακϱίϐεια έναντι µεγέϑους µοντέλου του των δύο µοντέλων στο SST-2 όταν
εφαρµόζεται Magnitude και Movement Pruning.

∆ιαϱκής (συνεχής) µάϑηση και ΑΣ∆ Η διαϱκής (ή συνεχής) µάϑηση (60; 61; 62; 63;

64; 65; 66) είναι ένα υποσύνολο των ειδών µάϑησης όπου διαϕοϱετικά υπό-πϱοϐλήµατα

παϱουσιάϹονται ακολουϑιακά, χωϱίς επανάληψη, και ο στόχος είναι, στο τέλος της συνολικής
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εκπαίδευσης, δηλαδή αϕού το µοντέλο εκπαιδευτεί σταδιακά σε όλα τα υπό-πϱοϐλήµατα(µε

την σειϱά, ένα-ένα), να παϱουσιάϹει συνολικά καλή επίδοση. Η κύϱια δυσκολία αυτής της

κατηγοϱίας πϱοϐληµάτων είναι ότι τα νευϱωνικά δίκτυα όταν εκπαιδεύονται σε ένα πϱόϐληµα

Α και µετά σε ένα πϱόϐληµα Β, τείνουν να "ξεχνούν" το Α. Η Αυτο-Συµπίεση είναι µια

ιδιότητα που ϕαίνεται χϱήσιµη σε µια τέτοια πεϱίπτωση αϕού το δίκτυο µποϱεί αυτόµατα να

ανακαλύπτει ποιες παϱαµέτϱους χϱειάϹεται για ένα πϱόϐληµα και να αϕήνει τις υπόλοιπες

για τα επόµενα. Για να επαληϑεύσουµε την διαίσϑηση µας, αξιολογούµε ΑΣ∆ και ΥΝ∆ σε

MLP-Mixer, στο σύνολο δεδοµένων split CIFAR-100, το οποίο πεϱιλαµϐάνει 20 διαδοχικά

και µη επικαλυπτόµενα πϱοϐλήµατα ταξινόµησης µε 5 κλάσεις το καϑένα (task-incremental

learning (67)). Εκπαιδεύουµε για 10 εποχές σε κάϑε υπό-πϱόϐληµα. ∆οκιµάϹουµε δύο

αλγοϱίϑµους συνεχούς µάϑησης: απλή εκπαίδευση (Naive FT) και αλγόϱιϑµο Synaptic

Intelligence (SI) (65)
6
. Στα πειϱάµατα αναϕέϱουµε το Average Forgetting, οϱισµένο ως ο

µέσος όϱος της διαϕοϱάς µεταξύ της καλύτεϱης απόδοσης ενός υπό-πϱοϐλήµατος (άµεσα

µετά την εκµάϑησή του) και της τελικής απόδοσής του µετά την εκµάϑηση όλων, καϑώς

και τη Μέση Ακϱίϐεια (Average Accuracy), που οϱίϹεται ως η µέση ακϱίϐεια σε όλα τα

πϱοϐλήµατα στο τέλος της εκπαίδευσης. Τα αποτελέσµατα του Πίνακα 3 επιϐεϐαιώνουν τη

διαίσϑησή µας: τα ΑΣ∆ ξεχνούν σηµαντικά λιγότεϱο (έως και 18% ϐελτίωση) σε σύγκϱιση

µε τα ΥΝ∆. Ιδιαίτεϱα, µε τη χϱήση του αλγοϱίϑµου Synaptic Intelligence (SI), η αύξηση

του ϐάϑους των ACNs οδηγεί σε µείωση του forgetting — µια ιδανική συµπεϱιϕοϱά για

τέτοιου είδους συστήµατα, µιας και τα πεϱισσότεϱα στϱώµατα χϱησιµοποιούνται για την

εκµάϑηση πεϱισσότεϱων υπό-πϱοϐληµάτων. Αντίϑετα, τα ΥΝ∆ ξεχνούν πεϱισσότεϱο όσο

αυξάνεται το ϐάϑος, υποδεικνύοντας πιϑανή υπεϱπϱοσαϱµογή (overfitting). Επιπλέον, τα

ΑΣ∆ επιτυγχάνουν υψηλότεϱη µέση ακϱίϐεια και ϕαίνονται έτσι να είναι καταλληλότεϱα σε

πεϱιπτώσεις συνεχούς µάϑησης.

Avg. Accuracy (%) ↑ Avg. Forgetting (%) ↓

M. Arch L = 5 L = 10 L = 15 L = 5 L = 10 L = 15

nFT
ACN 32.97 ± 2.4 32.94 ± 5.3 31.61 ± 2.2 46.55 ± 2.2 45.46 ± 5.8 46.91 ± 2.4
Res 31.77 ± 1.8 28.16 ± 1 26.14 ± 2.3 52.76 ± 2.3 54.89 ± 1.6 54.49 ± 2.2

SI
ACN 44.5 ± 2.2 46.1 ± 1.3 46.2 ± 0.8 35.7 ± 2.1 33.8 ± 0.4 32 ± 1.8
Res 43.47 ± 3.1 36.1 ± 5 32.1 ± 0.8 42.4 ± 4.1 44.6 ± 3.7 50 ± 2.1

Πίνακας 3. Μέση ακρίβεια και forgetting για τις διάφορες µεθόδους, δίκτυα και αρχιτεκ-
τονικές στο Split CIFAR-100. Το M. σηµαίνει Μέϑοδος, το nFT συµβολίζει την απλή εκπαίδευση
και το SI τον αλγόριθµο Synaptic Intelligence. Τα µοντέλα εκπαιδεύονται για 10 εποχές ανά
πϱόϐληµα, όπου κάϑε πϱόϐληµα αποτελείται από την ταξινόµηση 5 από τις 100 κλάσεις που
παρουσιάζονται διαδοχικά. Το L δηλώνει τον αριθµό των στρωµάτων στην αρχιτεκτονική.

6
Ο αλγόϱιϑµος αυτός πϱοσϑέτει έναν regularizer ϐασισµένο στις παϱαγώγους ως πϱος το σϕάλµα για κάϑε

παϱάµετϱο, συγκεκϱιµένα πϱοκύπτει µια τιµή για κάϑε παϱάµετϱο ανάλογα µε το πώς οι αλλαγές σε αυτήν

επηϱεάϹουν το συνολικό σϕάλµα στο τϱέχον πϱόϐληµα κατά τη διάϱκεια της εκπαίδευσης.
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0.3.4 Σύνοψη των Αποτελεσµάτων

Στο Σχήµα 7 και στον Πίνακα 4 παρουσιάζονται συνοπτικά κάποια από τα αποτελέσ-

µατα των προηγούµενων πειϱαµάτων. Σηµειώνουµε ότι σε όλα τα πειράµατα παϱατηϱήσαµε

ισχυϱή Αυτο-Συµπίεση στα ΑΣ∆, η οποία µποϱεί να επιταχύνει σηµαντικά την χϱήση του δικ-

τύου µετά την εκπαίδευση αϕού µποϱούµε ανώδυνα να αφαιρέσουµε ένα µεγάλο ποσοστό

των στρωµάτων του. Ακόµη και µε την Αυτο-Συµπίεση, τα ΑΣ∆ πετυχαίνουν επιδόσεις όµοιες

µε τα Υ∆Ν ενώ σε αρκετές περιπτώσεις γενικεύουν καλύτεϱα (ϑόϱυϐος στην είσοδο, λιγοστά

δεδοµένα εκπαίδευσης, διαρκής µάϑηση).
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Σχήµα 8. Απόδοση ΑΣ∆ έναντι ΥΝ∆ συναρτήσει του αριθµού παραµέτρων, µε και χωρίς
pruning.

Models Accuracy ↑ #Params ↓ #Inference Layers ↓ Storage Size (MB) ↓

Res-Mixer on C10 90.12 ± 0.06 2.5Μ 16 17.6
AC-Mixer on C10 90.24 ± 0.05 1.8Μ 12 13.2

Res-ViT on ImageNet 70.74 ± 0.09 86Μ 12 330

AC-ViT on ImageNet 70.76 ± 0.12 51Μ 7 195
Res-BERT on SST-2 86.63 ± 0.09 110Μ 12 418

AC-BERT on SST-2 86.68 ± 0.06 46Μ 3 174
Res-BERT on QNLI 83.14 ± 0.07 110Μ 12 418

AC-BERT on QNLI 83.07 ± 0.1 46Μ 3 174
Res-BERT on QQP 87.2 ± 0.09 110Μ 12 418

AC-BERT on QQP 87.3 ± 0.07 46Μ 3 174

Πίνακας 4. Ανασκόπηση των πειραµατικών αποτελεσµάτων, σε αρχιτεκτονικές ΑΣ∆ και ΥΝ∆.

40 Diploma Thesis



0.3.5 Συµπεϱάσµατα

0.3.5 Συµπεϱάσµατα

Στην παϱούσα εργασία, παϱουσιάστηκε και µελετήϑηκε µια νέα αρχιτεκτονική νευρ-

ωνικών δικτύων, τα Αυτο-ΣυµπιεϹόµενα ∆ίκτυα (ΑΣ∆). Μέσω της διαφορετικής συνδεσιµότη-

τας τους, σε σχέση µε τα Εµπρόσθια και Υπολλειµατικά Νευρωνικά ∆ίκτυα, τα ΑΣ∆ παρουσιά-

Ϲουν διαφορετικά χαρακτηριστικά κατά την εκπαίδευσή µε αποτέλεσµα να καταλήγουν σε

διαφορετικές αναπαραστάσεις σε σχέση µε τα ΕΝ∆ και ΥΝ∆. Συγκεκριµένα, τα δίκτυα αυτά

εκπαιδεύονται έµµεσα στϱώµα-µε-στϱώµα λόγω της αρχιτεκτονικής τους µε αποτέλεσµα να

παρουσιάζουν µια νέα ιδιότητα, την οποία ονοµάσαµε Αυτο-Συµπίεση, όπου η πληροφορία

κατά την εκπαίδευση συγκεντρώνεται σε ένα υποσύνολο των συνολικών στρωµάτων του δικ-

τύου. Μέσω αυτής της ιδιότητας, τα ΑΣ∆ εκπαιδεύουν εύρωστα τα πϱώτα στρωµατά τους και

καταλήγουν σε ενδιαφέροντα πρακτικά πλεονεκτήµατα, συγκριτικά µε τα Υπολλειµατικά

Νευρωνικά ∆ίκτυα.

Σε όλα τα πειράµατα, είδαµε ότι τα ΑΣ∆ προσφέρουν συγκρίσιµη ή ανώτεϱη απόδοση

από τα υπολλειµατικά δίκτυα, µε ταχύτεϱη εκτέλεση και µειωµένη χϱήση µνήµης. ∆είξαµε

ακόµη ότι µεγάλο ποσοστό των άνω στρωµάτων καθίστανται πλεονάζοντα, συγκεντρώνον-

τας την πληροφορία στα κατώτεϱα επίπεδα σε διάφορα µοντέλα και σύνολα δεδοµένων, όπως

ταξινόµηση εικόνων µε Transformer και MLP-Mixer ή κατανόηση γλώσσας µε γλωσσικά µον-

τέλα τύπου BERT. Επιπλέον, τα ΑΣ∆ παϱουσιάστηκαν ανώτεϱα σε περιπτώσεις ϑοϱύϐου στην

είσοδο, σενάϱια λιγοστών δεδοµένων αλλά και περιπτώσεις διαρκούς µάϑησης, αποκαλύπ-

τοντας ότι έχουν δυνατότεϱες ικανότητες γενίκευσης σε τέτοια σενάϱια, που µάλιστα είναι

προβλήµατα που συναντάµε πολύ συχνά στον πραγµατικό κόσµο.

Κλείνοντας, µελλοντικές δουλείες ϑα µποϱούσαν να επεκτείνουν τα ΑΣ∆ σε µεγάλα

γλωσσικά και πολυτροπικά µοντέλα και να µελετηϑούν εκεί τα πλεονεκτήµατα της αυτο-

συµπίεσης. Ακόµη, ένα ενδιαφέρον πεδίο είναι η ανάπτυξη αλγορίθµων που προσαρµόζουν

δυναµικά, κατά την εκτέλεση, τον αριθµό των στρωµάτων ανά δείγµα για ϐέλτιστη απόδοση

και αποδοτικότητα, πάλι µέσω της αυτο-συµπίεσης. Σηµαντική κρίνεται και η διεϱεύνηση

του αυξηµένου χρόνου εκπαίδευσης των ΑΣ∆ σε σχέση µε τα ΥΝ∆ και η απάντηση στο

εϱώτηµα αν αυτή η συµπεριφορά είναι αναγκαία για να υπάρξει Αυτο-Συµπίεση ή µποϱεί

να µετριαστεί. Τέλος, τα ΑΣ∆ αποτελούν έναν από τους πολλούς τϱόπους συνδεσιµότητας

στρωµάτων σε νευρωνικά δίκτυα, πεϱαιτέϱω έρευνα και εξερεύνηση σε διαφορετικές ιδέες

συνδεσιµότητας και συνδυασµό κοντινών και µακϱινών συνδέσεων είναι ϕυσικό επακόλουϑο.
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Chapter 1

Introduction

1.1 Motivation

In recent years, deep learning has demonstrated remarkable success across a wide

range of tasks and modalities, often matching or even exceeding human-level perfor-

mance (10; 11; 12). The applications of these models are vast and diverse, with many

focused on enhancing human welfare. To achieve such strong performance, these models

rely on deep and expressive neural network architectures containing billions of parame-

ters, which significantly drive up computational and storage demands. As these models

continue to grow in size, adhering to scaling laws that link performance to the number

of parameters and the volume of training data, they are effectively becoming huge power-

houses, increasing the energy consumption for both training and inference. This leads to

significant consequences such as environmental impact and substantial economic costs.

Despite these impressive advances, artificial neural networks remain remarkably inef-

ficient compared to their biological counterparts. While deep learning models require mas-

sive datasets and enormous computational resources, biological neural networks achieve

superior capabilities with remarkable efficiency. Specifically, biological neural networks

learn robust representations from sparse data points rather than millions of examples,

are capable of continuously adapting to new information without catastrophic forgetting,

generalize knowledge across domains with minimal crossover examples, and operate with

exceptional energy efficiency compared to computational demands of artificial systems.

This efficiency-performance balance achieved through evolution remains an aspiration

for artificial systems. Researchers are exploring several promising directions to address

these inefficiencies, effectively enhancing the representations of artificial deep neural net-

works and making them less computationally expensive. A central aspect of this is the

architecture of the neural network, an ingredient that effectively acts as an inductive bias,

shapes the training dynamics of the model and affects the representational quality and

capabilities of it. The architecture determines how information flows through the network

and influences what patterns the network can efficiently capture.

A crucial factor in the efficiency of biological neural networks is their connectivity pat-

terns. Unlike the predominantly layered and densely connected artificial networks, biolog-

ical neural structures combine both short and long-range connections in sophisticated

ways (68). The brain exhibits a multiscale organization where local processing occurs
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alongside global integration through strategic long-range projections. This arrangement

creates information highways that allow signals to bypass intermediate processing when

appropriate, optimizing both processing speed and computational efficiency. Additionally,

biological networks employ adaptive pruning through experience-dependent exploration.

