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Περίληψη

Σε αυτή τη διπλωµατική εργασία, ασχολούµαστε µε ϑέµατα στους τοµείς της
Γνωστικής Επιστήµης και της Επεξεργασίας Φυσικής Γλώσσας. Ερευνούµε τις α-
ναπαραστάσεις ϕυσικής γλώσσας στον ανθρώπινο εγκέφαλο και τις συγκρίνουµε µε
παραδοσιακές αναπαραστάσεις γλώσσας της µηχανικής µάθησης.

Σε αυτήν την εργασία, χρησιµοποιούµε πρώτα ένα γνωστό σύνολο δεδοµένων
fMRI για να αντιστοιχίσουµε παραδοσιακές αναπαραστάσεις λέξεων σε γνωστικές
αναπαραστάσεις. Παρουσιάζουµε ένα µοντέλο εγκεφαλικής ενεργοποίησης, µε πα-
λινδρόµηση κορυφογραµµών απευθείας από αναπαρασάσεις Glove, αντί για ένα
ενδιάµεσο σηµασιολογικό µοντέλο χαρακτηριστικών που προτείνεται στη ιβλιογρα
ία, το οποίο χρησιµοποιεί ένα σύνολο λέξεων µε τις ανάλογες µετρήσεις fMRI για να
ϱει µια αντιστοίχιση µεταξύ σηµασιολογίας λέξεων και τοπικών εγκεφαλικών ενεργο-
ποιήσεων. Στη συνέχεια, συγκρίνουµε αυτό το µοντέλο κωδικοποίησης, σε διάφορες
παραλλαγές, µε παραδοσιακές αναπαραστάσεις λέξεων σε ένα πρόβληµα σηµασιολο-
γικής οµοιότητας και συµπεραίνουµε ότι η απόδοσή του δεν επηρεάζεται συνολικά
από το είδος του χώρου των αρχικών αναπαραστάσεων.

Στη συνέχεια, διερευνούµε πώς οι γνωστικές αναπαραστάσεις α µπορούσαν να
επηρεάσουν τις αναπαραστάσεις ενός γλωσσικού µοντέλου. Ενσωµατώνουµε τις γνω-
στικές αναπαραστάσεις στα γλωσσικά µοντέλα προσθέτοντάς τις ως ερωτήµατα στο
επίπεδο προσοχής, προκειµένου να αποτυπώσουµε την εγκεφαλική πληροφορία αυ-
τών των αναπαραστάσεων στη διαδικασία εκπαίδευσης τους. Αφού διαπιστώσουµε ότι
ελτιώνεται η ικανότητά τους να προβλέπουν δεδοµένα εγκεφάλου, δοκιµάζουµε την
απόδοση των µοντέλων σε κλασσικά πειράµατα επεξεργασίας υσικής γλώσσας. Τα
αποτελέσµατά µας δείχνουν ότι, ακόµη και η περίπλοκη αρχιτεκτονική του BERT
επηρεάζεται αρνητικά από τις ορυβώδεις εγκεφαλικές αναπαραστάσεις. Η δοµή
του πειράµατος µας, αν και είναι πολλά υποσχόµενη, δεν µπορεί να εκµεταλλευτεί
πλήρως την αξία των γνωστικών αναπαραστάσεων.

Λέξεις Κλειδιά

Μηχανική Μάθηση, Βαθειά Μάθηση, Νευρωνικά ∆ίκτυα, Εγκεφαλικές Αναπα-
ϱαστάσεις, fMRI, BERT, ∆ιανύσµατα Λέξεων, Επεξεργασία Φυσικής Γλώσσας
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Abstract

In this diploma thesis, we are concerned with tasks in the domains of Cognitive
Science and Natural Language Processing (NLP). We investigate natural language
representations in human brain and comparing them with traditional machine
learning representations. In this work, we developed a pipeline for extracting
neural representations from fMRI datasets by using machine learning techniques,
following literature’s guideline. Moreover, we evaluate our work on downstream
tasks and provide useful comparative tables.

In this work, we first utilize a well known fMRI dataset to map traditional word
embeddings to cognitive representations. We present a neural activation model,
with ridge regression directly from glove embeddings instead of an intermediate
semantic feature model proposed in the literature, that uses a set words with
available fMRI measurements in order to find a mapping between word seman-
tics and localized neural activations. Then, we compare this encoding model,
in several variations, with traditional word embeddings on a similarity task and
conclude that its performance is not affected overall from the semantic or glove
space.

Thereafter, we investigate how cognitive embeddings could affect a language
model’s representations. We incorporate cognitive embeddings into language
models by adding them as queries in the attention layer, in order to induce the
cognitive bias of these embeddings into their training process. After finding that
their ability to predict brain recordings improves, we test the models’ performance
at NLP tasks. Our results indicate that, even the complex BERT architecture is
negatively affected by the noisy neural representations. Our experiment setup,
although it’s very promising, can not fully exploit the potential of cognitive em-
beddings.

Keywords

Machine Learning, Deep Learning, Neural Networks, Brain Representations,
fMRI, BERT, Word Embeddings, Natural Language Processing
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Κεφάλαιο 0

Εκτεταµένη Περίληψη

Σε αυτήν την διπλωµατική εργασιά, ϑα προσπαθήσουµε να συνδυάσουµε αναπα-
ϱαστάσεις λέξεων και εγκεφάλου για να µάθουµε κοινές αναπαραστάσεις αυτών των
δύο. Στο [9], πρόσφατα εισήγαγαν το πρώτο µοντέλο ειδικά σχεδιασµένο για να συλ-
λάβει τον τρόπο µε τον οποίο ο εγκέφαλος αναπαριστά τη σηµασία της γλώσσας. Με
τη ϐελτιστοποίηση του µοντέλου BERT για την πρόβλεψη δεδοµένων εγκεφαλικής
ενεργοποίησης ανθρώπων από το σύνολο δεδοµένων του [10], κατέληξαν σε αναπαρα-
στάσεις που κωδικοποιούν περισσότερες πληροφορίες σχετικές µε τη δραστηριότητα
του εγκεφάλου και έτσι ϐελτιώνουν την ποιότητα της πρόβλεψης της εγκεφαλικής
ενεργοποίησης.

Επιπλέον, το [11] διερεύνησε πώς τα γλωσσικά µοντέλα ϑα µπορούσαν να µάθουν
από τον ανθρώπινο εγκέφαλο. Το πείραµά τους αποτελείται από αναπαραστάσεις α-
πό 4 πρόσφατα µοντέλα: ELMO, BERT, USE και T-XL και δεδοµένα εγκεφαλικών
ενεργοποιήσεων. Παρόµοια µε τα [6, 7] έχουν χρησιµοποιήσει γραµµική παλιν-
δρόµηση από την αναπαράσταση ενός µοντέλου µε µια πρόταση, s, ως είσοδο, για
να προβλέψουν την εγκεφαλική ενεργοποίηση της ίδιας πρότασης s. Με ϐάση την
επιτυχία αυτής της µεθόδου, µπόρεσαν να πουν εάν ένα επίπεδο του µοντέλου µοι-
ϱάζεται πληροφορίες µε µία περιοχή του εγκεφάλου και προχωρήσαν περαιτέρω
τροποποιώντας το επίπεδο του µοντέλου και παρατηρώντας πώς αλλάζει η ικανότητα
πρόβλεψης των εγγραφών fMRI. Τα ευρήµατά τους υποδηλώνουν ότι η αλλαγή ενός
µοντέλου επεργασίας ϕυσικής γλώσσας για καλύτερη αντιστοίχιση µε εγγραφές ε-
γκεφάλου µπορεί να οδηγήσει σε καλύτερη κατανόηση της γλώσσας από το µοντέλο,
καθώς πέτυχαν καλύτερη απόδοση σε πειράµατα επεξεργασίας ϕυσικής γλώσσας µε
την τροποποιηµένη έκδοση του µοντέλου από τη ϐασική δοµή του BERT.

Η προσέγγισή µας, µε ϐάση τα παραπάνω, προσπαθεί να τροποποιήσει τα γλωσ-
σικά µοντέλα ενσωµατώνοντας τις γνωστικές αναπαραστάσεις στη διαδικασία εκπα-
ίδευσης. Ελέγχοντας πώς ϐελτιώνεται η ικανότητά τους να προβλέπουν τη δραστη-
ϱιότητα του εγκεφάλου, ϑα προσπαθήσουµε να επιτύχουµε καλύτερη απόδοση του
µοντέλου σε πειράµατα επεξεργασίας ϕυσικής γλώσσας. Ως ϐασική µέθοδο, προ-
σπαθούµε να προσθέσουµε τα δεδοµένα απεικόνισης του εγκεφάλου στο επίπεδο
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προσοχής του µοντέλου. Με αυτόν τον τρόπο µετριάζεται η επίδραση των κακώς
εκπαιδευµένων αναπαραστάσεων. Πειραµατιζόµαστε επίσης µε τα µοντέλα µας προ-
σθέτοντας τις γνωστικές αναπαραστάσεις σε ένα µόνο επίπεδο προσοχής κάθε ϕορά.
Η προηγούµενη δουλειά από το [7] δείχνει πολύ ελπιδοφόρα αποτελέσµατα όταν
συνδυάζει τις αναπαραστάσεις του εγκεφάλου και των λέξεων που µάλιστα ξεπερνο-
ύν αυτές των λέξεων σε κάποια πειράµατα. Από όσα γνωρίζουµε, αυτή η µέθοδος
του συνδυασµού αναπαραστάσεων δεν έχει χρησιµοποιηθεί ποτέ πριν και µπορεί να
είναι ο τρόπος για να προχωρήσουµε ένα ϐήµα παραπέρα προς µοντέλα ϕυσικής
γλώσσας που αντιλαµβάνονται τη λειτουργία του εγκεφάλου.

