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Περίληψη

Τα διαλογικά συστήµατα συχνά χρησιµοποιούν το υποσύστηµα Dialogue State Tracking
(DST) για να ολοκληρώσουν επιτυχώς τη συζήτηση. Το DST έχει σκοπό να παρακολου-
ϑεί το στόχο του χρήστη κατά τη διάρκεια ενός διαλόγου και είναι ένα αρκετά απαιτητικό
πρόβληµα σε multi-domain σενάρια. Το schema-guided DST είναι µια νέα προσέγγιση,
στην οποία το σχήµα, δηλαδή µία λίστα από τα υποστηριζόµενα πεδία και προθέσεις µαζί µε
αναπαραστάσεις σε ϕυσική γλώσσα, παρέχεται για κάθε υπηρεσία του διαλόγου. Πρόσφατες
state-of-the-art υλοποιήσεις του DST ϐασίζονται στα σχήµατα ποικίλλων υπηρεσιών για να
ϐελτιώσουν την ευρωστία και να πραγµατοποιούν zero-shot γενίκευση σε νέα domains, όµως
τέτοιες µέθοδοι χρειάζονται συνήθως πολλαπλά transformer µοντέλα µεγάλης κλίµακας και
µεγάλες ακολουθίες εισόδου για να έχουν καλή απόδοση.

Σε αυτή τη διπλωµατική εργασία, πρώτα εισάγουµε τα ϐασικά της µηχανικής µάθησης,
της ϐαθιάς µάθησης, της επεξεργασίας ϕυσικής γλώσσας και των διαλογικών συστηµάτων
εστιάζοντας στο DST. Στη συνέχεια, προτείνουµε ένα µοντέλο πολλαπλών εργασιών ϐασι-
σµένο στο BERT για να λύσουµε ταυτόχρονα τα τρία DST προβλήµατα: πρόβλεψη πρόθε-
σης, πρόβλεψη Ϲητούµενων πεδίων και ανάθεση τιµών πεδίων. Επιπλέον, προτείνουµε µια
αποδοτική και ϕειδωλή κωδικοποίηση του ιστορικού του διαλόγου και του σχήµατος των
υπηρεσιών που δείχνουµε ότι ϐελτιώνει περαιτέρω την απόδοση.

Κωδικοποιούµε µόνο τους δύο τελευταίους γύρους του διαλόγου, µια µικρή αναπαράστα-
ση για το σχήµα και την προηγούµενη κατάσταση του διαλόγου. Ο προηγούµενος γύρος του
συστήµατος αναπαρίσταται µέσω των υποκείµενων διαλογικών ενεργειών συστήµατος που
ϐελτιώνει σηµαντικά την ακρίβεια του DST. Για το πρόβληµα ανάθεσης τιµών πεδίων προ-
σθέτουµε επίσης µηχανισµούς µεταφοράς των πεδίων που ψάχνουν προηγούµενους γύρους
και καταστάσεις διαλόγου για να ανακτήσουν την τιµή όταν αυτό απαιτείται. ΄Ενας αριθµός α-
πό κεφαλές κατηγοριοποίησης που παίρνουν ως είσοδο διάφορα µέρη της κωδικοποιηµένης
από το BERT ακολουθίας εκπαιδεύονται ταυτόχρονα για την επίλυση των τριών προβλη-
µάτων.

Η αξιολόγηση στο σύνολο δεδοµένων SGD δείχνει ότι η απόδοση της προσέγγισής µας
ξεπερνάει κατά πολύ αυτή του συστήµατος αναφοράς SGP-DST και είναι κοντά στο state-of-
the-art, ενώ είναι πολύ λιγότερο απαιτητική σε υπολογιστικούς πόρους. Πραγµατοποιούµε
αναλυτικά ablation studies που εξετάζουν τους καθοριστικούς παράγοντες για την επιτυχία
του µοντέλου µας.

Λέξεις Κλειδιά

µηχανική µάθηση, ϐαθιά µάθηση, επεξεργασία ϕυσικής γλώσσας, bert, διαλογικά συ-
στήµατα, dialogue state tracking, µάθηση πολλαπλών εργασιών
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Abstract

Dialogue systems often employ a Dialogue State Tracking (DST) component to su-
ccessfully complete conversations. DST aims to track the user goal over the course of
a dialogue and it is a particularly challenging task in multi-domain scenarios. Schema-
guided DST is a new approach, where the schema, i.e. a list of the supported slots and
intents along with natural language descriptions, is provided for each dialogue service.
Recent state-of-the-art DST implementations rely on schemata of diverse services to i-
mprove model robustness and handle zero-shot generalization to new domains, however
such methods typically require multiple large scale transformer models and long input
sequences to perform well.

In this diploma thesis, we first introduce the basics of machine learning, deep le-
arning, natural language processing and dialogue systems focusing on DST. We then
propose a single multi-task BERT-based model that jointly solves the three DST tasks
of intent prediction, requested slot prediction and slot filling. Moreover, we propose an
efficient and parsimonious encoding of the dialogue history and service schemata that is
shown to further improve performance.

We only encode the last two utterances, a compact schema representation and the
previously predicted dialogue state. The preceding system utterance is represented as
its underlying system actions which significantly benefits accuracy. For the slot filling
task we additionally incorporate slot carryover mechanisms that search previous dialogue
utterances and states to retrieve values when necessary. A number of classification heads
which take as input various parts of the BERT-encoded sequence are jointly trained to
perform the tasks.

Evaluation on the SGD dataset shows that our approach outperforms the baseline
SGP-DST by a large margin and performs well compared to the state-of-the-art, while
being significantly more computationally efficient. Extensive ablation studies are perfor-
med to examine the contributing factors to the success of our model.

Keywords

machine learning, deep learning, natural language processing, bert, dialogue systems,
dialogue state tracking, multi-task learning
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Κεφάλαιο 0

Εκτεταµένη Ελληνική Περίληψη

0.1 Εισαγωγή

0.1.1 Κίνητρο

Μηχανές που µπορούν να συζητούν µε ϕυσικό τρόπο µε ανθρώπους έχουν αποτελέσει το
αντικείµενο ουτοπικών έργων επιστηµονικής ϕαντασίας. Παρόλα αυτά, λόγω των τελευταίων
εξελίξεων στην τεχνητή νοηµοσύνη και πιο συγκεκριµένα στη ϐαθιά µάθηση, ευφυή διαλογι-
κά συστήµατα αρχίζουν να γίνονται πραγµατικότητα πετυχαίνοντας κάτι που προηγουµένως
ήταν µόνο στη ϕαντασία µας. ∆ηµοφιλείς ψηφιακοί ϐοηθοί όπως η Siri, η Cortana, το Google
Assistant, η Alexa κλπ είναι ικανοί να εκτελέσουν εργασίες ή/και να ψυχαγωγήσουν τους
χρήστες µέσω συζητήσεων.

Μια αξιοσηµείωτη κατηγορία πρακτόρων συζήτησης είναι τα διαλογικά συστήµατα προ-
σανατολισµένα σε συγκεκριµένο σκοπό (task-oriented). Τέτοια συστήµατα στοχεύουν να
ϐοηθήσουν τους χρήστες να ολοκληρώσουν καθηµερινές δραστηριότητες όπως να κάνουν
κράτηση σε εστιατόριο, να κλείσουν εισιτήρια κλπ. ΄Ενα κρίσιµο υποσύστηµα σε ένα task-
oriented διαλογικό σύστηµα είναι το Dialogue State Tracking (DST) που παρακολουθεί και
καταγράφει το στόχο του χρήστη κατά τη διάρκεια πολλαπλών γύρων του διαλόγου. Με
ϐάση τα λόγια του τελευταίου γύρου του διαλόγου (utterance) και το ιστορικό του διαλόγου,
το DST προβλέπει την κατάσταση του διάλογου (dialogue state) που αποτυπώνει το στόχο
του χρήστη. Η κατάσταση του διαλόγου που προβλέφθηκε έπειτα χρησιµοποιείται από άλλα
υποσυστήµατα για να ανακτηθούν στοιχεία από µια ϐάση δεδοµένων, να εκτελεστούν οι ενέρ-
γειες που έχουν Ϲητηθεί από το χρήστη και να απαντήσουν κατάλληλα [15]. Πιο πρόσφατα,
τα συστήµατα που έχουν προταθεί είναι multi-domain· µπορούν να χειριστούν πολλαπλά
διαλογικά domains στον ίδιο διάλογο.

Η ύπαρξη ολοένα και αυξανόµενων διαφορετικών υπηρεσιών που προσφέρονται από τα
εµπορικά task-oriented συστήµατα οδήγησε την ανάπτυξη του καθοδηγούµενου από το
σχήµα προτύπου (schema-guided paradigm) [1]. Αυτό το πρότυπο έχει σκοπό να επιτρέψει
στα µοντέλα DST να δουλεύουν σε νέες, άγνωστες υπηρεσίες ϐασιζόµενα στη γνώση που
έχουν αποκτήσει από τις υπηρεσίες που είδαν κατά την εκπαίδευση. Η περιγραφή σε ϕυσική
γλώσσα του σχήµατος των υπηρεσιών καθοδηγεί το µοντέλο σε τέτοια καινούρια σενάρια.

Παράλληλα, πρόσφατα προεκπαιδεύµενα transformer γλωσσικά µοντέλα όπως το BERT
[17] και το T5 [11] έχουν δείξει εξαιρετική απόδοση σε πολλά προβλήµατα κατανόησης ϕυ-
σικής γλώσσας. Λόγω της ϕάσης προεκπαίδευσης σε µεγάλα σύνολα δεδοµένων, µαθαίνουν
να κατανοούν τη γλώσσα µέσω παραδειγµάτων και µετέπειτα µπορούν να προσαρµοστούν
σε συγκεκριµένα προβλήµατα όπως το DST µέσω µιας διαδικασίας γνωστής ως fine-tuning.
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Τέτοια µοντέλα είναι συνεπώς κατάλληλα για διαλογικά συστήµατα εξαιτίας της ικανότητάς
τους να γενικεύουν.

0.1.2 Συνεισφορές

Σε αυτή τη διπλωµατική εργασία, προτείνουµε ένα µοντέλο πολλαπλών εργασιών (multi-
task) ϐασισµένο στο BERT που λύνει ταυτόχρονα τα τρία DST προβλήµατα: πρόβλεψη
πρόθεσης (intent prediction), πρόβλεψη Ϲητούµενων πεδίων (requested slot prediction) και
ανάθεση τιµών πεδίων (slot filling). Επιπλέον, κατασκευάζουµε µια αποδοτική και ϕειδωλή
συνοπτική αναπαράσταση για το διάλογο και το σχήµα που δείχνουµε ότι ϐελτιώνει σηµα-
ντικά την απόδοση ενώ είναι λιγότερο υπολογιστά απαιτητική. Το προτεινόµενο µοντέλο µας
ξεπερνά κατά πολύ σε απόδοση το σύστηµα αναφοράς (baseline) και η απόδοσή του είναι
κοντά στο state-of-the-art. Αναλυτικά ablation studies αποκαλύπτουν την επίδραση κάθε
στρατηγικής του µοντέλου µας στο πρόβληµα ανάθεσης τιµών πεδίων.

0.2 Το Schema-Guided Dialogue Σύνολο ∆εδοµένων

Σε αυτή την εργασία χρησιµοποιούµε το Schema-Guided Dialogue (SGD) Σύνολο ∆ε-
δοµένων [1], ένα multi-domain task-oriented σύνολο δεδοµένων µεγάλης κλίµακας που
ακολουθεί το schema-guided πρότυπο. Το SGD περιέχει 21,106 διαλόγους σε 20 domains
και 45 υπηρεσίες υπερβαίνοντας σε κλίµακα άλλα σύνολα δεδοµένων. Συµπεριλαµβάνει
επισηµειώσεις που διευκολύνουν πολλαπλά task-oriented διαλογικά προβλήµατα όπως η
κατανόηση ϕυσικής γλώσσας (Natural Language Understanding - NLU), το DST και την
παραγωγή απάντησης. Το σύνολο δεδοµένων περιέχει περιγραφές σε ϕυσική γλώσσα των
διαφόρων στοιχείων του σχήµατος· ένα παράδειγµα σχήµατος ϕαίνεται στο Σχήµα 1. Για να
αξιολογηθεί η zero-shot 1 ικανότητα γενίκευσης σε καινούριες υπηρεσίες και domains, στο
επίσηµο σύνολο δοκιµών (test set) το 77% των διαλογικών γύρων περιέχουν τουλάχιστον µια
υπηρεσία που δεν είναι παρούσα στο σύνολο εκπαίδευσης. Με αυτόν τον τρόπο, δίνεται το
κίνητρο για την σχεδίαση ενός ενοποιηµένου µοντέλου για όλες τις υπηρεσίες και το σχήµα
δίνεται ως είσοδος.

Στο Schema-Guided DST track του 8ου Dialogue System Technology Challenge, οι συµ-
µετέχοντες ανέπτυξαν zero-shot DST καθοδηγούµενα από το σχήµα µοντέλα ϐασισµένα στο
σύνολο δεδοµένων [18]. Τα DST προβλήµατα αποτελούν την πρόβλεψη της ενεργής πρόθε-
σης του χρήστη (intent prediction), των πεδίων που Ϲητούνται από το χρήστη (requested

slot prediction) και των τιµών που δίνονται για τα πεδία από το χρήστη έως τον συγκεκρι-
µένο γύρο (slot filling). Εποµένως, ϑεωρούµε ως κατάσταση διαλόγου (dialogue state) την
ενεργή πρόθεση, τα Ϲητούµενα πεδία και τα Ϲευγάρια πεδίων-τιµών για ένα γύρο παρόλο
που τα δύο πρώτα προβλήµατα πιο συχνά ϑεωρούνται NLU πρόβληµατα. Σε multi-domain
διαλόγους, µια ξεχωριστή κατάσταση διαλόγου υπολογίζεται για κάθε υπηρεσία που υπάρχει
στο διάλογο.

1µε τον όρο zero-shot learning αναφερόµαστε στο πρόβληµα στο οποίο κατά τη διάρκεια αξιολόγησης κάποιου
µοντέλου µηχανικής µάθησης υπάρχουν δεδοµένα που δεν έχουν παρατηρηθεί στην εκπαίδευση
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0.2 Το Schema-Guided Dialogue Σύνολο ∆εδοµένων

Σχήµα 1: ΄Ενα παράδειγµα σχήµατος για την υπηρεσία Payment. Το σχήµα περίεχει µια
λίστα από πεδία και προθέσεις. Τα πεδία είναι είτε κατηγορικά είτε µη-κατηγορικά και για
τα κατηγορικά δίνεται λίστα µε τις πιθανές τιµές. Επιπλέον, κάθε πρόθεση απαριθµεί τα
απαιτούµενα και τα προαιρετικά πεδία που ο χρήστης πρέπει να δώσει για να αλληλεπιδράσει
µε τη συγκεκριµένη πρόθεση. Πηγή: [1]

΄Οπως µπορούµε να δούµε στο Σχήµα 1, υπάρχει µια σχέση µεταξύ των υποστηριζόµε-
νων προθέσεων και πεδίων. Κάθε πρόθεση απαριθµεί απαιτούµενα και προαιρετικά πεδία.
Μπορούµε να κατηγοριοποιήσουµε ένα πεδίο ως informable ή non-informable ανάλογα
µε το αν ο χρήστης επιτρέπεται να δώσει τιµή για αυτό. Στις επόµενες ενότητες υποθέτουµε
ότι ένα πεδίο είναι informable αν είναι είτε απαιτούµενο είτε προαιρετικό σε τουλάχιστον µία
πρόθεση. Για το πρόβληµα ανάθεσης τιµών πεδίων ϑεωρούµε µόνο τα informable πεδία ως
υποψήφια ενώ οποιοδήποτε πεδίο (informable ή όχι) µπορεί να Ϲητηθεί.

Οι µετρικές αξιολόγησης για το πρόβληµα του DST στο SGD σύνολο δεδοµένων είναι οι
ακόλουθες σύµφωνα µε [1]:

• Active intent accuracy: Το ποσοστό των γύρων που µιλάει ο χρήστης για τους οπο-
ίους έγινε σωστή πρόβλεψη για την ενεργή πρόθεση.

• Requested slot F1: Το macro-averaged F1 score για τα Ϲητούµενα πεδία στους
γύρους του χρήστη. Γύροι χωρίς Ϲητούµενα πεδία στην πραγµατική (ground-truth)
και στην κατάσταση διαλόγου που προβλέφθηκε παραλείπονται.

• Average Goal Accuracy: Η µέση ακρίβεια σωστής πρόβλεψης των πεδίων στους σχε-
τικούς γύρους. Πεδία για τα οποία δεν έχει ανατεθεί τιµή στη ground truth κατάσταση
του διαλόγου παραλείπονται. Για τα µη-κατηγορικά πεδία, ένα fuzzy score αντιστοίχι-
σης (fuzzy matching score) χρησιµοποιείται για να ανταµείψει εν µέρει σωστές απα-
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ντήσεις.

• Joint Goal Accuracy: Η µέση ακρίβεια σωστής πρόβλεψης όλων των πεδίων σε έναν
συγκεκριµένο γύρο. Για τα µη-κατηγορικά πεδία, ένα fuzzy matching score χρησιµο-
ποιείται για να ανταµείψει εν µέρει σωστές απαντήσεις.

Σχήµα 2: ΄Ενας διάλογος από το Flight domain. Οι υπηρεσίες Α και Β µπορούν να χρησιµοποι-
ηθούν ως διεπαφή στο domain. Παρόλο που προσφέρουν την ίδια λειτουργικότητα, υπάρχουν
µικρές διαφοροποιήσεις στο σχήµα τους επειδή ενδεχοµένως προέρχονται από διαφορετικούς
σχεδιαστές API. Πηγή : [1]

Find me an apartment

Should i schedule a visit to it?

Search in Fremont

Alborada Apartments has 3 bed rooms
and 2 baths, is located at 1001
Beethoven Common and costs $3900

Find me a restaurant there

[...]
Yes, please do

In which area to look?

In Fremont there is the World Gourmet

Book me a table there for 4 people
at six in the evening on that day

Homes_1: 
active_intent: FindAppartment 
requested_slots: [ ] 
slot_values: {area=Fremont,
number_of_beds=3}

Restaurants_2: 
active_intent: ReserveRestaurant 
requested_slots: [ ] 
slot_values: {category=unlimited,
date=March 5th, location=Fremont,
number_of_seats=4,
restaurant_name=World Gourmet,
time=six in the evening}

Please confirm: Booking a table for 4 people at 6
pm on March 5th at the World Gourmet Fremont

Yes, thats fine. Is there vegetarian
food, whats the rating?

Restaurants_2: 
active_intent: ... 
requested_slots:
[has_vegetarian_options, rating] 
slot_values: ...

How many bedrooms?

3 bed rooms

Σχήµα 3: Απόσπασµα διαλόγου µε επισηµειώσεις για κάποιους γύρους

0.3 Σχετική ϐιβλιογραφία

Το SGD-baseline [1] πραγµατοποιεί fine-tuning στο µοντέλο BERT µε ϐάση τους δύο
τελευταίους γύρους και συνενώνει τις κωδικοποιηµένες µονάδες (tokens) µε τα embeddings
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του σχήµατος - τα κωδικοποιηµένα µε το BERT στοιχεία του σχήµατος. Τα embeddings του
σχήµατος είναι υπολογισµένα πριν την εκπαίδευση. Στη συνέχεια, κεφαλές κατηγοριοποίη-
σης (classification heads) παίρνουν ως είσοδο τους κωδικοποιηµένους γύρους του διαλόγου
και διαφορετικά embeddings του σχήµατος και παράγουν τις πιθανότητες των κλάσεων για
κάθε πρόβληµα.

Κάποια από τα µοντέλα που έχουν προταθεί πραγµατοποιούν fine-tuning σε έναν αριθ-
µό από ξεχωριστά προεκπαιδευµένα µοντέλα για κάθε υποπρόβληµα µε είσοδο τους δύο
τελευταίους γύρους και την περιγραφή κάθε στοιχείου του σχήµατος (πεδίου ή πρόθεσης)
[19, 20]. Επιπροσθέτως, για να αντιµετωπίσουν το πρόβληµα της µακροπρόθεσµης εξάρτη-
σης µεταξύ πεδίων (ϐλέπε Ενότητα 4.2.4) χρησιµοποιούν µηχανισµούς µεταφοράς πεδίων.
Το SGP-DST [19] και το σύστηµα SPPD [20] χρησιµοποιούν έναν αριθµό από προεκπαιδευ-
µένα µοντέλα BERT και υιοθετούν την προσέγγιση πολλαπλών περασµάτων (multi-pass) και
έτσι χρειάζονται πολλαπλά περάσµατα από το BERT για κάθε γύρο του διαλόγου.