During development and learning, the brain initially forms numerous synaptic connec-

tions, many of which are later eliminated through competitive processes that retain only

functionally important connections. This "synaptic pruning" (69) is guided by neural

activity patterns that emerge during interaction with the environment, effectively sculpt-

ing the network based on experiential demands rather than predetermined architectural

constraints (70; 71).

Drawing inspiration from these biological principles, the research community has ex-

plored biologically-inspired approaches including sparsely connected models where only

a fraction of possible connections are utilized, and growing neural networks that add con-

nections or neurons as needed during training. Neural architecture search techniques

automate the discovery of optimal connectivity patterns, effectively exploring the vast

functional space of possible architectures to find those that balance performance and

efficiency (72).

In another direction, again inspired from these biological principles, researchers have

experimented with various connectivity patterns in artificial networks. Skip connec-

tions create direct pathways for information flow across multiple layers "information

highways"), mitigating vanishing gradient problems while creating shortcuts analogous

to long-range connections in biological systems. More recently, attention mechanisms

have been introduced dynamically establishing connections between all positions in a

sequence, mimicking the brain’s ability to selectively focus on relevant information while

ignoring irrelevant inputs. More specifically, since the introduction of Highway Networks

(39), which first proposed additive skip connections with learned gating, a wide array

of architectural innovations have emerged. Residual Networks (ResNets) (40) simplified

this approach by replacing gates with identity mappings, becoming the de facto standard.

Subsequent models explored alternative connectivity strategies like concatenation (44),

recursive, multi-depth compositions (45), learnable (experience-based) weighted combi-

nations (46) and cross-layer attention (48).

While the majority of these architectural innovations—ranging from identity mappings

and dense concatenation to attention-based fusion—have primarily aimed to improve

task performance, training efficiency, or optimization dynamics, a complementary line

of research has raised concerns about the effective utilization of network depth. For

instance, (14) demonstrated that randomly dropping layers during training can actually

improve generalization and reduce overfitting, suggesting that not all layers are equally

essential. Similarly, (52) found that skip connections may lead to certain layers being

under-trained or effectively bypassed altogether. More recently, studies have uncovered

significant parameter redundancy in large-scale foundation models, particularly in their

deeper layers, indicating that much of the model capacity may remain unused (13).

These findings suggest that despite their empirical success, residual-style architec-

tures may suffer from inefficient depth utilization and parameter usage that can poten-
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tially harm the generalization capabilities of the model. In this work, we take a step toward

addressing this gap by proposing Auto-Compressing Networks (ACNs), which leverage

architectural bias to alter training dynamics and promote efficient and adaptive depth

usage, based on the task at hand, throughout learning. Starting from a standard feedfor-

ward neural network (FFN), we introduce long connections from each intermediate layer

(including the input embedding) to the output, which are summed to form a multi-path

architectural variant of Residual Networks. By analyzing the resulting gradient dynam-

ics, we uncover implicit layer-wise training characteristics, where layers are dynamically

utilized throughout learning, and information naturally concentrates in a subset of the

network’s layers. We refer to this behavior as Auto-Compression. This mechanism en-

ables ACNs to learn compressed representations that offer practical advantages, including

increased robustness to noise, improved data efficiency, and reduced catastrophic forget-

ting in continual learning scenarios. Across diverse tasks, ACNs demonstrate substantial

architectural compression—akin to synaptic pruning in biological networks, though re-

alized in a layer-wise manner—while maintaining strong generalization. Notably, they

match or exceed the performance of Residual Networks, despite using significantly fewer

parameters.

1.2 Contributions

The main contributions of this thesis are the following:

• We propose and investigate, both theoretically and empirically, a neural network

architectural modification in connectivity patterns, termed Auto-Compressing Net-

works (ACNs)—a variant of standard feedforward and residual networks. By ana-

lyzing the distinct training dynamics introduced by this modification, we uncover

a unique property we coin as auto-compression: the ability of a network to organi-

cally compress information into a subset of its layers during training with gradient

descent, through architectural design alone.

• We provide a detailed analysis of the gradient dynamics of ACNs, along with residual

and feedforward networks, shedding light on their distinct behaviors and arguing

that different connectivity patterns result in unique training regimes that drive dis-

tinct learned representations.

• We provide an extensive literature review of prior work on connectivity patterns in

neural networks, including variations of short- and long-range connections, and

broader efforts that introduce multiple information pathways through skip connec-

tions—challenging the traditional paradigm of densely layered, short-range connec-

tivity in standard feedforward architectures.

• We implement ACNs in fully connected and transformer-based architectures, finding

that they match or outperform residual baselines, while 30–80% of top layers effec-

tively become redundant as information concentrates in the lower layers. Notably,

ACNs are hardware-friendly and require no specialized software.
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• We show that ACNs learn representations that are more robust against noise and

generalize better in low-data regimes compared to residual architectures.

• We argue that auto-compression offers a natural pathway to continual learning

by preserving unused parameters for new tasks and utilizing different parameters

for different tasks. We empirically validate this by showing that both naively FT

or coupling ACNs with a well-know regularization based CL technique significantly

outperforms Residual Networks in forgetting.

• We demonstrate that regularization-based approaches (relying on intermediate

losses) that try to compress information into a subset of the full network’s lay-

ers are highly sensitive to hyperparameter tuning and weaker at transfer learning,

compared to ACNs.

• We pair ACNs with widely-used baseline pruning techniques, demonstrating that

their organically compressed representations significantly amplify the effectiveness

of traditional compression methods, achieving superior levels of sparsity compared

to residual architectures.

1.3 Outline

The rest of this thesis is organized as follows:

• Chapter 2 introduces fundamental concepts and definitions from Machine and Deep

Learning that support the remainder of the thesis.

• Chapter 3 presents the historical development and core ideas of Representation

Learning, emphasizing the importance of learning robust representations for ma-

chine learning algorithms.

• Chapter 4 explores Multi-Path architectures, such as Residual Networks. We dis-

cuss their motivation, historical evolution, and various design directions. The chap-

ter concludes by highlighting some limitations of Residual Networks, which motivate

our proposed approach.

• Chapter 5 introduces the main contribution of this thesis: a novel architectural

variant called Auto-Compressing Networks. We describe the architecture, provide

theoretical analysis comparing its dynamics to Feedforward and Residual Networks,

and present empirical results demonstrating its effectiveness and unique advan-

tages.

• Chapter 6 concludes the thesis by discussing biological inspirations and key dif-

ferences from Residual Networks. We summarize our findings, discuss limitations,

and propose future research directions.
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Machine Learning

2.1 Introduction

Machine Learning is a sub-field of Artificial Intelligence. According to Murphy (16)

"we define machine learning as a set of methods that can automatically detect patterns

in data, and then use the uncovered patterns to predict future data, or to perform other

kinds of decision making under uncertainty (such as planning how to collect more data!)".

In essence, machine learning is the science of learning from data.

In its early stages, the field faced several limitations that hindered its widespread adop-

tion. These included limited computational power, scarcity of large datasets, and a lack

of scalable algorithms capable of learning from complex data. As a result, much of early

artificial intelligence research focused on rule-based systems, where expert knowledge

was encoded manually through "if-then" rules. One prominent example of this approach

is ELIZA (73), an early natural language processing program that mimicked conversation

through scripted responses without any real understanding or learning capability.

As compute and data became more available, traditional machine learning systems

started appearing, typically relying on handcrafted features, domain-specific heuristics,

and statistical models. These approaches required significant human expertise to en-

gineer representations and often involved in-depth inspection of the problem domain.

Researchers, in effect, were designing the solution architecture manually—limiting the

system’s ability to generalize and scale, especially in high-dimensional or ambiguous

data environments. However, this paradigm began to shift with the advent of neural

networks, a class of models inspired by the structure and function of biological neural

systems. Instead of manually specifying the solution logic, handcrafting and engineering

features, neural networks learn to map directly inputs to outputs through exposure to

data—implicitly uncovering patterns from examples, utilizing them for future predictions.

2.2 Types of Learning

Machine Learning can be categorized into different paradigms based on the nature of

the available data and the presence or absence of feedback signals during training, as

well as the form that such feedback may take.
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2.2.1 Supervised Learning

In the supervised learning (16) setting, a dataset D is provided, consisting of input-

output pairs:

D = {(x1, y1), . . . , (xn, yn)}.

Each xi typically represents a D-dimensional input feature vector (though in general, it

can be a more complex structure), and each yi is the corresponding ground truth label or

target output.

If yi belongs to a finite set of categories, the task is known as classification, where the

goal is to assign each input xi to a class label yi . On the other hand, if yi is a real-valued

quantity (often a K-dimensional vector), the task is referred to as regression.

In supervised learning, the objective is to train a model using a training algorithm to

learn the underlying mapping from inputs to outputs—that is, to accurately predict yi

given the corresponding xi . We assume that each pair (xi , yi) is drawn from an unknown

target function f ∗, such that:

yi = f ∗(xi), ∀i ∈ {1, ..., n}

This function f ∗ represents the true mapping that the model aims to approximate. For

example, in a classification task, f ∗ is the function that assigns each input to its correct

category.

2.2.2 Unsupervised Learning

In the unsupervised learning (16) setting, a dataset D is provided, consisting of inputs

only:

D = {x1, . . . , xn}.

Each xi represents an input feature vector, but in this case, there are no associated

labels. Unlike supervised learning, we are not given input-output pairs that can guide the

model to learn a mapping. Instead, the task is to discover, without supervision, underlying

patterns, structures, or regularities within the data. This setting is inherently more

abstract than supervised learning, as there are no ground truth labels to evaluate or guide

the model’s output. As a result, unsupervised learning requires alternative strategies to

uncover hidden structures—such as clustering or dimensionality reduction—with the aim

of understanding, explaining, or organizing the data in a meaningful way.

2.2.3 Reinforcement Learning

In reinforcement learning (17), feedback is provided alongside input features, but

unlike supervised learning, it does not take the form of explicit correct outputs (such as

the correct category). Instead, the feedback is weaker and indirect—typically indicating

only whether the model’s output was correct or not. The challenge there is to interpret

and use this limited signal effectively, so that the model gradually learns, through trial
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(producing outputs) and error (receiving the feedback signal), to produce outputs that

lead to positive feedback more consistently and efficiently.

2.3 Parametric vs Non-Parametric Models

A broad distinction among machine learning models can be made based on whether

they feature a fixed number of parameters-—referred to as parametric models—or a num-

ber of parameters that grows with the amount of training data—known as nonparametric

models (16). Parametric models are typically faster and more efficient to use (constant

complexity as a function of the training set size), but they come with the drawback of

making stronger assumptions about the underlying data (e.g., the target function f ∗).

In contrast, nonparametric models can model a wider range of functions, however, they

often become computationally expensive for large datasets, as the number of parameters

can grow significantly with the size of the data.

Parametric models are designed by embedding certain assumptions about the under-

lying data into the model’s parameters—assumptions commonly referred to as inductive

biases. These biases define different families of models, each with distinct capabilities

and characteristics, providing practitioners with a range of options tailored to the specific

nature of the problem at hand. A fundamental distinction among these model families

lies in whether the model’s output is a linear or non-linear function of the input. This

distinction significantly impacts both the expressiveness of the model and the training

algorithm used. Linear models are generally simpler and easier to train, but they are lim-

ited in the kinds of patterns they can capture. Non-linear models, on the other hand, are

more powerful and flexible, capable of capturing complex relationships, but they typically

require more sophisticated training procedures.

Why nonlinear transformation of the input? A classic and insightful example that

motivates the use of non-linear transformations is the XOR problem. Consider a binary

classification task where the input vector x = (x1, x2) ∈ {−1, 1}2 and the label is defined

as:

y = x1 ⊕ x2,

where ⊕ denotes the logical XOR (exclusive OR) operation. The four input-output pairs

are:

(−1,−1)→ 0, (−1, 1)→ 1, (1,−1)→ 1, (1, 1)→ 0.

This problem is not linearly separable in the input space, as no straight line can separate

the points with label 1 from those with label 0 (see Figure 2.1 (left)), meaning that we

cannot find values for θ that solve the problem. However, if we introduce a non-linear

transformation, for example:

φ(x) = (x1, x1 · x2),

we effectively map the data into a different feature space where a linear classifier can now

separate the two classes, as shown in Figure 2.1 (right).
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Figure 2.1. The XOR problem in the original input space (left) and in a transformed feature
space (right), where it is linearly separable.

2.4 Training

Training is the process of learning the parameters of a parametric machine learning

model, based on a given dataset D. Two core components are central to this process: the

loss function and the training algorithm.

Loss Function A loss function defines the task that the model is intended to solve and

quantitatively measures how well the machine learning model performs on it. For exam-

ple, in supervised learning, it measures the discrepancy between the model’s predicted

output and the ground truth label. It is referred to as a function because it takes as input

both the model’s prediction and the target output, and returns a value indicating the

quality of the prediction. The term loss reflects the idea that the function quantifies how

much the model "loses" or underperforms relative to the ideal case, where all predictions

perfectly match the ground truth labels and the loss is zero. The loss function plays a

central role during training, as it defines the objective that the model seeks to minimize.

Training Algorithm While the loss function quantifies the model’s performance and

serves as a kind of "progress bar" during training, it does not by itself specify how to adjust

the model’s parameters to improve that performance—that is, to further minimize the loss.

This is the role of the training algorithm, which provides a set of rules or equations that

determine how each parameter should be updated in order to minimize the loss function

effectively.

These two components, along with the model family (e.g., linear or non-linear models),

are deeply interconnected. The choice of model family influences the properties of the

loss function (such as convexity), which in turn determines the nature of the training

algorithm used to minimize it. Two broad categories of training algorithms arise based on

these properties: closed-form (or global) solutions and iterative optimization methods.

In closed-form solutions, one can derive an explicit analytical expression that directly

specifies the optimal value of each parameter to minimize the loss function. This is often
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possible when the model is linear and the loss function is convex. In contrast, when

using non-linear models, the resulting loss function is typically non-convex and does not

permit a closed-form solution. In such cases, training relies on iterative optimization

methods—most commonly gradient-based approaches like gradient descent—where the

update rules specify how each parameter should be adjusted incrementally based on the

gradient of the loss with respect to that parameter. These updates are repeated until the

loss is sufficiently minimized.

While convex optimization converges, in theory, starting from any initial parameters

gradient descent applied to non convex loss functions has no such convergence guarantee

and is sensitive to the initial values of the parameters.

2.5 Generalization, Overfitting and Regularization

The central goal of any machine learning algorithm is to perform well on newly in-

troduced, unseen inputs. In the context of supervised learning, this means that after

training on a given dataset D, the model should be able to make correct predictions for

an unseen input x ′, where x ′ < D. This indicates that the model has successfully learned

the underlying mapping from inputs to outputs, i.e., it has approximated the function f ∗

such that y = f ∗(x).