0.1 Σχετική Βιβλιογραφία

Ακολουθώντας τη συνήθη προσέγγιση για µεταφορά µάθησης στην Επεξεργασία
Φυσικής Γλώσσας, οι γνωστικές αναπαραστάσεις ϑα µπορούσαν να χρησιµοποιηθούν
για να αυξήσουν την απόδοση µοντέλων ϕυσικής γλώσσας. Η απλούστερη προσέγ-
γιση ϐασίζεται σε µία µέθοδο, όπου οι γνωστικές αναπαραστάσεις χρησιµοποιούνται
ως είσοδος µε ή χωρίς συνένωση µε παραδοσιακές λεξικές αναπαραστάσεις. ΄Ενα
προεκπαιδευµένο µοντέλο που αντιστοιχεί λέξεις σε ένα γνωστικό χώρο ϑα µπορο-
ύσε επίσης να εκπαιδευτεί από άκρο σε άκρο για µια συγκεκριµένη εργασία. Στο
[12], χρησιµοποιούν δεδοµένα fMRI, που προέρχονται από προτάσεις, σε συνδυα-
σµό µε στοιχεία κειµένου για να αυξήσουν την απόδοση σε ένα πείραµα προσθήκης
ετικετών.

Η κοινή προσέγγιση για την ερµηνεία αναπαραστάσεων γλωσσικών µοντέλων ε-
ίναι µε η χρήση συγκεκριµένων εργασιών επεξεργασίας ϕυσικής γλώσσας, χαρακτη-
ϱισµού λέξεων ή αναγνώρισης συµπεριφοράς. Μερικοί ερευνητές χρησιµοποίησαν
επανεκπαιδευµένα µοντέλα ϕυσικής γλώσσας για να προβλέψουν τη δραστηριότη-
τα του εγκεφάλου και να αξιολογήσουν τις αναπαραστάσεις του εγκεφάλου. Αυτή
η επανεκπαίδευση είναι ένα νέο ϐήµα στην επεξεργασία ϕυσικής γλώσσας και ϐα-
σίζεται στην κωδικοποίηση πληροφοριών από δεδοµένα µιας διαδικασίας πρόβλεψης
(π.χ. οι αναπαραστάσεις του εγκεφάλου στην περίπτωσή µας) στις παραµέτρους του
µοντέλου. Ο στόχος είναι η ϐελτιστοποίηση αυτών των µοντέλων ώστε να επωφελη-
ϑούν από πολλές πηγές πληροφοριών σχετικά µε την επεξεργασία της γλώσσας στον
εγκέφαλο.

Υπάρχει ελάχιστη προηγούµενη δουλειά που αξιολογεί ή ϐελτιώνει µοντέλα ϕυ-
σικής γλώσσας µέσω εγγραφών του εγκεφάλου. Το [13] προτείνει να αξιολογηθεί εάν
µια αναπαράσταση λέξεων περιέχει σηµασιολογία που σχετίζεται µε την εγκεφαλική
λειτουργία, µετρώντας πόσο καλά προβλέπουν δεδοµένα παρακολούθησης µατιών
και εγγραφές λειτουργικού µαγνητικού συντονισµού. Παρόµοια το [14] πρότεινε ένα
πλαίσιο για την αξιολόγηση λεξικών αναπαραστάσεων µε ϐάση το πόσο αντανακλούν
τη σηµασιολογία του εγκεφάλου. ΄Εξι τύποι αναπαράστασης λέξεων αξιολογήθηκαν
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µε παλινδρόµηση σε δεδοµένα fMRI, EEG και παρακολούθησης µατιών. Αναφέρουν
συσχέτιση µεταξύ της εγκεφαλικής αξιολόγησης και της απόδοσης των αναπαρα-
στάσεων στην αναγνώριση οντοτήτων και τις εργασίες απάντησης ερωτήσεων.

Οι Jain και Huth [15], αντιστοίχισαν επίπεδα από ένα LSTM µοντέλο σε δεδοµένα
fMRI, από άτοµα που ακούνε ιστορίες, για να εξετάσουν την ποσότητα σηµασιολογι-
κής πληροφορίας που κρατείται σε κάθε περιοχή του εγκεφάλου. Στο [11] χρησιµο-
ποίησαν δεσοµένα εγκεφαλικής δραστηριότητας για να δείξουν ότι κάθε διαφορετική
αναπαράσταση του µοντέλου κωδικοποιεί πληροφορίες σχετικές µε την επεξεργασία
γλώσσας ανάλογα µε το µέγεθος της προτάσης εισόδου. Στα [11, 9] παρατήρησαν
ότι τροποποιώντας το προεκπαιδευµένο µοντέλο BERT για καλύτερη πρόβλεψη δε-
δοµένων εγκεφάλου, πέτυχαν καλύτερα αποτελέσµατα σε πειράµατα Επεξεργασίας
Φυσικής Γλώσσας. Αυτό υποδηλώνει ότι η τροποίηση ενός µοντέλου επεξεργασίας
ϕυσικής γλώσσας για καλύτερη αντιχτοίχιση µε δεδοµένα εγκεφάλου απο άτοµα που
εκτελούν κάποια λειτουργία της γλώσσας µπορεί να οδηγήσει σε καλύτερη κατανόη-
ση της γλώσσας από το ίδιο το µοντέλο.

0.2 Σύνολα ∆εδοµένων

Στο πρώτο µέρος των πειραµάτων µας συγκρίνουµε τις γνωστικές αναπαραστάσεις
λέξεων χρησιµοποιώντας το σύνολο δεδοµένων που παρουσιάστηκε από τον Mitchell

[6] για τις εγκεφαλικές αναπαραστάσεις. ΄Οπως αναφέρουµε στο Κεφάλαιο 3, αυτό το
σύνολο δεδοµένων περιέχει δεδοµένα fMRI από 9 συµµετέχοντες και τα ερεθίσµατα
τους είναι σκίτσα και τίτλοι απο 60 είδη αντικειµένων από 12 κατηγορίες. ΄Ολα
τα ερεθίσµατα παρουσιάστηκαν 6 ϕορές κατά τη διάρκεια της κάθε συνεδρίας, µε
τυχαία σειρά κάθε ϕορά. Ζητήθηκε από τους συµµετέχοντες να σκεφτούν τις ίδιες
ιδιότητες για τα αντικείµενα και στις 6 παρουσιάσεις.

Για τη σύγκριση των αναπαραστάσεων χρησιµοποιούµε το σύνολο δεδοµένων
MEN. Περιέχει δύο σύνολα µε Ϲεύγη αγγλικών λέξεων (ένα για εκπαίδευση και
ένα για αξολόγηση) µαζί µε ϐαθµούς οµοιότητας που έχουν προστεθεί από αν-
ϑρώπους, µέσω crowdsourcing χρησιµοποιώντας το Amazon Mechanical Turk µέσω
του CrowdFlower. Αυτό το σύνολο δεδοµένων χρησιµοποιείται συνήθως για τη δοκι-
µή µοντέλων σε µετρήσεις σηµασιολογικής οµοιότητας και συγγένειας.

Για να εξαγάγουµε τις γνωστικές αναπαραστάσεις µας για τις Ενότητες 4.5
και 4.7, χρησιµοποιούµε το σύνολο δεδοµένων που παρουσίασε ο Pereira στο [16],
όπου ήθελαν να αξιολογήσουν αφηρηµένες έννοιες και προτάσεις fMRI όπως περι-
γράφουµε στο Κεφάλαιο 3. Χρησιµοποιούµε τα δεδοµένα από το πρώτο πείραµα
τους που αποτελείται από εγγραφές fMRI από 16 συµµετέχοντες. Τα ερεθίσµατα
τους αποτελούνται από 180 λέξεις που επιλέχθηκαν για να καλύψουν ένα µεγάλο
µέρος του σηµασιολογικού χώρου. Κάθε λέξη αντιπροσωπεύει ένα σύµπλεγµα λέξε-
ων που ϐασίζεται στο χώρο των διανυσµάτων Glove (300 διαστάσεις). Τα ερεθίσµατα
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παρουσιάστηκαν σε τρία πειράµατα µε πολλαπλές επαναλήψεις, ως µία πρόταση, ως
εικόνα ή ως σύννεφο λέξεων. Αυτά τα προεπεξεργασµένα δεδοµένα για κάθε συµ-
µετέχοντα αποτελούνται από έναν πίνακα: λέξεις (180) x voxels (∼ 200.000) και
χάρτες αντιστοίχισης για 3D voxel και διανυσµατικούς χώρους.