Οι state-of-the-art µέθοδοι [21, 22] δεν ϐασίζονται σε µηχανισµούς µεταφοράς πεδίων·
εκπαιδεύονται µε ολόκληρο το ιστορικό του διαλόγου. Τα πλεονεκτήµατα τέτοιων προσεγ-
γίσεων είναι ότι αποφεύγουν τη συσσώρευση σφαλµάτων και η απόδοση είναι καλύτερη από
µεθόδους µε µηχανισµούς µεταφοράς πεδίων. Το paDST [21] πραγµατοποιεί fine-tuning σε
έναν αριθµό από προεκπαιδευµένα µοντέλα µε ολόκληρο το διάλογο και έχει παρατηρηθεί
ότι µεγάλος αριθµός από χειροκίνητα κατασκευασµένα χαρακτηριστικά και επαύξηση δεδο-
µένων µπορούν να ϐελτιώσουν πολύ την απόδοση στα κατηγορικά πεδία. Από την άλλη, το
D3ST [22] πραγµατοποιεί fine-tuning σε ένα µόνο T5 µοντέλο για όλα τα υποπροβλήµατα
µε τη προσέγγιση ενός περάσµατος (single-pass) δηλαδή όλες οι περιγραφές για το σχήµα
ενώνονται και τροφοδοτούνται στο µοντέλο µαζί µε το διάλογο.

0.4 Προτεινόµενο µοντέλο

Σε αυτήν την ενότητα, προτείνουµε ένα µοντέλο πολλαπλών εργασιών ϐασισµένο στο
BERT που πραγµατοποιεί ταυτόχρονα την πρόβλεψη πρόθεσης, την πρόβλεψη Ϲητούµενων
πεδίων και την ανάθεση τιµών πεδίων. Στο προτεινόµενο µοντέλο, υιοθετούµε µηχανισµούς
µεταφοράς πεδίων και κωδικοποιούµε µόνο τον αµέσως προηγούµενο γύρο του συστήµα-
τος και τον τρέχοντα γύρο του χρήστη όπως στα συστήµατα αναφοράς (ϐλέπε Ενότητα 5.3
και 5.4). Επιπλέον, ο προηγούµενος γύρος του συστήµατος αναπαρίστασται συνοπτικά α-
ξιοποιώντας τις υποκείµενες διαλογικές ενέργειες του συστήµατος (system actions). Για
να επιτευχθεί µια πιο αποδοτική και ϕειδωλή αναπαράσταση της εισόδου, κωδικοποιούµε
όλα τα στοιχεία του σχήµατος µαζί χρησιµοποιώντας µόνο τα ονόµατά τους και συµπερι-
λαµβάνουµε επιλεκτικά προηγούµενες καταστάσεις διαλόγου. Αυτή είναι η πιο σηµαντική
διαφορά σε σχέση µε τα συστήµατα αναφοράς. Το προτεινόµενο µοντέλο µας ξεπερνάει κατά
πολύ σε απόδοση το σύστηµα αναφοράς SGP-DST και επιτυγχάνει απόδοση κοντά στο state-
of-the-art. Αναλυτικά ablation studies αποκαλύπτουν την επίδραση κάθε στρατηγικής του
µοντέλου µας στο πρόβληµα της ανάθεσης τιµών πεδίων.

Η αρχιτεκτονική του µοντέλου πολλαπλών εργασιών ϕαίνεται στο Σχήµα 4. Ο γύρος
του χρήστη, ο προηγούµενος γύρος του συστήµατος, τα σχήµατα και προηγούµενες DST
πληροφορίες (ϐλέπε Μέρη 1 έως 5) κωδικοποιούνται µέσω BERT. ∆ιαφορετικά κοµµάτια
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BERT

Active intent: ReserveRestaurant Requested slots: [ ] number_of_seats: 4
time: six in the evening  

restaurant_name: World Gourmet
date: March 5th 

intent status intent value req status user status endstart categorical
...

carryover status cross-service
...

[SLOT] restaurant name : [NONE] [SLOT] date : [NONE] [SLOT] time : [NONE] [SLOT] number of seats : [NONE] [VALUE] 1 [VALUE] 2 [SLOT] rating... ......Part 4

[SERVICE] homes 1 [SLOT] visit date : March 5th [SLOT] system address : 1001 Beethoven Common [SEP]...Part 5

[SEP]

Book me a table there for 4 people at six in the evening on that day [SEP]Part 2

[SERVICE] restaurants 2 Active intent : find restaurants [INTENT] find restaurants [INTENT] [NONE][INTENT] reserve restaurantPart 3

[SERVICE] restaurants 2 [ACTION] Offer [SLOT] restaurant name [VALUE] World Gourmet [ACTION] Offer [SLOT] location [VALUE] Fremont[CLS] Part 1

Σχήµα 4: Οι είσοδοι για τις κεφαλές πρόβλεψης πρόθεσης, πρόβλεψης Ϲητούµενων πεδίων,
ανάθεσης τιµών πεδίων και µεταφοράς πεδίων ϕαίνονται για το προτεινόµενο µοντέλο πολλα-
πλών εργασιών BERT (πάνω µέρος), µαζί µε ένα παράδειγµα κωδικοποίησης του γύρου και του
ιστορικού διαλόγου που είναι είσοδος στο µοντέλο BERT (κάτω µέρος). Προσέξτε τα χρώµατα
της εισόδου στις κεφαλές κατηγοριοποίησης (πάνω µέρος) που αντιστοιχούν στα διάφορα µέρη
της ακολουθίας εισόδου (κάτω µέρος). Για αυτό το παράδειγµα, η υπηρεσία στους γύρους του
συστήµατος και του χρήστη είναι η Restaurants_2. Η προηγούµενη πρόθεση FindRestau-
rants αλλάζει στην ReserveRestaurant. Κανένα πεδίο δεν Ϲητείται από το χρήστη. Στον
προηγούµενο γύρο του συστήµατος, το σύστηµα προσφέρει την τιµή “World Gourmet” για το
πεδίο restaurant_name που ο χρήστης αποδέχεται (µεταφορά πεδίων in_sys_uttr). Ο χρήστης
δίνει τις τιµές “six in the evening” και ‘4’ για το µη-κατηγορικό πεδίο time και το κατηγορικό
πεδίο number_of_seats. Η τιµή του date δεν λέγεται άµεσα αλλά υποννοείται ότι έχει ανα-
ϕερθεί προηγουµένως (µεταφορά πεδίου in_cross_service_hist από µια προηγούµενη υπηρεσία
(Homes_1) ). Μέρος της εισόδου παραλείπεται.

της κωδικοποιηµένες ακολουθίας (ϐλέπε αντίστοιχιση µε χρώµατα στο σχήµα) δίνονται ως
είσοδος σε εννιά κεφαλές κατηγοριοποίησης που λύνουν τα προβλήµατα της πρόβλεψης
πρόθεσης (2 κεφαλές), της πρόβλεψης Ϲητούµενων πεδίων, της ανάθεσης τιµών πεδίων (4
κεφαλές) και µεταφοράς πεδίων (2 κεφαλές).

0.4.1 Συµβολισµοί

΄Εστω n µία υπηρεσία του διαλόγου, I(n) το σύνολο των προθέσεων στην υπηρεσία (που
συµπεριλαµβάνει την ειδικη κενή πρόθεση [NONE]) και S(n) το σύνολο των πεδίων στην υ-
πηρεσία. Τα πεδία χωρίζονται σε κατηγορικά και µη-κατηγορικά. ΄Εστω Scat(n) ⊆ S(n) το
σύνολο των κατηγορικών πεδίων και Snoncat(n) ⊆ S(n) το σύνολο των µη-κατηγορικών πεδίων.
Για κάθε κατηγορικό πεδίο, ένα σύνολο πιθανών τιµών V (s), s ∈ Scat(n) είναι διαθέσιµο. Ε-
πίσης, κάθε πεδίο µπορεί να είναι informable ή όχι ανάλογα µε το αν ο χρήστης επιτρέπεται
να δώσει τιµή για αυτό. Το Sinf (n) ⊆ S(n) υποδηλώνει τα informable πεδία της υπηρεσίας.

Υποθέτουµε ότι κατά το γύρο του χρήστη t σε ένα διάλογο µε N υπηρεσίες ϑέλουµε να
προβλέψουµε την κατάσταση του διαλόγου για την υπηρεσία n. Ουσιαστικά ϑέλουµε να
προβλέψουµε την ενεργή πρόθεση int(n) (intent prediction), τα Ϲητούµενα πεδία req(n) ⊆
S(n) (requested slot prediction) και τις τιµές για τα πεδία που δίνονται από το χρήστη
usrSlotValue(s), s ∈ Sinf (n) (slot filling).

Για κάθε υπηρεσία n′, 1 ≤ n′ ≤ N , το prevInt(n′) υποδηλώνει την προηγούµενη ε-
νεργή πρόθεση. Επιπλέον, για κάθε πεδίο s ∈ S(n′), το prevUsrSlotValue(s) υποδηλώνει
την τελευταία τιµή που δόθηκε από τον χρήστη για το s. Ακόµα, χρησιµοποιούµε το
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prevSysSlotValue(s) και το sysUttrSlotValue(s) για να υποδηλώσουµε την τελευταία τιµή
παρούσα σε µια διαλογική ενέργεια συστήµατος, πριν το γύρο t − 1 και στον γύρο (του
συστήµατος) t − 1 αντίστοιχα. Για τα prevSysSlotValue(s) και sysUttrSlotValue(s) χρησιµο-
ποιούµε µόνο διαλογικές ενέργειες του συστήµατος που περιέχουν το πεδίο s και ακριβώς
µια τιµή για το πεδίο. Σε περιπτώσεις που η πρόθεση ή η τιµή του πεδίου είναι άδεια
χρησιµοποιούµε την τιµή [NONE].

Χρησιµοποιούµε το Sprev για να υποδηλώσουµε το σύνολο των πεδίων s ∈ S(n′), n′ , n

για τα οποία είτε το prevUsrSlotValue(s) είτε το prevSysSlotValue(s) δεν είναι [NONE] και το
prevSlotValue(s) για να υποδηλώσουµε την τελευταία τους τιµή. Αν το prevUsrSlotValue(s)
δεν είναι [NONE] τότε χρησιµοποιούµε αυτήν την τιµή αλλιώς χρησιµοποιούµε το
prevSysSlotValue(s).

Για κάθε πεδίο s χρησιµοποιούµε επιπρόσθετα δυαδικά χαρακτηριστικά xbin(s). Τα δυα-
δικά χαρακτηριστικά είναι τα ακόλουθα: 1) αν η υπηρεσία είναι καινούρια στο διάλογο 2) αν
η υπηρεσία εναλλάσσεται (δεν ήταν παρούσα στην προηγούµενη κατάσταση του διαλόγου) 3)
αν ακριβώς µια τιµή για το πεδίο υπάρχει στο γύρο διαλόγου συστήµατος 4) αν ακριβώς µια
τιµή για το πεδίο υπάρχει σε προηγούµενους γύρους συστήµατος 5) αν το πεδίο είναι υπο-
χρεωτικό σε τουλάχιστον µία πρόθεση 6) αν το πεδίο είναι προαιρετικό σε όλες τις προθέσεις.
Παρόµοια χαρακτηριστικά έχουν χρησιµοποιηθεί από [19].

0.4.2 Αναπαράσταση εισόδου

΄Ενα παραδείγµα εισόδου ϕαίνεται στο Σχήµα 4. Στο Μέρος 1 κωδικοποιούµε τον αµέσως
προηγούµενο γύρο του συστήµατος ως µια λίστα από ενέργειες. Στο Μέρος 2 κωδικοποιούµε
τον τρέχοντα γύρο του χρήστη. Στο Μέρος 3, η ενεργή υπηρεσία n, την προηγούµενη
ενεργή πρόθεση prevInt(n) και όλες τις υποψήφιες πρόθεσεις που ανήκουν στην υπηρεσία
n απαριθµούνται. Το Μέρος 4 περιέχει τη λίστα µε όλα τα πεδία s ∈ S(n). Αν s ∈ Sinf (n)
προσθέτουµε το prevUsrSlotValue(s) και αν s ∈ Scat(n)∩Sinf (n) προσθέτουµε επιπλέον όλες
τις τιµές στο V (s). Το Μέρος 5 περιέχει όλες τις άλλες υπηρεσίες που έχουν εµφανιστεί
νωρίτερα στο διάλογο. Για κάθε υπηρεσία απαριθµούµε τα Ϲευγάρια πεδίων-τιµών από
προηγούµενες καταστάσεις διαλόγου ή διαλογικές ενέργειες συστήµατος, s ∈ Sprev και τις
τιµές τους prevSlotValue(s). Προσθέτουµε τη λέξη “system” πριν από πεδία που έχουν δοθεί
από το σύστηµα για να τα διαφοροποιήσουµε από πεδία που έχουν δοθεί από το χρήστη
(δηλαδή που υπάρχουν σε προηγούµενες καταστάσεις του διαλόγου).

Για το σχήµα χρησιµοποιούµε µόνο τα ονόµατα για τα πεδία και τις προθέσεις αντί για
τις πλήρεις περιγραφές τους σε ϕυσική γλώσσα που χρησιµοποιούνται από άλλες εργασίες.
΄Ενας αριθµός από προσαρµοσµένα (custom) tokens προστίθεται στο λεξιλόγιο του BERT
που υποδεικνύουν προθέσεις, πεδία κλπ.

0.4.3 Πρόβληµα πρόβλεψης πρόθεσης

Κεφαλή intent status. Πραγµατοποιούµε δυαδική κατηγοριοποίηση στην κωδικοποιη-
µένη [CLS] αναπαράσταση για να προβλέψουµε την κατάσταση της πρόθεσης ως ενεργή ή
όχι.
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Κεφαλή intent value. Για κάθε πρόθεση i ∈ I(n) πραγµατοποιούµε δυαδική κατηγοριοπο-
ίηση στην κωδικοποιηµένη του [INTENT] αναπαράσταση για να προβλέψουµε αν ο χρήστης
εναλλάσσει σε αυτήν την πρόθεση.

Αν η κατάσταση της πρόθεσης είναι ενεργή τότε επιλέγουµε την πρόθεση µε τη µεγαλύτε-
ϱη πιθανότητα intent value. ∆ιαφορετικά κρατάµε την προηγούµενη πρόθεση prevInt(n).

0.4.4 Πρόβληµα πρόβλεψης Ϲητούµενων πεδίων

Κεφαλή requested status. Για κάθε πεδίο s ∈ S(n) πραγµατοποιούµε δυαδική κατηγοριο-
ποίηση στην κωδικοποιηµένη του [SLOT] αναπαράσταση στο Μέρος 4 για να αποφασίσουµε
αν Ϲητείται στον τρέχοντα γύρο του χρήστη.

0.4.5 Πρόβληµα ανάθεσης τιµών πεδίων

Κεφαλή user status. Για κάθε πεδίο s ∈ Sinf (n) ϐρίσκουµε την κατάσταση χρήστη user
status χρησιµοποιώντας την κωδικοποιηµένη του [SLOT] αναπαράσταση στο Μέρος 4 για να
αποφασίσουµε αν η τιµή δίνεται στον τρέχοντα γύρο χρήστη. Οι πιθανές καταστάσεις χρήστη
είναι : none, active και dontcare.
Κεφαλή categorical. Για τα κατηγορικά πεδία s ∈ Sinf (n) ∩ Scat(n) πραγµατοποιούµε
δυαδική κατηγοριοποίηση για κάθε πιθανή τιµή v ∈ V (s) στην κωδικοποιηµένη της [VALUE]

αναπαράσταση για να προβλέψουµε αν είναι παρούσα στο γύρο του χρήστη.
Κεφαλές start και end. Για τα µη-κατηγορικά πεδία s ∈ Sinf (n) ∩ Snoncat(n) ϐρίσκουµε
την αρχή και το τέλος του αποσπάσµατος (span) µέσα στο γύρο χρήστη πραγµατοποιώντας
κατηγοριοποίηση στην συνένωση κάθε token στο γύρο χρήστη και της κωδικοποιηµένης
[SLOT] αναπαράστασης.

Αν η κατάσταση χρήστη είναι active, η τιµή ή το απόσπασµα µε τη µεγαλύτερη πιθανότη-
τα επιλέγεται για το πεδίο. Αν η κατάσταση χρήση είναι dontcare, η ειδική τιµή dontcare
ανατίθεται στο πεδίο.

0.4.6 Μεταφορά πεδίων

Ο χρήστης δεν δίνει πάντα ϱητά την τιµή για το πεδίο αλλά µπορεί αντ'αυτού να ανα-
ϕέρεται σε προηγούµενους γύρους. Για αυτό το λόγο, σχεδιάζουµε µηχανισµούς µεταφοράς
πεδίο για να ανακτήσουµε τιµές για πεδία από την τρέχουσα ή από προηγούµενες υπηρεσίες.
Κεφαλή carryover status. Για κάθε πεδίο s ∈ Sinf (n) προβλέπουµε την κατάσταση µετα-
ϕοράς (carryover status) χρησιµοποιώντας την κωδικοποιηµένη του [SLOT] αναπαράσταση
στο Μέρος 4 για να ϐρούµε την πηγή της τιµής του πεδίου. Για την κατάσταση µεταφοράς
οι πιθανές τιµές είναι : none, in_sys_uttr (στο γύρο του συστήµατος), in_service_hist (στο
ιστορικό της υπηρεσίας) και in_cross_service_hist (στο ιστορικό άλλης υπηρεσίας).

Για το in_sys_uttr το πεδίο ενηµερώνεται σύµφωνα µε την τιµή που είναι παρούσα στον
αµέσως προηγούµενο γύρο του συστήµατος sysUttrSlotValue(s). Για το in_service_hist το
πεδίο ενηµερώνεται σύµφωνα µε την τιµή που είναι παρούσα σε προηγούµενες διαλογικές
ενέργειες συστήµατος της υπηρεσίας n, prevSysSlotValue(s). Στις παραπάνω δύο περι-
πτώσεις, ο χρήστης αποδέχεται την τιµή που έχει δοθεί από το σύστηµα και απλώς µετα-
ϕέρουµε την τιµή.
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0.4.7 Εκπαίδευση πολλαπλών εργασιών

Κεφαλή cross-service. Για κάθε πεδίο s′ ∈ Sprev(n) πραγµατοποιούµε δυαδική κατηγοριο-
ποίηση στη συνένωση της κωδικοποιηµένης της [SLOT] αναπαράστασης στο Μέρος 5 µε την
κωδικοποιηµένη [SLOT] αναπαράσταση του s στο Μέρος 4 για να αποφασίσουµε αν πραγ-
µατοποιείται µεταφορά της τιµής από το πεδίο s′ στο πεδίο s. Το πεδίο µε τη µεγαλύτερη
πιθανότητα s′ χρησιµοποιείται ως πηγή για την τιµή s αν η κατάσταση µεταφοράς είναι
in_cross_service_hist. Σε αυτήν την περίπτωση, αναθέτουµε την τιµή prevSlotValue(s′) στο
πεδίο s.

Πρώτα ελέγχουµε την κατάσταση χρήστη και αν δεν είναι none ενηµερώνουµε την τιµή
ανάλογα µε την έξοδο της. Αλλιώς, ελέγχουµε επίσης την κατάσταση µεταφοράς. Αν προ-
ϐλέψει ότι πρέπει να γίνει µεταφορά, ενηµερώνουµε την τιµή του πεδίου αναλόγως. Αν και
η κατάσταση χρήστη και η κατάσταση µεταφοράς είναι none τότε η τιµή παραµένει η ίδια
µε την προηγούµενη κατάσταση διαλόγου, prevUsrSlotValue(s).

0.4.7 Εκπαίδευση πολλαπλών εργασιών

Για τις κεφαλές κατηγοριοποίησης intent status, intent value, categorical, start, end και
cross-service εξάγουµε τις πιθανότητες των κλάσεων µε ένα feedforward νευρωνικό δίκτυο
δύο επιπέδων. Για τις κεφαλές κατηγοριοποίησης requested status, user status και car-
ryover status συνενώνουµε τα δυαδικά χειροποίητα χαρακτηριστικά xbin(s) µετά το πρώτο
επίπεδο.

Εκπαιδεύουµε ταυτόχρονα όλες τις κεφαλές κατηγοριοποίησης, χρησιµοποιώντας το
cross entropy loss για κάθε κεφαλή. Για το πρόβληµα της πρόβλεψης πρόθεσης το loss
είναι L1 = w1Lintstat + w2Lintval , για το πρόβληµα της πρόβλεψης Ϲητούµενων πεδίων το
loss είναι L2 = Lreqstat και για το πρόβληµα της ανάθεσης τιµών πεδίων το loss είναι
L3 = w3Lusr + w4Lcarry + w5Lcat + w6Lstart + w7Lend + w8Lcross. Τελικά, το συνολικό loss
ορίζεται ως L = λ1L1 + λ2L2 + λ3L3.