To evaluate this capability, practitioners typically reserve a separate dataset Dtest,

containing input-output pairs drawn from the same true distribution as the training

data. This test set is not used during training and serves as a proxy for assessing the

generalization ability of the model—its capacity to perform well on unseen data.

Why not evaluate performance solely on the training set? The key issue is that the

model has already seen the training data during the learning process and may have mem-

orized it, especially if the model is highly expressive (consisting of a lot of parameters)

and/or the data are sparse (so a trivial solution can be easily found). In such cases,

the model may achieve very low training error without actually learning meaningful ab-

stractions or rules that generalize beyond the training set. Consequently, although the

model performs well on D, it may perform poorly on Dtest, revealing that it has learned a

function f that diverges significantly from f ∗ (outside of D). This phenomenon is known

as overfitting—when a model fits the training data too closely and fails to generalize to

new inputs.

A common technique to prevent overfitting and improve generalization is regulariza-

tion, which involves introducing constraints on the model’s parameters. The core idea

is to discourage the model from learning trivial or overly complex solutions that simply

memorize the training data, and instead guide it to utilize its parameters in a way that

captures meaningful abstractions from the data. These constraints typically act as priors

that promote certain desirable properties—such as sparsity or low parameter norms—that

have been empirically shown to enhance generalization. Regularization thus serves as a

form of inductive bias, steering the learning process toward solutions that are more likely

to generalize well to unseen data.
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2.6 Neural Networks

Neural networks are among the most prominent machine learning models today,

playing a key role in the rise of the field and serving as the foundation of modern

Deep Learning. Inspired by the structure of the brain—specifically biological neural net-

works, which are responsible for learning and organizing information, among others,

in the brain—researchers introduced Artificial Neural Networks (ANNs) as computational

analogs (18; 19). ANNs are composed of nodes (also called neurons) and weighted connec-

tions between them, organized into layers. In their simplest form, known as feedforward

networks, neural networks are structured as directed acyclic graphs through which input

features are passed and progressively transformed by two core mechanisms: weighted

sums and non-linear activation functions. These transformations are applied layer by

layer, ultimately producing the network’s output.

At their core, Artificial Neural Networks (ANNs) are parametric machine learning mod-

els, where the parameters—typically denoted as θ—correspond to the weights of the con-

nections between neurons. These parameters are learned from data and adjusted through

training, based on a training algorithm, to approximate an underlying function of the data,

i.e. f = f (x; θ). In a supervised learning setting, for example, neural networks are trained

to approximate the target function f ∗, based on the given dataset D. The goal is to learn

the parameters θ such that, for a given input xi , the network’s output ŷi = f (xi ; θ) closely

matches the true output yi = f ∗(xi). In other words, the training process adjusts the

parameters θ so that the model can accurately produce the correct output (i.e., match the

ground truth label yi ) for each corresponding input xi .

As a simple example, consider a single-layer neural network that receives a d-

dimensional input vector x = [x1, x2, . . . , xd]. The network first computes a weighted

sum of the inputs, adds a bias term, and then applies a non-linear activation function

φ(·) to produce the final output:

y = f (x) = φ

 d∑
i=1

θixi + b

 ,

where θi are the learnable weights, b is the bias term, and φ is a non-linear activation

function such as ReLU, sigmoid, or tanh. Using vector notation, this can be written as:

y = f (x) = φ(θ⊤x + b).

2.6.1 Training

ANNs are predominantly trained with gradient-based learning, which iteratively mod-

ifies the parameters θ of the network in order to improve the predictions of it. This comes

from the fact that ANNs’ power and capabilities come from the introduction of non-linear

functions, thus making most interesting and commonly used loss functions, nonconvex.

The algorithm used to train these models is called Backpropagation (20). In essence, this

algorithm computes the gradients of the loss function with respect to each parameter by
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leveraging the compositional structure of neural networks, thereby deriving the gradient

descent update rules used to iteratively minimize the loss during training. It consists of

two main phases:

1. Forward pass: The input is propagated through the network to produce a prediction.

This predicted output, along with the target label, is passed to the loss function,

which computes a loss value indicating the model’s performance.

2. Backward pass: The loss is then propagated backward through the network, start-

ing from the output layer. Gradients of the loss with respect to each parameter are

computed, layer by layer, and used to update the parameters accordingly.

A key aspect of backpropagation in deep neural networks is that the gradient update

for the parameters of layer l depends on the gradients from layer l + 1. As a result, the

backward pass must proceed sequentially from the final layer (close to the loss function)

toward the input layer, making the entire process inherently sequential.

2.7 Deep Learning

Deep Learning is a subfield of machine learning that focuses on models with deep

compositional structures—most notably, deep neural networks—to solve complex tasks.

Its popularity surged following a major breakthrough in image classification (i.e. clas-

sifying images into different categories like car or bird), where a deep neural network

significantly outperformed traditional approaches in a benchmark competition (10). This

marked the first compelling evidence that deep neural networks could surpass classical

machine learning methods, which relied on handcrafted features and domain-specific

engineering, and had previously dominated the field.

2.7.1 Deep Feedforward Networks

Deep Feedforward Networks are the simplest form of neural networks with multiple

layers. Each layer consists of neurons that are fully connected to the next one, mean-

ing every neuron is connected to all neurons in the subsequent layer. These networks

are called feedforward because they form a directed acyclic graph through which the

input flows in one direction—forward—being progressively transformed at each layer via

weighted sums and non-linear activation functions, until the final output is produced, as

mentioned previously.

Because of this layered structure, feedforward networks are typically expressed as

compositions of functions. Specifically, each layer i applies a function f (i)
, and for a

network of depth L, the full model is written as:

f (x) = f (L) ◦ f (L−1) ◦ · · · ◦ f (1)(x).

This can be viewed as the input being gradually transformed into increasingly abstract

representations as it traverses the layers.
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A helpful way to understand the power of these transformations is through the XOR

example discussed earlier. In the raw input space, no choice of parameters θ could solve

the classification task. However, with a suitable non-linear transformation of the input,

we were able to move to a feature space where the problem became linearly separable.

While such a transformation can be engineered manually for simple, well-understood

problems like XOR, this is rarely feasible in complex, real-world settings. This is precisely

where deep neural networks prove valuable: they automatically learn powerful, non-

linear transformations through their layered architecture. These transformations produce

feature spaces—such as f (1)(x), f (2)(f (1)(x)), and so on—where the problem may become

linearly separable, even when that was not possible in the original input space.

2.7.2 The value of depth

But why depth? Theoretically, it has been well established that an ANN with a single

hidden layer containing a sufficient number of sigmoid units can approximate any deci-

sion boundary (74). This foundational result implies that, in theory, shallow networks

have the same representational power as deep networks—that is, they can approximate

the same class of functions.

However, deep neural networks are not just about expressivity; they are motivated

by the principle of hierarchical feature learning. These models, as described before,

build multiple levels of abstraction and compositional representations, where the input

x is successively transformed into increasingly abstract latent features: first into f (1)(x),
then f (2)(f (1)(x)), and so on, resulting in feature spaces that are better-suited (e.g. more

discriminative in the case of classification) for the task at hand.

Several explanations have been proposed to account for the practical advantages of

depth. It has been both shown that deep networks can represent certain families of

functions much more efficiently—that is, using significantly fewer parameters—than their

shallow counterpart (75). This has been further investigated and proved for the case of

compositional functions (76), and it has been further argued that many real-world prob-

lems can be efficiently solved by compositional algorithms, like deep neural networks (76).

Empirically, shallow networks have been shown to match the generalization perfor-

mance of deep networks only when trained to mimic their outputs in a teacher-student

setup (77). Moreover, it has been observed that, under a fixed parameter budget, deeper

networks tend to generalize better than shallow ones (78).

Another influential line of work (79; 80) has demonstrated that depth, when combined

with more traditional learning techniques such as layer-wise unsupervised pre-training,

can act as a powerful inductive bias for parameter initialization, improving generalization.

Moreover, deep models trained in this manner have been observed to “disentangle” the

underlying structure of the data more effectively—that is, to represent inputs in terms of

underlying explanatory factors that help the model generate accurate predictions.
1

1
Here we introduce, somewhat briefly, the term explanatory factors, which commonly refers to the latent

causes or generative factors of the observed data. Discovering these factors can significantly aid in solving

the learning problem. For a more thorough discussion, see (21).

54 Diploma Thesis



2.7.3 Convolutional Neural Networks

2.7.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) (22; 23) are a specialized class of neural net-

works designed for processing data with a grid-like topology, such as images. Unlike

fully connected networks that use dense matrix multiplications, CNNs apply local convo-

lutional filters, meaning that each node is connected only to a local neighborhood of the

input rather than to every other node.

They typically consist of multiple layers, where early layers emphasize local interac-

tions between parts of the image, enabling the network to detect simple spatial, geometric

patterns such as edges or textures. As we move to deeper layers, CNNs progressively in-

tegrate information from larger portions of the input, allowing them to detect increasingly

abstract and semantic features, such as object parts or entire objects. CNNs incorporate

two key inductive biases, inspired by the human visual system and properties of natural

images:

1. Sparsity/Locality of Connections: Neurons are only connected to small, localized

regions of the input, based on the idea that meaningful visual features often arise

from local patterns.

2. Weight Sharing: The same set of weights (i.e., a convolutional filter) is applied

across different spatial locations, enabling the network to detect the same feature

(e.g., a vertical edge) in multiple parts of the image.

By combining these properties with a hierarchical structure, CNNs effectively extract

local spatial features in early layers and progressively build higher-level semantic repre-

sentations in deeper layers. This layered abstraction enables CNNs to learn powerful and

efficient representations for image recognition and related tasks.

Convolutional Neural Networks (CNNs) played a crucial role in the rise of Deep Learn-

ing, as they were among the first neural network architectures to demonstrate strong

performance in pattern recognition tasks—most notably in handwritten digit recogni-

tion (22). Their impact became especially prominent in 2012, when AlexNet (24), a CNN-

based model, won the ImageNet classification competition (25). This was the first time

a neural network achieved such a result in this large-scale visual recognition challenge,

marking a turning point and sparking a renewed wave of research and interest in deep

learning. To illustrate the hierarchical feature learning of CNNs, the authors include in

their paper figures showing some of the filters learned by the first layer of AlexNet. These

filters highlight simple geometric patterns—such as edges and color gradients—that the

network learns to detect in its early layers. Each filter effectively scans different regions

of the image, identifying whether a specific feature (e.g., a vertical edge) is present in that

region.

2.7.4 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) (26; 27) are another class of neural networks, also

inspired by biological observations suggesting recurrent (feedback) connections in the
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brain, designed specifically for processing sequential data, such as language, speech, or

time-series signals. Unlike feedforward networks, RNNs contain cycles in their connec-

tions, meaning that the output of a unit can be fed back into itself, directly or indirectly.

This feedback loop allows the network to retain information from previous steps, effec-

tively creating a form of memory. Typically, they receive input sequences as vectors at

different time steps—for example, feature vectors representing words in a sentence when

processing language.

The key idea is that when processing input at the current time step, the network also

uses a hidden state vector, a context vector, that summarizes information from all previous

time steps. This context vector acts as context, influencing predictions at later points in

the sequence. This temporal feedback and memory mechanism distinguishes RNNs from

feedforward and convolutional networks, which lack such a notion of sequential context.

Importantly, the length of this context is not fixed; the hidden state can, in principle,

carry information from the very start of the sequence up to the current step.

Figure 2.2. A graphical illustration of an RNN (figure taken from (1)).

RNNs perform two key operations at each time step by processing the current input

together with the previous context: (1) they produce an output, whose nature varies

depending on the task—for example, predicting the next word or classifying the part of

speech, and (2) they update the context vector, incorporating new information from the

current input to be used in future steps. A graphical illustration of this architecture

is shown in Figure 2.2. As described, each input is processed along with the hidden

vector that summarizes past information through recurrent connections. The network

then produces an output and updates the context vector for the next time step.

Another observation and a shared characteristic with CNNs, is that RNNs also use

weight sharing: the same set of weights (denoted as U, W, V in the figure) is applied at every

time step in the sequence. This allows the network to efficiently process variable-length

inputs and learn meaningful abstractions or patterns that generalize across different parts

of the sequence. Finally, it is common for RNNs to consist of multiple layers, especially

when solving complex tasks, to increase their expressivity and representational power.

While RNNs had been the primary choice for sequential tasks, achieving notable suc-

cess in language understanding and generation, they exhibit a key limitation as the length

of the input sequence increases. This limitation arises from the fixed dimensionality of the
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context vector, which constrains the amount of information it can retain. Consequently,

information from earlier positions in long sequences tends to be lost or diluted over time.

The context vector plays a crucial role in sequential processing, as it summarizes relevant

past information essential for understanding dependencies within the sequence. There-

fore, the inability to effectively preserve and access information from distant time steps

can significantly degrade the overall performance of RNNs on long sequences. Despite

the introduction of more sophisticated RNN variants such as Long Short-Term Memory

networks (LSTMs) (28), which incorporate gating mechanisms to selectively write, delete,

and read information from the context vector, significant improvements in long-range

context integration and sequential processing were only achieved with the advent of a

new architecture, discussed in the following section.

2.7.5 Transformers and the Attention Mechanism

Transformers (29) handle long-term dependencies far more effectively than previous

architectures. Since their introduction, they have propelled deep learning to unprece-

dented prominence and have become the foundational architecture behind today’s widely

known large language models, which power assistants and chatbots. At the heart of

the Transformer architecture lies the attention mechanism (30)—a powerful method for

dynamically routing information across different positions in a sequence. This mech-

anism enables the model to capture complex dependencies between inputs at different

timestamps, regardless of their distance from each other.

For each input vector at time step i, the attention mechanism computes a new rep-

resentation yi by attending to all other input vectors xj (for j ≤ i) and aggregating them

according to their relevance to xi . This is typically done in three steps:

1. Scoring: Compute a relevance score between xi and each xj, using a similarity

function such as the dot product (often scaled):

score(xi , xj) = xi · xj

2. Weighting: Normalize the scores using the softmax function to obtain attention

weights:

aij =
exp(score(xi , xj))∑

k≤i exp(score(xi , xk))

3. Aggregation: Compute the output vector yi as a weighted sum of all input vectors,

where the weights reflect the relevance of each input to xi :

yi =
∑
j≤i

aijxj

This process allows each position in the sequence to dynamically integrate information

from the entire history of the sequence up to that point directly, and not through a fixed-

sized context vector.
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A limitation of the basic attention formulation described earlier is that the same input

vector x is used for three distinct purposes:

• To query other vectors (i.e., to look for relevant information),

• To act as a key (i.e., to represent information that others may attend to),

• To serve as a value (i.e., the actual content to be retrieved when attended to).

Using the same representation for all three roles can limit the model’s expressiveness.

To address this, Transformers introduce three distinct learned linear projections of the

input vector, mapping it into separate subspaces dedicated to each role. These projections

are represented by matrices W Q
, W K

, and W V
, which transform each input x into:

q = W Qx, k = W Kx, v = W V x

Here, q, k, and v are referred to as the query, key, and value vectors, respectively.