Για να ϐελτιώσουµε τα γλωσσικά µας µοντέλα, χρησιµοποιούµε το WikiText

σύνολο δεδοµένων [17], το οποίο είναι µια συλλογή µε πάνω από 100 εκατοµµυ-
ϱία tokens που εξάγονται από το σύνολο των επαληθευµένων Good and Featured
άρθρων της Wikipedia. Το σύνολο δεδοµένων αυτό, είναι διαθέσιµο µε την άδεια
της Creative Commons Attribution-ShareAlike. Σε σύγκριση µε την προεπεξεργα-
σµένη έκδοση του Penn Treebank (PTB), το WikiText-2 είναι πάνω από 2 ϕορές
µεγαλύτερο και το WikiText-103 είναι πάνω από 110 ϕορές µεγαλύτερο. Το σύνολο
δεδοµένων WikiText διαθέτει επίσης ένα πολύ µεγαλύτερο λεξιλόγιο και διατηρεί την
αρχική κλίση, τα σηµεία στίξης και τους αριθµούς - τα οποία όλα αφαιρούνται στο
PTB. ∆εδοµένου ότι αποτελείται από πλήρη άρθρα, το σύνολο δεδοµένων αυτό ε-
ίναι κατάλληλο για µοντέλα που µπορούν να επωφεληθούν από τις µακροπρόθεσµες
εξαρτήσεις µεταξύ των λέξεων.

Για τη διαδικασία πρόβλεψης fMRI χρησιµοποιούµε το σύνολο δεδοµένων Harry

απο το [10] που περιλαµβάνει δεδοµένα MEG και fMRI που καταγράφονται από άτο-
µα καθώς διαβάζουν ένα κεφάλαιο από το πρώτο ϐιβλίο του Χάρι Πότερ. Το κεφάλαιο
περιελάµβανε 5176 λέξεις και διαβάστηκε από εννέα συµµετέχοντες για κάθε πείρα-
µα. Τα δεδοµένα του πειράµατος των MEG για έναν συµµετέχοντα αποκλείστηκαν
λόγω πολλών ϑορύβων, αφήνοντας 8 συµµετέχοντες.

0.3 Πειράµατα µε γνωστικές αναπαραστάσεις

Στα ακόλουθα πειράµατα στοχεύουµε να διερευνήσουµε τις δυνατότητες των γνω-
στικών αναπαραστάσεων συγκρίνοντάς τα µε γνωστές αναπαραστάσεις λέξεων όπως
τα Word2vec [18]. Χρησιµοποιούµε παλινδρόµηση κορυφογραµµών για να µάθου-
µε την αντίστοιχιση κάθε λέξης στο χώρο του γνωστικών αναπαραστάσεων, ακολου-
ϑώντας τη µέθοδο από τα [6, 7]. Για την επιλογή των voxel, χρησιµοποιούµε τον µέσο
συντελεστή Pearson όλων των επαναλήψεων του πειράµατος για να ταξινοµήσουµε
τα voxels µε ϐάση τη σταθερότητά τους και στη συνέχεια επιλέγουµε τα 500 µε τις
καλύτερες ϐαθµολογίες σταθερότητας.

Παρουσιάζουµε το accuracy των σωστών προβλέψεων για κάθε συµµετέχοντα :
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Subject Ridge Reg. Athanasiou Mitchell
1 0.91 0.84 0.83
2 0.69 0.82 0.76
3 0.80 0.76 0.78
4 0.87 0.79 0.72
5 0.75 0.78 0.78
6 0.60 0.65 0.85
7 0.76 0.75 0.73
8 0.66 0.68 0.68
9 0.76 0.68 0.82

average 0.75 0.75 0.77

Table 1. Αντιχτοιχίζουµε απευθείας από διανύσµατα Glove σε 500 σταθερά voxels
και συγκρίνουµε µε τα αποτελέσµατα των [7] και [6]

Συνολικά, καταλήγουµε ότι το µοντέλο κωδικοποίησης, είτε µέσω σηµασιολογι-
κού είτε µέσω Glove χώρου, δεν επηρεάζει σηµαντικά την απόδοση.

Αξιολογούµε το µοντέλο εγκεφαλικής κωδικοποίησης που παρουσιάζεται παρα-
πάνω µε γραµµική αντιστοίχιση, στο σύνολο δεδοµένων οµοιότητας ΜΕΝ. Χρησιµο-
ποιούµε πάλι το σύνολο δεδοµένων του Mitchell και αναπαραστάσεις GloVe για τις
λέξεις του πειράµατος όπως αναφέρθηκε προηγουµένως.

Συγκρίνουµε την µέθοδο µας µε µια κλασσική µέθοδο που χρησιµοποιεί w2vec
300-dim vectors. Παρουσιάζουµε το ϐασικό µας µοντέλο κωδικοποίησης, όπου
χρησιµοποιούµε παλινδρόµηση στα δεδοµένα fMRI ενός συµµετέχοντα κάθε ϕορά,
επιλέγοντας τα καλύτερα 500 voxels, µε την προαναφερθείσα µέθοδο ϐαθµολογίας
σταθερότητας. Για ένα από τα πειράµατά µας χρησιµοποιούµε το µοντέλο κωδικο-
ποίησης στον µέσο όρο των δεδοµένων από όλους τους συµµετέχοντες. Επιπλέον,
η µέθοδος Hyperalignment που εξηγείται στο Κεφάλαιο 3, χρησιµοποιείται µε το
Shared Response Model από µόνη της για το πείραµα της σηµασιολογικής οµοι-
ότητας και στη συνέχεια σε συνδυασµό µε αναπαραστάσεις w2vec µε τις τελικές
αναπαραστάσεις να είναι ο µέσος όρος των δύο. Τα αποτελέσµατα παρουσιάζονται
στον πίνακα 2.

23



0. Εκτεταµένη Περίληψη

Subset w2vec 500 vox avg (200 vox) SRM SRM - w2vec
All Concrete 0.73 0.67 (0.69) 0.63 0.66 0.74

Most & Least Sim 0.60 0.57 (0.62) 0.53 0.64 0.65

Least Similar 0.21 0.14 (0.36) 0.06 0.1 0.11
Most Similar 0.09 -0.02 (0.19) 0.20 0.20 0.21

Table 2. Ο συντελεστής Spearman για τα διαφορετικά υποσύνολα ουσιαστικών και
για διαφορετικές αναπαραστάσεις. Παρουσιάζουµε το µέσο όρο της ϐαθµολογίας των
συµµετεχόντων, οι τιµές σε παρένθεση (·) υποδεικνύουν το µέγιστο µεταξύ των συµµετε-
χόντων. Για τον µέσο όρο των εγκεφαλικών δεδοµένων (στήλη avg) αρχικά πήραµε τον
µέσο όρο των εγγραφών από όλους τους συµµετέχοντες και στη συνέχεια προχωρήσα-
µε σε παλινδρόµηση για σηµασιολογική οµοιότητα. Το SRM αναφέρεται στο Shared
Response Model για Hyperalignment [8]

Συνολικά, τα οφέλη από τη χρήση γνωστικών αναπαραστάσεων ως είσοδους για
υπολογιστικές εργασίες δεν είναι σηµαντικά µε αποτέλεσµα µόνο µια µικρή αύξηση
της απόδοσης. Μια αντίστοιχη ανάλυση από το [7] δείχνει ότι τα εγκεφαλικά δεδο-
µένα κωδικοποιούν χρήσιµες σηµασιολογικές πληροφορίες, αλλά µια προσέγγιση
που ϐασίζεται απλά σε αντιχτοίχιση µέσω γραµµικής παλινδρόµησης µπορεί να µην
είναι ο καλύτερος τρόπος για να τις εκµεταλευτούµε.

0.4 Τροποποίηση µοντέλων ϕυσικής γλώσσας µε γνω-

στικές αναπαραστάσεις

Αφού δοκιµάσαµε τις γνωστικές αναπαραστάσεις αυτόνοµες σε κάποια πειράµα-
τα, αξιοποιούµε την υπάρχουσα ϐιβλιογραφία και προτείνουµε την τροποποίηση
γλωσσικών µοντέλων προσθέτοντας γνωστικές αναπαραστάσεις στις υπάρχουσες αρ-
χιτεκτονικές τους. Τα πειράµατα µας εστιάζουν στη προσθήκη των γνωστικών ανα-
παραστάσεων στο επίπεδο προσοχής ενός µοντέλου µε διάφορους τρόπους. Επι-
λέγουµε αυτή τη µέθοδο λόγω του µεγάλου ϑορύβου και των λίγων δειγµάτων που
χαρακτηρίζουν τα δεδοµένα fMRI, καθιστώντας αυτές τις αναπαραστάσεις κακούς
υποψηφίους για την εκπαίδευση ή την επανευκπαίδευση ενός γλωσσικού µοντέλου.
Κατ΄ αρχάς, εξάγουµε τις γνωστικές αναπαραστάσεις µας µε τις µεθόδους που περι-
γράφονται παραπάνω. Στη συνέχεια, δοκιµάζουµε την προτεινόµενη µέθοδο σε ένα
µοντέλο LSTM, το οποίο λόγω του µικρότερου µεγέθους του µας επιτρέπει να προ-
σθέσουµε τις γνωστικές αναπαραστάσεις στη διαδικασία εκπαίδευσης και όχι µόνο
κατά τη διάρκεια της επανεκπαίδευσης. Τέλος, το BERT [5] τροποποιείται µε πολλο-
ύς διαφορετικούς τρόπους και στη συνέχεια επανεκπαιδεύται στο Masked Language
Modeling task.