0.5 Πειράµατα

0.5.1 Εξαγωγή ετικετών

Για να εξάγουµε τις ετικέτες (labels) για την κατάσταση χρήστη και µεταφοράς χρησι-
µοποιούµε τις διαλογικές ενέργειες χρήστη και ψάχνουµε προηγούµενους γύρους και κα-
ταστάσεις διαλόγου για να ϐρούµε την πηγή για το πεδίο. Θεωρούµε ένα πεδίο informable
αν και µόνο αν είναι είτε απαιτούµενο είτε προαιρετικό σε µία τουλάχιστον πρόθεση. Για
κάθε γύρο τρέχουµε το µοντέλο µόνο στις υπηρεσίες που εµπλέκονται (υπηρεσίες µε του-
λάχιστον µια αλλαγή στην κατάσταση του διαλόγου στο γύρο) σύµφωνα µε τις πραγµατικές
(ground-truth) καταστάσεις διαλόγου και κατά την εκπαίδευση και κατά την αξιολόγηση για
να είναι δίκαιη η σύγκριση µε άλλες εργασίες. Η είσοδος του µοντέλου περιέχει πραγµα-
τικές προηγούµενες καταστάσεις διαλόγου κατά την εκπαίδευση και κατά την αξιολόγηση
χρησιµοποιούνται αυτές που έχουν προβλεφθεί προηγουµένως.
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Πίνακας 1: Σύγκριση µε άλλες εργασίες

Σύστηµα Μοντέλο Παράµετροι JGA Intent Acc Req Slot F1

SGD-baseline [1] BERTBASE 110 εκ. 25.4 90.6 96.5
SGP-DST [19] 6 × BERTBASE 660 εκ. 72.2 91.9 99.0
paDST [21] 3 × RoBERTaBASE+ XLNetLARGE 715 εκ. 86.5 94.8 98.5

D3ST [22] (Base) T5BASE 220 εκ. 72.9 97.2 98.9
D3ST [22] (Large) T5LARGE 770 εκ. 80.0 97.1 99.1
D3ST [22] (XXL) T5XXL 11 δισ. 86.4 98.8 99.4

Προτεινόµενο (διάµεσος εκτελέσεων) BERTBASE 110 εκ. 82.7 94.6 99.4

Προτεινόµενο (µέσος όρος 3 εκτελέσεων) BERTBASE 110 εκ. 82.5 ± 1.0 94.7 ± 0.5 99.4 ± 0.1

Πίνακας 2: Ablation study

Σύστηµα JGA Avg GA

Προτεινόµενο 82.7 95.2

χωρίς διαλογικές ενέργειες συστήµατος 71.9 91.6
µε περιγραφές πεδίων 78.3 94.1

χωρίς προηγούµενες καταστάσεις 79.8 94.0
χωρίς επαύξηση σχήµατος 80.5 94.9

χωρίς επαύξηση σχήµατος & word dropout 78.1 94.3
χωρίς δυαδικά χαρακτηριστικά 81.0 94.4

0.5.2 Εκπαίδευση

Χρησιµοποιούµε την υλοποιήση των BERT uncased µοντέλων που παρέχεται από το
huggingface 2. Για όλα µας τα πειράµατα χρησιµοποιούµε µέγεθος για το batch 16 και
dropout rate 0.3 για τις κεφαλές κατηγοριοποιήσεις. Χρησιµοποιούµε τον AdamW αλγόριθ-
µο ϐελτιστοποίησης [23] µε γραµµικό warmup διάρκειας το 10% των ϐηµάτων εκπαίδευσης
και ϱυθµό εκπαίδευσης 2e-5. Επιλέγουµε το µοντέλο που έχει την ϐέλτιστη απόδοση µε
ϐάση τη µετρική JGA στο σύνολο ανάπτυξης (development set).

0.5.3 Προεπεξεργασία και επαύξηση

Προεπεξεργαζόµαστε τα στοιχεία του σχήµατος και τις διαλογικές ενέργειες του συστήµα-
τος αφαιρώντας τις κάτω παύλες και χωρίζοντας τις λέξεις όταν είναι στις µορφές CamelCase
και snake_case. Αντικαθιστούµε τυχαία (p = 0.1) τα tokens εισόδου στον γύρο του χρήστη
µε το token [UNK] (word dropout) και ανακατεύουµε τη σειρά εµφάνισης των στοιχείων του
schema στα Μέρη 3-5 κατά τη διάρκεια της εκπαίδευσης όπως προτείνεται από [24]. Ε-
πιπλέον εφαρµόζουµε τυχαία (p = 0.1) επαύξηση δεδοµένων (επαύξηση σχήµατος) µέσω
αντικατάστασης συνωνύµων και τυχαίας αναδιάταξης στις πρόθεσεις, πεδία και στις τιµές
στα Μέρη 3-4 µέσω του [25].
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0.6 Αποτελέσµατα και συζήτηση

Πίνακας 3: Επίδραση των µηχανισµών µεταφοράς

Σύστηµα JGA Avg GA

Προτεινόµενο 82.7 95.2

χωρίς in_sys_uttr 62.8 87.0
χωρίς in_service_hist 76.4 92.7

χωρίς in_cross_service_hist 66.8 84.4

SGD-baseline [1] 25.4 56.0
χωρίς in_service_hist & in_cross_service_hist 61.6 81.9

κανένας µηχανισµός 36.5 68.5

0.6 Αποτελέσµατα και συζήτηση

0.6.1 Σύγκριση µε άλλες εργασίες

Στον πίνακα 1 συγκρίνουµε το δικό µας (προτεινόµενο) µοντέλο µε τα SGD-baseline,
SGP-DST, paDST και τρεις υλοποιήσεις του D3ST µε µεταβλητό µέγεθος. Το SGD-baseline
[1] πραγµατοποιεί fine-tuning στο BERT µε τους δύο τελευταίους γύρους ως είσοδο και
χρησιµοποιεί υπολογισµένα εκ των προτέρων BERT embeddings για το σχήµα. Το SGP-
DST [19] χρησιµοποιεί τους δύο τελευταίους γύρους και µηχανισµούς µεταφοράς για να
ανακτήσει τιµές για πεδία που είχαν αναφερθεί σε προηγούµενους γύρους. Το paDST [21]
και το D3ST [22] κωδικοποιούν ολόκληρο το ιστορικό διαλόγου µέχρι τον τρέχοντα γύρο και
υπολογίζουν την κατάσταση διαλόγου από την αρχή. Αναφέρουµε τις µετρικές και των αριθµό
παραµέτρων στα προεκπαιδεύµενα µοντέλα που γίνονται fine-tuned από κάθε µέθοδο.

Η µέθοδός µας ξεπερνάει ξεκάθαρα το SGP-DST σε όλα τα προβλήµατα υποδεικνύοντας
ότι οι στρατηγικές µας είναι αποτελεσµατικές. Κάποια από τα µοντέλα που χρησιµοποιούν
ολόκληρο το διάλογο ξεπερνούν σε απόδοση το µοντέλο µας, ιδίως όταν χρησιµοποιούν πολύ
περισσότερες παραµέτρους (D3ST XXL) ή εφαρµόζουν περισσότερα χειροποίητα χαρακτηρι-
στικά, ειδικούς κανόνες και επαύξηση διαλόγου µέσω back-translation (paDST). Συνολικά,
η προτεινόµενη προσέγγιση επιτυγχάνει απόδοση κοντά στο state-of-the-art παρά το πολύ
µικρότερο µοντέλο και την πιο σύντοµη αναπαράσταση εισόδου.

0.6.2 Ablation study

Πραγµατοποιούµε ένα ablation study (Πίνακας 2) για να δείξουµε τη συνεισφορά κάθε
µίας από τις προτεινόµενες στρατηγικές για το πρόβληµα της ανάθεσης τιµών πεδίων. Η
αντικατάσταση του γύρου συστήµατος µε ένα σύνολο από διαλογικές ενέργειες (χωρίς διαλο-
γικές ενέργειες συστήµατος) έχει τη µεγαλύτερη επίπτωση στην απόδοση (ϐλέπε ακολουθία
εισόδου Μέρος 1 στο Σχήµα 4). Οι διαλογικές ενέργειες περιέχουν πολύ ϐασικές πληροφο-
ϱίες όπως τα ονόµατα των πεδίων και τις αντίστοιχες τιµές τους που ϐοηθάνε το µοντέλο µας
να αναγνωρίσει ποια πεδία Ϲητούνται, προσφέρονται (Offer), επιβεβαιώνονται (Confirm) κλπ
και να προβλέψει την κατάσταση χρήστη και µεταφοράς µε µεγαλύτερη ακρίβεια. Η απόδοση
πέφτει όταν χρησιµοποιούµε και τις περιγραφές για τα informable πεδία της τρέχουσας υπη-
ϱεσίας (µε περιγραφές πεδίων, ϐλέπε Μέρη 3-4 της εισόδου). Αφαιρώντας την προηγούµενη

2https://huggingface.co/docs/transformers/model_doc/bert
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πρόθεση και προηγούµενες τιµές για πεδία στα Μέρη 3-4 (χωρίς προηγούµενες καταστάσεις)
παρατηρούµε ότι η απόδοση πέφτει αλλά επίσης η εκπαίδευση γίνεται πιο γρήγορη λόγω
της µικρότερης ακολουθίας εισόδου. Παρατηρούµε επίσης ϐελτίωση όταν πραγµατοποιούµε
επαύξηση σχήµατος και word dropout πιθανότητα επειδή αυτές οι στρατηγικές ϐοηθούν την
αποφυγή υπερεκπαίδευσης (χωρίς επαύξηση σχήµατος & word dropout). Τα χειροποίη-
τα δυαδικά χαρακτηριστικά µπορούν να ωφελήσουν ελάχιστα το σύστηµα (χωρίς δυαδικά
χαρακτηριστικά).

0.6.3 Επίδραση των µηχανισµών µεταφοράς πεδίων

Στον Πίνακα 3 δείχνουµε την επίδραση των διαφόρων µηχανισµών µεταφοράς πεδίων. Για
αυτά τα πειράµατα το µοντέλο εκπαιδεύεται µία ϕορά και κατά τη διάρκεια της αξιολόγησης
αντικαθιστούµε κάθε κατηγορία κατάστασης µηχανισµού µε το “none”. ΄Οπως αναµενόταν,
χωρίς το “in_sys_uttr” παρατηρείται η µεγαλύτερη επίπτωση στην απόδοση. Το “in_cross_-
service_hist” είναι επίσης σηµαντικό λόγω του µεγάλου αριθµού multi-domain διαλόγων.
Αφαιρώντας το “in_service_hist” υπάρχει λιγότερη επίδραση στην απόδοση. Χωρίς το “in_-
service_hist” και το “in_cross_service_hist” (χρησιµοποιώντας µόνο τους δύο τελευταίους
γύρους) εξακολουθούµε να επιτυγχάνουµε µεγαλύτερη ακρίβεια από το SGD-baseline.

0.6.4 Συζήτηση

∆είξαµε ότι το προτεινόµενο σύστηµα µπορεί να ϐελτιώσει δραστικά την απόδοση σε σχέση
µε το σύστηµα SGP-DST που χρησιµοποιεί επίσης µηχανισµούς µεταφοράς πεδίων. Από τα
πειραµατικά αποτελέσµατα συµπεραίνουµε ότι οι στρατηγικές για την δηµιουργία µιας απο-
δοτικής ακολουθίας εισόδου είναι αποτελεσµατικές. Παράλληλα, το σύστηµα χρησιµοποιεί
µόνο ένα BERT µοντέλο και η ϕειδωλή ακολουθία εισόδου επιτρέπει την επίλυση των τριών
προβληµάτων µε ένα µόνο πέρασµα από το BERT για κάθε γύρο. Αυτό κάνει το σύστηµα
περισσότερο υπολογιστικά αποδοτικό.

Σε σύγκριση µε το state-of-the-art, η πιο αξιόλογη διαφορά είναι ότι αξιοποιούµε µηχα-
νισµούς µεταφοράς πεδίων, όµως η κωδικοποίηση ολόκληρου του ιστορικού του διαλόγου
έχει καλύτερη απόδοση. Στη δικιά µας προσέγγιση τα ονόµατα των στοιχείων του σχήµατος
είναι πιο αποδοτικά από τις πλήρεις περιγραφές τις οποίες δεν καταφέραµε να ενσωµα-
τώσουµε µε επιτυχία στο µοντέλο µας. Επιπλέον, το προεκπαιδευµένο µοντέλο µας (BERT)
είναι µικρότερο. Το paDST χρησιµοποιεί µεγάλο αριθµό χειροποίητων χαρακτηριστικών και
κανόνων που απαιτούν χειροκίνητη σχεδίαση και ενδεχοµένως είναι υπερβολικά εξειδικευ-
µένα για το σύνολο δεδοµένων. Από την άλλη, το D3ST πετυχαίνει µεγαλύτερο JGA από
το προτεινόµενο µοντέλο µας µόνο µε τη µεγαλύτερη έκδοση του T5 που έχει 100 ϕορές
περισσότερες παραµέτρους από το BERT. Συνολικά, το σύστηµά µας είναι πιο υπολογιστικά
αποδοτικό και έχει ικανότητα επέκτασης (scalable) σε µεγαλύτερα σχήµατα και διαλόγους.

0.7 Συµπεράσµατα

Σε αυτή τη διπλωµατική εργασία, µελετήσαµε σε ϐάθος το αντικείµενο του schema-
guided dialogue state tracking. Κάναµε µια εισαγωγή σε σηµαντικές έννοιες της µηχανικές
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0.8 Μελλοντικές προεκτάσεις

µάθησης και αναφέραµε κάποιες πρόσφατες σηµαντικές προόδους στη ϐαθιά µάθηση. Ανα-
λύσαµε τα RNNs, τα LSTMs, το µηχανισµό προσοχής και τον transformer καθώς επίσης και
δύο σηµαντικές και ευρέως χρησιµοποιούµενες τεχνικές µάθησης: τη µεταφορά µάθησης
και τη µάθηση πολλαπλών εργασιών. ΄Επειτα εστιάσαµε στο πεδίο της επεξεργασίας ϕυσι-
κής γλώσσας. Πιο συγκεκριµένα, αφού κάναµε µια εισαγωγή σε παραδοσιακά γλωσσικά
µοντέλα προχωρήσαµε στην παρουσίαση µοντέρνων γλωσσικών µοντέλων ϐασισµένων στον
transformer όπως το BERT και το T5.

Κάναµε µια ανασκόπηση των διαλογικών συστηµάτων εξετάζοντας µεθόδους, προκλήσεις
και τρόπους αξιολόγησης των δύο κύριων κατηγοριών : διαλογικά συστήµατα ανοιχτής συ-
Ϲήτησης (open-domain) και προσανατολισµένα σε συγκεκριµένο σκοπό (task-oriented). Στη
συνέχεια επικεντρώσαµε το ενδιαφέρον µας σε στο dialogue state tracking και παρουσι-
άσαµε την τελευταία έρευνα που έχει γίνει στο συγκεκριµένο πεδίο . Παρατηρήσαµε ότι τα
συστήµατα καθοδηγούµενα από το σχήµα (schema-guided), που αποσκοπούν στο να δια-
χωρίσουν το µοντέλο από τις υποστηριζόµενες υπηρεσίες, έχουν κεντρίσει το ενδιαφέρον της
ερευνητικής κοινότητας τελευταία.

Πρώτα µελετήσαµε το schema-guided dialogue state tracking και κατασκευάσαµε δύο
συστήµατα αναφοράς. Στη συνέχεια προτείναµε ένα καινοτόµο σύστηµα πολλαπλών εργα-
σιών για το schema-guided dialogue state tracking ϐασισµένο σε ένα µόνο BERT µοντέλο
και µια αποδοτική και ϕειδωλή αναπαράσταση εισόδου. Το σύστηµά µας αντιµετωπίζει τρία
κρίσιµα προβλήµατα DST ταυτόχρονα. Απόδοση κοντά στο state-of-the-art επιτυγχάνεται
χρησιµοποιώντας πολύ µικρότερο µοντέλο και κωδικοποίηση εισόδου. Μεταξύ των διαφόρων
προτεινόµενων ϐελτιώσεων στο µοντέλο δείχνουµε ότι η σύνοψη του αµέσως προηγούµενου
γύρου του συστήµατος µε διαλογικές ενέργειες δίνει τη µεγαλύτερη αύξηση στην απόδοση.
Στρατηγικές όπως η πρόσθεση προηγούµενων καταστάσεων διαλόγων, η επαύξηση δεδο-
µένων και η προσθήκη χειροποίητων χαρακτηριστικών ϐελτιώνουν περαιτέρω την απόδοση.

Πιστεύουµε ότι αυτές οι στρατηγικές µπορούν να καθοδηγήσουν την σχεδίαση συστη-
µάτων DST που χαρακτηρίζονται από ακρίβεια, επίδοση, ανεξαρτησία από την οντολογία και
ικανότητα επέκτασης σε µεγάλους multi-domain διαλόγους, πράγµα που είναι σηµαντικό
σε εφαρµογές στον πραγµατικό κόσµο.

0.8 Μελλοντικές προεκτάσεις

Στο µέλλον πιθανές µελλοντικές προεκτάσεις µπορούν να συµπεριλαµβάνουν :

• Την αντικατάσταση του BERT από ισχυρότερα µοντέλα που έχουν υψηλότερη

zero-shot απόδοση και ενδεχοµένως µπορούν να ϐελτιώσουν την ακρίβεια σε

υπηρεσίες που δεν έχουν δει κατά την εκπαίδευση. Για παράδειγµα, παρόλο
που το D3ST ακολουθεί µια απλή προσέγγιση παραγωγής ακολουθίας (seq2seq), έχει
state-of-the-art απόδοση όταν χρησιµοποιεί τη µεγαλύτερη έκδοση του T5.

• Περαιτέρω προεκπαίδευση των µοντέλων σε σχετικά προβλήµατα. Στο Κεφάλαιο
4 δείχνουµε ότι η προεκπαίδευση σε προβλήµατα όπως η µηχανική κατανόηση κει-
µένων (machine reading comprehension - MRC), για την οποία περισσότερα σύνο-
λα δεδοµένων µεγάλης κλίµακας είναι διαθέσιµα, µπορεί να ωφελήσει το DST. Το
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schema-guided DST είναι ακόµα πιο σχετικό µε το MRC από τα παραδοσιακά προ-
ϐλήµατα DST καθώς δείχνουµε ότι η περιγραφή του πεδίου/πρόθεσης µπορεί να ϑε-
ωρηθεί ως η ερώτηση στο πρόβληµα του MRC (ϐλέπε Κεφάλαιο 4). Παρόλα αυτά, η
προσέγγισή µας απαντάει πολλαπλές ‘ερωτήσεις’ ταυτόχρονα και έτσι η προεκπαίδευ-
ση παραδοσιακών µοντέλων MRC που απαντούν µόνο µια ερώτηση για κάθε χωρίο
κειµένου µπορεί να χρειάζεται να τροποποιηθεί.

• Στρατηγικές για την ενσωµάτωση προηγούµενων γύρων και περισσότερων πλη-

ϱοφοριών σχετικών µε το σχήµα, όπως οι περιγραφές των στοιχείων του, χω-

ϱίς την αύξηση του µήκους της εισόδου. Για παράδειγµα, ένα αναδροµικό µοντέλο
(π.χ. LSTM) που δουλεύει στο επίπεδο του γύρου διαλόγου ϑα µπορούσε να µάθει να
κωδικοποιεί χρήσιµες πληροφορίες από προηγούµενους γύρους.

• Περισσότερη επαύξηση δεδοµένων για την αντιµετώπιση των προβληµάτων υ-

περεκπαίδευσης στις υπηρεσίες που το µοντέλο ϐλέπει κατά την εκπαίδευση.

Ο αριθµός αυτών των υπηρεσιών είναι περιορισµένος και εποµένως το µοντέλο είναι
ευάλωτο σε υπερεκπαίδευση και ‘αποµνηµόνευσή’ τους. ∆είξαµε µια απλή τεχνική
επαύξησης δεδοµένων αλλά πιο εκλεπτυσµένες µπορούν επίσης να εξερευνηθούν. Ως
παράδειγµα, µελλοντικές επεκτάσεις µπορούν να υλοποιούν back-translation (µε-
τάφραση από τα αγγλικά σε µια δεύτερη γλώσσα και ξανά µετάφραση από τη δεύτερη
γλώσσα στα αγγλικά) µε µοντέλα transformer.

• Ενσωµάτωση του καθοδηγούµενου από το σχήµα προτύπου και σε άλλα υποσυ-

στήµατα του διαλόγου ή ακόµα σε διαλόγους από άκρη σε άκρη (end-to-end).

Προκειµένου να κατασκευάσουµε ένα σύστηµα που δουλεύει στον πραγµατικό κόσµο
είναι σηµαντικό να εκπαιδεύσουµε ένα υποσύστηµα γνωστό ως dialogue policy (ϐλέπε
Κεφάλαιο 4), ωστόσο το πρόβληµα δεν έχει µελετηθεί αρκετά. Μια πιθανή κατεύθυνση
είναι συστήµατα από άκρη σε άκρη που µαθαίνουν παράλληλα να προβλέπουν την
κατάσταση του διαλόγου αλλά και να αποκρίνονται στο χρήστη.
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Chapter 1

Introduction

1.1 Motivation

Machines that can have natural conversations with humans have been a theme in
utopian science fiction. However, due to the latest advances in artificial intelligence and
particularly deep learning, intelligent dialogue systems are becoming a reality, achieving
what was once just a product of imagination. Popular virtual assistants such as Siri,
Cortana, Google Assistant, Alexa and others are able to perform tasks and/or entertain
users through conversations.