Given a sequence of input vectors (e.g., X = [x1, x2, . . . , xn]T
), we can compute the

attention output for all positions in a matrix form as follows:

Attention(Q, K, V ) = softmax

(
QK⊤
√

dk

)
V (2.1)

Where:

• Q = XW Q
is the matrix of query vectors,

• K = XW K
is the matrix of key vectors,

• V = XW V
is the matrix of value vectors,

• dk is the dimensionality of the key vectors (used to scale the dot product),

• softmax(·) is applied row-wise to produce normalized attention weights.

This final formulation enables each position in the sequence to attend selectively to

others, based on content similarity, with greater expressiveness due to the separation of

roles via distinct projections. A graphic illustration of the process is shown in Figure 2.3.

Transformers, therefore, are composed of multiple identical layers—referred to as

Transformer blocks—each of which integrates a self-attention mechanism and a position-

wise feedforward network. These components are augmented with residual (skip) con-

nections and layer normalization to facilitate stable and efficient training of deep archi-

tectures, as illustrated in Figure 2.3. This modular design enables the network to model

complex dependencies and hierarchical representations across sequence elements.

Finally, each Transformer block typically employs multi-head attention, which consists

of multiple parallel attention mechanisms, each with its own set of learned projection

matrices (W Q, W K , W V ), as illustrated in Figure 2.4. The idea behind this design is to

allow different heads to learn different rules. Each attention "head" learns to capture

potentially distinct patterns or dependencies within the input sequence—for example,
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some heads may focus on syntactic relationships while others learn to capture semantic

associations. The outputs of all heads are then concatenated and linearly projected to

form the final attention output.

Figure 2.3. A graphical illustration of a Transformer block (figure taken from (2)).

Figure 2.4. A graphical illustration of Multi-Head Attention (figure taken from (2)).
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Representation Learning

3.1 Introduction

In the previous sections, we introduced the central ideas of machine learning, includ-

ing the different types of learning, the goal of learning, and how it is typically performed.

As discussed, machine learning is fundamentally the science of learning from data. A

crucial aspect of this process is how data are represented. For example, in the XOR

problem, we observed that using the raw input features led to failure, whereas apply-

ing a well-chosen non-linear transformation—based on insights into the structure of the

data—enabled a successful solution. This illustrates that the performance of machine

learning models is highly dependent on the quality of the data representation, or fea-

tures. This raises a fundamental question: what constitutes a good representation of the

data, and more importantly, how can we discover such representations in a general and

automated manner?

To formulate the problem more concretely, we adopt the perspective of supervised

learning. We begin with linear models and gradually extend to neural networks and deep

representations. As discussed earlier, the goal of supervised learning is to learn a function

y = f (x; w), where f belongs to a family of functions parameterized by learnable weights

w. In the simplest case of linear models, we have y = w⊤x, representing the family of

linear decision boundaries. However, this family has limited representational capacity

and can only solve linearly separable classification problems. To increase expressivity,

we can introduce a non-linear transformation φ(x) of the input, leading to the model

y = w⊤φ(x). In this formulation, φ(x) defines a new set of features. As seen in the

XOR example, identifying an appropriate non-linear transformation can map the problem

into a space where it becomes linearly separable, allowing effective learning using simple

linear models. In (21), the authors hypothesize that good representations can effectively

disentangle the underlying explanatory factors of variation in the data. In simpler terms,

we can postulate that good representations are the ones that makes learning the task at

hand easier. That is, they can reveal meaningful patterns or structure inherent in the

data that are useful for solving the target task. This perspective aligns with the XOR

example, where an appropriately chosen transformation exploited the structure of the

input and revealed a space in which the problem became trivial to solve. That also means

that the choice of representation will usually depend on the target task.
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Feature Engineering While in this simpler case we were able to identify an effective

representation through direct observation and intuition, this approach does not scale to

complex, high-dimensional real-world problems. As such, traditional machine learning

pipelines trying to tackle these complex, real-world problems, were often requiring signif-

icant domain-specific knowledge and expertise. Practitioners would spend considerable

effort analyzing data and designing handcrafted representations tailored to the specific

task. This process, known as feature engineering, involved constructing pre-processing

steps and data transformations after carefully studying the underlying nature of the prob-

lem, in an effort to discover representations suitable for the task.

Although feature engineering enabled many early successful applications across var-

ious domains, it has several limitations. It is labor-intensive, requires deep problem-

specific insight, and is difficult to generalize across different domains. More importantly,

it exposes a fundamental limitation of traditional learning algorithms: their inability to

autonomously extract and organize meaningful abstractions from raw data. Instead,

they rely heavily on human-crafted features to operate effectively, a reliance that hinders

scalability, robustness, and cross-domain generalization—qualities.

At a more conceptual level, as argued in (21), truly intelligent systems must go beyond

surface-level pattern recognition and strive to understand the world in a deeper, more

structured manner. This form of understanding can only emerge if a system is capable

of identifying and disentangling the underlying explanatory factors that give rise to the

observed data. In other words, intelligence involves uncovering the latent causes and

abstract concepts that are hidden within the raw, low-level sensory inputs—much like

how humans perceive and interpret their environment. Learning such representations is

not merely a technical convenience but a fundamental prerequisite for developing robust,

generalizable, and human-like learning systems.

Learning Deep Representations The reliance on human-designed feature engineering

changed significantly with the rise of deep neural networks. Instead of depending on

hand-crafted features and manually defined data representations, deep networks are

capable of learning these representations φ directly from the data. This process is guided

only by a few general and simple inductive biases introduced by researchers. In this

setting, the model takes the form

y = w⊤φ(x) = w⊤φ(x; θ),

where the representation function φ is parameterized by θ and learned jointly with the

weights w during training. This formulation is quite general, allowing us to transition

from simple models—where the function family φ is limited in expressiveness—to highly

complex models with rich representational capacity. Additionally, it is flexible in terms of

incorporating human prior knowledge, as any desired inductive biases or domain-specific

assumptions can be encoded directly into the design of φ.

As an example, we can view deep feedforward networks for supervised classification as

performing a form of representation learning. Typically, the final layer of such networks
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is a simple linear classifier, which we can denote as w. The preceding layers are respon-

sible for learning a transformation of the input into a new representation that makes

classification easier, i.e. go from x to φ(x; θ). Because the entire network is trained using

a supervised objective, the hidden layers—especially those closer to the output—tend to

learn representations that progressively disentangle the underlying structure of the data.

As a result, classes that are not linearly separable in the original input space may become

linearly separable in the space defined by the top hidden layers. In essence, this mirrors

the same approach we followed in the XOR problem: transforming the input into a space

where the task becomes linearly separable. However, in the case of deep neural networks,

this process is fully automated—the network learns the appropriate transformation of the

input on its own, effectively discovering a useful representation for the task at hand.

Disentangling Representation and Task Learning While the previous example focused

on the supervised learning setting, deep representations can also be learned in a purely

unsupervised manner. In this case, the goal is to uncover patterns and meaningful

abstractions inherent in the data—often by attempting to model the underlying data dis-

tribution itself. Once such representations are learned, they can be used to a variety

of target tasks involving the same input domain. These tasks can then be learned with

minimal supervision, typically requiring only a small number of labeled examples to adapt

the learned representations to the specific objectives.

The core hypothesis is that learning data representations and task-specific mappings

can be effectively decoupled. In the framework y = wT φ(x; θ), we can separate the learning

process into two complementary phases: first learning the representation function φ(x; θ)
to capture the underlying structure and patterns in the data, then learning the task-

specific mapping w. The key insight is that once the model has learned to organize

and understand the intrinsic structure of the data through θ, only a small number of

labeled examples are needed to learn the task-specific parameters w. This is because

the representation φ(x; θ) already encodes rich, generalizable features that can be readily

adapted to target tasks through simple transformations. This decoupling is particularly

powerful because learning good representations θ from large amounts of unlabeled data

provides a strong foundation that significantly reduces the annotation requirements for

downstream tasks.

In the upcoming sections, we discuss why deep neural networks are able to learn

these useful representations, presenting hypotheses about the role of inductive biases

embedded in their design, the training algorithms and objectives employed to optimize

these representations, and finally how such general representations can be effectively

utilized across a variety of downstream tasks.

3.2 Greedy Layer-wise Pre-training

Historically, one of the earliest successful and well-known cases of deep represen-

tation learning was unsupervised pre-training. In the early development of deep neu-

ral networks, training all layers jointly using a single objective often proved ineffec-

Diploma Thesis 63



Chapter 3. Representation Learning

tive. A breakthrough approach that emerged was greedy layer-wise unsupervised pre-

training (31; 32; 81), which became one of the first demonstrations of how decoupling

representation learning from task-specific learning could be effective.

The core idea involves training the deep network one layer at a time in an unsupervised

manner: at each step, a single layer l is trained with an unsupervised objective, to extract

useful features from the output of the previously trained layers, while the parameters of all

preceding layers are frozen (i.e., not updated). This unsupervised phase allows the model

to learn hierarchical representations that capture the underlying structure of the data.

After pre-training, a second phase known as supervised fine-tuning follows. In this step,

a classification head is placed on top of the final hidden layer and trained using labeled

data to solve a specific task. Fine-tuning can involve updating only the parameters of

the classification head or jointly optimizing the entire network. This two-stage training

process helped overcome optimization difficulties and demonstrated the value of learning

general-purpose representations prior to task-specific learning.

But why does this two-stage learning procedure work? The authors of (80) directly

address this question, offering arguments supported by empirical evidence. They pro-

pose that greedy layer-wise unsupervised pre-training acts as a form of regularization,

effectively guiding the model parameters toward regions of the parameter space that are

more constrained and structured. This resembles the role of traditional regularization

techniques, which discourage overfitting by limiting the model’s capacity to fit arbitrary

patterns in the data. More importantly, they argue that unsupervised pre-training leads

to parameter configurations that are often (the cases that it is successful ) well-suited for

supervised fine-tuning—provided that the features learned from the data, i.e., learning a

function f (x), are relevant to the downstream supervised task. In the paper, they formu-

late it from a probabilistic perspective, postulating that this unsupervised pre-training is

useful for supervised fine-tuning when "learning P(x) is useful for learning P(y|x)".

3.3 Joint Supervised Pre-training and Transfer Learning

Following the success of unsupervised pre-training, a parallel yet conceptually dis-

tinct approach emerged: supervised pre-training followed by transfer learning. Rather

than relying on unsupervised objectives to initialize deep networks, this method lever-

ages large labeled datasets—such as ImageNet in vision (82) or SNLI in text (83)—as a

source of supervision for learning general-purpose representations. In contrast to greedy

layer-wise schemes, these models are trained end-to-end from the outset using standard

supervised training objectives, learning features that not only support the source task

but also transfer effectively to new downstream tasks.

The core intuition is similar: decoupling representation learning from task-specific

learning. By first training on a broad and diverse labeled corpus, models acquire a strong

prior over useful input structures, which can then be refined for target tasks with limited

supervision. This transfer typically takes the form of fine-tuning, either updating all

model parameters or just a subset, depending on data availability and task similarity. In

vision, pre-training on ImageNet followed by fine-tuning on CIFAR-10 (5), Pascal VOC (84),
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or medical imaging benchmarks (85) became a widely adopted pipeline. In NLP, similar

gains were observed by fine-tuning models trained on entailment or sentence classification

tasks (33; 86). Although the reliance on labeled data limited scalability compared to

emerging self-supervised methods, supervised pre-training laid crucial groundwork for

the transfer learning paradigm that underlies many modern systems.

3.4 Self-Supervised Learning

Finally, Self-Supervised Learning emerged as a powerful form of unsupervised learn-

ing that leverages unlabeled data to generate pseudo-labels for training. This approach

effectively addresses one of the fundamental limitations of traditional supervised learning:

the scarcity and high cost of labeled data.

The convergence of three technological advances in the late 2010s catalyzed an explo-

sion in self-supervised learning capabilities. First, the availability of massive amounts of

unlabeled data from the internet provided the raw material needed for these hungry al-

gorithms. Second, the proliferation of powerful GPUs enabled the computational muscle

required to process datasets at unprecedented scales. Third, and perhaps most crucially,

the Transformer architecture proved exceptionally well-suited for parallel processing and

capturing long-range dependencies in sequential data.

BERT (Bidirectional Encoder Representations from Transformers) (87) was the first

major breakthrough in self-supervised learning for natural language processing. It

demonstrated that pre-training on large-scale unlabeled text corpora using the masked

language modeling objective—where the model learns to predict randomly masked tokens

based on their surrounding context—could yield a single model that achieves state-of-the-

art performance across a wide range of NLP tasks with minimal task-specific fine-tuning.

This highlighted the power of representation learning on unlabeled data and its strong

complementarity to downstream tasks, as only a small amount of labeled data is required

for fine-tuning. A key factor in BERT’s success was its bidirectional attention mechanism:

each token attends to all other tokens in the input sequence, both preceding and suc-

ceeding. This allowed BERT to capture rich contextual dependencies from both directions

simultaneously, resulting in deeper and more informative representations.

Building on this foundation, the GPT (Generative Pre-trained Transformer) series (35)

showed the remarkable potential of autoregressive language modeling at scale. By simply

training transformers to predict the next word in a sequence across internet-scale text

corpora, these models developed increasingly sophisticated language understanding and

generation capabilities from completely unlabeled data. Again, minimal supervised fine-

tuning can lead to effective downstream task adaptation.

The core idea behind these models, pre-trained using self-supervised learning algo-

rithms, is to act as generalists—learning to understand and represent the input modality

(in this case, language) in a way that downstream tasks can leverage with minimal task-

specific tuning. By capturing broad, reusable features during pre-training, these models

provide a strong foundation for a wide range of target applications. Finally, it is worth

noting that these self-supervised learning strategies have been successfully extended to
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other modalities, such as vision (36), where the core idea remains the same: learning

general-purpose visual representations from unlabeled data that can be effectively trans-

ferred to a variety of downstream tasks, such as image classification or object detection

in an image.
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Multi-Path Neural Network Architectures

4.1 Introduction

We have previously discussed the importance of representations in machine and deep

learning, as well as how specific algorithms and architectures can provide better condi-

tions for learning. In particular, incorporating appropriate inductive biases can signifi-

cantly enhance the efficiency and effectiveness of deep neural networks. In this chapter,

we present a historical overview and discussion of the evolution of connectivity patterns

in neural networks, focusing on the connectivity between layers and the emergent infor-

mation pathways throughout the network
1
. The central theme is how information flows

from input to output and how gradients are propagated backward during learning.