Για το LSTM µοντέλο εκπαιδεύουµε τρία µοντέλα στο WikiText-2, πάνω στο
Masked Language Modeling task.
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1. ΄Ενα base SHA-RNN µοντέλο µε µόνο ένα επίπεδο προσοχής.

2. ΄Ενα µοντέλο finetuned µε τις γνωστικές αναπαραστάσεις στο επίπεδο προσο-
χής για 5 εποχές.

3. ΄Ενα µοντέλο trained all the way µε τις γνωστικές αναπαραστάσεις στο επίπεδο
προσοχής

Figure 1. Το SHA-RNN αποτελείται απο ένα RNN µοντέλο µε επίπεδο προσοχής,
και ένα “Boom” feed-forward επίπεδο µε κανονικοποίηση. Το CE επίπεδο πρίν τα Q
αναφέρεται στις γνωστικές αναπαραστάσεις.

Συνολικά για τα αποτελέσµατα µε το BERT ϑα χρησιµοποιήσουµε:

1. ΄Ενα απλό µοντέλο BERTbase ως ϐάση για τα πειράµατα µας.
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2. ΄Ενα BERTbase όπου προσθέτουµε γνωστικές αναπαραστάσεις στο embedding
layer µαζί µε τα positional embeddings.

3. ΄Ενα cognitive-BERT µοντέλο επανεκπαιδευµένο µόνο µε γνωστικές αναπαρα-
στάσεις στον πίνακα Q.

4. ΄Ενα cognitive-add-BERT µοντέλο µετά την επανεκπαίδευση όπου προσθέτου-

µε τις γνωστικές αναπαραστάσεις στον πίνακα Q.

5. ΄Ενα cognitive-BERT-LSTM µοντέλο επανεκπαιδευµένο µόνο µε γνωστικές α-
ναπαραστάσεις στον πίνακα Q, αφού πρώτα τις περάσουν από ένα επίπεδο
LSTM.

6. ΄Ενα cognitive-add-BERT-LSTM µοντέλο µετά την επανεκπαίδευση όπου προ-

σθέτουµε τις γνωστικές αναπαραστάσεις στον πίνακα Q, αφού πρώτα τις πε-
ϱάσουν από ένα επίπεδο LSTM.

7. ΄Ενα cognitive-add-1 µοντέλο, µε γνωστικές αναπαραστάσεις µόνο στο επίπεδο
προσοχής 1.

8. ΄Ενα cognitive-add-2 µοντέλο, µε γνωστικές αναπαραστάσεις µόνο στο επίπεδο
προσοχής 2.

9. ΄Ενα cognitive-add-6 µοντέλο, µε γνωστικές αναπαραστάσεις µόνο στο επίπεδο
προσοχής 6.

10. ΄Ενα cognitive-add-11 µοντέλο, µε γνωστικές αναπαραστάσεις µόνο στο επίπε-
δο προσοχής 11.

0.5 Πρόβλεψη fMRI

Σε αυτό το µέρος της δουλειάς µας, αξιολογήσαµε την απόδοση των µοντέλων
LSTM χρησιµοποιώντας τη µέθοδο από το [11] στο σύνολο δεδοµένων Harry, όπως
αναφέρουµε παραπάνω. Χρησιµοποιούµε µόνο τα µοντέλα LSTM που παρουσι-
άσαµε προηγουµένως λόγω µικρότερων χρόνων εκπαίδευσης. Στόχος µας είναι να
ελέγξουµε εάν εισάγοντας δεδοµένα εγκεφάλου σε ένα γλωσσικό µοντέλο, είναι πιθα-
νό οι αναπαραστάσεις του να αποτελούνται από περισσότερες πληροφορίες σχετικές
µε τον εγκέφαλο.
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0.6 Πειράµατα

Subject Base Finetuned Trained
1 0.54 0.56 0.57

2 0.61 0.59 0.6
3 0.64 0.64 0.64
4 0.51 0.5 0.5
5 0.56 0.57 0.57

6 0.61 0.6 0.6
7 0.59 0.59 0.59
8 0.6 0.62 0.63

average 0.58 0.58 0.59

Table 3. Συγκρίνουµε τα τρία µοντέλα µας µε ϐάση το πόσο καλά προβλέπουν την
εγκεφαλική ενεργοποίηση.

0.6 Πειράµατα

Μετά την τροποποίηση του BERT και του LSTM, δοκιµάζουµε πώς αυτές οι αλ-
λαγές επηρεάζουν την ικανότητά τους να προβλέπουν τη γλώσσα δοκιµάζοντας την
απόδοσή τους σε tasks επεξεργασίας ϕυσικής γλώσσας. Τρέχουµε τα µοντέλα µας
σε επτά downstream tasks και συγκρίνουµε τα αποτελέσµατά τους στον πίνακα 4.

LSTM Models BERT Models

Task (µετρική) SHA-

RNN

base

fine-

tuned

train-

ed

BERT

base

Emb-

layer

Cogn Cogn-

add

Cogn-

lstm

Cogn-

add-

lstm

CoLA (Matth.) 0.35 0.09 0.01 0.578 0.0 0.012 0.21 0.0 0.267
SST-2 (Acc.) 0.9 0.73 0.67 0.917 0.777 0.802 0.915 0.813 0.901
MRPC (F1) 0.84 0.713 0.562 0.907 0.82 0.821 0.817 0.815 0.816
STS-B (Pears.) 0.79 0.34 0.13 0.913 0.068 0.105 0.825 0.109 0.841
QNLI (Acc.) 0.798 0.678 0.53 0.893 0.611 0.865 0.87 0.633 0.878
RTE (Acc.) 0.592 0.532 0.511 0.714 0.469 0.537 0.545 0.534 0.588
WNLI (Acc.) 0.651 0.543 0.512 0.436 0.563 0.408 0.422 0.408 0.478

Table 4. Σύγκριση των µοντέλων, µε τις γνωστικές αναπαραστάσεις σε όλα τα επίπεδα
προσοχής του µοντέλου, σε επτά διαφορετικά downstream tasks. Για τα LSTM µο-
ντέλα, το finetuned αναφέρεται στο µοντέλο που επανεκπαιδεύτηκε µε τις γνωστικές
αναπαραστάσεις στο επίπεδο προσοχης για 5 εποχές, ενώ το trained στο µοντέλο που
εκπαιδεύτηκε απο το µηδέν µε ενσωµατωµένες τις γνωστικές αναπαραστάσεις σε όλη
τη διαδικασία της εκπαίδευσης. Στα BERT µοντέλα παρουσιάζουµε ένα µοντέλο µε
τις εγγραφές εγκεφάλου στο embedding layer (στήλη Emb-layer) και στη συνέχεια
ένα µοντέλο µόνο µε γνωστικές αναπαραστάσεις στον πίνακα Q (στήλη Cogn) και ένα
όπου προσθέτουµε τις γνωστικές αναπαραστάσεις στον πίνακα Q (στήλη Cogn-add).
Τέλος, οι δύο παραπάνω αρχιτεκτονικές επαναλαµβάνονται αφού πρώτα περάσουµε
τις γνωστικές αναπαράστασεις απο ενα επίπεδο LSTM (στήλες Cogn-lstm και Cogn-
add-lstm).
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Task (µετρική) BERT base Cogn-add-1 Cogn-add-2 Cogn-add-6 Cogn-add-11

CoLA (Matth.) 0.578 0.08 0.397 0.431 0.296
SST-2 (Acc.) 0.917 0.916 0.916 0.913 0.912
MRPC (F1) 0.907 0.82 0.822 0.82 0.82

STS-B (Pears.) 0.913 0.833 0.832 0.832 0.833
QNLI (Acc.) 0.893 0.874 0.877 0.877 0.876
RTE (Acc.) 0.714 0.548 0.555 0.563 0.556
WNLI (Acc.) 0.436 0.464 0.437 0.45 0.422

Table 5. Σύγκριση του απλού BERT µοντέλου και των δικών µας µοντέλων, µε
τις γνωστικές αναπαραστάσεις σε ένα µόνο επίπεδο προσοχής κάθε ϕορά, σε επτά
διαφορετικά downstream tasks. Για όλα τα µοντέλα χρησιµοποιούµε τη µέθοδο όπου
οι γνωστικές αναπαραστάσεις προστίθενται µάζι µε τις λεξικές αναπαραστάσεις του
BERT στον πίνακα Q. Ο αριθµός στον τίτλο κάθε στήλης υποδηλώνει το επίπεδο του
µοντέλου στο οποίο προσθέτουµε τις γνωστικές αναπαραστάσεις.