An important category of conversational agents is task-oriented dialogue systems. The
aim of such systems is to assist users in accomplishing daily activities like reserving a
restaurant, booking tickets etc. A critical component of a task-oriented dialogue system is
Dialogue State Tracking (DST) which tracks the user goal over multiple turns of dialogue.
Based on a spoken utterance and the dialogue history, DST predicts the dialogue state
which represents the user goal. The predicted dialogue state is then used by other com-
ponents to retrieve elements from a database, perform the actions requested by the user
and respond accordingly [15]. Most recently proposed systems have been multi-domain;
they can handle multiple conversational domains in the same dialogue.

Motivated by the ever-increasing number of diverse services used by commercial task-
oriented systems, the schema-guided paradigm was developed [1]. The goal of this
paradigm is to allow DST models to work across new, unseen services relying on the
knowledge acquired by the services they saw during training. The natural language de-
scription of the services’ schemata guides the model in such new scenarios.

At the same time, recent pre-trained transformer language models such as BERT and
T5 show outstanding performance on many natural language understanding problems.
During the pre-training phase on large datasets, they learn to understand language by
examples and then they can be adapted to specific tasks such as DST through a process
known as fine-tuning. Such models are therefore suitable for dialogue systems because
of their generalization ability.

1.2 Contributions

In this thesis, we propose a multi-task BERT-based model that jointly performs three
DST tasks: intent prediction, requested slot prediction and slot filling. Furthermore,
we construct an efficient and parsimonious abstracted representation of the dialogue
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and schema that is shown to significantly improve performance while achieving greater
computational efficiency. Our proposed model significantly outperforms the baseline
system and achieves near state-of-the-art performance. Extensive ablation studies reveal
the impact of each strategy of our model on the slot filling task.

1.3 Thesis outline

In Chapter 2 we provide the necessary machine learning background knowledge. We
first introduce traditional machine learning approaches which we build on to explain deep
learning. We describe how neural networks, recurrent neural networks, the attention
mechanism and transformers work. We also discuss about two widely used learning
techniques: transfer learning and multi-task learning.

In Chapter 3 we introduce Natural Language Processing (NLP), the most common NLP
tasks and modern approaches to NLP: word embeddings and language modeling with
transformers.

In Chapter 4 we discuss about dialogue systems focusing on task-oriented systems
found in virtual assistants. We study how deep learning can be applied for the various
dialogue system components.

In Chapter 5, after a literature review on the task of Schema-Guided Dialogue State
Tracking, we introduce two baseline systems and we present our proposed system, a
Multi-Task BERT-based model. We conduct extensive experiments and ablation studies
to reveal the impact of our proposed strategies. We compare it to other models and we
highlight the benefits of our approach.

In Chapter 6 we summarize our work and our main findings and we provide ideas for
future work.
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Chapter 2

Machine Learning

Machine learning (ML) is a subfield of Artificial Intelligence. It studies algorithms that
can automatically improve (learn) with the help of data. Such algorithms are not explicitly
programmed to perform their tasks but they instead leverage models that learn to make
predictions from the training data. ML is a suitable solution to a problem if its complexity
makes traditional algorithms hard to program. For example, autonomous driving and
natural language understanding are two tasks that can be performed easily by humans
but writing rule-based algorithms for them would be far from trivial. ML is also suitable
when the need for adaptivity is important. Because ML models rely on data, the scale of
which becomes larger and larger nowadays, they are more robust - able to generalize to
new inputs [26].

ML has applications in numerous fields including computer vision, natural language
processing, speech recognition, healthcare and robotics. It offers solutions that avoid
limitations of traditional algorithms. The availability of large scale data and computational
advancements have made ML increasingly popular and more accessible. Researchers
design increasingly more sophisticated ML approaches which require less manual effort
and are more effective.

2.1 Machine learning approaches

2.1.1 Supervised learning

In supervised learning, the training data examples are input-output pairs: (x1, y1),
(x2, y2), . . . , (xn, yn) and we assume that there is an unknown function y = f (x) which
maps the inputs xi (features) to the outputs yi (labels). Models have to predict a function
f̂ that approximates f based on the training data [27].

Two common types of supervised learning are classification and regression. In clas-
sification, examples belong to categories or classes and the problem is to identify the
correct class based on the features. For example, given an image, a classification task is
to predict whether the animal in the image is a dog or a cat. In regression, the task is to
find the relationship between the input variables (features) and output variables (labels).
The difference with classification is that labels are not limited to a set of possible classes
but are numerical values. An example of a regression task is predicting a stock price
based on information like previous prices.
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2.1.2 Unsupervised learning

Unsupervised learning algorithms learn patterns from unlabelled data. Instead of
relating features to their associated labels, they learn the structure of the data relying
solely on the features. Unsupervised tasks include clustering in which data have to be
separated into groups (clusters) with similar features and anomaly detection which aims
to identify rare items (outliers) in a set of data that may indicate an anomaly [28].

2.1.3 Reinforcement learning

In reinforcement learning, agents interact with an environment by taking actions
based on the state of the environment. These agents try to maximize the value of the
reward function which relates to how close the outcomes are to the desired result. In this
way, they favor actions which are more likely to have desirable effects and avoid actions
which may produce less desirable effects. Different from supervised learning, the ground-
truth labels are not known, the only learning signal is the reward that they observe in the
environment after their actions. Learning involves finding a balance between exploration

(trying actions that have not been tested before) and exploitation (relying on behaviors
that are known to be effective) [29].

2.2 Machine learning concepts

2.2.1 Loss function

The loss function maps the model’s predictions to a real number representing the cost
of those predictions. Therefore, a small value for the loss is better as it suggests that
the model has learned from the data. ML methods find the optimal parameters for the
function f̂ by minimizing the total loss function of the examples on the training set. The
total loss over the training set is called cost function although the terms loss and cost
function are often used intechangeably.

Mean Squared Error (MSE) is a loss function used in regression problems.

MSELoss =
1
n

n∑
i=1

(yi − ŷi)2 (2.1)

Cross-entropy is a loss function commonly used in classification problems. For every
example the loss is calculated by the formula:

CrossEntropyLoss =
C∑

i=1
yi · logŷi (2.2)

where C the number of classes.
Hinge loss is another loss function for classification problems. If the possible outputs

are t = ±1 then for a single example it is defined as:

HingeLoss = max(0, 1 − t · y) (2.3)
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2.2.2 Gradient descent

Gradient descent is an iterative optimization algorithm which finds the local minimum
of a differentiable function based on its first order gradients. It is the most popular
optimization algorithm in ML. Gradient descent is used to find the model parameters that
minimize the loss function. The model starts with some (often random) initial parameters
which are then adjusted in steps. The new parameters are found by taking steps in the
opposite direction of the gradient of the cost function.

Formally, in each step n the parameters pn are updated according to the following
equation:

pn = pn−1 − η∇J(pn) (2.4)

where η > 0 is the learning rate, a parameter that controls the speed of training and J(·)
the cost function. The learning rate should be neither too small nor too large. A small
learning rate often leads to slow convergence making the training process longer. On
the other hand, a large learning rate may not allow the model to arrive at the optimal
parameters because it bounces back and forth near those parameters.

There are three variants of gradient descent based on the amount of data processed
before taking a step. Processing the entire dataset once corresponds to a training epoch

but during one epoch there may be multiple gradient descent steps.

1. Batch gradient descent: The cost function is calculated by processing all training
examples and then parameters are updated. This gives the most accurate approx-
imation for the gradient of the cost function and it therefore results in a stable
convergence. However, it may converge to a suboptimal local minimum and re-
quires the entire dataset to be loaded in memory.

2. Stochastic gradient descent (SGD): The cost function is calculated for each training
example separately and then parameters are updated. The more frequent updates
make training faster but because the gradient is approximated, noisy gradients can
interfere with training stability.

3. Mini-batch gradient descent: This is the most popular method that combines the
strengths of the first two variants. The dataset is split into training batches (the size
of which is usually a power of 2 between 16 and 512) and the gradient is estimated
based on these training examples before taking a step. This gives a more accurate
gradient estimation than SGD and is more computationally efficient than both other
variants because batches are small enough to fit in the GPU memory.

2.2.3 Bias-variance tradeoff

The bias error is caused by imposing too many assumptions for the function f̂ and
thus not being able to learn the relationships between the features and the labels. For
example, a linear classifier often has a high bias when the data distribution is complex and
a linear function is not enough to explain them. This phenomenon is called underfitting.
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Underfitted models cannot find the required patterns in the data in order to make accurate
predictions.

The variance error is caused by learning too much from the data and as a result
modelling the random noise present in the dataset. Models with a high variance tend
to fluctuate a lot even when small changes are observed in the data. This phenomenon
is called overfitting. The ability of an overfitted model to generalize to new, unseen
examples is often poor.

Figure 2.1: Visual illustration of the bias and variance errors. The top left image is the
perfect scenario with the right balance for the bias-variance tradeoff. Source: http://scott.
fortmann-roe.com/docs/BiasVariance.html

When the model is too simple and has few parameters it usually has a high bias and
a low variance. On the other hand, models with too many parameters generally have a
lower bias and a higher variance. The difference between the two error types is called
bias-variance tradeoff. It is important to find the right balance between bias and variance
so that the model can effectively learn from the training data and at the same time be
capable of generalizing to new examples.

2.3 Machine Learning Methods

2.3.1 Decision trees

Decision trees are non-parametric models which can be used to predict values based
on simple rules on the features. To reach a conclusion about the predicted value a se-
quence of tests of certain conditions is performed. Therefore, the decision tree is traversed
until a leaf node which represents the final prediction. Decision trees can be used for
both classification and regression tasks. They are very easy to interpret and visualize
but their main disadvantage is that they are prone to overfitting and thus do not always
generalize to unseen data.
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2.3.2 Support-vector machines

Support-vector machines (SVMs) perform binary linear classification by maximizing
the width of the gap between samples of the two classes. However, SVMs can even be
used when the data examples are not linearly separable by using the kernel trick and
mapping them to a higher dimension where they are linearly separable. There are many
hyperplanes that divide data into two classes but SVMs find the one where the distance
between the nearest points from each class and the hyperplane is maximized.

Figure 2.2: SVM optimal hyperplane. Source: https://medium.com/@cdabakoglu/what-is-

support-vector-machine-svm-fd0e9e39514f

Assuming that the optimal hyperplane (see Figure 2.2) is described by:

wT x − b = 0 (2.5)

the SVM algorithm optimization problem involves minimizing ∥w∥ subject to
yi

(
wT xi − b

)
≥ 1 for i = 1, . . . n where the i-th example is described by the feature vector

xi and the label yi ∈ {1,−1}. The function that estimates the class for a new sample is:

f̂ (xi) = sgn(wT x − b) (2.6)

If the examples are not linearly separable a loss function can be defined by incorpo-
rating the hinge loss (defined in Section 2.2.1) and thus allowing some examples to be
misclassified:

Loss = λ∥w∥2 +
1
n

n∑
i=1

max
(
0, 1 − yi

(
wT xi − b

)) (2.7)

and by optimizing it we can find w and b.
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2.3.3 Linear regression

For regression problems we can use linear regression when it is safe to assume that
there is a linear relationship between features and labels. Assuming that there is only
one input feature x, the output is given by:

y = mx + b (2.8)

We can use the MSE loss function as defined in Section 2.2.1:

Loss =
1
N

n∑
i=1

(yi − (mxi + b))2 (2.9)

and by optimizing it we can find m and b.
The above formulation describes simple linear regression where both the input x and

the output y are scalars. However, we can easily generalize to multiple input variables
(multiple linear regression) and multiple output variables (general linear models). Fur-
thermore, generalized linear models are the extension of linear regression to classification
problems where the labels are discrete rather than continuous. For example, logistic

regression relies on the logistic function f (x) = L
1+e−k(x−x0) to convert the output y (logit) to

probabilities for each class.

2.4 Neural Networks and Deep Learning

2.4.1 Artificial Neural Networks

Artificial neural networks or simply neural networks are a class of models whose
function is inspired by the animal brains. A neural network consists of connected neurons

which transmit signals between them.
We can define a neuron as a function which takes a number of inputs, calculates their

weighted sum and then passes it to a non-linear activation function to produce the final
output. Formally a neuron with m inputs x1, x2, . . . , xm produces the output:

y = φ

 m∑
i=0

wixi

 (2.10)

where x0 = 1 is an additional fixed input, w0, w1, . . . , wm are the weights corresponding
to x0, x1, . . . , xm and φ a non-linear activation function.

A neural network can be seen as a directed graph with the neurons represented as
nodes and the weights between them represented as edges. It consists of input neu-
rons which receive the inputs, output neurons which calculate the outputs (e.g. class
probabilities in classification problems) and possibly hidden neurons between them.

Typically, by neural network we refer to a feedforward network whose neurons are
organized in layers (see Figure 2.3). Each layer takes as input all neurons of the previous
layer (fully-connected layers). Thus, the network consists of the input layer which takes
as input the features, the hidden layer(s) which produce intermediate representations and
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finally the output layer which calculates the output. Mathematically, the overall network
computes the output vector g(x) using the following equation:

g(x) = f L
(
W L f L−1

(
W L−1 · · · f 1

(
W 1x

)
· · ·

))
(2.11)

where L is the number of layers, W l = (wl
jk) are the weights between layer l and l − 1 and

f l is the activation function which is applied after the layer l.

Figure 2.3: A feedforward neural network with one hidden layer. Source: https://commons.
wikimedia.org/wiki/File:Neural_network.svg

2.4.2 Introduction to Deep Learning

Deep learning (DL) is a category of machine learning based on deep artificial neural
networks. The main motivation behind DL is to limit the amount of feature engineering.
Traditional ML approaches struggle to process input data of high dimensions like text
or images and must rely on manual feature extraction in such scenarios. In constrast,
deep networks with multiple layers are capable of processing raw data by automatically
creating intermediate representations in the first layers and using them to make their
predictions in the last layers. This technique enables the model to discover patterns in
data on its own and is called representation learning.

2.4.3 Activation functions

In this section we will briefly mention some activation functions that are typically used
in neural networks.

1. Sigmoid function. It maps a scalar x to a number in the range of (0, 1) and is
commonly used for output probabilities.

σ(x) =
1

1 + e−x
(2.12)

2. Hyperbolic tangent (tanh) function. It maps a scalar x to a number in the range
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(−1, 1).

tanh(x) =
ex − e−x

ex + e−x
(2.13)

3. Rectified linear unit (ReLU) function. It is commonly used as an activation func-
tions for input or hidden layers.

ReLU (x) =

0 if x ≤ 0

x if x > 0
(2.14)

4. Gaussian Error Linear Unit (GELU) function. An alternative to the ReLU function.

GELU (x) =
1
2

x

(
1 + erf

(
x
√

2

))
(2.15)

5. Softmax function. It takes as input a J-dimensional vector x and outputs positive
numbers which sum to 1.

Softmax(xi) =
exi∑J

j=1 exj
for i = 1, . . . , J (2.16)

2.4.4 Learning through backpropagation

Backpropagation is an algorithm which enables the efficient calculation of the gradient
of the cost function with respect to each weight in feedforward neural networks. These
gradients are used by gradient descent to find the optimal weights as described in Section
2.2.2. It works by applying the chain rule starting from the end of the network (layers
closer to the output) and working backwards. Backpropagation is a dynamic program-
ming algorithm because redundant computations are avoided by leveraging intermediate
computed terms.

Assume that the network is described by Equation 2.11 and for an input-output pair
(xi , g(xi)) the cost function is C (yi , g (xi)) where yi the ground-truth label. In this case,
we want to compute the partial derivatives ∂C/∂wl

jk with respect to the weights. Instead
of computing these terms independently, backpropagation starts from the last (output)
layer and works backwards finding the gradient with respect to the weighted input of each
layer. These terms are calculated recursively and are used to find the partial derivatives.
A detailed explanation of the algorithm can be found in [30].

2.4.5 Regularization

In Section 2.2.3 we discussed about underfitting and overfitting. Neural networks,
especially deep neural networks, rarely underfit because they often have a lot of param-
eters, however overfitting is common. Techniques that help ML models avoid overfitting
and generalize better are called regularization techniques. In this section we will describe
the most widely used regularization techniques in (deep) neural networks.

• L1 Regularization. L1 regularization aims to penalize large values for the weights
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w of the network by adding the term ∥w∥ to the loss function:

L′ = L + λ∥w∥ (2.17)

• L2 Regularization or Weight Decay. L2 regularization works similarly to L1 regu-
larization but adds the term ∥w∥2 to the loss function:

L′ = L + λ∥w∥2 (2.18)

• Dropout. Dropout [2] chooses a random subset of neurons during each training
iteration and removes it. Because this random dropout of neurons is only performed
during training, this method can be seen as an efficient averaging (ensemble) of
different neural networks greatly improving generalization by forcing the neurons to
learn representations independently of other neurons.

Figure 2.4: A neural network with 2 hidden layers before (a) and after (b) applying dropout.
Source: [2]

• Early Stopping. In early stopping we keep one small part of the training set (de-
velopment or validation set) which is not fed to the model but is rather periodically
used to estimate the generalization ability of the model as it is being trained. When
we observe that the performance on the validation set starts getting worse we stop
training as this may be an indicator of overfitting.

• Data Augmentation. The more training examples the network sees the less likely
it is to overfit. Data augmentation creates more examples by artificially augmenting
the dataset. For images, data augmentation techniques include scaling, flipping,
rotating etc and for text swapping words, replacing with synonyms or deleting words
are common options.
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Figure 2.5: An example of early stopping. Training stops when the validation set error starts
increasing which indicates overfitting. Source: https://www.researchgate.net/figure/Early-
stopping-based-on-cross-validation_fig1_3302948

2.4.6 Recurrent neural networks

So far we have focused on feedforward networks which do not form cycles or loops.
However, such networks are not suitable for problems in which the input features do not
have a fixed size i.e. in sequence problems. Recurrent neural networks (RNNs) are types
of neural networks which better model variable size sequences by keeping an internal
hidden representation or state serving as a type of memory. Typically, for each input unit
in the sequence they calculate the new hidden state based on the previous hidden state
and the current input. This enables processing of sequences with variable lengths while
keeping the number of parameters fixed (Figure 2.6).

Figure 2.6: A RNN model (left) and its unrolled structure (right). Source: [3]

A type of a RNN network is the Elman network [31] and it works as follows: For each
time step t, the input xt and the previous hidden state ht−1 are used to derive the current
hidden state ht (Equation 2.19). Then, based on ht the output yt is given by Equation
2.20.

ht = σh (Whxt + Uhht−1 + bh) (2.19)

yt = σy

(
Wyht + by

)
(2.20)

where σh and σy are two activation functions and Wh , Uh , Wy, bh , by are trainable param-
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eters. Note that the training parameters are the same for every time step enabling the
processing of potentially large input sequences without increasing the model size. The
hidden state ht−1 is the only way to look back in previous parts of the sequence and it
should therefore capture all the necessary information about the “past”.

RNNs allow to perform various tasks on the processed sequence [4]. Some examples
of RNN usages for different sizes of inputs and outputs (see Figure 2.7) include:

• One to many. The input is of fixed size and the output is a sequence. Example:
creating image captions with input a fixed size image and output a sentence.

• Many to one. The input is a sequence and the output is of fixed size. Example:
classifying a movie review as positive or negative.

• Many to many (input and output with different sizes). Both the input and the
outputs are sequences but they do not have the same size. These types of RNN
models are commonly referred to as Sequence to Sequence (seq2seq) models [32].
Example: translation of a sentence from English to French.

• Many to many (input and output with same sizes). Input and output sequences
are of the same size. Alternatively, this can be seen as sequence labelling (assigning
a label to each part of the sequence). Example: identifying named entities (persons,
locations, organizations, etc) in a sentence (named entity recognition).

Figure 2.7: Examples of RNN usages. Source: [4]

Training of RNNs is possible with backpropagation through time (BPTT), an algorithm
that extends standard backpropagation [33]. It works by unrolling the RNN model (see
Figure 2.6) and accumulating errors across all time steps. However, it has been observed
that for long sequences error gradients vanish (vanishing gradient problem) and conse-
quently learning becomes slower. Modifications to the “vanilla” RNN model that have been
proposed to eliminate the vanishing gradient problem include Long-Short Term Memory
(LSTM) networks [34] and Gated Recurrent Units (GRUs) [35]. Based on [3] we will de-
scribe how LSTMs work.

LSTMs solve the vanishing gradient problem and enable the network to learn long-
term relationships by adding the concept of the cell state. The cell state is not present in
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the vanilla RNN and it allows for controlled addition or removal of information with gates
as shown in Figure 2.8.