The evolution of connectivity patterns has played a pivotal role in the progress of deep

learning. For several decades, feedforward neural networks dominated the field, estab-

lishing themselves as the prevailing paradigm through their conceptual simplicity and

extensive study. In these conventional architectures, information flows uni-directionally

from input to output layers through sequential transformations, with each layer’s ac-

tivations serving as inputs to the subsequent layer. Essentially, each layer is directly

connected only to the next layer. A fundamental challenge in training deep neural net-

works using gradient descent is the vanishing or exploding gradient problem, where gra-

dients decay or increase exponentially as they are backpropagated through many layers

(37; 38). This can happen because essentially both forward and backward signals are

propagated through sequences of matrix multiplications, and so their magnitudes can

diminish to near zero or explode, depending on the values of these matrices, either case

leading to unstable training. This limitation significantly constrained the practical depth

and thus the representational capacity of feedforward networks for many years, until the

introduction (in a practical and efficient implementation) of a new family of multi-path

architectures, featuring skip connections between layers that create multiple paths for

information to flow inside the network. While multi-path network architectures date back

to the 1980s, with early work exploring cascade structures in fully connected networks

trained layer by layer to improve training stability (88), it was not until the mid-2010s

that these architectures gained prominence and began to dominate the field.

1
This differs from connectivity between inputs in a sequence, as in RNNs, though related formulations

have been explored in the literature.
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4.2 Shortuct Connections

4.2.1 Highway Networks

Highway networks (39) were among the first practical multi-path architectures. They

introduced gated bypass paths that allowed for effective training of networks with hun-

dreds of layers. Specifically, these architectures modified the input-output relationship

of a layer from the standard form y = F (x) to a more general formulation:

y = T (x) · F (x) + C(x) · x,

effectively introducing additional signal pathways—termed information highways—to fa-

cilitate the flow of both forward and backward signals. The motivation stemmed from

the challenges of training deep neural networks, both in terms of optimization (89) and

vanishing gradients problem. By allowing information to flow through the network with-

out modification, these pathways aimed to mitigate these issues. In practice, they set

C = 1 − T , where:

T = σ(W⊤
T x + bT ).

Empirical results from the paper, demonstrated that while shallow feedforward net-

works trained effectively, deeper plain architectures struggled. In contrast, highway

networks exhibited significantly improved training performance with increasing depth,

achieving lower training losses. More importantly, this translated to improved generaliza-

tion: deeper highway networks achieved lower test errors, underscoring the conclusion

that depth is indeed beneficial for generalization—provided the architecture supports ef-

ficient training.

4.2.2 Residual Networks

In a similar spirit, the authors of (40) found that deeper convolutional neural networks

(CNNs) not only suffer from a decrease in generalization performance, often due to overfit-

ting, but also experience a decrease in training performance, underpinning once more the

inherent optimization difficulty of training deep neural networks. To address this, they

introduced residual connections (or identity mappings), proposing that learning residual

functions relative to identity mappings simplifies optimization, forming Residual Networks

(ResNets). Essentially, Residual Networks are a subset of Highway Networks, removing

the learned gating functions and adopted direct identity skip connections, resulting in:

y = x + F (x).

This simpler form, introduced in this work without the addition of extra trainable

parameters, enabled the training of very deep neural networks with strong generaliza-

tion performance and has since come to dominate modern deep learning architectures.

Several studies have investigated the advantages of residual connections over standard

feedforward architectures, particularly in the context of training dynamics and signal
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propagation.

Specifically, (42) demonstrated that in deep feedforward networks, the correlation of

gradients decays exponentially with depth, resulting in gradient patterns that resemble

white noise—a phenomenon they term the shattered gradients problem. They argue that

this phenomenon makes training difficult and unstable since commonly used optimization

techniques assume that gradients vary smoothly in the parameter space.In contrast, they

show that introducing residual connections mitigates this issue, resulting in sublinear

decay in gradient correlation , offering an insight into why residual networks can be

trained more effectively as depth increases.

In a complementary line of work, (41) investigate the effect of residual connections

on the loss landscape of neural networks. Their findings reveal that: (1) increasing net-

work depth significantly impacts the geometry of the loss surface, introducing high levels

of non-convexity, and (2) incorporating residual connections helps to smooth the land-

scape, reducing this non-convexity commonly observed in deep feedforward networks. An

additional insight from their study is the empirical correlation between the geometry of

the loss landscape and generalization performance: flatter, less severe non-convex land-

scapes tend to correspond to lower test error. This offers further support for the argument

that residual networks not only improve trainability but also lead to better generalization.

Finally, (43) provided both theoretical analysis and empirical evidence showing that

the skip connections in Residual Networks promote improved norm preservation of for-

ward and backward signals. This property leads to more robust and stable backprop-

agation, effectively solving the vanishing gradient problem. Interestingly, their results

indicate that increasing network depth further enhances this norm preservation effect.

This work offers a complementary explanation for the success of residual connections and

highlights their crucial role in enabling the training of deep networks.

4.2.3 Residual Networks as Ensemble of (relatively) Shallow Networks

In (3), Residual Networks are analyzed through the lens of ensemble learning. An

ensemble of neural networks refers to a collection of different models that collectively

contribute to producing the final output. The authors argue that a residual network with

n layers can be interpreted as a collection of 2
n

distinct paths of varying lengths, as shown

in Figure 4.1 for 3 layers. At each layer, the signal has the option to either skip the layer

or pass through it, leading to an exponential number of possible paths—or information

highways as discussed earlier.

Despite sharing parameters, these paths behave as an ensemble of dependent sub-

networks, as supported by empirical evidence. This stands in stark contrast to traditional

deep feedforward networks, which offer only a single computational path from input to

output. Specifically, the authors showed that randomly removing or permuting small

subsets of layers has minimal impact on overall performance—a common characteristic

of ensembles, where the degradation of a subset does not catastrophically affect the whole

system. Furthermore, their analysis reveals that most of these paths are relatively shal-

low, with backward gradients frequently vanishing after traversing only a small portion
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of the total depth. This insight leads to the characterization of Residual Networks as

behaving like ensembles of shallow networks.

Figure 4.1. Paths in a Residual Network (figure taken from (3)).

4.2.4 Residual Variants

Following the success of Residual Networks, various architectural modifications have

been proposed to further improve efficiency and performance. The core idea is that, in

essence, Residual Networks combine outputs from all preceding layers at layer i through a

static element-wise addition. This fixed form of feature aggregation limits the flexibility of

the network in learning more effective representations. Consequently, several works have

explored more expressive and adaptive strategies for feature fusion, aiming to enhance

representation learning and, ultimately, model performance. To this end, DenseNets

(44) proposed using feature concatenation—rather than addition—to model the input-

output relationships between layers, enabling more flexible and expressive feature reuse.

Similarly, FractalNets (45) introduced a recursive, tree-like architecture that combines

subnetworks of varying depths to enhance feature fusion.

More recent works have explored learned weighted averaging of layer outputs (46),

attention-based fusion across block outputs (48), and denser inter-layer connectivity pat-

terns (47). Other studies have focused on improving the residual pathways directly by

introducing scalar gates or modulation mechanisms in either the residual or main stream,

aiming to boost training stability and representation quality (49; 50; 15; 51). In the do-

main of neural machine translation, researchers have drawn inspiration from both vision

and language architectures to combine information across layers, facilitating richer se-

mantic and spatial propagation throughout the network (90; 91).

4.2.5 Potential Redundancy in Residual Architectures

While Residual Networks, as discussed, offer numerous advantages—such as more

robust training and improved generalization—there remain several aspects that are worth

some further examination and discussion. As highlighted in the section interpreting

Residual Networks as ensembles, these architectures exhibit a notable resilience to layer

dropping and permutation. In (14), it was further observed that dropping subsets of

layers during training can reduce overfitting and improve generalization. In a related
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study, (52) showed that introducing skip connections between layers can lead to parts of

the network being effectively bypassed and under-trained. More recently, research has

revealed substantial parameter redundancy in large-scale foundation models, particularly

within their deeper layers (e.g., (13)).

All these observations can be unified under the perspective that, although resid-

ual architectures facilitate training via multiple signal pathways, these same pathways

can sometimes act as shortcuts that cause certain components to be either underuti-

lized or prone to overfitting—ultimately limiting effective generalization. Supporting this

concern, (15) demonstrated that unscaled residual connections can degrade the quality

of generative representation learning, offering a concrete case where standard (unreg-

ularized) residual connections negatively impact performance. Thus, an open question

remains: can we design alternative architectures that retain the key benefits of Residual

Networks—such as multiple signal pathways and efficient gradient flow—while mitigat-

ing drawbacks such as redundancy and shortcut overuse, effectively resulting in better

representation learning?

In the next chapter, which serves also as the main contribution of this thesis, we take a

step towards answering this question by proposing, analyzing, and empirically evaluating

such an alternative architecture, showing promising improvements and distinct learning

dynamics.
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Auto-Compressing Networks

5.1 Introduction

Despite the breadth of the research, presented in the previous chapter, exploring

different connectivity patterns across domains—with goals ranging from improved expres-

sivity and representation learning to increased training efficiency—none of these poten-

tial improvements have achieved broad adoption beyond standard residual connections.

Furthermore, none of these works have explicitly investigated the parameter redundancy

issue that potentially exists in these architectures based on evidence from discussed

prior literature. In this work, we explore an architectural variant where additive long

feedforward connections from each layer to the output replace traditional short residual

connections as shown in Table 5.1 and Figure 5.1, introducing Auto-Compressing Net-

works (ACNs). ACNs showcase a unique property we coin as auto-compression—the ability

of a network to organically compress information during training with gradient descent,

through architectural design alone, dynamically pushing information to bottom layers,

enhancing their representational quality, and naturally revealing redundant in deeper

layers. We theoretically investigate the emergence of this property by analyzing the gradi-

ent dynamics of networks with different connectivity patterns. As illustrated in Figure 5.2

(top), ACNs (right) demonstrate layer-wise training patterns in which early layers receive

significantly stronger gradients during the initial stages of training, in contrast to the

more uniform gradient distribution observed in Residual Networks (left). In the following

sections, we start by presenting a theoretical analysis of the gradient dynamics of ACNs,

along with residual and feedforward networks, shedding light on their distinct behaviors

and arguing that different connectivity patterns result in distinct learned representa-

tions. Next, we implement ACNs in modern architectures and we empirically demonstrate

a broad range of advantages that ACN-learned representations offer compared to resid-

ual or feedforward architectures, including: enhanced information compression, superior

generalization, reduced catastrophic forgetting, and efficient transferability.

5.2 The proposed Architecture

The core idea behind ACNs is to force each layer to produce features that are directly

useful for prediction. In this manner, when the last layers are pruned, earlier layers can
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be used for prediction directly without the need for further fine-tuning. As shown graph-

ically in Figure 5.1, we form ACNs by starting from a generic feedforward architecture

in (a) and adding long connections from each layer directly to the output and summing

them up in (b). During training, information is naturally “pushed" towards the early

layers ultimately allowing the removal of redundant top layers during inference without

performance loss in (c). Concretely, we propose replacing the residual short connections

with long connections, as described in Eq. 5.1 and shown in Table 5.1 for a network of

depth L1
:

xi = fi(xi−1), y =
L∑

i=0

xi (5.1)

In ACNs the output of each layer
2

is directly connected to the output of the network,

and thus is directly optimized by the objective function during gradient descent training.

Furthermore, the number of possible shortcuts is equal to the number of layers L. We find

this simplified structure maintains the improved signal flow that shortcut connections

provide, while also introducing the ability to detect potential parameter redundancy in

the architecture
3
.

Figure 5.1. Main concept: (a) Start from a neural network with L layers. (b) Add residual
long connections from each layer to the output of the network and sum them (also remove
any existing short residual connections - if any). During training of the resulting ΑCN net-
work the majority of the information (shown here as darker vs lighter circles) will naturally
concentrate at the lower layers. (c) You may now safely remove the top (two in our example)
layers during inference without any performance loss.

5.2.1 Gradient Propagation Across Network Architectures

To understand how different neural network architectures behave during training, we

analyze, in this section, their gradient flow characteristics. We examine and compare

1
We note that a classification head can be built on top of y.

2
Also the embedded input, represented with x0 in equation 5.1.

3
We note that long connections are a strict subset of the 2

L
shortcut connections in residual networks.
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the forward and backward pass dynamics of three architectures: traditional feedforward

networks (FFN), residual networks (ResNet), and the proposed auto-compressing networks

(ACN). For clarity and mathematical tractability, we consider linear neural networks of

depth L and derive the equations for the 1-dimensional case (they can be expanded to

N-dimensional inputs).

Notation: xi is the output of layer i, wi is the weight of layer i (the weight used to

construct xi ), x0 is the input (after a potential initial embedding operation) and yF , yR, yA

is the output for each architecture.
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Figure 5.2. (top) ACNs vs Residual Networks gradient flow across layers during train-
ing for MLP-Mixer architecture (4) on CIFAR-10 (5), showcasing implicit layer-wise train-
ing and information concentration on the bottom layers for ACNs. On the other hand,
Residual Networks show higher gradient norms (information concentration) in early and
deep layers, while middle layers receive significantly lower gradients (suggesting potential
parameter redundancy). (bottom) ACNs vs Residual Networks incremental performance
contribution across layers during training for ViT architecture (6) on ImageNet-1K, revealing
auto-compression by gradual layer-wise training in ACNs (task-learning starts from shallow
layers and gets "pushed" to deeper layers to maximize performance). In Residual Networks,
as shown in the Figure task learning happens in the 2-3 final layers.
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FFN forward pass

yF (= xL) =
L∏

i=1

wix0 (5.2)

FFN backward pass for weight i

∂yF

∂wi
=

∂yF

∂xi

∂xi

∂wi
(5.3)

∂yF

∂wi
=

 L∏
k=i+1

wk

︸      ︷︷      ︸
backward term

 i−1∏
m=1

wm

︸      ︷︷      ︸
forward term

x0 (5.4)

ResNet forward pass

xi = wixi−1 + xi−1 = (1 +wi)xi−1 (5.5)

yR =

L∏
i=1

(1 +wi)x0 (5.6)

ResNet backward pass for weight i

∂yR

∂wi
=

∂yR

∂xi

∂xi

∂wi
=

 L∏
k=i+1

(1 +wk)

  i−1∏
m=1

(1 +wm)

x0 (5.7)

∂yR

∂wi
=

1 + L∑
k=i+1

wk +
∑

i+1≤k<j≤L

wkwj + · · · +

L∏
k=i+1

wk

︸                                                            ︷︷                                                            ︸
backward term

 i−1∏
m=1

(1 +wm)

︸             ︷︷             ︸
forward term

x0 (5.8)

or equivalently:

∂yR

∂wi
=

1 + L−i+1∑
k=1

sum of

(
L − i + 1

k

)
w k-tuples

︸                                                   ︷︷                                                   ︸
backward term

 i−1∏
m=1

(1 +wm)

︸             ︷︷             ︸
forward term

x0 (5.9)

ACN forward pass

yA = x0 +

L∑
i=1

xi = x0 +

L∑
i=1

i∏
j=1

wjx0 (5.10)
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ACN backward pass for weight i

∂yA

∂wi
=

∂yA

∂xi

∂xi

∂wi
=

1 + L∑
k=i+1

∂xk

∂xi

 xi−1 (5.11)

∂yA

∂wi
=

1 + L∑
j=i+1

j∏
k=i+1

wk

︸                   ︷︷                   ︸
backward term

 i−1∏
m=1

wm

︸     ︷︷     ︸
forward term

x0 (5.12)

5.2.2 Emergent Gradient Paths

The forward and backward components: As seen in the previous equations, the

gradient of wi can be generally decomposed in two terms, coined as the forward and the

backward terms.