0.7 Συµπεράσµατα

Αρχικά, από τα πρώτα πειράµατα µε τις γνωστικές αναπαραστάσεις, συµπερα-
ίνουµε ότι η απόδοση του µοντέλου κωδικοποίησης, δεν επηρεάζεται συνολικά από
το σηµασιολογικό ή το Glove χώρο. Επιπλέον, για το πείραµα της σηµασιολογικής
οµοιότητας, όλες οι εκδόσεις του µοντέλου επιτυγχάνουν παρόµοια αποτελέσµατα µε
το συνδυασµό των αναπαραστάσεων Word2vec και του Shared Response Model να
εµφανίζουν ελαφρώς καλύτερα αποτελέσµατα. Γενικά, οι γνωστικές αναπαραστάσεις
δεν είναι σαφώς η καλύτερη επιλογή ως εργαλέια για υπολογιστικές εργασίες, µε
ϐάση τα προαναφερθέντα αποτελέσµατα. Αυτά τα πειράµατα, αν και είναι πολλά υ-
ποσχόµενα, δεν µπορούν να εκµεταλλευτούν πλήρως τις δυνατότητες των γνωστικών
αναπαραστάσεων.

Στη συνέχεια, αφού εξετάσαµε περιπτώσεις όπου οι γνωστικές αναπαραστάσεις
έχουν χρησιµοποιηθεί για να ϐελτιώσουν µοντέλα επεξεργασιας ϕυσικής γλώσσας,
εστιάσαµε στη διερεύνηση του τρόπου µε τον οποίο αυτές οι αναπαραστάσεις ϑα
µπορούσαν να επηρεάσουν ένα γλωσσικό µοντέλο και ποιες τροποποιήσεις είναι πιο
κατάλληλες για να ανακαλύψουµε τις δυνατότητές τους. Το BERT [5] ήταν το επίκε-
ντρο της έρευνάς µας. Στηρίξαµε την πλειονότητα των πειραµάτων µας στην υπόθεση
ότι ένας καλός τρόπος για να ενσωµατώσουµε τις γνωστικές αναπαραστάσεις στην αρ-
χιτεκτονική ενός γλωσσικού µοντέλου, είναι µε την προσθήκη τους στον πίνακα Q
του επιπέδου προσοχής. Με αυτόν τον τρόπο, ϑα µπορούσαµε να ενσωµατώσουµε
εγκεφαλική πληροφορία στη διαδικασία εκπαίδευσης του µοντέλου και επίσης να
µετριάσουµε την επίδραση του ϑορύβου που συναντάµε σε δεδοµένα εγκεφάλου.
∆οκιµάζουµε πρώτα την προσέγγισή µας σε ένα µικρότερο µοντέλο LSTM, όπου
χρησιµοποιώντας τη µέθοδο από το [11], διαπιστώνουµε ότι η ικανότητά του να προ-
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ϐλέπει δεδοµένα εγκεφάλου ϐελτιώνεται και αυτό µπορεί να οδηγήσει σε ϐελτίωση
της απόδοσης του µοντέλου σε tasks επεξεργασίας ϕυσικής γλώσσας.

Παρ΄ όλα αυτά, τα αποτελέσµατά µας σε downstream tasks δείχνουν ότι ακόµη
και η περίπλοκη αρχιτεκτονική του BERT επηρεάζεται αρνητικά από τις ϑορυβώδεις
εγκεφαλικές αναπαραστάσεις. Τα πειράµατά µας σε µικρότερα µοντέλα δείχνουν ότι
για τα tasks όπου το αρχικό µοντέλο επιτυγχάνει ήδη καλά αποτελέσµατα, η απόδο-
σή του διατηρείται ακόµη και µε τις γνωστικές αναπαραστάσεις στο επίπεδο προ-
σοχής. Αυτό το αναλύουµε µε µεγαλύτερη λεπτοµέρεια στην Ενότητα 4.7, όπου τα
προτεινόµενα γνωστικά µας µοντέλα BERT χάνουν εντελώς την αποτελεσµατικότητά
τους για ορισµένα πειράµατα λόγω των κακών αναπαραστάσεων του εγκεφάλου. Μια
τελευταία σηµείωση για τη δουλειά µας είναι ότι όταν δοκιµάσαµε να προσθέσουµε
τις γνωστικές αναπαραστάσεις σε διαφορετικά επίπεδα του µοντέλου BERT, απο-
δείξαµε ότι τα µεσαία επίπεδα κατανέµουν καλύτερα τα ϑορυβώδη δεδοµένα του
εγκεφάλου σε σύγκριση µε τα αρχικά και τα τελευταία επίπεδα, ακριβώς όπως είχαν
αναφέρει στο [11]. Συνολικά, η µέθοδος µας ϕαίνεται να στερείται των απαραίτητων
συστατικών που χρειάζονται οι εγκεφαλικές αναπαραστάσεις για να παρέχουν αντα-
γωνιστικά αποτελέσµατα στο πλαίσιο των σύγχρονων τεχνικών επεξεργασίας ϕυσικής
γλώσσας.
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Chapter 1

Introduction

In this Diploma Thesis, we study methods of incorporating fMRI data into Nat-
ural Language Processing (NLP). Using machine learning methods and freshly

proposed Transfer Learning techniques, we evaluate the performance of brain
data on downstream natural language processing tasks. Our aim is to find ways,
based on the common practices, to utilize the potential of neural representations.

1.1 Motivation

Conceptual Knowledge refers to the knowledge of understanding of concepts,
principles, theories, models, classifications, etc. We learn conceptual knowledge
through reading, viewing, listening, experiencing, or thoughtful, reflective mental
activity. The question of how the human brain represents conceptual knowledge
has been debated in many scientific fields. Brain imaging studies have shown that
different spatial patterns of neural activation are associated with thinking about
different semantic categories of pictures and words (for example, tools, buildings,
and animals).

Several recent studies, on occasion of the successes of self-supervised NLP
models, are trying to investigate these models’ representations in order to study
how people process and understand language. Their approaches had opened ways
to understand the processing of longer word sequences, context and even suggest
that having NLP models specifically designed to capture the way brain represents
language meaning may lead to even more insight about natural language process-
ing. However, there is no prior work that utilizes the actual brain representations
and use them to improve the overall performance of the aforementioned models.

In this work, we propose methods to extend self-supervised natural language
models by combining them with cognitive embeddings and find aspects where the
latter prevail. Futhermore, we experimented on evaluating encoding models for
mapping word embeddings to neural representations and tested how the language
models’ ability to predict brain activity changes after we incorporate cognitive
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embeddings in their training process. In each case, there is imperative need
to discover methods for fMRI data to exploit their full potential. The specific
ways that cognitive embeddings can be used to achieve model architectures that
outperform the current popular models yet remain unclear, even though [7] shows
that cognitive embeddings encode useful semantic information.

1.2 Thesis Contributions

Below, we summarize the main contributions of our work:

• We designed a novel functional pipeline for extracting cognitive embeddings
from fMRI datasets.

• We compared the performance of several cognitive representations with tra-
ditional word emebeddings on a downstream similarity task.

• We fine-tuned language models while incorporating cognitive embeddings in
their training process.

• We tested if the aforementioned fine-tuned models’ representations become
better at predicting brain activity.

• We evaluated the performance of our "cognitive" language models on several
downstream natural processing tasks. We found that models perform better
only in tasks where the base model already achieves great performance.

• We tested adding cognitive embeddings at a different attention layer of the
BERT model each time. We found that the mid layers are better at distribut-
ing new unknown, to the model, information.

1.3 Chapter Outline

In the first part, we describe the necessary theoretical background in order for
the reader to understand the structure and the contribution of this thesis. In par-
ticular, in Chapter 3, we present information regarding the use of cognitive data
in NLP and computational models. We review related work both from a theoreti-
cal and a practical perspective, while describing commonly used datasets as well
as frequently applied methods for voxel selection. In addition, we present neural
alignment methods and different ways of mapping between voxel space and lexical
embeddings. In Chapter 2, we present an overview of machine learning theory,
focusing on the models that we used in this project.
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In the second part, we describe in detail the experiments that we conducted.
More specifically, in Chapter 4, we describe the methodology used and the pre-
processing conducted in order to develop a pipeline for extracting cognitive em-
beddings. We analyze the results of our work and we present comparative tables
in order to illustrate the differences between each of our proposed methods.

Finally, in Chapter 5, we further discuss our findings and present a summary
of this thesis, as well as future directions for inducing neural representations into
natural language processing methods.
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Chapter 2

Machine Learning

2.1 Introduction

Machine Learning (ML) is a field of Artificial Intelligence (AI) that creates sys-
tems with the ability to automatically learn and improve without being explicitly
programmed to calculate or solve problems. The ML algorithms allow computers
to be trained on input data and use statistical analysis to extract values that fall
within a specific range. The learning process begins with observations, which are
examples, or empirical results or instructions, so that patterns can be identified
in the data and better decisions can be obtained in the future, based on the exam-
ples we have. The primary purpose is to enable computers to learn automatically,
without human intervention or help, and adjust their actions accordingly.