Figure 2.8: A LSTM cell. The yellow rectangles represent the four neural network layers.
Source: https://www.researchgate.net/figure/Structure-of-the-LSTM-cell-and-equations-

that-describe-the-gates-of-an-LSTM-cell_fig5_329362532

The following equations are used by the LSTM cell:

ft = σ
(
Wf · [ht−1, xt] + bf

)
(2.21)

it = σ (Wi · [ht−1, xt] + bi) (2.22)

C̃t = tanh (WC · [ht−1, xt] + bC) (2.23)

Ct = ft ∗ Ct−1 + it ∗ C̃t (2.24)

ot = σ (Wo [ht−1, xt] + bo) (2.25)

ht = ot ∗ tanh (Ct) (2.26)

The function tanh(·) which outputs numbers in the range of (−1, 1) is used as the ac-
tivation function. Additionally, the sigmoid function σ(·) is used for gate layers outputting
numbers between 0 and 1. The outputs of the gates are then multiplied with vectors
to control which numbers of the vector to keep (close to 1) and which numbers to erase
(close to 0).

• Removing information from the cell state. Based on the previous hidden state
ht−1 and the current input xt , the “forget gate layer” (Equation 2.21) controls which
information to remove (forget) from the cell state.

• Storing information to the cell state. Equation 2.22 describes the “input gate
layer” which decides which of the values in the cell state should be updated. The
new candidate values C̃t are then created by another layer (Equation 2.23).

• Updating the new cell state. The cell state is updated based on ft , it and C̃t

(Equation 2.24).
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• Output. The “output gate layer” (Equation 2.25) allows specific parts of the cell
state to the output (Equation 2.26).

A limitation of RNNs is that only information from the past (previous time steps) is ac-
cessible. However, in some problems future information is also important. Bidirectional
RNNs (Bi-RNNs) were proposed [36] to address this issue. Bi-RNNs process the sequence
both in the forward direction as the standard unidirectional RNN and the backward di-
rection (starting from the last token and working towards the first one). The backward
mode is usually implemented with a separate hidden layer. Therefore, for every time step
two hidden states are produced

−→
ht ,
←−
ht , one for each direction and are concatenated to

produce the final hidden state ht . The vanilla RNN cells can be replaced by LSTM or GRU
cells resulting in bidirectional LSTMs (Bi-LSTMs) and bidirectional GRUs (Bi-GRUs).

2.4.7 Attention mechanism

In the previous section we mentioned that RNNs (usually LSTMs) can be used for
seq2seq problems like machine translation. These seq2seq models are usually composed
of the encoder (an LSTM which processes the input sequence) and the decoder (another
LSTM which generates the output sequence) [32]. The encoder produces the context

vector which is usually its last hidden state and passes it to the decoder as its first
hidden state. However, especially when the input sequence is large, it is difficult for the
encoder to learn to capture all of its information to a fixed-sized context vector and as a
result it may forget parts of the sequence.

Figure 2.9: An encoder-decoder model translating a sentence from English to Chinese.
Source: [5]

The attention mechanism was proposed to solve this problem [6]. Like the name
suggests, it allows to pay attention to important parts of the input mimicking cognitive
attention. Figure 2.10 shows how the original attention mechanism works. We suppose
that the input sequence [x1, x2, . . . , xT ] is encoded with a Bi-RNN model and we want to
generate the output sequence [y1, y2, . . . , yT ′]. The decoder takes as input its previous
hidden state st−1, the previous output yt−1 and a weighted sum of all of the encoder
hidden states to produce st . By allowing the decoder to access all hidden states instead
of only the last one, the model can reason more effectively for the entire input sequence.
Furthermore, the attention mechanism allows different decoder steps to concentrate on
different parts of the input sequence.
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In the paper, the output conditional probabilities are defined as:

p (yt | y1, . . . , yt−1, x) = g (yt−1, st , ct) (2.27)

where the hidden state st is given by:

st = f (st−1, yt−1, ct) (2.28)

The context vector ct is the weighted sum of the encoder hidden states:

ct =

T∑
j=1

αtjhj (2.29)

and the weights are given by:

αtj =
exp

(
etj

)
∑T

k=1 exp (etk)
(2.30)

etj = score
(
st−1, hj

)
(2.31)

The function score(·, ·) (alignment model) which estimates the degree of alignmen-
t/similarity of two vectors is a feedforward network in the original paper: score (st−1, ht) =
v⊤a tanh (Wa [st−1; ht]). Other works study different variants to the original attention mech-
anism [37, 38]. Although, this mechanism was at first proposed to solve seq2seq text
problems like machine translation, later works extended it to the computer vision field
[39].

x1 x2 x3 xT

+
αt,1
αt,2 αt,3

αt,T

yt-1 yt

h1 h2 h3 hT

h1 h2 h3 hT

st-1 s t

Figure 2.10: Attention mechanism. Source: [6]

2.4.8 The Transformer

In 2017, the paper “Attention is All you Need” [7] introduced the transformer, a seq2seq
model which led to a revolution in the field of deep learning. In the previous section,
we highlighted the importance of the attention mechanism as a way to concentrate on
specific parts of the sequence. This helped RNNs improve their performance by eliminating
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the problems arising from using only the last hidden state. However, the transformer
proved that the sequential processing is not needed at all provided that attention is
used. Transformer models process sequential data like RNNs but they remove the need
for recurrent computations and this allows for more parallelization and therefore lower
training times. Larger datasets can now be used and thus transformer models often
outperform RNN-based models.

Attention. The paper relies on an attention type called “Scaled Dot-Product Attention”.
Suppose that the input consists of vectors which represent words (words can be repre-
sented as vectors called word embeddings which will be expained in detail in the next
chapter). For each input vector xi we calculate three vectors: the Query vector qi , the Key
vector ki and the Value vector vi :

qi = xiWQ (2.32)

ki = xiWK (2.33)

vi = xiWV (2.34)

where WQ, WK and WV are learnable weight matrices. The attention score aij from token
xi to token xj is computed as the dot-product between the query of xi and the key of xj:

aij = qi · kj (2.35)

We define the matrices Q, K and V where the i-th row is the vector qi , ki and vi

respectively. Then the attention output is:

Attention(Q, K, V ) = softmax
(
QKT

√
dk

)
V (2.36)

where the division by
√

dk helps with numerical stability.

Furthermore, multi-head attention is introduced allowing each attention head to at-
tend to a different representation subspace:

MultiHead(Q, K, V ) = Concat (head1, . . . , headh) W O

where headi = Attention
(
QW Q

i , KW K
i , VW V

i

) (2.37)

Multi-Head attention is shown in Figure 2.11.

Positional encoding. The transformer model has no way of knowing the positions of the
tokens (words) because, unlike in RNNs, recurrence is absent. To this end, the authors
of the paper opted for adding a positional encoding to the embeddings based on sine and
cosine functions:

PE(pos,2i) = sin
(
pos/100002i/dmodel

)
(2.38)

PE(pos,2i+1) = cos
(
pos/100002i/dmodel

)
(2.39)

where pos is the position, i is the dimension and dmodel is the embeddings dimension.

Encoder-decoder architecture. The encoder consists of N = 6 layers. In every encoder
layer, the input is passed by a multi-head self-attention layer and by position-wise feed-
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Figure 2.11: Multi-head attention. Source: [7]

Figure 2.12: The encoder-decoder transformer architecture. Source: [7]

forward layers. The decoder also consists of N = 6 layers. The difference here is that
before the feedforward layer there is an additional multi-head cross-attention layer that
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enables the output to attend to the encoded input. The overall architecture is illustrated
in Figure 2.12.

2.5 Transfer Learning

Transfer learning (TL) is a learning paradigm which enables a model to use the knowl-
edge acquired during training for one task to solve another task that is related but dif-
ferent. For example, we could use the knowledge from a model that has been trained to
classify images as dogs or cats to classify other animals.

We will first introduce some concepts and then formally define TL. The definition
follows [40].

• The feature space X contains all possible input feature vectors.

• The label space Y contains all possible output label vectors.

• A domain D = {X, P(X )} is a tuple consisting of the feature space X and a marginal
probability distribution P(X ) over the feature space (only from specific samples xi ∈

X)

• A task T = {Y, P(Y |X )} is a tuple consisting of the label space Y and the conditional
probability distribution P(Y |X ) which has to be learned.

The goal of TL is to learn P(YT |XT ) in DT by leveraging information learned from DS

and TS where DS , DT or TS , TT (either the source domain or the source task is
different from the target domain/task).

2.6 Multi-Task Learning

Apart from transfer learning, another learning paradigm that is widely used is multi-
task learning (MTL) [41]. In multi-task learning, we train a model to perform multiple
tasks at once. This is typically managed by optimizing two or more loss functions. The
loss functions may correspond to either tasks that we want to solve or auxiliary tasks
that help improve performance on the main task(s).

MTL motivates the model to exploit commonalities between the different tasks. It
introduces an inductive bias as the model learns to bias representations that are useful
for performing multiple tasks. As such, it acts as a form of regularization preventing
overfitting.

MTL is implemented in deep learning with either hard or soft parameter sharing:

• In hard parameter sharing the hidden layers are shared and each task has its own
task-specific output layers.

• In soft parameter sharing the tasks have separate layers and they are trained to
keep their parameters similar.
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Natural Language Processing

Natural Language Processing (NLP) studies computational methods that process and
analyze natural language data. It is a field in the intersection of linguistics, computer
science and artificial intelligence. The term computational linguistics is often used as a
synonym to NLP as it extends linguistics to take advantage of computational approaches.

Although humans communicate with natural language every day, it is not trivial for
a computer to be programmed to understand language as deeply as humans do. Natural
language has rules that are too high level and abstract which makes writing computer
programs that are capable of understanding them difficult. Examples of characteristics
that indicate the challenging nature of natural language include ambiguities, words of
different meanings (homonyms) and coreference. NLP is therefore an interesting and
challenging research area.

3.1 NLP tasks

Typical applications of NLP include [14]:

• Part-of-speech tagging (POS tagging): It identifies whether each word in a sentence
is a noun, verb, adjective, adverb, etc.

• Named entity recognition (NER): It identifies and classifies named entities in a
sentence. Named entities may include persons, cities, countries, time/date expres-
sions etc.

• Machine translation (MT): Translation between two natural languages e.g. from
English to Chinese.

• Constituency parsing: It includes assigning a structure to a sentence called constituency-
based parse tree.

• Dependency parsing: A dependency-based parse tree is assigned to the sentence
which differs from constituency-based parse tree because it only displays relation-
ships between words.

• Coreference resolution: It identifies referring expressions and the referent (the
entity which they refer to).

• Question answering: It involves answering questions based on information or
knowledge.
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• Dialogue systems: Systems or agents which have conversations with a user. Such
conversational agents are mainly divided to task-oriented dialogue agents which aim
to assist the user to accomplish tasks and open-domain dialogue agents or chatbots
which mostly aim to mimic humans trying to entertain the user with unstructured
conversations. Chapter 4 comprehensively studies dialogue systems.

• Automatic speech recognition (ASR): Speech-to-text (STT) translation.

• Speech synthesis: Text-to-speech (TTS) translation.

3.2 N-gram Language Models

Language models (LM) assign probabilities to sequences of words and can predict the
next word based on the preceding words. Problems like speech recognition, machine
translation and POS tagging can benefit from language modeling. In this section we will
introduce a simple way to perform language modeling: n-gram language models.

The task of language modeling is to find the probability:

P(w1:m) = P(w1, w2, . . . , wm) (3.1)

for a sequence with m words. By applying the chain rule of probability to Equation 3.1:

P(w1:m) = P(w1)P(w2|w1) . . . P(wm |w1:m−1) =
m∏

k=1

P (wk | w1:k−1) (3.2)

N-grams approximate the conditional probabilities by making the assumption that the
next word only depends on the n − 1 previous words (Markov property):

P (w1:n) ≈
n∏

k=1

P (wk | wk−1) (3.3)

Then the conditional probabilities can be computed using the frequencies of the n-grams
in the dataset.

3.3 Distributional hypothesis - word embeddings

In linguistics, the distributional hypothesis [42] refers to the property that words
with similar meanings usually appear in similar contexts. Firth [43] summarized and
popularized this hypothesis by the famous “you shall know a word by the company it
keeps”. According to this hypothesis, the meaning of words can be learned from their
distribution in texts. Words can be represented as vectors such that words with similar
meanings have a small distance. Linear algebra can be used as a tool to perform tasks on
these vectors. The advantage of models using distributional semantics is that they replace
manual feature engineering and they instead extract representations directly from text.
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3.3.1 Tf-idf

Term frequency-inverse document frequency (tf-idf) is a statistic which indicates the
importance of a word in a document. Tf-idf is a product of two statistics: term frequency
and inverse document frequency.
Term frequency:

tf(t, d) =
ft,d∑

t′∈d ft′,d
(3.4)

where ft,d is the number of appearances of the word t in the document d. Term frequency
is normalized by the total number of words in the document.
Inverse document frequency:

idf(t, D) = log
N

|{d ∈ D : t ∈ d}|
(3.5)

where D is a collection of documents and N = |D|. The denominator is the number of
documents where the word t appears at least once. This statistic expresses how rare the
word is across the documents. Rare words have a larger inverse document frequency as
they are more “important” than common words like “the” or “and”.
Term frequency–inverse document frequency (tf-idf):

tfidf(t, d, D) = tf(t, d) · idf(t, D) (3.6)

Words that have high term frequency and low document frequency have high tf-idf. These
words appear multiple times in a document but are not common in other documents.

3.3.2 Co-occurence matrix

The co-occurrence matrix is constructed by measuring how often words occur to-
gether. Two popular choices are the term-document matrix and the term-term matrix.
They can be used to derive sparse vectors for each word or document. Tf-idf is one way
to weigh the words in a co-occurrence matrix and thus improve the discriminating ability
of the vectors. Nevertheless, such methods produce vectors that are high-dimensional
(typically |V |-dimensional where V is the set of all possible words). Sparse vectors are not
perfect representations when used e.g. by neural networks because learning tends to be
difficult.

3.3.3 Word2vec

From the previous section it becomes clear that lower-dimensional vectors with dimen-
sions that better capture linguistic properties are a better solution for the representation
of words. These dense vectors which are usually called embeddings can be learned from
large datasets and then used for other tasks making them an example of transfer learning.
Embeddings can be classified as static embeddings like word2vec [8] or GloVe [44] and
contextualized embeddings like ELMo [45] or BERT [17]. Static embeddings represent
words as fixed vectors while contextualized embeddings are dynamic and depend on the
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context. In this section we will introduce the word2vec algorithm.

The goal of word2vec is to learn high-quality dense distributed representations from
huge datasets and large vocabularies in a computationally efficient way. The authors of
the word2vec paper observed that previous architectures used a neural network with a
non-linear hidden layer which made training on large datasets impossible. Instead, they
choose a shallow network with a projection layer that projects the sparse input vectors
to vectors with a smaller dimension and an output layer. The training objective is to
reconstruct sentences based on the context and two architectures to achieve that were
proposed: continuous bag-of-words (CBOW) and continuous skip-gram (Figure 3.1).

In the CBOW architecture, the model predicts the word in the middle based on the
previous and next words. Every word is projected with the projection layer (the same
weights are used for all words) and then the vectors are averaged. This means that the
order of the words is irrelevant (bag-of-words).

In the continuous skip-gram architecture, the model predicts words found in the
context based on the word in the middle. More distant words are sampled less because
they tend to become less related to the middle word.

w(t-2)

w(t+1)

w(t-1)

w(t+2)

w(t)

SUM

       INPUT         PROJECTION         OUTPUT

w(t)

          INPUT         PROJECTION      OUTPUT

w(t-2)

w(t-1)

w(t+1)

w(t+2)

                   CBOW                                                   Skip-gram

Figure 3.1: The two word2vec model architectures. Source: [8]

Syntactic and semantic word similarities are preserved by the embeddings. It is in-
teresting that even simple metrics such as cosine similarity and vector arithmetics can
be directly applied. For example, the vector man-woman+queen is close to the vector king.
More examples of related words are shown in Figure 3.2. Although the reasons of the
effectiveness of word2vec and related algorithms are not clear, a possible explanation is
that the training objective causes the projected word representations of similar words to
be close, confirming the distributional hypothesis. Embeddings derived from algorithms
like word2vec are usually the default choice for encoding words in sequence architectures
like those described in the previous chapter.
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Figure 3.2: Visualization of embeddings that capture the similarities between words.
Source: https://medium.com/@nuripurswani/word2vec-for-talent-acquisition-ab20a23e01d8

3.4 BERT

3.4.1 Architecture

BERT [9] is a multi-layer bidirectional transformer encoder. The authors of the paper
report results for two BERT variants with different model sizes: BERTBASE and BERTLARGE.
BERTBASE has L = 12 transformer encoder blocks, the hidden size (size of the feedforward
networks) is H = 768, it has A = 12 self-attention heads and a total of 110M parameters.
For the larger version BERTLARGE the respective parameters are L = 24, H = 1024, A = 16
and a total of 340M parameters.

BERT BERT

E[CLS] E1  E[SEP]... EN E1’ ... EM’

C T1 T[SEP]... TN T1’ ... TM’

[CLS] Tok 1  [SEP]... Tok N Tok 1 ... TokM

Question Paragraph

Start/End Span

BERT

E[CLS] E1  E[SEP]... EN E1’ ... EM’

C T1 T[SEP]... TN T1’ ... TM’

[CLS] Tok 1  [SEP]... Tok N Tok 1 ... TokM

Masked Sentence A Masked Sentence B

Pre-training Fine-Tuning

NSP Mask LM Mask LM

Unlabeled Sentence A and B Pair 

SQuAD

Question Answer Pair

NERMNLI

Figure 3.3: BERT is first pre-trained on large corpora and then fine-tuned on task-specific
datasets. Source: [9]

3.4.2 Inputs and outputs

The input is a sequence which may be one or two sentences depending on the task.
The input tokens are represented as embeddings (WordPiece embeddings are used). To
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perform tasks such as classification two special tokens are introduced: [CLS] and [SEP].
[CLS] is always the first token of the sequence. For sequences consisting of two sentences,
they are separated with the [SEP] token and additional learnable segment embeddings are
added to the token and position embeddings.

Each token is encoded with BERT to a representation (embedding) of size H (768 for
BERTBASE). The special [CLS] token is used as a representation for the entire sequence
and is useful in sequence classification tasks. BERT embeddings are contextual meaning
that the same word will have different embeddings based on its context (the sentence that
is found in).

3.4.3 Pre-training

BERT is pre-trained on two large datasets: BookCorpus (800M words) and the English
Wikipedia (2,500M words). BERT’s pre-training includes two unsupervised tasks: Masked
Language Modeling (MLM) and Next Sentence Prediction (NSP). Pre-training requires a lot
of computational power and time. After pre-training, the model can be fine-tuned (further
trained) on downstream supervised tasks like question answering.

During MLM, 15% of the input tokens are masked and the model’s task is to predict
them. The tokens which are selected to be masked are:

• Replaced with the [MASK] token 80% of the time

• Replaced with a random token 10% of the time

• Left unchanged 10% of the time

NSP is used to teach the model to understand the relationship between two sentences.
The input is constructed by choosing two sentences such that the second one is the actual
next sentence 50% of the time and a random sentence 50% of the time. BERT’s task is to
predict whether the second sentence is actually the next one.

3.4.4 Fine-tuning

Pre-trained BERT models can be used for downstream tasks by adding classification
heads. Classification heads are neural networks that take as input the BERT embeddings
and output class probabilities. The weights of the BERT model can be fixed during
downstream training and in this case BERT is used as a feature extractor. However,
further training the entire BERT model along with the classification head (fine-tuning)
usually leads to better performance. Figure 3.4 shows some possible ways to use BERT
on specific tasks.

3.4.5 RoBERTa

RoBERTa [46] is a model that improves on the original BERT’s hyperparameter and
training choices. The main modifications introduced by RoBERTa are:

• It is pre-trained longer with a bigger batch size on a larger dataset.
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Figure 3.4: BERT input sequences and classification heads for different tasks. Source: [9]

• It does not use the next sentence prediction pre-training objective as the authors
concluded that similar or even slightly better results can be achieved without it.

• The sequences used for pre-training are longer.

• The masking is dynamic: The input tokens that should be masked are chosen before
feeding the input to the model rather than during the data preprocessing stage like
in BERT. This means that in different epochs, the same sequence will be masked in
a different way.

3.5 XLNet

BERT is trained with an autoencoding (AE) language modeling objective. This means
that it does not rely on Equation 3.2 to explicitly model the probability distribution of the
words in a sentence. Instead, BERT aims to reconstruct a corrupted sentence and thus
it is possible to leverage bidirectional context. The disadvantage of this approach is that
the words that have to be predicted are assumed to be independent.

On the other hand, autoregressive (AR) language modeling directly estimates the prob-
ability distribution of Equation 3.2. The conditional probability can be estimated with
either a forward or a backward pass of the sentence. Although AR models can be used
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for tasks like natural language generation, they fall short of performing natural language
understanding when deep bidirectional context is required.