• The forward term consists of the forward propagated signal up to layer i, essentially

the input embedding transformed as it traverses the layers up to i, and it primarily

governs the stability of the gradient flow (whether the signal vanishes or explodes).

In ACNs and FFNs this term is the same, consists of one path, and its norm typically

decreases in practice as the network depth increases, due to multiplications and

non-linearities (assuming close to zero initialization). In ResNets, the number of

paths included in the component grows as more layers are traversed, since each

layer adds its output to the the residual stream.

• The backward term carries the information relevant to learning (coming from the

loss and traversing subsequent layers) and thus, its structure influences the behav-

ior and characteristics of the representations learned by the network during training

with backpropagation. In 1D FFNs, the backward term contains a single path from

the last layer L to the layer i currently being trained. However, for 1D ACNs and 1D

ResNets, both multi-path archiitectures, the backward term consists of L − i +1 and

2
L−i

paths, respectively. It is worth mentioning that the FFN path is a subset of the

ACN paths, which in turn are contained in the ResNet paths, so, for the set of paths

B of the backward term one may write:

BFFN ⊂ BACN ⊂ BResNet .

Thus, in this 1D case, the transition from FFNs to ACNs, and subsequently to

ResNets, reflects a progression in the number of effective information paths: from a

single path in FFNs, to a number of paths linear in the number of layers in ACNs, and

finally to an exponential number of paths in ResNets. We will use the notation FG

when referring to the full gradient including all backward paths (the full backward

signal of a layer).
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Arch Connectivity Forward Propagation Backward (Gradient) Propagation

FFN yF =
∏L

i=1
wix0

∂yF

∂wi
=

 L∏
k=i+1

wk

︸      ︷︷      ︸
backward term

 i−1∏
m=1

wm

︸      ︷︷      ︸
forward term

x0

ResNet yR =
∏L

i=1
(1 +wi)x0

∂yR

∂wi
=

 L∏
k=i+1

(1 +wk)

︸             ︷︷             ︸
backward term

 i−1∏
m=1

(1 +wm)

︸             ︷︷             ︸
forward term

x0

ACN yA =
(
1 +

∑L
i=1

∏i
j=1

wj

)
x0

∂yA

∂wi
=

1 + L∑
j=i+1

j∏
k=i+1

wk

︸                  ︷︷                  ︸
backward term

 i−1∏
m=1

wm

︸     ︷︷     ︸
forward term

x0

Table 5.1. Connectivity (2D case), Forward and Backward Propagation (1D linear case) for
FFN, ResNet, and ACN architectures.

Decomposition of the backward term: The backward component can be further de-

composed into two distinct terms: one term that captures the propagation of gradients

through the network layers, and another term that corresponds to a direct gradient path

from the output to each layer.

• The gradient paths through the network: In all architectural variants, there is a

dominant component (the majority of paths) that backpropagates information using

the network weights, traversing subsequent subnetworks (subsets of layers). This

component carries the information on how the weights of a given layer should be

adjusted in relation to the following layers, enabling the entire network to reduce

the error. In the above equations, it corresponds to the single backward path in

Eq. 5.4 for FFNs, while for ACNs and ResNets it contains all the paths except for the

direct path "1+" in the backward term of Eq. 5.12 and Eq. 5.8, respectively. We will

refer to this term as the network-mediated gradient or NG. We note that the norm of

this component decreases in ResNets and ACNs as we move to deeper layers, since

the number of paths diminishes.

• The gradient path directly from the output: Interestingly, in both ACNs and

ResNets, there is also a path that comes directly from the output, the “1+" com-

ponent in the backward terms. This path exists because, in these architectures,

the output of each layer is directly connected to the final output of the network

through the skip connections. This backward path has been previously explored as

an alternative to traditional backpropagation, with a significant body of work dedi-

cated to it (53; 54). This line of research is referred to as Direct Feedback Alignment

(DFA), and thus we use the term direct gradient or DG to describe this mechanism
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throughout this work. This path carries information on how a layer’s weights must

change so that the output of this layer directly lowers the error. Finally, the DG

path’s contribution is more significant in ACNs compared to ResNets due to ACNs’

linear (rather than exponential) total path count, something that becomes more ap-

parent in deep networks and especially for the training of early layers, i.e., for large

L − i. For example, when training the second layer of a L = 12 layer network, DG is

one of 11 ACN backward paths, while for ResNets the DG is competing with another

127 paths (of the NG term). This further accelerates training of the early layers.

In summary, we can write:

FG = DG + NG.

5.2.3 Implicit Layer-Wise Training in ACNs

Unlike the symmetric forward and backward terms of ResNets and FFNs, ACNs feature

a forward term identical to FFNs for intermediate layers (single path) and a backward

term more similar to ResNets (multiple paths that grow linearly vs exponentially with

depth). This design creates an implicit layer-wise training dynamic, where deeper layers

are trained at a slower rate compared to earlier layers, since they have a weaker forward

component (assuming close-to-zero initialization) and a smaller number of backward

paths.

Main Claim: Enhancing the performance of intermediate layer predictions (through a

strong DGcomponent) coupled with the implicit layer-wise training, as discussed above,

can lead to robust progressive training of the network in a layer-by-layer manner, while

also potentially identifying parameter—whole-layer—redundancy within the architecture,

effectively compressing compressing information into a sufficient subset of layers during

training. The idea is that when training a randomly initialized neural network of depth L,

if the first k layers (that are trained faster) are able to solve the task (minimize the error),

then the network will utilize only them, leaving the remaining deeper layers untrained and

effectively leading to information compression. Thus, we postulate that: 1) a strong DG

component coupled with a weaker feed-forward signal leads implicitly to efficient layer-

wise training, and 2) inadvertently, architecturally-induced layer-wise training results in

a form of structural learning where information is naturally pushed to early layers and

later layers become redundant (effectively identity mappings). We refer to this new class of

networks as auto-compressors since they naturally shed their redundant layers during

backpropagation simply via architectural design.

5.2.4 A Note on Addressing some of Residual Network Limitations through

ACNs

From the analysis conducted on our proposed architecture thus far, it appears that we

are taking meaningful steps toward addressing several of the potential issues of Residual

Networks, raised in the final section of the previous chapter. Specifically: (1) the induced

training dynamics in ACNs promote a form of layer-wise training, where each layer is
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robustly optimized only if necessary. This behavior serves as a mechanism for identifying

and managing parameter redundancy in the initialized network, and may lead to improved

representation learning by ensuring that layers are trained meaningfully when required;

and (2) ACNs retain the multi-path nature characteristic of Residual Networks, thereby

preserving the benefits of having multiple information pathways for both forward and

backward signal propagation—an essential property for effective training in deep neural

architectures.

We now turn our attention to empirically validating these theoretical properties.

Specifically, we aim to investigate how ACNs behave in practice, evaluate their ability

to mitigate parameter redundancy, and assess their capacity to facilitate improved repre-

sentation learning.

5.2.5 A Toy Demonstration

Following the theoretical analysis of gradient dynamics, we first validate our key claims

through a simple demonstration that illustrates the core compression mechanism. Specif-

ically, to demonstrate how ACNs naturally compress information into early layers during

training, we perform a simple toy experiment involving a 1D linear feedforward network

with three layers and weights w1, w2 and w3 for each layer, respectively. The dataset

comprises pairs drawn from the function y = 2x. We consider two architectures: the first

employs residual (short) connections, while the second utilizes long connections (ACN).

For this toy problem, both the residual and ACN networks should ideally require only a

single layer to successfully accomplish the task, i.e., w1 = 1, w2 = 0, w3 = 0 is the most

efficient solution:

ResNet: ŷR = (1 +w1)(1 +w2)(1 +w3)x = 2x, (5.13)

ACN: ŷA = (1 +w1 +w1w2 +w1w2w3)x = 2x. (5.14)

We perform this simple training experiment multiple times (N = 1000), each time

generating 1000 examples of input x with values between −10 and 10. Both models

are trained for 300 epochs and the weights are initalized with values around zero either

uniformly in [−1, 1] or following a normal distribution. Fig. 5.3 illustrates the distribution

of learned w1 values for both architectures.

For residual architectures in (a) we observe a pretty wide distribution of w1 values

centered around 0.26; indeed w1 = w2 = w3 ≈ 0.26 is a valid solution of Eq. 5.13 . Thus,

in this example, residual networks have the tendency to utilize all layers equally, even

if a sparse solution exists. ACNs, however, typically converge to solutions where w1 is

close to 1, allowing correct predictions from the first layer
4
. So in this simple example,

long connections in ACNs induce implicit depth regularization, guiding the network toward

sparse solutions.

4
Note that initialization plays a crucial role, as w1 sometimes converges near −1 for ACNs. Further, the

solution that ACN converges at is w1 ≈ 0.9, w2 ≈ 0.11, w3 ≈ 0, so it just gets pretty close to the most efficient

solution but it does not achieve perfect compression.
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Figure 5.3. Histogram (1000 runs) of the weight of the first layer w1 of a 1D linear
feedforward residual network with three layers solving y = 2x, utilizing either: (a) residual
connections or (b) long connections (ACN).

The careful reader will observe that this behavior arises from the weight asymmetry

in Eq. 5.14, where there are three terms that include w1, two terms with w2 and a single

term with w3. In terms of derivative flow, the DG component for each layer is pretty

strong compared to NG. Compare this with the weight symmetric Eq. 5.13, where the NG

component dominates. The residual network naturally converges to the w1 = w2 = w3

symmetric solution
5
.

5.3 Experiments

In this section, we move from theoretical analysis and simple demonstrations to im-

plementing auto-compressing networks in modern deep learning architectures. We apply

our approach to state-of-the-art neural network models across diverse tasks and datasets,

demonstrating that the information compression effect observed in our theoretical anal-

ysis manifests consistently in practice. Our experimental validation spans multiple do-

mains and model architectures. We implement ACNs using variants of the Transformer

(29) for language and vision tasks and MLP-Mixer (4) for vision tasks. This allows us to

evaluate our approach on diverse benchmarks including image classification (CIFAR-10,

ImageNet-1K), sentiment analysis, and language understanding.

Experimental Setup: For ACNs, for each input token, we compute a final output vector

yt
(where t is the sequence index) by summing the output representations of all intermedi-

ate layers along with the input embedding, as shown in Eq. 5.1. To generate classification

predictions, we either apply a pooling layer to these vectors for image classification or use

the final representation of the [class] ([CLS]) token for text classification. For a network of

5
Another way to interpret Eq. 5.14 is that we have superimposed four feedforward networks: the identity

network, a single layer, two layer and three layer network. The important tweak here is that their weights

are tied, e.g., w1 is common for all network depths, which biases the network towards a shallow solution.
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depth L, making predictions using k intermediate layers involves computing yt
k for each

token, which is the sum of intermediate representations up to layer k. This summed

representation is then passed to a single global classification head, which is trained once

and shared across all sub-networks (we do not retrain or create separate classification

heads for each depth configuration). This approach yields L + 1 sub-networks, ranging

from using only the input embedding (the first sub-network) to the full network (the last

sub-network). For example, the network shown in Figure 5.1(c) would be the L − 2 sub-

network (utilizing layers 1 to L − 2), whereas the network in in Figure 5.1(b) would be the

full network (all layers included). When evaluating residual network baselines, we follow

standard practice: to assess the network at depth k, we simply take the output yt
k of the

kth layer as our representation. This provides a natural comparison point to ACNs at

equivalent depths. All other procedures remain the same. In all figures, prediction layer

0 refers to the input embedding passed through the classification head for prediction.

5.3.1 Auto-Compression via Direct Gradient Flow

Here, we validate the main claim established in the previous section; that the presence

of a strong DG component coupled with implicit layer-wise training dynamics drives auto-

compression .

We train feedfoward (FFN), residual and auto-compressing variants incorporated in the

MLP-Mixer architecture (4) on CIFAR-10 dataset (5) for 100 epochs. To emphasize the role

of the DG gradient in auto-compression, we also train an ACN variant receiving gradients

only from the long connections (only DG component). This experiment allows us to iso-

late the effects of different gradient components and connectivity patterns on information

compression and overall task performance. From Figure 5.4(left), we observe that among

ACNs, FFNs, and Residual Networks, only ACNs exhibit auto-compression. Moreover,

ACNs utilizing only the direct gradient (DG) still achieve significant auto-compression,

highlighting the importance of a strong DG component to achieve this behavior
6

and ex-

plaining why FFNs do not exhibit auto-compression, as they lack a direct gradient term

(Equation 5.4). In the case of Residual Networks, we previously argued that the exponen-

tial number of gradient paths substantially diminishes the influence of the direct gradient

(DG) on the overall gradient, one of the key components crucial for auto-compression. To

further illustrate this, Figure 5.4(right) presents the ratio of DG to the full gradient FG

across layers during training for both AC and Residual variants. The results indicate a sig-

nificantly higher DG to FG ratio in ACNs, confirming the increased contribution of direct

gradients in the early layers of auto-compressing architectures compared to residual net-

works and explaining the auto-compression property. Furthermore, from Figure 5.2(top)

we observe that ACNs (right) demonstrate a concentrated gradient pattern with stronger

signals in early layers and stronger patterns of layer-wise learning. Residual Networks

(left) exhibit a more "uniform layer learning" pattern, whereas deeper layers show increas-

ing gradient contribution in later epochs, suggesting task-specific adaptation as training

6
ACNs with only the DG component under-perform, underpinning the importance of the NG component

for maximizing performance.
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Figure 5.4. (top) ACNs are the only architectural variant that achieves auto-compression.
(bottom) The ratio of direct gradient DG to the total gradient FG in auto-compressing vs
residual architectures. The exponential (vs linear) number of paths in Residual Networks
decreases the influence of DG in the training dynamics of the network compared to Auto-
Compressing Networks.

progresses. Both architectures display distinct first-epoch behavior, with Residual Net-

works showing more uniformity immediately, while Auto-compressing Networks establish

their hierarchical gradient pattern from the start. Interestingly, the pattern observed in

Residual Networks indicates that high gradient norms are primarily concentrated in the

early and deep layers, while middle layers receive significantly lower gradients, suggest-

ing potential redundancy. Overall, this gradient pattern reveals that layer-wise training

dynamics, the other key factor for auto-compression, is absent in ResNets.

In summary, the auto-compressing architecture featuring a strong DG component

along with implicit layer-wise training dynamics pushes information to the bottom layers

of the network, achieving layer-wise structural learning (auto-compression) while main-
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taining strong performance.

5.3.2 Auto-Compressing Vision Transformers
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Figure 5.5. Performance of intermediate layers of AC vs Residual Vision Transformers
trained on ImageNet-1K.

Next, we evaluate ACNs in the context of transformer architectures by implementing an

auto-compressing variant of Vision Transformer (ViT) (6). We train a Vision Transformer

(ViT) with long connections (AC-ViT) from scratch on the ILSVRC-2012 ImageNet-1K, fol-

lowing the training setup in the original paper. For both models we use 256 batch size

due to memory constraints. AC-ViT converges at 700 epochs, while the Residual ViT

converges at 300 epochs
7
.