Machine Learning is divided into three broad categories depending on the way
the learning process takes place. The first category is called Supervised Learning.
During its training phase the corresponding labeled outputs (labels) are listed to-
gether with the available data input. This labeling is usually done by humans and
therefore the process is quite time consuming. The second category, that does not
carry marked data but attempts to discover structures in existing observations,
is called Unsupervised Learning. The third and last category is called Reinforce-

ment Learning and treats the training system as an agent that aims to maximize a
profit, defined by a Reward Function, by interacting with a dynamic environment.
Consequently, the first category seeks to create a model that illustrates input data
to output data, the latter seeks to identify an undercurrent structure in the input
data and the third aims at optimal decision making.

In addition, two interesting categories that are often encountered in the rele-
vant literature is that of Semi-Supervised Learning and Meta Learning. The first is
a mix of Supervised and Unsupervised Learning, where some data are highlighted
while most are not and the second focuses on how a system can learn how to
learn.
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2.2 Types of Machine Learning

Machine Learning algorithms are split in three main categories: Supervised
Learning, Unsupervised Learning and Reinforcement Learning.

2.2.1 Supervised Learning

In Supervised Learning, there are input variables X and output variables y.
The goal is to learn a mapping function from input to output through an algorithm:

y = f (X ) (2.1)

A Supervised Learning model aims to approach the display function so well
that when new input data X are entered into the model, the corresponding out-
put variables y can be predicted with success. The different types of problems
observed in Supervised Learning arise from the diversity of the output y. In Clas-
sification problems, y is discrete, while in Regression problems the output y is
continuous. In Classification problems, given an input, the model should clas-
sify it into a category, while in Regression problems, the model should return a
continuous value as an output [19], [20].

2.2.2 Unsupervised Learning

In Unsupervised Learning, the training data are vectors X that do not contain
labels for each input data. Therefore, the goal of Unsupervised Learning is to find
patterns when there are no "correct answers", or when they are impossible to be
calculated. Unsupervised Learning mainly solves Clustering problems, where the
goal is to separate input data in different clusters, based on a given metric [20].
In addition, another category of Unsupervised Learning are Generative Models.
These models mimic the process of creating training data. A good Generative
Model should be able to create new data that look like the original.

2.2.3 Reinforcement Learning

Reinforcement Learning differs from the previous two categories because it
focuses on optimal decision making. The core parts of Reinforcement Learning
are an environment, and an agent which interacts with it over time. The agent
performs actions based on observations, and then receives a reward from the
environment. This process continues in a loop. The behavior of the agent depends
on a function that maps the observations of the environment to actions.
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2.3 Machine Learning Algorithms

2.3.1 Cost Function

The goal of any Supervised Learning algorithm is to return a function f () which
accurately matches the input examples to the corresponding labels. To quantify
the loss (error) of the model, a Cost Function is used, that predicts ŷ when the
actual label is y. Usually, the Cost Function L(ŷ, y) assigns a numeric value to
the predicted output ŷ given the actual output y. It must have an infimum,
which means that the lower the error value the better the prediction. Function
parameters are set in order to minimize L loss in the training examples.

Given a train set (x1:n, y1:n), a cost function L per sample and a function f (x; Θ),
we define the total loss as the average loss on all training data:

L(Θ) = −
1
N

N∑
i=1

L(f (x; Θ), yi) (2.2)

The goal is to find the optimal parameters Θ that minimize the total error:

Θ̂ = argΘ minL(Θ) = argΘ min
1
N

N∑
i=1

L(f (x; Θ), yi) (2.3)

Some common cost functions are the following:

• Mean Squared Error (MSE), which calculates the mean squared prediction
error:

J(θ) =
1
n

n∑
i=1

(Yi − Pi)2, (2.4)

where the prediction error is the difference between the true value (Yi ) and
the predicted value (Pi ) for an instance and θ is the parameter vector of the
network. MSE is used with regression models [21].

• Mean Absolute Error (MAE), which calculates the mean of the absolute
prediction error:

J(θ) =
1
n

n∑
i=1

|Yi − Pi |, (2.5)

where Yi is the true value and Pi the predicted value for an instance and θ
is the parameter vector of the network [22].
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• Cross Entropy Loss Function, which uses the concept of cross-entropy.
Cross-entropy is mathematically defined as:

H(p, q) = −
∑
k

pk log qk, (2.6)

where p and q are the true and the predicted probability distributions re-
spectively. The more the two distributions differ, the higher the value of the
cross-entropy. Cross-entropy loss function is widely used in classification
problems. Based on the definition of cross-entropy, the goal of the cross-
entropy loss function is to minimize the cross-entropy between the model’s
distribution and the distribution of the given data [23], [20].

2.3.2 Logistic Regression

Logistic Regression is used to solve linear classification problems. It differs
from other simple classifiers on how the probability of an input sample x ∈ Rd

belonging to a class, is calculated. In a binary classification problem with classes
y = {0,1}, we apply the sigmoid function, on the output vector of a function f (),
which compresses the values of the vector in range (0,1).

P(y = 1|x) =
1

1 + ϸ−f (x) (2.7)

where f (x) could be a linear function. If this probability is greater than 0.5, then
sample x is categorized into the first class. Otherwise, it’s categorized into the
second class with probability P(y = 0|x) = 1 − P(y = 1|x). The Cost Function we
aim to minimize, is the cross-entropy, defined by the relationship:

J(w) = −[y log(P(y = 1|x)) + (1 − y) log(1 − P(y = 1|x))] (2.8)

2.3.3 Word Embeddings

The idea behind Word Embeddings is that we would like vectors of similar
words to have values close to each other. While word similarity is difficult to
determine and depends on the particular problem, modern approaches draw in-
spiration from distributional hypothesis [24], arguing that words have a similar
meaning when they appear in similar context. Word2vec [18] attempts to generate
distributional numerical representations of words, which encode the similarity of
the words. Different methods create supervised training examples, in order to
predict the word based on the context, or to predict the context based on the
word. The most important set of pre-trained word vectors is word2vec. Word2vec
is a language model approach, applied to a finite number of words.
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Word2vec

Word2vec consists of four structural elements. The Continuous Bag of Words
(CBOW) and skip-gram are the two suggested algorithms, while Negative Sam-
pling [18] and Hierarchical Softmax are the two suggested training methods. As
shown in Figure ??, the CBOW algorithm given the context of a word, tries to
predict that word. In the Skipgram model, on the other hand, given a word, it
attempts to predict the distribution of the words that compose the context of that
word. Furthermore, Negative Sampling is based on sampling "negative" examples
while Hierarchical Softmax proposes an efficient tree structure for calculating the
probabilities of each word in the dictionary.

Figure 2.1. The two suggested Word2Vec algorithms: CBOW (Left) and Skipgram
(Right). Source: [1]

Glove

In contrast to previous methods, Glove [25] is based on a model that predicts
the probability of a word j, that appears in the context of a word i. Learning is
achieved with least squares as the cost function. In addition, with this method, all
text statistics are used and the creation of a vector space that includes important
information of the meanings of the words, is achieved.
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2.4 Deep Learning

Deep Learning belongs to the general field of Machine Learning (ML). Methods,
such as, Deep Neural Networks, Recurrent Neural Networks and Convolutional
Neural Networks have been successfully used in recent years to solve computer
vision, voice recognition, natural language processing, bioscience and forecasting
problems. The term "deep" derives from the existence of multiple layers in these
networks. Deep Learning, is the modern version of Machine Learning. Efficient
network training requires a great load of data, usually thousands of samples.
Also, even though it’s not necessary, the parallel processing of data on a Graph-
ics Card (GPU) with appropriate libraries has greatly accelerated the duration of
training, compared to the execution on a Central Processing Unit (CPU). The expo-
nential growth of data due to the internet, as well as the rapid, driven by the video
game industry, growth in graphics cards, are the reasons why, deep learning is
the state of the art in terms of developing Artificial Intelligence Models.

2.4.1 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) are a powerful and robust type of neural
networks, which are particularly useful because of their internal memory. The
connections between the units in an RNN create a directed graph on a sequence.
This allows the network to exhibit dynamic time behavior for a time sequence.
RNNs use their internal state (memory) to process sequential inputs to the net-
work. Intuitively, RNNs have the ability to remember important input information
they’ve received, which allows them to make accurate predictions for the following
data. As shown in Figure 2.7, the basic RNNs are nodes organized in a sequential
order. The RNN first takes x0 from the input sequence and extracts h0 (hidden
state). The hidden state h0 together with x1 are the input for the next step. Re-
spectively, h1 together with x2 are the input for the next step and so on. Therefore,
an RNN model remembers the context of the entry from the training process.

Figure 2.2. A basic Recurrent Neural Network. Source: [2]

Consequently, for each time point t, the equations that describe the function
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of an RNN are:

ht = fh(Whhht−1 +Whxxt + bh) (2.9)

yt = fy(Wyhht + by) (2.10)

where ht denotes the hidden state at time t, xt the input vector at time t, yt
the output vector at time t, bh the bias for h, by the bias for y and fx , fh are
the activation functions for x and h respectively. There are three different weight
tables: Whx (weights from the entry to the hidden layer), Whh (weights from the
hidden layer to the hidden layer), and Wyh (weights from the hidden layer to the
output layer).