XLNet [10] is a transformer model that combines the benefits of both AE and AR
transformer models. It is a generalized autoregressive method and performs AR language
modeling with a newly introduced pre-training objective: Permutation Language Modeling
(PLM). PLM allows the model to consider bidirectional contexts by permuting the word
order in the sentence making it more suitable for natural language understanding tasks
than traditional AR models. Furthermore, as it does not rely on data corruption (using
[MASK] tokens), it avoids BERT’s pretrain-finetune discrepancy and unlike BERT, words
to be predicted are not assumed independent. XLNet borrows ideas from Transformer-
XL [47] which improves on the vanilla transformer allowing better performance on long
sequences.
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Figure 3.5: Illustration of XLNet’s permutation language modeling objective for predicting
x3 with different factorization orders. Source: [10]

3.6 T5

Text-to-Text Transfer Transformer (T5) [11] is a model that leverages a unified text to
text formulation for all language problems. The authors of the paper introduced a new
dataset, the Colossal Clean Crawled Corpus (C4), which is two orders of magnitude larger
than Wikipedia, to accommodate the model’s pre-training. C4 is a cleaned version of
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Common Crawl, a large dataset of crawled websites 1.
T5 relies on natural language description of the downstream tasks instead of special-

ized classification heads as used by BERT (and related) models. The model is trained to
generate the predictions as text. For example, for the translation task from English to
German, the model may take as input the sequence “translate English to German: That is
good.” and should output “Das ist gut.” More examples of downstream tasks are shown
in Figure 3.6.

"translate English to German: That is good."

"cola sentence: The 
course is jumping well."

"summarize: state authorities 
dispatched emergency crews tuesday to 
survey the damage after an onslaught 
of severe weather in mississippi…"

"stsb sentence1: The rhino grazed 
on the grass. sentence2: A rhino 

is grazing in a field."
T5

"Das ist gut."

"not acceptable"

"six people hospitalized after 
a storm in attala county."

"3.8"

Figure 3.6: T5 model on various downstream tasks. Source: [11]

After a survey that compares many different approaches to transformer architectures
and pre-training objectives, the authors found that the best results can be obtained with
an architecture close to the vanilla encoder-decoder transformer and a denoising pre-
training objective (similar to BERT). The pre-training and fine-tuning phases are shown
in Figure 3.7.

President Franklin <M> born <M> January 1882.

Our <M> hand-picked and sun-dried 
<M> orchard in Georgia.

Lily couldn't <M>. The waitress 
had brought the largest <M> of 

chocolate cake <M> seen. T5
D. Roosevelt was <M> in

believe her eyes <M> 
piece <M> she had ever

peaches are <M> at our

When was Franklin D. 
Roosevelt born? T5 1882

President Franklin D. 
Roosevelt was born
in January 1882.

Pre-training

Fine-tuning

Figure 3.7: T5 pre-training and fine-tuning. Source: [12]

1https://commoncrawl.org/
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Chapter 4

Dialogue Systems

4.1 Introduction to dialogue systems

Dialogue systems are designed to communicate with users in natural language. One of
the longest running challenges in artificial intelligence is developing intelligent agents that
can have conversations with the goal of entertaining humans, helping them accomplish
daily tasks or both. Therefore, dialogue systems generally fall into two categories [14, 48,
49]. Systems that aim to not only have engaging and long conversations but also satisfy
emotional needs of humans are called open-domain dialogue systems [13]. By contrast,
task-oriented dialogue systems [15] aim to help users achieve more domain-specific tasks
like booking flight tickets or finding a restaurant to eat. In this section we will introduce
general methods and challenges in dialogue systems and in Section 4.2 we will discuss
about a very important component that mainly task-oriented systems use: Dialogue State
Tracking (DST).

4.1.1 Open-domain dialogue systems

Early dialogue systems include Eliza [50], Parry [51] and Alice [52]. Such systems
are rule-based and work well on specific environments. Unlike traditional systems, most
modern systems are data-driven i.e. trained with human-human conversations without
relying on handcrafted rules. They are typically implemented with end-to-end architec-
tures that directly produce the response at each turn based on the dialogue context. The
response is produced by open-dialogue systems by either retrieval or generation methods.

Retrieval methods

Retrieval methods choose the best answer from a candidate set present in the corpus. In
Figure 4.1 the architecture of a retrieval-based system is shown. Based on the dialogue
context C and the input utterance X , retrieval algorithms are employed to retrieve the best
candidates from a set of input-output pairs which are collected offline. Matching models
consequently find the best output (next system utterance) Y by ranking the candidate
responses. To this end, traditional information retrieval algorithms are effective [53] but
more recently deep architectures are preferred. For example, BERT [17] can be used to
separately encode the candidate responses and the current dialogue and the similarity
between them can be calculated with the dot-product operation. Most sophisticated
approaches (e.g. [54]) can act as an alternative to make the pairwise comparisons.
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Retrieval
Algorithms

Context: 𝐶
Input: 𝑋

Input-Output 
Pairs

Online

Offline

Ranking
Retrieved candidates

Matching
Models

Output: 𝑌

Repository

Figure 4.1: Retrieval-based architecture. Source: [13]

Generative methods

Alternatively, the problem can be formulated as a generation problem. In this case,
seq2seq encoder-decoder models as discussed in Chapter 2 can be used (see Figure 4.2).
Recently the best performing architectures are based on transformers [55, 56, 57]. Dia-
logue generation can also be performed with conditional variational autoencoders (CVAEs)
[58] or generative adversarial networks (GANs) [59].

Figure 4.2: Encoder-decoder based architecture. Source: [14]

Hybrid methods

Retrieval-based methods produce responses with high quality as they are written by hu-
mans but the they are limited to the data present in the corpus. On the other hand,
generation-based methods can produce unseen responses but are often not fluent or not
related to the dialogue. A lot of hybrid methods are proposed to benefit from the strengths
of both approaches. For example in [60] a candidate (prototype) response is retrieved and
then edited to match the context. This method results in relevant and diverse responses.
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Challenges

One of the most common problems in dialogue generation is bland responses. Systems
based on seq2seq models prefer to respond with generic answers like “I don’t know”. The
reason is that they are trained to maximize the conditional probability P(S|T ) of the re-
sponse T based on the context S and short answers that do not convey much information
can satisfy many possible contexts. Instead, [61] proposed to maximize the mutual infor-
mation between T and S: P(T,S)

P(T )P(S) . Methods based on GANs [62] have also been used where
the generator tries to produce an answer which the discriminator cannot tell whether it
originates from a human or not. In addition, [63] proposed a model that mitigates the
issue by introducing latent variables that capture high-level semantic information of the
response.

Another issue is that dialogue generation models often produce inconsistent responses.
For example, when asked “How old are you?”, the system may respond with different an-
swers across turns. To address this problem, we can encode personas that reflect the
identity of the conversational agent [64] into representations called speaker embeddings.
Speaker embeddings capture information about the speaker such as their accent or their
preferred conversational topics. Datasets like PERSONA-CHAT [65] have helped research
on agents with consistent personality.

In some cases, a desired property of conversational systems is to ground the dialogue
in the real world. The dialogue can be ground in the personalities of the speaker [65],
in visual information [66] or knowledge [67]. Grounded models can respond based on
facts and may prove more useful in the real world. The implementation of such systems
involves encoding the external real-world information along with the dialogue context.

Evaluation

The quality of an open-domain dialogue system can be evaluated either by humans or
with automatic metrics. Humans can be asked to evaluate the engagingness, the repeti-
tiveness, how much sense the answers make etc. Although human evaluation is the most
accurate metric, it is expensive and time-consuming and therefore automatic metrics are
often used instead. Word-overlap metrics like BLEU [68], ROUGE [69] and METEOR [70]
calculate the similarity between the ground-truth and the generated sequences. More re-
cently neural metrics [71] have been proposed to evaluate dialogue generation by learning
to predict human-like scores.

4.1.2 Task-oriented dialogue systems

Task-oriented dialogue (TOD) systems are more goal-oriented and domain-dependent.
The domain knowledge is often represented by a structured ontology and the dependence
on such ontologies is a major difference between task-oriented and open-domain dialogue
systems. TOD methods can be classified as pipeline and end-to-end. In pipeline methods
the system leverages several components (modules): Natural Language Understanding

(NLU), Dialogue State Tracking (DST), Dialogue Policy and Natural Language Gener-
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ation (NLG). A high-level illustration of the pipeline architecture is shown in 4.3. On the
other hand, end-to-end methods use a single model similarly to open-domain dialogue
systems. Pipeline methods are widely used because they are tend to be more accurate
but end-to-end methods are easier to build because they require fewer annotations.

Natural Language
Understanding

User

Dialog State
Tracking

Natural Language
Generation Dialog Policy

Dialog State

“I want to find a 
Chinese restaurant.”

“Where do you 
want to eat? ”

Inform (cuisine=“Chinese”)

Request (location)

Dialog
Manager

Query

Knowledge
Base

Figure 4.3: A traditional pipeline TOD system. Source: [15]

Natural Language Understanding

The first component of pipeline methods is NLU. Based on a single user utterance, NLU
generates a structured representation which usually consists of intents and slots. Intents

are functions requested by the user such as ReserveRestaurant and TransferMoney and
slots are elements mentioned in the utterance such as restaurant_name and account_-

type. NLU thus involves two tasks: intent prediction and slot filling. Intent prediction
finds the active intent in the user utterance from the list of intents present in the domain
ontology. Slot filling finds the slot-value pairs by tagging the user utterance tokens: each
token may be tagged as either part of one of the slots or not belonging to any slot. RNNs
were the traditional choice for NLU [72, 73, 74] while more recently BERT is becoming
more popular [75]. Although, intents and slots are the most common way to represent
the ontology, other representations that capture more complex dialogues can be used as
well.

Dialogue State Tracking

DST predicts the user goal for each dialogue turn given the entire dialogue. The user
goal is captured by the dialogue state which can be seen as an abstracted representa-
tion of the dialogue. Early works make the assumption of discrete predefined dialogue
states and model the task as a Markov Decision Process (MDP) [76]. Most recent works
represent the dialogue state as slot-value pairs [77] and the values are found with classi-
fication. Although NLU used to be required in order to produce a semantic user utterance
representation that the DST component could understand, nowadays a separate NLU
component is rarely used. For a more comprehensive review of DST methods see Section
4.2.
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Dialogue Policy

Given the dialogue state, the dialogue policy predicts the next system actions. System
actions are semantic representations of the information that should be present in the
system utterance e.g. Request (location) expresses that the system should request from
the user their desired restaurant location. The framework of MDPs is suitable for the
policy component and reinforcement learning (RL) is an ideal solution to the problem.
Typically, it is first trained with supervised learning offline and it is then fine-tuned with
RL. Note that unlike other components which are trained individually, RL fine-tuning
requires the entire system. Model-free RL frameworks [78] rely on the interaction with
human users. Alternatively, user simulators can replace real users [79] or model-based
RL algorithms [80] can integrate planning and alleviate the need for interactive training
with humans.

S0

a 1

a0

S2

S 1

a 1

a 0

a 0

a 1

Figure 4.4: An example of a MDP. Green circles correspond to states, orange circles corre-
spond to actions and orange arrows to rewards. Source: https://en.wikipedia.org/wiki/

Markov_decision_process#/media/File:Markov_Decision_Process.svg

Natural Language Generation

The last component of TOD systems, NLG, generates the system utterance based on the
predicted system actions. This can be seen as a seq2seq task. Semantically Conditioned
LSTMs (SC-LSTMs) [81] are LSTMs that take into account dialogue act information to
produce better responses. SC-GPT [82] pre-trains GPT-2 [83] on a large NLG dataset
and fine-tunes on task-oriented generation tasks with few samples (few-shot learning)
achieving better performance.

End-to-end TOD systems

Despite the widespread use of pipeline methods and their proven stability, they have sev-
eral drawbacks including a complex system design, the requirement for more annotated
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data and the need for individual training of components which may lead to error accu-
mulation. Inspired by work in open-domain dialogues, end-to-end methods reformulate
TOD as a seq2seq task and directly generate the next system utterance based on the
dialogue history. [84] proposed a network that consists of several components but is
end-to-end differentiable and can therefore be trained as a single model. [85] used end-
to-end memory networks to reason over multiple turns. Sequicity [86] uses a two-stage
seq2seq model to first generate the dialogue state and then the final system utterance.
Furthermore, SimpleTOD [87] keeps the component-based approach and employs trans-
fer learning from large open domain datasets by using a pre-trained model such as GPT-2.
The pre-trained model solves all subtasks in a unified seq2seq approach.

Evaluation

Like in open-domain systems human evaluation is the most accurate metric for the qual-
ity of the system. The evaluation metrics measure whether the task was completed suc-
cessfully, the user satisfaction, the number of required turns etc. However, in practice
dialogue systems are more easily evaluated with automatic metrics. For NLU and DST,
slot and intent classification metrics are used e.g. intent accuracy and slot F1. Dialogue
policy uses inform rate, match rate and task success rate [15]. For NLG similar metrics
as in open-domain dialogues apply e.g. BLEU. These metrics are well-defined but they do
not necessarily represent the quality of the system in the real world. As a middle ground,
user simulation can be used to automatically evaluate the system although the research
on the field is still ongoing.

4.2 Dialogue state tracking

Dialogue State Tracking (DST) is an essential component of task-oriented dialogue
systems. As previously described, it tracks the user goals over multiple turns of dia-
logue. The dialogue state is then used by dialogue policy to predict the next system
actions and/or issue queries to knowledge bases. In most modern systems, DST takes
the natural language utterances directly as input without the need for intermediate NLU
representations for user utterances. However, many works leverage the produced sys-
tem actions instead of system utterances for past system turns [77, 88]. Being the first
component of such systems makes DST’s accuracy critical as with wrong dialogue state
predictions next components cannot function properly. In this section we will review re-
cent developments in the topic of DST modeling. For this section the goal of DST is to
estimate the dialogue state which consists of slot-value pairs unless mentioned otherwise.

4.2.1 Datasets

DST datasets require dialogues with annotations on the dialogue state level per user
turn. Some datasets contain single-domain dialogues such as DSTC [89], DSTC2 [90],
CamRest [91] and WOZ [77]. However, most recent datasets span over multiple domains
and provide a significantly more challenging testbed for DST systems. In multi-domain
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datasets, the user may interact with the system over more than one domains. For exam-
ple, a user may ask the system to search for a flight to Athens and then request attractions
in the area. Therefore, slots may take values from previous domains especially in turns
where domains are switched. Popular multi-domain datasets include MultiWOZ 2.0-2.4
[92, 16, 93, 94, 95] and the Schema-Guided Dialogue (SGD) dataset [1].

Figure 4.5: An example dialogue with dialogue state annotations from MultiWOZ 2.1. The
slots span two domains: restaurant and attraction. Source: [16]

4.2.2 Discriminative and generative DST

Early methods [77, 96] use classification to find the values for slots assuming that
every slot has a predefined list of possible values. NBT [77] is a system that relies on
natural language utterances instead of the output of a separate NLU component. However,
discriminative approaches fail to scale to slots with many possible values. For example, it
is impossible to list the candidate values for a slot like restaurant_name because they are
too many and constantly changing. Therefore, during inference possibly unknown slot
values may appear and the system is not capable of handling them.

The Global-Locally Self-Attentive Dialogue State Tracker (GLAD) [88] uses global mod-
ules with shared parameters across slots as well as local modules for each slot. This
approach dramatically outperforms prior methods because it generalizes better to rare
slot-value pairs. Other works completely remove the need for slot-specific parameters
and are thus scalable to large sets of slots [97, 98]. However, such models can still not
handle slot-value pairs that are not present in the training dataset.
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Sequicity [86] formulates slot filling as a two-stage sequence generation task taking
advantage of simple seq2seq architectures. In the first stage it generates the dialogue
state (belief state) and in the second stage the final system response. To handle out of
vocabulary (OOV) words it utilizes an extension to the traditional seq2seq framework,
CopyNet [99], which allows copying of such OOV words. Another approach [100] is to use
the pointer network (PtrNet [101]). TRAnsferable Dialogue statE generator (TRADE) [102]
uses a state generator with an utterance copying mechanism to decode the values for each
slot separately achieving great zero-shot and few-shot performance as slots are indepen-
dent from the model design. COMER [103] decreases the computational complexity by
hierarchically generating the dialogue state: first the slots are decided and then for each
slot in the dialogue state its value is decoded. TripPy [104] uses three copy mechanisms
to retrieve the value for a slot: 1) span extraction from the user utterance 2) copying from
system inform memory 3) copying from a different slot from the dialogue state.

Hybrid approaches [105] can select whether to use classification or generation to find
the value for the slots combining the benefits of both strategies. This is very practical
in real-world dialogue systems because there are slots which can better be modeled as
categorical slots. For example, boolean slots like has_vegetarian_options in the restaurant
domain has only two possible values: true and false. Other types of categorical slots may
include numerical slots (where the number of possible values is limited) or other slots
with a small number of possible values like price_range which can be cheap, moderate

and expensive. The SGD dataset and recent MultiWOZ versions divide slots to categorical
and non-categorical and only provide possible values for categorical slots.

Some of the methods proposed until now rely on BERT to generate the word embed-
dings and therefore capitalize on transfer learning from huge datasets. Text-to-text trans-
formers like GPT-2 [83], T5 [11], BART [106] etc can also be used to build an end-to-end
generative dialogue state tracker without RNNs. SimpleTOD [87] treats all task-oriented
components as seq2seq tasks and employs a unified approach with a single causal lan-
guage model like GPT-2. MinTL [107] introduces a novel approach called Levenshtein
belief spans which model the differences between old and new dialogue states and apply
pre-trained plug-and-play sequence generation models like T5 and BART. UBAR [108]
fine-tunes GPT-2 with input sequence all dialogue information: utterances, belief states,
database results and system acts. In this way, it jointly performs DST and response
generation. PPTOD [109] introduces a multi-task pre-training dialogue objective to plug-
and-play models. A prompt that contains natural language instructions for each TOD
task is used and allows to use a single model for all tasks.

Most recently, it has been found that the masked span prediction pre-training objec-
tive performs better than autoregressive language modeling and that pre-training with
seemingly irrelevant tasks like text summarization can help [110]. Pre-trained trans-
former language models have become dominant in DST modeling because of the transfer
learning capabilities and can be used for slot filling to find slot values with span extraction,
classification, generation or any combination of the above.
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4.2.3 DST as machine reading comprehension

Machine reading comprehension (MRC) is the task of automatically answering a ques-
tion based on a text passage [111]. The availability of large scale datasets and well
performing methods for MRC motivated us to study ways of applying transfer learning
from MRC to DST. DST can be seen as an MRC task if we consider the dialogue context
as the passage and “What is the value for slot x?” as the question [112]. It is also possible
to manually create the questions for each slot to better represent its meaning [113] e.g.
for the slot food of the restaurant domain, the question could be “What type of food does
the user want to eat?”. By encoding with BERT the pair of two sequences: the dialogue
and the question and then finding the answer (slot value) [113] achieves great zero-shot
and few-shot performance when pre-trained on MRC datasets. For categorical slots the
question (slot) and each one of the possible answers (values) can be encoded separately
and the value can be found by classification with the softmax function. On the other
hand, non-categorical slots can be found via span extraction.

4.2.4 Schema integration in DST

Nowadays, commercial task-oriented systems use an ever-increasing number of di-
verse services, i.e. interfaces to dialogue domains. This motivated the development of the
schema-guided paradigm [1], in which each service is defined by a structured ontology
called schema. The schema usually contains the list of the supported intents and slots
as well as natural language description for the various schema elements. For example, in
the SGD dataset the schema for the service Restaurants_1 has a slot with name party_size

and description “Party size for a reservation”. Many recently published datasets follow
this paradigm including: SGD [1], MultiWOZ 2.1 [16] and STAR [114].

An important goal of schema-based approaches is scalability and generalization, i.e.,
to build systems that are capable of handling completely new domains and services. To
decouple the schema from the architecture, the schema element names and descriptions
should be used as an additional input to DST models. The models can therefore generalize
to services that they have not seen before by relating semantically similar schema infor-
mation from the training set. This enables the ability to scale to services with different
schemata but similar functionality or even to completely new services of distant domains
without the need for further training.

The challenge of zero-shot generalization makes pre-trained transformer models such
as BERT, XLNet, GPT-2 and T5 the most popular choice for schema-guided DST. Models
that adopt the MRC formulation for the problem as described in the previous section are
generally capable of performing zero-shot generalization. Many models leverage the slot
descriptions present in schema-guided datasets replacing the plain slot names [115, 116].

Schema-guided DST approaches fall into two categories:

• Single-pass approaches: For each dialogue turn the utterances are passed by
the encoder only once. For example, this can be accomplished by pre-computing
the schema embeddings with an encoder like BERT before training. The encoded
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dialogue is then concatenated with the schema embeddings [1] or it attends to them
[117, 118] to generate the DST predictions.

• Multi-pass approaches: For each dialogue turn the utterances are concatenated
with each schema element description and are encoded separately. This allows
deep self-attention between the schema and the dialogue and significantly improves
performance on unseen domains [119]. However, it is less computationally efficient
and it does not scale well to schemata with many slots.