As shown in Fig. 5.5, AC-ViT reaches top performance at only 6 layers while the

vanilla ViT needs all 12 layers to reach similar performance, effectively suggesting that

ACNs can improve inference time and memory consumption without sacrificing performance.

To gain more intuition about the training dynamics and task learning of the two variants,

in Figure 5.2(right) we plot the incremental layer performance contribution (difference in

accuracy of subnetwork i +1 to subnetwork i) to track the behavior of intermediate layers

throughout training. The key observation is that ACNs (right) are trained in a layer-wise

fashion where early layers are trained at a faster rate and task-relevant information is

gradually pushed only to a subset of the deeper layers, achieving strong performance along

with auto-compression. In the contrary, the Residual variant performs task-learning in

the last 2-3 layers, effectively utilizing the full network to achieve top performance.

7
In this more challenging setting, we observe a trade-off between training and inference time, which is

partially aleviated using a parameterization similar to DiracNets (92) for the MLP layers, specifically Ŵ =

(I +W ).
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We also conduct a transfer learning experiment on CIFAR-10 dataset, to test the be-

havior of the auto-compressing architecture compared to residual network, when trans-

fering to a donstream task. As we observe from Figure 5.6, AC-ViT is on-par with the

residual variant, showing no transfer learning degradation while maintaining the 50%

layer compression rate.
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Figure 5.6. Fine-Tuning the previously trained ViTs on CIFAR-10. The auto-compressing
architecture transfers to downstream tasks as effectively as the residual counterpart, de-
spite utilizing half the number of layers.

5.3.3 The Effect of Task Difficulty

Intuitively, overparameterized networks trained on easier tasks should demonstrate

higher levels of redundancy. Therefore, ACNs should converge to utilizing fewer layers

as task difficulty decreases. To verify this, we use the number of classes as a proxy for

task difficulty for image classification on the CIFAR-10 dataset (5). Specifically, we create

subsets of 2, 5, and 10 classes, the assumption being that binary classification should be

easier than 10-class classification. For this experiment we utilize MLP-Mixer (4) and train

two variants, the original MLP-Mixer with residual connections and the modified MLP-

Mixer with long connections (AC-Mixer). The MLP Mixers have 16 layers with a hidden

size of 128. The patch size is 4 (the input is 32x32, 3 channels). The MLP dimension DC

is 512, while DS is 64. We are using the AdamW optimizer (93) with a maximum learning

rate of 0.001 and a Cosine Scheduler with Warmup. The batch size is 64. Results are

presented in Fig 5.7. We observe that indeed AC-Mixer converges to solutions with larger

effective depth, as the task “difficulty” increases. Specifically, in this experiment, ACN

needs 8, 10 and 12 layers for the 2, 5 and 10-class classification problem, respectively.

In contrast, the Residual Mixer converges to solutions where the full depth of the network
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is utilized, irrespective of the task difficulty
8
.
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Figure 5.7. Performance of the intermediate layers as the number of classes (and examples)
in the CIFAR-10 dataset increases from 2, to 5 to 10 classes: (a) Residual Mixer vs (b) AC-
mixer.

5.3.4 Generalization Capabilities of Auto-Compressors

While ACNs demonstrate effective parameter reduction through architectural com-

pression, a key question remains: do these compressed representations offer additional

benefits beyond parameter efficiency? In this section, we investigate whether the con-

centrated information in ACNs’ early layers leads to improved generalization capabilities

compared to traditional residual architectures. This point is crucial, as one could argue

that compression alone can be achieved through external techniques such as pruning or

knowledge distillation. However, this is not entirely accurate, as such external methods

typically introduce additional computational costs and require careful hyperparameter

tuning on top of the standard training process, compared to ACNs that exhibit natural

auto-compression during training. Nevertheless, beyond this implicit compression, fur-

ther demonstrating that the proposed architecture not only mitigates redundancy but

also enhances representation learning and generalization significantly strengthens its

overall contribution. To investigate this, we explore two critical aspects of generalization:

robustness to input noise and performance in low-data regimes.

Robustness to Input Noise

Robustness to Data Sparsity Next, we experimentally compare the performance of

residual and long connections architectures in low-data scenarios. For this purpose,

we create a random subset of CIFAR-10 (5) by retaining only 100 samples per class,

resulting in a total of 1000 examples. Using the same training settings and models as

8
The Residual Mixer was trained for 300 epochs, while AC-Mixer for 420 epochs to reach the performance

of its residual counterpart.
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Figure 5.8. Train and Test Loss of AC-Mixer and Residual Mixer on CIFAR-10 with limited
data (100 samples per class).

Model
Baseline Gaussian Noise Salt and Pepper Noise

w/o noise σ = 0.1 σ = 0.2 σ = 0.4 p = 0.01 p = 0.05 p = 0.1
Residual ViT 70.74 67.68 62.80 45.46 56.80 27.48 10.34

AC-ViT 70.76 69.50 64.54 51.89 59.80 36.35 19.98

Table 5.2. Robustness (average accuracy %) of ViT with long connections (AC-ViT) and with
residual connections (Residual ViT) to additive Gaussian noise and salt-and-pepper noise
on ImageNet-1K test set.

described in Section 5.3.3, we train both architectures for 150 epochs to assess how

fast the training and test loss decrease, as a proxy for the generalization capabilities of

each architecture. Results shown in Fig. 5.8 reveal that ACNs achieve lower training and

test loss in fewer epochs compared to residual networks. This faster convergence in loss

metrics is a strong indication that auto-compressing networks can be effectively utilized

in scenarios with limited data.

5.3.5 Auto-Compressing Encoder Architectures for Language Modeling

As previously discussed, recent studies have demonstrated that foundation models

suffer from parameter redundancy, especially in their deeper layers (eg. (13)). This

characteristic is crucial today, in the context of large language and multimodal models,

which are typically pre-trained as general-purpose models before being adapted to specific

downstream tasks. Since these specialized applications may not require the full param-

eter capacity of the base model, learned representations (through architectural choices)

that facilitate subsequent compression and pruning become crucial. In this section, we

conduct a preliminary study on the effectiveness of the ACN architecture in general pre-
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training (masked language modeling with a BERT architecture) followed by fine-tuning

and pruning. The results show that ACNs learn compact representations that: 1) achieve

on-par performance with the residual architecture on transfer learning tasks, while utiliz-

ing significantly fewer parameters, and 2) complement post-training pruning techniques,

enhancing their effectiveness.

Masked Language Modeling and Transfer Learning with ACNs Next, we compare

the ACN and residual architectures in the standard BERT pre-training and fine-tuning

paradigm. Using the original BERT pretraining corpus (BooksCorpus (55) and English

Wikipedia), we train both architectures to equivalent loss values; the AC-BERT variant

requires two epochs vs one epoch for the residual baseline. Following pre-training, we

fine-tune both models on three GLUE benchmark datasets (56): SST-2 sentiment analysis

(57), QQP paraphrasing, and QNLI question answering (58).

Figure 5.9 (top) demonstrates a key advantage of the ACN architecture: it naturally

converges to using significantly fewer layers (approximately 75% less layers) while main-

taining performance comparable to the full residual network. These results suggest

promising applications for ACNs in large language models, where pre-training could be

performed with long connections, allowing downstream tasks to adaptively utilize only

the necessary subset of layers during fine-tuning.

Post-Training Pruning with AC-Encoders ACN’s primary advantage lies in its inherent

compression capabilities during training, suggesting that when combined with pruning

techniques, it should significantly outperform traditional residual architectures. To pro-

vide validation for this hypothesis, we conducted experiments using magnitude and move-

ment pruning (59)
9
, two commonly employed baseline pruning techniques. For Magni-

tude pruning, we consider the setting where the pruning happens after fine-tuning on the

downstream task. For Movement pruning, we follow a gradual fine-tune and prune cur-

riculum, where in setting (I): 20% of the parameters are pruned after each epoch, whereas

in setting (II): we prune 40% of the parameters after an epoch. Results are shown when

fine-tuning of the SST-2 dataset sentiment analysis task. Figure 5.9 (bottom) confirms our

hypothesis: ACNs consistently demonstrate superior compression-performance trade-offs

compared to standard architectures, with their advantage becoming more pronounced at

higher compression rates. This indicates that ACNs’ architectural design naturally leads

to more efficient parameter utilization, creating representations that are inherently more

amenable to further pruning. While these preliminary results validate our approach to

addressing parameter redundancy, they also point toward promising future directions.

We anticipate that combining pre-trained ACN architectures with state-of-the-art prun-

ing methods will result in extremely efficient, high-performing models, though rigorous

validation of this hypothesis requires further investigation.

9
Movement pruning differs from magnitude pruning in that it evaluates the importance of weights based

on their cumulative parameter updates during training, rather than solely on their absolute values. This

approach enables more informed removal of less critical weights, potentially preserving model performance

better while achieving sparsity.
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Figure 5.9. (top) Downstream performance of AC-BERT vs residual BERT on three GLUE
tasks: sentiment analysis (SST-2), paraphrasing (QQP), and question answering (QNLI).
(bottom) Accuracy vs model size of AC-BERT and Residual BERT on SST-2 when pruned
with Magnitude and Movement Pruning.

5.3.6 Auto-Compressing Architectures vs. Layer-wise Loss Regularization

Parameter redundancy, and specifically potential layer redundancy, in residual archi-

tectures is a phenomenon that has been well documented(52; 3; 14), ar argued. Recent

works (8; 7) have attempted to address this through regularization-based layer-wise struc-

tural learning approaches during training, specifically by adding losses to all intermediate

layers of the network and using a weighted sum of them as the total loss, a technique
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formally introduced in (9) for improved training. Such loss-based regularization methods

rely heavily on precise tuning of intermediate loss weights, creating practical challenges.

If early-layer loss weights are set too high, the network risks overfitting and poor general-

ization; if set too low, performance improves gradually across layers with no clear cutoff

point, reaching optimal results only at the final layer. This sensitivity to hyperparameter

selection makes it difficult to reliably identify an optimal depth for inference using loss-

based regularization. ACNs address this challenge through architectural design rather

than regularization, naturally compressing information without requiring complex hyper-

parameter tuning.

ACNs achieve better generalization To evaluate hyperparameter sensitivity in

regularization-based approaches, we compare several methods on the CIFAR-10 dataset

using MLP-Mixer architectures. Our comparison includes: 1) our proposed AC-Mixer, 2)

an unregularized Residual Mixer as baseline, 3) a Residual Mixer with the setup of (7)

(Aligned), 4) a Residual Mixer with the setup of (8) (LayerSkip), with the rotational early

exit curriculum with pmax = 0.1, escale = 0.2 and Crot,R = 15, and 5) a Residual Mixer

with a baseline vanilla deep supervision (9) where all intermediate losses before the final

layer are weighted with λ = 0.1 (DeepSup). This comparative analysis reveals how dif-

ferent approaches respond to their respective hyperparameter configurations. We follow

the training pipeline as described in the previous section and track the performance of all

intermediate layers. Our experiments (Figure 5.10) demonstrate that while regularization

approaches are highly sensitive to intermediate loss weights, creating a trade-off between

performance and compression, ACNs consistently achieve strong results through their

inherent architectural properties. Specifically, ACNs match the performance of unregu-

larized Residual Networks, while effectively determining a shallower cutoff layer. While

careful tuning of regularization methods can potentially match ACN’s performance, our

approach provides a more elegant and robust solution that requires no parameter adjust-

ment while maintaining high performance and achieving sparsity.

ACNs show stronger Transfer Learning capabilities To evaluate whether different

layer compression approaches learn generalizable representations, we conduct a transfer

learning experiment from CIFAR-100 to CIFAR-10 (5). This setup allows us to assess how

well each model’s learned representations transfer to a similar task. In regularization-

based layer compression methods, explicitly training all layers to directly minimize a task

loss through intermediate supervision can lead to overfitting, as shown in the previous

section, which can further result in weaker transfer capabilities on downstream tasks. In

contrast, ACNs’ implicit compression mechanism naturally balances generalizability and

task performance without imposing external constraints.

To ensure fair comparison, we train all models to achieve comparable performance on

the CIFAR-100 pre-training task, enabling direct assessment of their transfer capabilities

to CIFAR-10. The results in Figure 5.11 confirm our analysis: ACNs demonstrate su-

perior performance on the downstream CIFAR-10 task compared to regularization-based

methods, even when upstream CIFAR-100 task performance is similar. This provides
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Figure 5.10. Performance of intermediate layers on CIFAR-10 of AC-Mixer, unregularized
Residual Mixer and Residual-Mixer with intermediate losses based on (7) (Aligned), (8)
(LayerSkip) and (9) (DeepSup). For better resolution only the last 4 layers are shown in the
plot.

additional evidence that the representations learned by ACNs are more generalizable and

thus exhibit greater transferability.

5.3.7 Mitigating Forgetting in Continual Learning with Auto-Compressors

Continual learning involves training models on a sequence of tasks without access

to past data, aiming to retain performance on previous tasks while learning new ones

(60; 61). A central challenge in CL is catastrophic forgetting—the tendency of neural net-

works to overwrite old knowledge when updated with new data. Common approaches

include data replay methods (62; 63) and regularization techniques that penalize changes

to important parameters (64; 65; 66). We’ve already demonstrated that ACNs, through im-

plicit layer-wise training, dynamically allocate parameters based on task demands while

preserving redundant parameters for future tasks. Conversely, Residual Networks op-

timized for efficient task learning risk overfitting and suboptimal parameter usage in

these sequential learning settings. To test our claims, we evaluate both architectures

on the split CIFAR-100 continual learning benchmark, comprising 20 sequential disjoint

5-class classification tasks, focusing on task-incremental learning (67) where task iden-

tity is known. We utilize MLP-Mixer architectures and we test two continual learning

algorithms trained for 10 epochs for each task: naive fine-tuning (Naive FT) and Synaptic

Intelligence (SI) (65), which adds a gradient-based regularizer to each parameter depend-

ing on how changes in it affect the total loss in a task over the training trajectory. We are

using the same MLP-Mixer setup with the Cifar-10 experiment (see above). We train for 10

epochs in each task, using AdamW with learning rate of 0.001 and a batch size of 64. For
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Figure 5.11. Transfer learning performance (C-100 to C-10) of AC-Mixer and Residual-
Mixer with intermediate losses based on (7) (Aligned) and (8) (LayerSkip).

Synaptic Intelligence we use a coefficient λ = 1. Across experiments, we report Average

Forgetting, defined as the mean difference between a task’s best performance (right after it

is learned) and its final performance after all tasks are learned, and Average Accuracy, de-

fined as the mean accuracy over all tasks at the end of training. We expect gradient-based

regularization methods to perform particularly well with ACNs since unused, redundant

parameters receive small gradients, making their detection easier compared to Residual

Networks where gradients are more uniformly distributed (see gradient heatmaps, Fig.