Bi-directional RNN

As we mentioned above, RNNs capture sequential data information which
they’ve received at time t and encode them in their hidden state. However, they
are also likely to obtain more information by reading a given sequence backwards,
in order to make more accurate predictions.

So, in a bi-directional RNN, we encode the input sequence from beginning to
end (forward RNN), but also the sequence from the end to the beginning (backward
RNN). Then we combine the hidden states of the two RNNs to find the hidden state
for each time point. Specifically, we calculate separately the hidden state of the
forward RNN

−→
ht at time t, but also the corresponding hidden state of the backward

RNN
←−
ht, and combine them to calculate the final hidden state at each time point.

As a result, the hidden state at time t is simply the combination of the two vectors:
ht =

−→
ht ||
←−
h T−t. The same also applies for all T +1 time points of the input sequence.

2.4.2 Long Short Term Memory (LSTM) Neural Networks

A subcategory of Recurrent Neural Networks (RNNs) described above, are the
LSTMs. They were originally proposed by Hochreiter and Schmidhuber in 1997
[26] and they’ve been studied and developed by researchers since then. The
results from using these networks in time series data are very promising, offering
solutions to a variety of modern problems.

LSTMs are designed to address one of the key issues of RNNs; learning long-
term dependencies. For example, an RNN designed to accept 3 words from a
sentence in order to predict the next, does not have the ability to "remember"
important previous information from the whole sentence. This problem had been
identified by [27].

The basic idea behind an LSTM, is based on the existence of interconnected
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portals (gates) that control (encourage or not) the flow of information from one
point to another. The structure of this portal contains a sigmoid function through
which an input vector passes, which is then multiplied by a second vector to
produce the final output.

(a)

(b)

Figure 2.3. The cell structure of a simple Recurrent Neural Network (a) compared
to the structure of an LSTM (b)

The analysis of an LSTM "cell" is presented below step by step:

• Forget gate: At this point, we select the junk information contained in the
previous hidden state ht−1 and the new input xt, and we "forget" it through the
portal. A number is produced between [0,1] which is multiplied by the internal
values of the state Ct−1, choosing what information will remain.
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Figure 2.4. Forget gate of an LSTM.

• Store Update gate: In the next step, we decide what new information we
will store in the internal state C. This is done, first by selecting the values
to be updated (sigmoid) as well as through the tanh portal which produces a
candidate vector C̃t for these values.

Figure 2.5. Store gate of an LSTM.

Then we repeat the first step, forgetting the useless information, and adding
the new information C̃t multiplied by the percentage it of their change.

Figure 2.6. Update gate of an LSTM.

• Output gate: Finally, we decide, what result will be produced at the output. To
achieve this, the state calculated from the previous steps Ct is filtered, passed
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through a tanh function and multiplied by the output of a sigmoid gate, so that
we output to the next stage only the parts we decided to.

Figure 2.7. Output gate of an LSTM.

2.4.3 Attention Mechanisms

The basic idea behind the attention mechanism is that not all vectors of a
sequence, contribute the same to the context. So, the model should not use all
the vectors equally to make a prediction, but focus on the parts of the input that
contain the most relevant information about a particular problem. To implement
this approach, we use an attention mechanism [28, 29] to find the relative signif-
icance of each input vector of a sequence. In order to focus on the vectors that
contain the most important information, a weight ai is set in the hidden step,
corresponding to each hi vector. Then, the finite representation r of the entire
input sequence is computed, as the weighted sum of all hidden states.

ei = tanh (Whhi + bh) , ei ∈ [−1,1]

ai =
exp (ei)∑T
t=1 exp (et)

,
T∑
i=1

ai = 1

r =

T∑
i=1

aihi

(2.11)

where Wh and bh are the weights of the attention layer.

2.4.4 Transformers

In this section, we make a general introduction to Transformers [4] since they
form the basis of our models (BERT [5]). Until recently, popular models were
based on recursion or convolutions and they used to connect the Encoder with
the Decoder through an Attention Mechanism. The Transformers rely entirely on
this Mechanism and lead to more efficient implementations by allowing the paral-
lelization of calculations by dramatically reducing training time. Transformers are
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focused on solving machine translation problems and their architecture explains
this fact since the Encoder, encodes information from one language into an inter-
mediate representation, which is then passed to the Decoder and finally ends up
in another language. This architecture, of course, with some modifications can be
applied to a wide range of problems. As shown in Figure 2.8, a transformer con-
sist of a set of 6 encoders connected to another set of 6 decoders. All the encoders
as well as the set of the decoders consists of layers with similar structure but of
course have different weight values. The encoders and decoders accept inputs
from the lower layers and carry them to the higher. Each encoder consists of two
subsystems. The first is a Self-Attention Layer, that allows the encoder to match
the dependencies of each word, with the other words in the sentence. The second
subsystem is a Feed Forward Neural Network. The decoder architecture is similar,
with the only difference, between the two subsystems described above, being an
extra intermediate layer called the Encoder-Decoder Attention. In a similar way,
with the Seq2Seq models [30], this subsystem is responsible to locate and focus
its attention on specific elements of the input that have already been encoded by
the encoder

Figure 2.8. The general structure of a Transformer. Source: [3]

The next part of the transformer implementation is when the input enters the
first encoder of the set of 6 encoders described before. As discussed in previous
sections, the system needs to receive the words in the form of word vectors.
Every word is transformed into an appropriate vector representation and crosses
a specific path in the network. The Feed Forward Neural Network does not hold
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correlations between these paths and therefore the words. This suggests that
the paths in this system can be paralleled. The system responsible for these
correlations between the words is the Self-Attention layer.

The outputs of the Self-Attention layer are calculated in 2 basic steps. The
first step is to create three (3) vectors from the word vectors of the sentence.
Specifically, the Query, Key and Value matrices are constructed. These vectors,
of size 64, much smaller than the dimensions (512) of hidden vectors, practically
are the result of the multiplication of the input vectors with specific arrays, the
parameters of which are optimized during the training process. Of course, the
size mentioned before is an architectural choice but it is generally proven that
at this size it is possible to have a stable representation, able to gather all the
information between the dependencies of the words of the sentence.

Multi-Head Attention is also a common practice. Specifically, the Transformers
introduced in [4] have 8 attention heads which essentially means that 8 different
sets of WQ, WK and WV arrays are generated for each Self-Attention layer of
each encoder and each decoder. Therefore, the optimization parameters increase
significantly but this technique aims to improve performance as the model can
focus better on different parts of the sentence and each head can also give a
different form of attention for the model to focus on. Consequently, multiple
representation subspaces can occur. The Feed Forward Neural Network expects
a different input size from the result of the operations mentioned before. So, once
we concatenate all the results, we multiply this table with another WO table, the
parameters of which are optimized through training phase. Finally, the result of
this operation is passed to the Feed Forward Neural Network.

From the above, one can conclude, that Transformers do not take into account
the actual sequence of the words in a sentence. Therefore, it is necessary to in-
clude vectors that represent the "order" of the words in the sentence. These vec-
tors, called positional embeddings, are learned by the system during the training
process and they essentially indicate the "order" of the words. These embeddings
are added with the corresponding word vectors in order to provide meaningful dis-
tances between the embedding vectors, once they’re projected into Q/K/V vectors
and during dot-product attention.

Self-Attention

Self-Attention utilizes three matrices, K, V and Q to calculate the attention
and is described, as mentioned before, by the equation:

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

)V (2.12)

where dK denotes the dimensionality of the keys and queries.
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Figure 2.9. The inner structure of a Transformer. Source: [4]

BERT

In 2018, the Natural Language Processing (NLP) community made several im-
portant successes, with the releases of Allen AI ELMo models [31], OpenAI Open-
GPT [32] and Google BERT [5]. Since then, Transfer Learning Techniques have
been the center of attention and they began to see use in a wide range of applica-
tions because with minimal time, effort, data and computing power, researchers
have been able to achieve significantly better results in a variety of problems. The
only difference, is that a pre-trained model is needed, to be adapted and optimized
(finetuning), in many cases together with a small subnet, to solve a specific task.

BERT (Bidirectional Encoder Representations from Transformers) [5] is based
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on several dominant ideas, such as those of Semi-Supervised Sequence Learn-
ing [33], ELMo [31], ULMFiT [34], OpenAI Transformer [32] and Transformers [4].
Specifically, BERT’s training was implemented with the idea of semi-supervised
sequential learning on a huge number of texts from books and Wikipedia, among
other sources. The model during the training process focuses on a specific prob-
lem of language modeling called masked word prediction. This way, it learns to
detect language patterns and obtains the ability to process linguistic texts as well.

In addition to extracting high quality language features from a text, BERT,
along with small neural network add-ons, can solve a variety of classification
problems, entity recognition and question answering, as illustrated in Figure 4.9
below. Furthermore, BERT, like ELMo, can also be used to produce contextual-
ized word embeddings. At this point, it’s worth noting that there are two versions
of BERT. The first is the base model (12 Encoders - 768 hidden size) which is com-
parable in size to that of the OpenAI Transformer and the second is a much larger
model (16 Encoders - 1024 hidden size) which obviously leads to significantly
better results as previously described.