A possible solution to the efficiency problem is to limit the number of encoded utter-
ances for each turn making the input sequence smaller. However, there are cases (e.g.
the slot value update is delayed) when the system should search the dialogue history to
retrieve the slot value. DST systems can be designed to explicitly model slot carryover

[120] as a binary decision to copy the value from slots mentioned previously in the di-
alogue. To this end, the system keeps track of slot-value pairs from previous dialogue
states or system actions. In multi-domain dialogues the source slot may belong to a
previous domain in the dialogue (cross-domain or cross-service slot carryover).

Various schema-based slot carryover mechanisms have been proposed. The SPPD
system [20] predicts whether a slot carryover should take place and chooses the source
slot from a candidate source set. The slots in this set are found with a separate BERT
model that is trained to identify slots between which carryovers are made. SGP-DST [19]
performs DST with a number of fine-tuned BERT models including one for in-domain
slot carryover and one for cross-domain slot carryover with input the slots and pairs of
slot-target slots respectively. Such methods make multi-pass approaches more compu-
tationally feasible but usually perform worse than models that encode the entire dialogue
history and do not rely on slot carryover [22, 21].
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Multi-Task Schema-Guided Dialogue State Track-

ing

5.1 The Schema-Guided Dialogue Dataset

In this work we use the Schema-Guided Dialogue (SGD) dataset [1], a large scale
multi-domain task-oriented dataset following the schema-guided paradigm. SGD con-
tains 21,106 dialogues across 20 domains and 45 services exceeding other datasets in
scale. The included annotations facilitate multiple task-oriented dialogue tasks such as
NLU, DST and response generation. The dataset contains natural language descriptions
for the various schema elements; an example schema is shown in Figure 5.1. To evaluate
the zero-shot 1 generalization ability to unseen services and domains, in the standard
test set 77% of the dialogue turns contain at least one service not present in the train
set. In this way, building a unified model for all services and using the schema as input
is encouraged.

In the Schema-Guided DST track of the 8th Dialogue System Technology Challenge,
the participants developed zero-shot schema-guided DST models based on the dataset
[18]. The DST’s tasks are to predict the active user intent (intent prediction), the slots
that are requested by the user (requested slot prediction) and the values for slots given
by the user until the turn (slot filling). Therefore, we consider the dialogue state as
the active intent, the requested slots and slot-value pairs for a turn although the first
two tasks are more often considered NLU tasks. In multi-domain dialogues, a separate
dialogue state is calculated for each service present in the dialogue.

As can be seen in Figure 5.1, there is a relationship between the supported intents and
slots. Every intent lists a number of required slots and optional slots. We can categorize a
slot as informable or non-informable depending on whether the user is allowed to give a
value for it. In the next sections we assume that a slot is informable if it is either required
or optional in at least one intent. We only consider informable slots as candidates for the
slot filling task although any slot (informable or not) can be requested.

The evaluation metrics for the task of DST on the SGD dataset are the following
according to [1]:

• Active intent accuracy: The percentage of user turns for which the correct active
intent has been predicted.

1zero-shot learning refers to the problem in which during evaluation of a machine learning model there
are data examples not observed in training
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Figure 5.1: An example schema for a Payment service. The schema contains a list of slots
and intents. Slots are either categorical or non-categorical and a list of possible values is
provided for categorical slots. Furthermore, each intent lists the required and optional slots
that the user should provide when interacting with the particular intent. Source: [1]

• Requested slot F1: The macro-averaged F1 score for requested slots over the user
turns. Turns with no requested slot in ground truth and prediction are skipped.

• Average Goal Accuracy: The average accuracy of correctly predicting the slots over
eligible turns. Slots with no assigned value in the ground truth dialogue state are
skipped. For non-categorical slots, a fuzzy matching score is used to reward partial
matches.

• Joint Goal Accuracy: The average accuracy of correctly predicting all slots for a
turn. For non-categorical slots, a fuzzy matching score is used to reward partial
matches.

5.2 Related work

The SGD-baseline [1] fine-tunes a BERT model on the last two utterances and con-
catenates the encoded tokens with schema embeddings - BERT-encoding of the schema
elements. The schema embeddings are pre-computed before training. Then classification
heads take as input the encoded dialogue utterances and different schema embeddings
to output the class probabilities for each task.

Some of the proposed systems fine-tune a separate pre-trained model for each subtask
with input the last two utterances and each schema element description (slot or intent)
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Figure 5.2: A dialogue from the Flight domain. Services A and B can be used as an interface
to the domain. Although they offer the same functionality, there are slight differences in
their schema because they may come from different API designers. Source: [1]

Find me an apartment

Should i schedule a visit to it?

Search in Fremont

Alborada Apartments has 3 bed rooms
and 2 baths, is located at 1001
Beethoven Common and costs $3900

Find me a restaurant there

[...]
Yes, please do

In which area to look?

In Fremont there is the World Gourmet

Book me a table there for 4 people
at six in the evening on that day

Homes_1: 
active_intent: FindAppartment 
requested_slots: [ ] 
slot_values: {area=Fremont,
number_of_beds=3}

Restaurants_2: 
active_intent: ReserveRestaurant 
requested_slots: [ ] 
slot_values: {category=unlimited,
date=March 5th, location=Fremont,
number_of_seats=4,
restaurant_name=World Gourmet,
time=six in the evening}

Please confirm: Booking a table for 4 people at 6
pm on March 5th at the World Gourmet Fremont

Yes, thats fine. Is there vegetarian
food, whats the rating?

Restaurants_2: 
active_intent: ... 
requested_slots:
[has_vegetarian_options, rating] 
slot_values: ...

How many bedrooms?

3 bed rooms

Figure 5.3: Dialogue fragment with DST annotations for some user turns

[19, 20]. Furthermore, to address the issue of long-range slot dependency (see Section
4.2.4) they use slot carryover mechanisms. Both SGP-DST [19] and the SPPD system [20]
use a number of pre-trained BERT models and adopt a multi-pass approach needing to
perform multiple BERT passes per dialogue turn.

State-of-the art methods [21, 22] do not rely on slot carryover mechanisms; they
are trained with the entire dialogue history. The benefits of such approaches are that
error accumulation is avoided and performance is better than slot carryover methods.
paDST [21] fine-tunes a number of pre-trained models with the full dialogue and it is
observed that a large number of handcrafted features and data augmentation can greatly
improve performance on categorical slots. On the other hand, D3ST [22] fine-tunes a
single T5 model for all subtasks with a single-pass approach i.e. all schema descriptions
are concatenated and fed to the model along with the dialogue.
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5.3 Baseline system 1: Multiple task-specific BERT modules

and comparison of Encoder architectures

In this section, we introduce a baseline system with six NLU modules which per-
form predictions about each user turn. The tasks of intent prediction and requested slot
prediction are solved with classification. For the slot filling task we perform classifica-
tion (categorical slots), span extraction (non-categorical slots) and implement carryover
mechanisms (see Section 4.2.4) to solve the long-range slot dependency problem. All the
predictions are combined with a rule-based DST Inference module to produce the dialogue
state for the specific turn. This approach is similar to [19] because we use a number of
separately trained modules but the modules for slot filling are slightly different. We addi-
tionally compare two Encoder architectures: the Fusion Encoder and the Cross Encoder
for encoding the dialogue and schema. The main goals of this section are to:

• Introduce a first baseline system and give examples of the tasks.

• Evaluate how the system performs when slot filling is seen as a two-stage prediction
problem with separately trained modules and slot carryover mechanisms.

• Compare the two Encoder architectures.

5.3.1 Encoder architectures

From the dialogue we choose to encode only the last two utterances: the preceding
system utterance and the current user utterance. For the schema we use the natural
language description of each schema element present in the dataset. Both architectures
are based on BERT and produce contextual representations for the dialogue and each
schema element.

More specifically, the Encoder produces the uCLS token acting as a representation for
the entire sequence (utterances-schema element pair) and the encoded system and user
utterance tokens ut1-utN which are used for span extraction (see Section 5.3.2). Each one
of the six modules uses a separate Encoder and classification head(s). Some modules
use additional binary features denoted by bin which are concatenated with uCLS before
feeding the classification head.

Fusion Encoder

The Fusion Encoder (Figure 5.4) encodes the utterances and the schema element de-
scriptions separately with two BERT models. The Utterance BERT is fine-tuned while the
Schema BERT is fixed. The encoded tokens from Utterance and Schema BERT are then
projected to a lower dimension with the Utterance and Schema Projection respectively.
The projected representations are given as input to a Transformer Encoder that is trained
from scratch. This architecture is inspired by [119] but we also use the projections to
make the training of the Transformer Encoder easier.
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The advantage of the Fusion Encoder is that for each turn of the dialogue the ex-
pensive BERT pass is performed only once. The embeddings of the Schema BERT are
pre-computed before training. The Transformer Encoder enables self-attention between
the dialogue and the schema but it can use a smaller number of layers than BERT and
its input is of lower dimension.

Utterance Projection

Utterance BERT

...
Schema Projection

Schema BERT

...

Transformer Encoder
...

Preceding system and
current user utterance

Schema element
description

FFN

...

...

FFN FFN...

Figure 5.4: Fusion Encoder

Cross Encoder

The Cross Encoder (Figure 5.5) uses a single BERT model and takes as input the
concatenation of the utterances and the schema element descriptions. The [SEP] token
separates the utterances and the schema. This is a more common choice for the Encoder
architecture.

The advantage of the Cross Encoder is that early deep self-attention between the
utterances and the schema is enabled. Therefore, the final contextual embeddings are
better conditioned on the schema than the ones from Fusion Encoder. However, it is now
necessary to perform multiple BERT passes (as many as the schema elements) making
this Encoder less computationally efficient.
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BERT

Preceding system and
current user utterance

Schema element
description

FFN

[SEP]

...

FFN FFN...

[CLS] [SEP]

Figure 5.5: Cross Encoder

5.3.2 Modules

Intent module

The utterances and each one of the possible intent descriptions are encoded to classify
whether the intent is active or not in the current turn. Because in some turns there is no
active intent, we add an additional NONE intent with description “No active intent”. We
choose the intent with the highest probability as the active one.

This module uses one binary feature which indicates whether the intent was active
in the previous turn. This helps the model in situations where only the last system and
user utterances are not enough to predict the intent.

System: Can I get
anything more?
User: Get an apartment
for me. 

FindApartment

ScheduleVisit

None

Figure 5.6: Intent prediction. The active intent is “FindApartment” which has the following
description: “Find an apartment in a city for a given number of bedrooms”.

Requested Slot module

The utterances and each one of the slot descriptions are encoded to predict whether
the slot was requested by the user. The module predicts a probability for each slot and
every slot with probability higher than 0.5 is considered requested.

System: There are 10
salons, how about 17
jewels salon in oakland?
User: Where are they
located and what's their
rating? 

stylist_name

phone_number

average_rating

street_address
...

Figure 5.7: Requested slot prediction. The user requests the value for two slots:
“average_rating” and “street_address”.
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Slot Filling Status module

The utterances and each one of the informable slot descriptions are encoded to predict
the slot filling status of the slot. Based on the predicted status we decide whether we
should update the slot value in the current turn and if so how. The possible values for
the status are: 1) none 2) active 3) dontcare 4) in_service_carryover 5) cross_service_-
carryover. The exact slot value update mechanism is explained in Section 5.3.2.

For this module, we use three binary features: 1) whether the slot has a value in
previous system history actions of the service, 2) whether the service that the slot belongs
to has been switched to in the current turn and thus not found in the previous user
turn, 3) whether the service is completely new in the dialogue. These binary features help
the model decide when it should perform in_service_carryover or cross_service_carryover.
They are similar to the ones proposed by [19].

System: What time and
what day?
User: Sunday this week
at morning 9:30. 

appointment_date

...

Figure 5.8: The Slot Filling Status module identifies that in this particular example only one
slot is “active” (“appointment_date”), all the other slots in the service take the “none” status.

Non-categorical Slot module

The utterances and each one of the non-categorical informable slot descriptions are
encoded to find the span in the user utterance corresponding to the slot value. For each
token in the user utterance two probabilities are calculated: the probability that the token
is the start of the span and the probability that it is the end of the span.

System: When would you
like to travel and where
are you traveling from?
User: I will be traveling
from Toronto Ontario on
March 1st 

origin

...

Figure 5.9: Non-categorical slot filling. For the slot “origin” the slot filling status is “active”:
the user has given the value “Toronto Ontario”.

Categorical Slot module

The utterances and each possible pair of a categorical informable slot description and
a candidate value for that slot are encoded to predict whether the value is given by the
user. We then select the value with the highest probability.
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System: For how many
people should i book the
cab for and will it be
shared?
User: There will be three
people and I am good with
shared ride. 

number_of_riders: 1

number_of_riders: 2

number_of_riders: 3

number_of_riders: 4

Figure 5.10: Categorical slot filling. For the slot number_of_riders the slot filling status is
active: the user has given the value 3.

Cross-service Carryover module

The utterances and two slot descriptions are encoded to find the probability that a
cross-service carryover is performed between the first slot (source slot) and the second
slot (target slot). We use these probabilities to decide how to update the slot value as
explained in greater detail in section 5.3.2.

System: Your requested
appointment is booked.
User: I also want to watch
a movie while I am around
there. I would like to watch
the movie at the California
Theatre. 

street_address

city

...

location

Figure 5.11: In this example, the target slot “location” has the status of “cross_service_-
carryover”. This means that the Cross-service Carryover module must find the appropriate
source slot (“city”). The full example is illustrated in Figure 5.12.

DST Inference module

The DST Inference module combines the results of the six aforementioned NLU mod-
ules and produces the dialogue state. For the tasks of intent prediction and requested

slot prediction, the active intent and the requested slots are found with the Intent module
and the Requested Slot module respectively whose functionality is straightforward.

For slot filling, the slot value update mechanism works in two stages. In the first stage
the status of a slot is predicted (Slot Filling Status module). In the second stage, depending
on the predicted status another module may be activated to find the corresponding value
if necessary:

• If the status is predicted to be none, then the slot keeps the value of the previous
dialogue state, if any, otherwise it is assumed to be not assigned.

• If the status is predicted to be active, then the slot is updated and the value is found
in the current user turn. In this case, depending on the type of the slot we activate
the appropriate module (Non-categorical Slot module or Categorical Slot module).

• If the status is predicted to be dontcare then the special value dontcare is assigned
to the slot, indicating that the user does not have a preference.
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• If the status is is predicted to be in_service_carryover, then the slot is updated but
the user does not explicitly state the value of the slot in the current user utterance.
The value is either found in the preceding system utterance or in earlier system
turns of the current service. It can be extracted by the most recent system action
that contains one single value for the specific slot. Therefore, the DST module has
to find the most recent system action with the corresponding slot field matching the
slot in question. Subsequently, the value from the selected system action is copied
to the target slot.

• If the status is predicted to be cross_service_carryover, then the slot is also carried
over from earlier utterances. However, in this case the source slot is different than
the target slot and it comes from a different service than the current turn service. We
activate the Cross-service Carryover module to find the source slot. The candidate
source slots are all of the slots belonging to previous services that have appeared in
the dialogue state or system actions before the current turn as long as the source
and target slots have the same value type (e.g. both are numerical slots). Finally,
the most recent value for the source slot is copied to the target slot.

[...]
System: It is moderate pricing and they are at
448 San Mateo Avenue
User: Please can you make the reservation

System actions of service 'Restaurants_1':
{OFFER(restaurant_name=Isla
Restaurant), OFFER(city=San Bruno)} 

[...] 
User: Any other suggestions?
System: What about Isla Restaurant in San
Bruno?

Dialogue state of service 'Restaurants_1':
{'restaurant_name': 'Isla Restaurant'}

[...]
System: Your requested appointment is
booked.
User: I also want to watch a movie while I am
around there. I would like to watch the movie
at the California Theatre.

Dialogue state of service
'Services_1': {'city': 'Berkeley'}

[...] 
User: I would like to find a salon.
System: Can you tell me the city where I
should look for the salon?
User: I want the salon to be situated in
Berkeley.

Dialogue state of service
'Movies_1': {'location':
'Berkeley'}

Figure 5.12: Examples of in_service_carryover (left) and cross_service_carryover (right).

5.3.3 Experimental Setup

We use the huggingface 2 implementation of the bert-base-uncased models. We use a
batch size of 64 and a dropout rate of 0.3 for the classification heads. We use the AdamW

2https://huggingface.co/docs/transformers/model_doc/bert
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Table 5.1: Baseline system 1 results

System JGA Intent Acc Req Slot F1

SGD-baseline [1] 25.4 90.6 96.5
SGP-DST [19] 72.2 91.9 99.0

Baseline system 1 w. Fusion Encoder 37.5 92.5 97.2
Baseline system 1 w. Cross Encoder 55.1 93.3 98.5

optimizer [23] with a constant learning rate of 2e-5. We train each module separately for
a total of 10 epochs and perform early stopping based on the validation loss.

The Transformer Encoder has an input dimension of 128 (the Projection layers trans-
form the BERT outputs from dimension 768 to 128), a hidden dimension of 512 and
consists of 4 layers. It is trained from scratch unlike BERT which uses the pre-trained
checkpoints.

5.3.4 Results and Discussion

In Table 5.1, we compare Baseline system 1 with the Fusion Encoder and Cross En-
coder, SGD-baseline and SGP-DST. Cross Encoder outperforms Fusion Encoder in all
tasks indicating that performing early concatenation of the dialogue and the schema is
better. However, the differences between the Cross Encoder and the Fusion Encoder are
much larger in the slot filling task, because it is more challenging. The SGD-baseline per-
forms worse in all three tasks because the schema elements are encoded before training
and no self-attention is performed between them and the encoded utterances. Addition-
ally, it does not use slot carryover mechanisms or hand-crafted binary features.

In the task of intent prediction both our Encoders outperform SGP-DST. In SGP-
DST the binary feature indicating whether the candidate intent is found in the previous
dialogue state is provided with an additional context feature embedding added to BERT’s
token, segment and position embeddings. We instead directly provide this feature to the
classification head which possibly leads to our higher intent accuracy.

In the task of requested slot prediction SGP-DST slightly outperforms Baseline system
1 with Cross Encoder possibly because we do not use any hand-crafted features unlike
SGP-DST.

In the task of slot filling, our system outperforms the SGD-baseline indicating that the
slot carryover mechanisms and the Encoder architectures are effective but perform much
worse than SGP-DST. The most major difference between our methods is that we assume
that the slot carryover and the user giving a value for the slot in the current utterance
are mutually exclusive, however this is not always the case. In Section 5.4 we modify our
architecture trying to reach SGP-DST’s performance on the slot filling task.
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5.4 Baseline system 2: Unified slot BERT module and encoding

of system actions

In this section, we focus on the slot filling task. We merge the slot-specific modules
except for the Cross-service Carryover module into one single module and apply multi-
task learning. We also modify the slot carryover mechanisms. Additionally, we replace the
system utterance with a representation derived from the system actions which we directly
encode along with the user utterance and the slot. Because of its superior performance
we keep the Cross Encoder architecture for the rest of the experiments. The main goals
of this section are to:

• Introduce a method to encode the underlying system actions from the preceding
system utterance.

• Improve the previous architecture’s slot filling performance by introducing a unified
module for the slots and modifying the slot carryover mechanisms.

5.4.1 Input representation for slots

For the slot-related tasks (requested slot prediction and slot filling) we use a single
BERT module. It takes as input the concatenation of the following:

• Preceding system utterance represented as the underlying system actions. For ex-
ample the utterance “In Fremont there is the World Gourmet” is represented by the
sequence [ACTION] Offer [SLOT] restaurant name [VALUE] World Gourmet [ACTION] Offer

[SLOT] location [VALUE] Fremont. A number of additional custom tokens are added
to BERT’s vocabulary.

• Current user utterance.

• Slot name and description.

• List of possible slot values (only if the slot is categorical).

5.4.2 Unified slot module

After it encodes the sequence, the module uses a total of six classification heads to
predict:

• The user status: 1) none 2) active 3) dontcare (1 head).

• The carryover status: 1) none 2) in_sys_uttr 3) in_service_hist 4) in_cross_service_-
hist (1 head). Compared to the Baseline system 1 we now separate the user status
(whether the user explicitly gives the value) and the carryover status because their
function is not mutually exclusive. For in service carryover we separate into two
cases: in_sys_uttr (the value is present in a system action of the preceding system
utterance) and in_service_hist (the value is present in a previous system action in
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the dialogue). Nevertheless, the slot carryover mechanisms work as described in
Section 5.3.2.

• The requested status: 1) none 2) active (1 head).

• For non-categorical slots the span in the user utterance corresponding to the slot (2
heads) and for categorical slots its value with classification over the list of possible
values (1 head).

The user status, carryover status and requested status heads take as input the encoded
[CLS] token, the non-categorical span (start and end) heads take as input the encoded user
utterance tokens and the categorical head takes as input the max pooled representation
of the encoded tokens corresponding to each value. See Figure 5.13 for an example.