5.2(left)). Results in Table 5.3 confirm our intuition: ACNs consistently exhibit signifi-

cantly less forgetting (up to 18% improvement) compared to Residual Networks. Notably,

with SI, increasing ACN depth decreases forgetting—an ideal behavior for CL systems

where increasing network capacity reduces forgetting—while Residual Networks show the

opposite pattern, indicating potential overfitting. ACNs also achieve better average ac-

curacy across all tasks, further establishing them as a more suitable architecture for

continual learning.

Avg. Accuracy (%) ↑ Avg. Forgetting (%) ↓

M. Arch L = 5 L = 10 L = 15 L = 5 L = 10 L = 15

nFT
ACN 32.97 ± 2.4 32.94 ± 5.3 31.61 ± 2.2 46.55 ± 2.2 45.46 ± 5.8 46.91 ± 2.4
Res 31.77 ± 1.8 28.16 ± 1 26.14 ± 2.3 52.76 ± 2.3 54.89 ± 1.6 54.49 ± 2.2

SI
ACN 44.5 ± 2.2 46.1 ± 1.3 46.2 ± 0.8 35.7 ± 2.1 33.8 ± 0.4 32 ± 1.8
Res 43.47 ± 3.1 36.1 ± 5 32.1 ± 0.8 42.4 ± 4.1 44.6 ± 3.7 50 ± 2.1

Table 5.3. Average accuracy and forgetting across layers, methods, and architectures on
the Split CIFAR-100 continual learning benchmark. M. stands for Method, nFT stands for
naive Fine-Tuning and SI for Synaptic Intelligence. Models are trained for 10 epochs per
task, where each task consists of classifying 5 out of 100 classes presented sequentially.
L denotes the number of layers in the architecture. ACNs consistently forget less and they
also do not waste capacity.
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These results demonstrate that ACNs are superior to Residual Networks in terms of

information organization throughout the network. In particular, the gradient patterns

across layers are more distinct and structured, making them not only more interpretable

but also more amenable to visualization and analysis. This clarity allows for straightfor-

ward identification of which layers are essential and how much each contributes to perfor-

mance—evident from gradient visualizations, incremental accuracy plots, and accuracy-

vs-layer analyses. Moreover, this structured behavior provides a strong foundation for

downstream algorithms, such as continual learning algorithms in this case, which benefit

significantly from the clearer and more predictable training dynamics exhibited by ACNs.

5.4 Summary of Results
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Figure 5.12. ACNs vs Residual Networks performance vs number of parameters, with and
without pruning.

From our experiments, we conclude that ACNs are able to “push" information down

to the early neural layers without performance degradation, resulting in a sparse high-

performing network, effectively revealing potential redundant layers and driving the prun-

ing process. This pruning significantly reduces memory requirements and accelerates in-

ference. In all of the experiments we observed that the converged depth between train and

validation/test sets matched. Thus, pruning layer depth is a meta-parameter determined

directly on the validation set, eliminating the need for a separate pruning procedure after

training. Additionally, utilizing ACNs makes it straightforward to produce and distribute

differently sized variants of the same architecture with a single training run—for exam-

ple, distributing tiny, small, medium, and large versions of the model. In Figure 5.12,

we show the performance of the pruned ACN models compared to their respective resid-
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ual baselines across various experiments. We also note that utilizing the pruned AC-ViT

instead of the residual ViT, we can reduce inference time from 13.9 miliseconds to 8.3

miliseconds (CPU).

Models Accuracy ↑ #Params ↓ #Inference Layers ↓ Storage Size (MB) ↓

Res-Mixer on C10 90.12 ± 0.06 2.5M 16 17.6
AC-Mixer on C10 90.24 ± 0.05 1.8M 12 13.2

Res-ViT on ImageNet 70.74 ± 0.09 86M 12 330

AC-ViT on ImageNet 70.76 ± 0.12 51M 7 195
Res-BERT on SST-2 86.63 ± 0.09 110M 12 418

AC-BERT on SST-2 86.68 ± 0.06 46M 3 174
Res-BERT on QNLI 83.14 ± 0.07 110M 12 418

AC-BERT on QNLI 83.07 ± 0.1 46M 3 174
Res-BERT on QQP 87.2 ± 0.09 110M 12 418

AC-BERT on QQP 87.3 ± 0.07 46M 3 174

Table 5.4. Summary of experimental results (detailed in the previous sections) comparing
auto-compressing with residual architectures.

Beyond parameter efficiency, our experiments demonstrated several additional ad-

vantages of ACNs. In noise robustness tests, AC-ViT maintained 51.89% accuracy under

severe Gaussian noise σ = 0.4 compared to ResNet-ViT’s 45.46%, and nearly doubled

performance (19.98% vs 10.34%) under heavy salt-and-pepper noise at p = 0.1. When

trained on limited data (100 samples per class), ACNs converged to lower training and test

losses significantly faster than residual networks. In transfer learning from CIFAR-100 to

CIFAR-10, ACNs achieved 85.7% accuracy compared to 83.2% for the best regularization-

based approach while using fewer parameters. Finally, when combined with pruning

techniques on language tasks, ACNs maintained 80% accuracy at sparsity levels where

residual models dropped to 65%, demonstrating that architectural compression and prun-

ing techniques are complementary rather than redundant.
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Discussion, Conclusions, Limitations and Fu-

ture Work

6.1 Discussion

Biological motivation for long-connections: Brain Neural Networks (BNNs) combine

short and long connections (68), where short connections form dense sub-network hubs,

and long connections sparsely link these hubs. Typically, short connections are more

numerous and have stronger synaptic weights (94). In (95), the authors show that short

connections more efficiently route information across brain areas and sub-networks. Long

connections are key for functional diversity, offering unique inputs and novel targets for

outputs across sub-networks. The importance of long connections for BNNs is highlighted

in imaging (96) and computational modeling studies (97) showing “evidence both of local

over-connectivity and of long-distance under-connectivity” in BNNs of individuals on the

autistic spectrum (98). This served as our main motivation for exploring long connections

in search of architectures that can lead to better representations, improved generalization

and enhanced performance in complex tasks.

Biological motivation for auto-compressing networks: The brain itself has mech-

anisms for creating efficient and robust biological networks. One key efficiency mecha-

nism is synaptic pruning. During early development, an excess of synapses is formed

and progressively eliminated through activity-dependent pruning (99). Early studies (69)

measured synaptic density across different ages and found that it peaks around 1–2 years

of age, followed by a decline to approximately 50% by adulthood. This approach of early

overconnectivity followed by pruning has been shown to train neural networks exhibiting

significant efficiency and robustness (100). ACNs can be viewed as an initial architectural

approach to determining the essential number of layers while learning a task (experience-

based), by starting from an overparameterized network at initialization and exploring the

parameter space during training. Note, however, that as we have experimentally verified

in Section 5.3.5, computational ANN pruning algorithms (motivated by BNN’s “use it or

lose it” synaptic pruning) can be effectively combined with the ACN architecture to achieve

even greater compression gains.

Connection to layer-wise training: Greedy layer-wise training (101; 102) was a

popular method for training deep neural networks in a sequential manner, inspired by
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cognitive neural development in the prefrontal cortex (103). In our analysis of ACN’s dy-

namics, we show that ACNs naturally exhibit similar layer-wise training behavior, where

early layers train first followed by deeper layers. Unlike traditional layer-wise training

that requires explicitly freezing layers and careful hyperparameter tuning, this sequen-

tial training emerges automatically in ACNs due to their long-connection architecture,

effectively providing a "one-shot" version of layer-wise training.

ACNs vs ResNets connectivity patterns: Residual Networks were motivated by im-

proving training robustness - their skip connections were designed to facilitate gradient

flow and enable stable training of networks of great depth. However, this architectural

innovation had an unexpected benefit: ResNets also demonstrated better generalization

compared to standard feedforward networks. This improved generalization appears to

stem from the ensemble-like behavior created by the multiple paths through which in-

formation can flow. ACNs take inspiration from biological networks’ sparse but strategic

connectivity patterns. By maintaining direct long-range connections to the output while

reducing local skip connections, ACNs achieve both stable training and enhanced gener-

alization through a different mechanism. Rather than relying on dense connectivity and

ensemble-like behavior, ACNs encourage the development of more abstract and integrated

representations in earlier layers. This architectural choice appears to better support gen-

eralization while maintaining robustness in the training. A promising future direction is

to integrate small-world network properties into artificial network architectures.

A Remark: Altering connectivity patterns in artificial networks may provide valuable

insights that could be mapped back to biological network structures. This approach

may contribute to a deeper understanding of why evolutionary processes have led to the

specific connectivity patterns observed in biological systems.

6.2 Conclusions

In this paper, we introduced Auto-Compressing Networks (ACNs), a novel family of

architectures that naturally compress information into shallow layers of a neural net-

work during training, through architectural design alone. By replacing residual (short)

connections with long connections from all layers to the output, ACNs leverage gradient-

based optimization to automatically organize information in early layers without requiring

explicit compression techniques or additional regularization objectives. By analyzing the

gradient dynamics of ACNs, feedforward and residual networks, we revealed how ACNs’

unique connectivity patterns fundamentally alter training dynamics, resulting in learned

representations distinct from feed-forward and residual architectures. Specifically, the

existence of a strong direct feedback signal (from the output directly to each layer) coupled

with a weaker (compared to residual networks) forward signal induces an implicit layer-

wise training which, as we argued and empirically validated, drives the auto-compression.

Our comprehensive experiments demonstrated that ACNs achieve comparable or su-

perior performance to residual networks while enabling significant practical benefits, for

all modalities and baseline architecture tested. Through extensive experiments with both

fully connected and transformer-based implementations, we showed that 30-80% of the
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top layers in ACNs become effective identity mappings as information concentrates in

the bottom layers. This natural compression leads to accelerated inference and reduced

memory consumption—all without sacrificing accuracy. We also conducted preliminary

experiments on masked language modeling with auto-compressing architectures. There,

we showed that pretrained auto-compressing encoders can dynamically adapt to down-

stream tasks by naturally utilizing only a subset of their pretrained layers without per-

formance degradation, a behavior absent in the residual counterpart. More interest-

ingly, when combined with standard pruning techniques, ACNs’ organically compressed

representations significantly amplified the effectiveness of these methods, achieving bet-

ter sparsity vs performance trade-offs compared to residual architectures. We consider

combining strong pre-trained ACN architectures with state-of-the-art pruning methods

as future work. Overall, as shown in Figure 5.12, we found that ACNs achieve bet-

ter efficiency-performance balance across multiple tasks including ImageNet, CIFAR-10,

and BERT-SST2, maintaining high accuracy while utilizing significantly fewer parameters

compared to traditional residual networks. Furthermore, when combined with traditional

pruning techniques, ACNs consistently maintain their performance advantage over resid-

ual networks across all sparsity levels.

In summary, our empirical results demonstrate that ACNs, when compared to Resid-

ual Networks, offer the following advantages:

• Achieve stronger information compression without compromising performance;

• Generalize more effectively in noisy and low-data regimes;

• Significantly mitigate catastrophic forgetting in continual learning tasks;

• Outperform recent information compression regularization-based in both general-

ization capabilities and transfer learning.

Concluding, Auto-Compressing Networks (ACNs), building on implicit regularization

through architectural design insights, represent a promising step towards more self-

adapting neural architectures that allocate resources based on the task at hand, while

learning sparse yet robust representations. Future research could expand ACNs to self-

supervised and multi-task settings, leveraging the pre-training and fine-tuning paradigm.

ACNs also hold promise for generative tasks, reducing inference costs and energy con-

sumption. Additionally, developing inference-time algorithms that dynamically adjust the

number of layers per sample for optimal performance and efficiency is an intriguing di-

rection for future work. Last but not least, ACNs are only one possible long-connection

architecture out of the many that are worth investigating further.

6.3 Limitations

Due to resource constraints, our proposed architecture was evaluated solely on rel-

atively small scale tasks; however, it demonstrated robust and promising performance

across various modalities, datasets, and state-of-the-art architectures within this scope.
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To fully assess its potential and limitations, further testing on a broader range of tasks is

essential. Additionally, applying our method in self-supervised and multi-task learning

settings, such as training large-scale language models or multimodal models, represents

a significant and exciting avenue for future research.

Furthermore, in our experiments, we observed a trade-off between training and in-

ference cost when choosing between short residual connections and long connections.

It is possible that ACN’s inherent sparsity and longer training time is what makes them

more robust to noise and more efficient in low-data settings. Preliminary experiments

further strenghten this belief: as the representations learned by earlier layers become

more discriminative focusing on the task at hand, ACNs can still effectivelly transfer their

knowledge to downstream tasks.

6.4 Future Work

As discussed in the Limitations section, a natural extension of this work involves

applying the proposed architecture to self-supervised and multi-task learning scenarios.

This includes training large-scale language models or multimodal models, which repre-

sents a promising and exciting direction for future research. In the case of multimodal

inputs, it would be particularly interesting to investigate optimal connectivity patterns

and fusion strategies across modalities.

Another compelling direction is leveraging ACNs for dynamic inference. In this setting,

the model can adaptively decide at inference time which layer to exit from, based on the

difficulty of the input. ACNs are especially well-suited for this, as their structure offers

a natural way to assess difficulty through intermediate accuracies, offering a method to

determine the appropriate early exit point for a given input.

Finally, taking inspiration from the discussion on biological motivation and the con-

nectivity patterns observed in brain networks, a fascinating direction for future research

is the design of hybrid architectures that combine both short and long-range connec-

tions—effectively interpolating between ACNs and Residual Networks. Such networks

would exhibit hybrid connectivity patterns, potentially moving closer to the Small-World

characteristics found in biological systems. This raises the question of whether neu-

ral networks with graph-theoretic properties similar to those of the brain—such as high

clustering and short path lengths—can achieve improved efficiency and generalization.

In this context, general graph-theoretic metrics and measures could be employed to

analyze and better understand the structural properties of these architectures. Moreover,

we note that the interpolation between ACNs and ResNets is both natural and straight-

forward to implement, as illustrated in the algorithm below:
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6.4 Future Work

Algorithm 6.1: Forward pass of ACNs (a=0) and ResNets (a=1)

1: x ← emb(input)
2: current ← x
3: for each layer in layers do

4: xout ← layer(x)
5: current ← current + xout

6: x ← xout + a · x
7: end for

8: xcls ← current
9: xcls ← cls(xcls)
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List of Abbreviations

ΑΣ∆ Αυτο-ΣυµπιεϹόµενα ∆ίκτυα

ΕΝ∆ Εµπϱόσϑια Νευϱωνικά ∆ίκτυα

ΥΝ∆ Υπολλειµατικά Νευωϱνικά ∆ίκτυα

RNN Recurrent Neural Network

CNN Convolutional Neural Network

MLP Multi-Layer Perceptron

ACN Auto-Compressing Network

FFN Feed Forward Network

ResNet Residual Network

DG Direct Gradient

FG Full Gradient

NG Network-mediated Gradient

BERT Bidirectional Encoder Representations from Transformers

CL Continual Learning

FT Fine-Tuning

SI Synaptic Intelligence

C-10 CIFAR-10

C-100 CIFAR-100

DeepSup Deep Supervision
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