For every slot s we employ additional binary features xbin(s) (slightly different from the
ones in the previous architecture). They are provided as an additional input to the user
status, carryover status and requested status classification heads. The binary features
used are the following: 1) whether the service is new in the dialogue 2) whether the service
switched (it was not present in the previous dialogue state) 3) whether exactly one value
for the slot is found in the system utterance 4) whether exactly one value for the slot is
found in previous system utterances 5) whether the slot is required in at least one intent
6) whether the slot is optional in all intents. Similar binary features have been used by
[19].

BERT

[ACTION] Offer [SLOT] restaurant name [VALUE] World Gourmet [ACTION] Offer [SLOT] location [VALUE] Fremont

[SEP] Book me a table there for 4 people at six in the evening on that day

[CLS] 

[SEP] number_of_seats : Number of seats to reserve at the restaurant 1[SEP] 2[SEP] ...

req status

none

user status

active

carryover status

none

start

end

...

categorical

number_of_seats = 4

Figure 5.13: The unified slot module (top) along with an example input sequence corre-
sponding to the categorical slot “number_of_seats” (bottom). In this example the slot is not
requested (requested status = none) and the user gives a value for the slot (user status =
active). The categorical head picks the given value from the list of possible values (num-
ber_of_seats = 4). Note that the start and end heads are not activated in this example; they
are only activated for non-categorical slots.

5.4.3 Experimental setup

We fine-tune BERT and jointly train the classification heads. Depending on the slot
type only the relevant classification heads contribute to the loss. We create separate
batches for categorical and non-categorical slots and randomly shuffle them. All other
training and model hyperparameters are the same as in 5.3.3.
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Table 5.2: Baseline system 2 results on the slot filling task

System JGA Avg GA

SGD-baseline [1] 25.4 56.1
SGP-DST [19] 73.8 92.0

Baseline system 1 w. Cross Encoder 55.1 84.7
Baseline system 2 w. Cross Encoder 73.8 91.8

5.4.4 Results and discussion

In Table 5.2, we compare Baseline system 1, Baseline system 2, SGD-baseline and
SGP-DST on the slot filling task. Baseline system 2 outperforms Baseline system 1 and
matches SGP-DST’s performance. Compared to Baseline system 1, the most important
changes are that we separated the user status and the carryover status and we included
system actions for the system utterance. Although SGP-DST also considers system ac-
tions, it does so with handcrafted features.

The difference with SGP-DST is that they fine-tune a total of six BERT models while
we fine-tune only three: the Intent module, the Unified Slot module and the Cross-service
Carryover module. A more unified approach not only reduces training time but also
makes multi-task training possible. For example, unlike SGP-DST, we encode categorical
and non-categorical slots with the same model. However, it is still not easy to combine
all three DST tasks with this formulation and we need to explore alternatives.

5.5 Proposed model

In this section, we propose a single multi-task BERT-based model that jointly per-
forms intent prediction, requested slot prediction and slot filling. In the proposed model,
we adopt slot carryover mechanisms and encode only the preceding system utterance
and the current user utterance like in the previous baseline systems. Furthermore, the
preceding system utterance is abstracted and represented as its underlying system ac-
tions. To achieve a more efficient and parsimonious input representation, we encode all
of the schema elements together using only their names and we selectively include past
dialogue states. This is the most important change compared to the baseline systems.
Our proposed model significantly outperforms the baseline SGP-DST system and achieves
near state-of-the-art performance. Extensive ablation studies reveal the impact of each
strategy of our model on the slot filling task.

The multi-task model architecture is shown in Figure 5.14. The user utterance, previ-
ous system utterance, schema(ta) and past DST information (see Part 1 to 5) are encoded
via BERT. Different pieces of the encoded sequence (see matching color coding in figure)
are given as input to nine classification heads that perform the tasks of intent prediction
(2 heads), requested slot prediction, slot filling (4 heads) and slot carryover (2 heads).
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BERT

Active intent: ReserveRestaurant Requested slots: [ ] number_of_seats: 4
time: six in the evening  

restaurant_name: World Gourmet
date: March 5th 

intent status intent value req status user status endstart categorical
...

carryover status cross-service
...

[SLOT] restaurant name : [NONE] [SLOT] date : [NONE] [SLOT] time : [NONE] [SLOT] number of seats : [NONE] [VALUE] 1 [VALUE] 2 [SLOT] rating... ......Part 4

[SERVICE] homes 1 [SLOT] visit date : March 5th [SLOT] system address : 1001 Beethoven Common [SEP]...Part 5

[SEP]

Book me a table there for 4 people at six in the evening on that day [SEP]Part 2

[SERVICE] restaurants 2 Active intent : find restaurants [INTENT] find restaurants [INTENT] [NONE][INTENT] reserve restaurantPart 3

[SERVICE] restaurants 2 [ACTION] Offer [SLOT] restaurant name [VALUE] World Gourmet [ACTION] Offer [SLOT] location [VALUE] Fremont[CLS] Part 1

Figure 5.14: The inputs to the intent prediction, requested slot prediction, slot filling and
slot carryover heads are shown for our proposed multi-task BERT model (top), along with
an example encoding of the utterance and dialogue history that is the input to the base
BERT model (bottom). Note the color coding of the input to the classification heads (top) that
matches the various parts of the input sequence (bottom). For this example, the service in
the system and the user utterance is Restaurants_2. The previous intent FindRestaurants
changes to ReserveRestaurant. No slots are requested by the user. In the preceding system
utterance, the system offers the value “World Gourmet” for the slot restaurant_name which
the user accepts (slot carryover in_sys_uttr). The user gives the values “six in the evening”
and “4” for the non-categorical slot time and the categorical slot number_of_seats. The
date value is not uttered but it is implied that it has been mentioned before (slot carryover
in_cross_service_hist from a previous service (Homes_1)). Part of the input is truncated for
illustration purposes.

5.5.1 Notation

Let n be a dialogue service, I(n) the set of intents in the service (including the special
[NONE] intent) and S(n) the set of slots in the service. Slots are divided to categorical and
non-categorical slots. Let Scat(n) ⊆ S(n) be the set of categorical slots and Snoncat(n) ⊆
S(n) the set of non-categorical slots. For every categorical slot, a set of possible values
V (s), s ∈ Scat(n) are available. Furthermore, every slot may be informable or not depending
on whether the user is allowed to give a value for it. We denote the set of the service
informable slots as Sinf (n) ⊆ S(n).

Assume that at user turn t of a dialogue with N services we want to predict the
dialogue state for service n. Essentially we have to predict the active intent int(n) (intent
prediction), the requested slots req(n) ⊆ S(n) (requested slot prediction) and the values
for the slots given by the user usrSlotValue(s), s ∈ Sinf (n) (slot filling).

For every service n′, 1 ≤ n′ ≤ N , we denote its previous active intent as prevInt(n′).
Also, for every slot s ∈ S(n′) we denote the last value given by the user for s as
prevUsrSlotValue(s). Furthermore, we use prevSysSlotValue(s) and sysUttrSlotValue(s)
to denote the last value present in a system action, before turn t − 1 and at (system) turn
t − 1 respectively. For prevSysSlotValue(s) and sysUttrSlotValue(s) we only use system
actions that contain the slot s and exactly one value for the slot. In cases where the intent
or the slot value is empty we use the [NONE] value.

We use Sprev to denote the set of slots s ∈ S(n′), n′ , n that prevUsrSlotValue(s) or
prevSysSlotValue(s) is not [NONE] and prevSlotValue(s) to denote their previous value. If
prevUsrSlotValue(s) is not [NONE] we use that value otherwise we use prevSysSlotValue(s).
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5.5.2 Input representation

An example input can be seen in Figure 5.14. In Part 1 we encode the preceding
system utterance as a list of actions. In Part 2 we encode the current user utterance. In
Part 3, the active service n, the previous active intent prevInt(n) and all candidate intents
belonging to service n are enumerated. Part 4 contains the list of all slots s ∈ S(n). If
s ∈ Sinf (n) we append prevUsrSlotValue(s) and if s ∈ Scat(n) ∩ Sinf (n) we also append all
values in V (s). Part 5 contains all other services found earlier in the dialogue. For every
service we enumerate slot-value pairs from previous dialogue states or system actions,
s ∈ Sprev and their values prevSlotValue(s). We prepend the word “system” before slots
given by the system to differentiate them from slots given by the user (present in previous
dialogue states).

For the schema we only use the names for the slots and intents instead of their full
natural language descriptions used by other works. A number of custom tokens are
introduced to the BERT vocabulary to indicate intents, slots etc.

5.5.3 Intent prediction task

Intent status head. We perform binary classification on the encoded [CLS] representation
to predict the intent status as active or none.
Intent value head. For every intent i ∈ I(n) we perform binary classification on its
encoded [INTENT] representation to predict if the user switches to that intent.

If the intent status is active we choose the intent with the highest intent value proba-
bility. Otherwise, we keep the previous intent prevInt(n).

5.5.4 Requested slot prediction task

Requested status head. For every slot s ∈ S(n) we perform binary classification on its
encoded [SLOT] representation in Part 4 to decide whether it is requested in the current
user utterance.

5.5.5 Slot filling task

User status head. For every slot s ∈ Sinf (n) we find the user status using its encoded
[SLOT] representation in Part 4 to decide whether a value is given in the current user
utterance. The user status classes are none, active and dontcare.
Categorical head. For the categorical slots s ∈ Sinf (n)∩ Scat(n) we perform binary classi-
fication for every possible value v ∈ V (s) on its encoded [VALUE] representation to predict
whether it is present in the user utterance.
Start and end heads. For the non-categorical slots s ∈ Sinf (n)∩Snoncat(n) we find the start
and end span index distribution in the user utterance by performing classification on the
concatenation of every user utterance token with the encoded [SLOT] representation.

If the user status is active, the value or the span with the highest probability is chosen
for the slot. If the user status is dontcare, the special dontcare value is assigned to the
slot.
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5.5.6 Slot carryover

The user does not always explicitly give the value for the slot but they may instead
refer to previous utterances. Therefore, we design slot carryover mechanisms to retrieve
values for slots from the current or previous services.
Carryover status head. For every slot s ∈ Sinf (n) we predict the carryover status using its
encoded [SLOT] representation in Part 4 to find the source of the slot value. The carryover
status classes are none, in_sys_uttr, in_service_hist and in_cross_service_hist.

For in_sys_uttr the slot is updated according to the value present in the preceding
system utterance sysUttrSlotValue(s). For in_service_hist the slot is updated according to
the value present in past system actions of service n, prevSysSlotValue(s). In the above
two cases, the user accepts the value given by the system and we simply carry that value
over.
Cross-service head. For every slot s′ ∈ Sprev(n) we perform binary classification on the
concatentation of its encoded [SLOT] representation in Part 5 with the encoded [SLOT]

representation of s in Part 4 to decide whether we should carry the value over from slot
s′ to slot s. The highest probability slot s′ is used as the source for the value s if the
predicted carryover status is in_cross_service_hist. In this case, we assign the value
prevSlotValue(s′) to slot s.

We first check the user status and if it is not none we update the slot value accord-
ing to its output. Otherwise, we also check the carryover status. If it predicts that a
carryover should take place, we update the slot value accordingly. If both user and car-
ryover status are none the value remains the same as in the previous dialogue state,
prevUsrSlotValue(s).

5.5.7 Multi-task training

For the intent status, intent value, categorical, start, end and cross-service classifica-
tion heads we derive the class probabilities with a two-layer feed-forward neural network.
For the requested status, user status and carryover status classification heads we con-
catenate the slot binary features xbin(s) after the first layer.

We jointly optimize all classification heads, using the cross entropy loss for each head.
For the intent prediction task the loss is L1 = w1Lintstat +w2Lintval , for the requested slot
prediction L2 = Lreqstat and for the slot filling task L3 = w3Lusr+w4Lcarry+w5Lcat+w6Lstart+

w7Lend +w8Lcross. Finally, the total loss is defined as L = λ1L1 + λ2L2 + λ3L3.

5.6 Experimental Setup

5.6.1 Label Acquisition

In order to acquire labels for the user and carryover status, we use the user actions
and search previous turns and dialogue states to find the source for the slot. We consider
a slot as informable if and only if it is either required or optional in at least one intent.
For every turn we run the model only for the involved services (services with at least one
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Table 5.3: Comparison to other works

System Model Params JGA Intent Acc Req Slot F1

SGD-baseline [1] BERTBASE 110M 25.4 90.6 96.5
SGP-DST [19] 6 × BERTBASE 660M 72.2 91.9 99.0

paDST [21] 3 × RoBERTaBASE+ XLNetLARGE 715M 86.5 94.8 98.5
D3ST [22] (Base) T5BASE 220M 72.9 97.2 98.9
D3ST [22] (Large) T5LARGE 770M 80.0 97.1 99.1
D3ST [22] (XXL) T5XXL 11B 86.4 98.8 99.4

Ours (median result) BERTBASE 110M 82.7 94.6 99.4

Ours (avg 3 runs) BERTBASE 110M 82.5 ± 1.0 94.7 ± 0.5 99.4 ± 0.1

change in the dialogue state in the turn) according to the ground truth dialogue states
during both training and evaluation for fair comparison to other works. The input to
the model contains ground-truth previous dialogue states during training and during
evaluation the previously predicted ones are used.

5.6.2 Training Setup

We use the huggingface 3 implementation of the BERT uncased models. For all our
experiments we use a batch size of 16 and a dropout rate of 0.3 for the classification
heads. We use the AdamW optimizer [23] with a linear warmup of 10% of the training
steps and learning rate 2e-5. We train for a total of about 55k steps and evaluate on the
development set every 4k steps. We choose the model that performs best based on the
JGA metric on the development set.

5.6.3 Preprocessing and augmentation

We preprocess the schema elements and the system actions by removing underscores
and splitting the words when on CamelCase and snake_case style. We randomly (p = 0.1)
replace the input tokens in the user utterance with the [UNK] token (word dropout) and
shuffle the order of the schema elements in Parts 3-5 during training as proposed by [24].
We also apply random (p = 0.1) data augmentation through synonym replacement and
random swap to the intents, slots and values in Parts 3-4 (schema augm.) via [25].

5.7 Results and Discussion

5.7.1 Comparison to other works

In Table 5.3 we compare our model to SGD-baseline, SGP-DST, paDST and three D3ST
implementations of variable size. The SGD baseline [1] fine-tunes BERT with the last two
utterances as input and uses precomputed BERT embeddings for the schema. SGP-DST
[19] uses the last two utterances and slot carryover mechanisms to retrieve values for
slots which were mentioned in previous utterances. paDST [21] and D3ST [22] encode
the entire dialogue history until the current turn and calculate the dialogue state from

3https://huggingface.co/docs/transformers/model_doc/bert
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Table 5.4: Ablation study

System JGA Avg GA

Ours 82.7 95.2

w/o system actions 71.9 91.6
w. slot descriptions 78.3 94.1
w/o previous state 79.8 94.0
w/o schema augm. 80.5 94.9

w/o schema augm. & word dropout 78.1 94.3
w/o binary features 81.0 94.4

Table 5.5: Effect of carryover mechanisms

System JGA Avg GA

Ours 82.7 95.2

w/o in_sys_uttr 62.8 87.0
w/o in_service_hist 76.4 92.7

w/o in_cross_service_hist 66.8 84.4

SGD-baseline [1] 25.4 56.0
w/o in_service_hist & in_cross_service_hist 61.6 81.9

w/o all 36.5 68.5

scratch. We report the metrics and the number of parameters in the pretrained model(s)
fine-tuned by each method.

Our method clearly outperforms SGP-DST in all tasks indicating that our strategies
are effective. Some of the entire-dialogue models outperform our model, especially when
they use much more parameters (D3ST XXL) or apply more handcrafted features, special
rules and dialogue augmentation through back-translation (paDST). Overall, the proposed
approach achieves near state-of-the-art performance despite using a much smaller model
size and a shorter input representation.

5.7.2 Ablation study

We perform an ablation study (Table 5.4) to show the contribution of each of the
proposed strategies on the slot filling task. Replacing the system utterance with a set
of system actions (w/o system actions) has the biggest effect on performance (see input
sequence Part 1 in Figure 5.14). The system actions contain key information including
the slot names and their respective values, helping our model identify which slots are
requested, offered, confirmed etc. and predict the user and carryover status most ac-
curately. Performance drops when we additionally include the slot descriptions for the
informable slots of the current service (w. slot descriptions, see Parts 3-4 of input). By
removing previous intent and slot values in Parts 3-4 (w/o previous state) we observe a
performance drop but also a training speedup because of the smaller input sequence.
We also observe an improvement by performing schema augmentation and word dropout
possibly because these strategies help to avoid overfitting (w/o schema augm. & word
dropout). The hand-crafted binary features can slightly benefit the system (w/o binary
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features).

5.7.3 Effect of slot carryover mechanisms

In Table 5.5 we show the effect of the various slot carryover mechanisms. For these
experiments the model is trained once and during evaluation we replace each carryover
status class with “none”. As expected, dropping “in_sys_uttr” has the biggest impact
on performance. “in_cross_service_hist” is also important because of the large number
of multi-domain dialogues. By removing “in_service_hist”, performance is less affected.
Without “in_service_hist” and “in_cross_service_hist” (by only considering the last two
utterances) we still achieve a higher accuracy than the SGD-baseline.

5.7.4 Discussion

The proposed system is shown to significantly improve performance over the SGP-DST
system that also uses slot carryover mechanisms. The experimental results indicate that
the strategies to create an efficient input sequence are effective. Furthermore, the system
only uses a single BERT model and the parsimonious input sequence enables solving
the three tasks with just one BERT-pass per turn. This leads to more computational
efficiency.

Compared to the state-of-the-art, the most important difference is that we utilize slot
carryover mechanisms, however encoding the entire dialogue history performs better.
In our setting the names of the schema elements perform better than the full schema
descriptions which we did not manage to effectively incorporate in our model. Additionally,
our pre-trained model (BERT) is smaller. paDST uses a large number of handcrafted
features and rules which require a lot of feature engineering and may be too dataset-
specific. On the other hand, D3ST achieves a higher JGA than ours only with the largest
version of T5 which has 100 times more parameters than BERT. Overall, our system is
computationally efficient and scalable to large schemata and dialogues.
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Chapter 6

Conclusions

6.1 Conclusions

In this thesis, we studied in depth the topic of schema-guided dialogue state tracking.
We first introduced important machine learning concepts and provided some recent deep
learning breakthroughs. We analyzed vanilla RNNs, LSTMs, attention and the trans-
former as well as two important and widely used learning techniques: transfer learning
and multi-task learning. We then focused on the field of natural language processing.
Specifically, after we introduced traditional language models we moved on to modern
transformer-based language models such as BERT and T5.

We provided an overview of dialogue systems examining methods, challenges and eval-
uation of the two main categories: open-domain and task-oriented dialogue systems. We
then focused our interest in dialogue state tracking and we presented the latest research
on the field. We noticed that schema-guided systems, which aim to separate the model
and its supported services, are gaining a lot of interest lately.

We first studied schema-guided dialogue state tracking and introduced two base-
line systems. We then proposed a novel multi-task system for schema-guided dialogue
state tracking based on a single BERT model and an efficient and parsimonious input
representation. Our system reasons for three critical DST tasks simultaneously. Close
to state-of-the-art performance is achieved, using a significantly smaller model and in-
put encoding. Among the various proposed enhancements to the model we show that
abstracting the preceding system utterance with system actions gives the biggest perfor-
mance boost. Strategies like appending previous dialogue states, data augmentation and
adding hand-crafted features further improve performance.

We believe that these strategies can guide the design of accurate, efficient and ontology-
independent task-oriented DST capable of scaling to large multi-domain dialogues, im-
portant in real world applications.

6.2 Future work

In the future, extensions to the work can include:

• Replacing BERT with stronger models which have better zero-shot perfor-

mance and therefore potentially improve accuracy on unseen services. For
example, although D3ST [22] works with a very simple seq2seq approach, it has
state-of-the-art performance when it uses the largest version of T5.
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• Further pre-training models on related tasks. In Chapter 4 we showed that pre-
training on tasks like machine reading comprehension, for which more large-scale
datasets are available, can benefit DST. Schema-guided DST is even more related
to MRC than traditional DST tasks as we showed that the slot/intent description
can be seen as the MRC’s question. However, our approach answers multiple “ques-
tions” at the same time and therefore pre-training from traditional MRC models that
only answer one question for each passage may need to be adapted.

• Strategies to incorporate earlier utterances and more information about the

schema, such as the descriptions of its elements, without increasing the input

size. For example, a turn-level recurrent model (e.g. LSTM) could be used to learn
to encode useful information from previous utterances.

• More data augmentation to avoid the problems of overfitting to seen services.

The number of services seen during training are limited and therefore it is very
easy for the model to overfit and “memorize” them. We showed a simple data aug-
mentation technique but more sophisticated ones may perform even better. As an
example, future work can implement back-translation with transformer models.

• Incorporating the schema-guided paradigm in other dialogue components such

as the dialogue policy or even to end-to-end dialogues. In order to build a real-
world system it is also important to train a dialogue policy component, however this
problem is less studied. One possible direction could be end-to-end systems that
jointly learn to predict the dialogue state and respond.
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