Figure 2.10. Examples of BERT’s application in multiple tasks. Source: [5]

For our BERT implementation, we used the publicly available library from
HuggingFace in PyTorch [35]. In particular, for all downstream tasks, we use
the BertForSequenceClassification model [36], which consists of the classic BERT
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model with an extra linear layer for classification.
The first step to pass a text through BERT, is the transformation of this text

into a form that the model identifies. Except from the tokenization of the sentence
(WordPieces [37]), special tokens should be added and each element should be
given the appropriate IDs, which are also the indicators of the dictionary. For
example, in text classification, the sentence is required to start with the token
[CLS] indicating the classification and ending with the token [SEP]. All sentences
should be padded or truncated to a specific preset length, which affects both
the computational and time performance of the system. The maximum sequence
length that the system can accept, as input, is 512 tokens. In addition, the system
expects an attention mask that indicates which input elements correspond to
essential information and which should be ignored by the system due to padding.
Each of the 512 outputs of the base system is represented by a vector of 768
values. The first vector, corresponds to the first token, in this case [CLS], so
is commonly used for classification.It is noteworthy, that the researchers who
published BERT, also give some suggestions on the parameters to be optimized.

2.5 Transfer Learning

Most NLP models today rely on pre-trained word representations, such as
word2vec [18] and GloVe [25], to initialize their embedding layer. While such pre-
trained word vectors are capable of modeling the semantic similarities of words,
they have limitations that do not allow them to model polysemy, or metaphorical
use of language etc. Therefore, they are not able to model all the subtle aspects
and concepts of natural language. To address this problem, pre-trained represen-
tations of language models have been proposed, which give a good representation
of the context [38, 31], and assign a different word vector each time (even for the
same word), depending on its "environment".

A major advantage of Transfer Learning, is related to the faster development
and implementation of applications that use a pre-trained model. These models
are already able to detect language features due to their training and as a result
the engineers or programmers only have to combine them with other smaller net-
works and fine-tune them on each specific problem. Nonetheless, because of their
computationally and financially costly training process with a huge volume of text,
the final pre-trained model requires significantly less data, time and computing
power for fine-tuning. The important advantage that makes these techniques
popular are the state of the art results obtained on a variety of problems.

In conclusion, what has been proposed, is a model which understands basic
features of the language, regardless of the problem, in order to save several hours
of training on each specific task. This direction of Natural Language Processing
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is identical with what happened in recent years in the field of Computer Vision
where large pre-trained models are used that have already learned to separate the
basic "components" of an image, such as lines or angles [39].
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Cognitive Background

In this chapter, we present a general overview of the most common methods for
fMRI preprocessing. First, we present some relevant Natural Language fMRI

datasets. Second, We make a detailed analysis on voxel selection techniques and
methods to combine different voxel spaces. Finally, we focus on mapping methods
between language and neural representations. All these methods are the basis
for our work presented in the following chapters.

3.1 Introduction

The seminal work of Mitchell [6] demonstrated that fMRI signals encode mean-
ingful semantic information for concrete nouns, which can be effectively used to
map between distributed semantic representations (DSM) and voxel activations.
This was the first computational model to predict brain patterns associated with
unknown words (lexical expansion). Many others have attempted since to extend
this initial work, and the use of cognitive data in NLP and computational models
remains an open field of research.

In the following subsections we review related work both from a theoretical and
a practical perspective.Specifically, we describe commonly used datasets as well
as frequently applied methods for voxel selection, neural alignment and mapping
between voxel space and lexical embeddings. In the next chapter, we also compare
the performance of cognitive embeddings and lexical embeddings in downstream
tasks and we review cases where cognitive embeddings have been used to enhance
or improve task-based models.

3.2 Datasets & Stimuli

Generally the most common neuroimaging modality used in semantic map-
ping is functional MRI (fMRI), which records the blood-oxygen response in the
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whole brain. In comparison to other methods (EGG,MEG) fMRI offer good spatial
resolution (≈ 1-3 mm), with a limited temporal resolution (≈ 1-2 sec). The infor-
mation signal in MRI is inherently noisy and preprocessing is a crucial step for
extraction of semantic information. The stimuli can be single words, displayed
one at a time as text in an isolated way, or in context as a word cloud or a series
of sentences with a common theme. Whole sentences in the form of narratives
have been commonly used (e.g. reading of a book passage) both as visual (text)
and auditory input. As words tend to evoke visual neural responses, Images have
also been extensively used as an experimental stimulus.

The dataset introduced by Mitchell [6] contains fMRI scans from 9 partici-
pants, and stimuli are line drawings and noun labels of 60 concrete objects from
12 semantic categories. All stimuli were presented 6 times during the scanning
session, in a different random order each time. Participants were asked to think
of the same item properties across the 6 presentations.

Pereira [16] wanted to evaluate abstract concepts and sentence fMRI. Tha
data consists of fMRI scans for three experiments , with 16, 8, 6 participants
respectively. In experiment 1, stimuli consist of 180 concept words selected to
cover the semantic space. Each word represents a cluster of words based on Glove
vector space (300 dim). The stimuli were shown in three paradigms with multiple
repetitions, in a sentence, as an image, or in a word cloud. In experiments 2 and
3, the stimuli consisted of a collection of sentences for different topics, unrelated
to concepts in experiment 1. One fMRI image was captured for each sentence.

The dataset presented in [40] (MOUS) is a massive 204 participant study with
both visual and auditory stimuli. The participants were native speakers of Dutch.
The total stimulus set consisted of 360 sentences in Dutch. The visual subjects
read words one at a time in a sentence, in the correct and in a scrambled order.
60 sentences were shown to each subject in blocks of five sentences alternating
between blocks with sentences and blocks with word lists.

BOLD5000 [41] is a functional MRI dataset that is based on responses from
almost 5000 diverse real world images that overlap with typical computer vision
datasets (SUN, COCO, ImageNet). Data was collected from four participants and
images are comprised of 1000 indoor and outdoor scenes of 250 categories (SUN),
2000 objects embedded in realistic context (COCO) and 1916 objects of mostly
singular objects (ImageNet).

The dataset by [10] consists of magnetoencephalography (MEG) and functional
magnetic resonance imaging (fMRI) data recorded from people as they read a
chapter from Harry Potter. The chapter included 5176 words and was recorded
from nine participants for each experiment. For the MEG experiment data for one
participant had too many artifacts and was excluded, leaving 8 participants.

The dataset in [42] includes fMRI and EEG acquisitions while participants
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listened to the first chapter of Alice’s Adventure in Wonderland, which comprises
of 2,129 words in 84 sentences and has a reasonable syntactic diversity. For
the fMRI data, there are anatomical and functional scans for 26 subjects and for
the EGG data there are scans for 49 subjects. The dataset is annotated with
predictors that range from prosody to morphology to syntax.

The dataset collection [43, 44, 45, 46] contains high-resolution fMRI data from
20 participants in response to prolonged auditory stimulation with the feature
film “Forrest Gump” in German. In addition, it contains acquisitions, including
raw and structurally aligned data, from the same participants with 25 music
clips, with and without speech content, as stimuli. Moreover, for 7 participants,
empirical ultra high-field fMRI data are included for orientation decoding in visual
cortex. Finally, for 15 participants there are acquisitions for retinotopic mapping,
a localizer paradigm for higher visual areas, and another 2 hour movie recording
with simultaneous 1000 Hz eyetracking.

The dataset [47] includes fMRI scans where 90 participants were reading in
their native language (Farsi, Chinese , English , 30 each) 40 short personal
stories that had been collected from weblogs. Each story was roughly 150 words
and was presented over the course of 3 slides of text, each displayed for 12 sec.
The data is not publicly available.

The dataset [48] when it is released will include a corpus of translations of the
children’s story The Little Prince in 26 languages annotated with dependency
graphs. Additionally, a subset of the corpus will be provided as time-aligned syn-
thetic speech, generated using Google’s Text-to-Speech Synthesis engine, along
with corresponding EEG data for 20 participants.

The dataset [49] contains fMRI acquisitions from 29 Chinese–Japanese bilin-
gual speakers who were asked to assess 48 pairs of images, 48 pairs of cor-
responding Chinese captions and 48 pairs of corresponding Japanese captions
for coherence. The images depicted one or two people performing common daily
activities and each pair was a sequence of coherent or incoherent events.

3.3 Mapping Methods

3.3.1 Voxel Selection

The number of voxels in a brain varies with respect to the voxel size and the
shape of the subject’s brain. The activity measured in many of these voxels is
most likely not related to language processing, and might change due to physi-
cal processes like the noise perception in the scanner. In these cases, learning
a mapping model from the stimulus representation to the voxel activation will
not succeed because the stimulus has no influence on the variance of the voxel
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signal. Whole-brain evaluations of mapping models thus only have limited in-
formative value. For this reason, effective voxel selection is crucial for extracting
semantic information from brain data. In previous work, different voxel selection
models have been applied to analyze only a subset of interesting voxels. We note
that predominantly a gray matter mask is applied beforehand for an initial noise
reduction and computational efficiency.

• Restricting the brain response to voxels that fall within a pre-selected set
of regions of interests can be considered as a theory-driven analysis. In
[11], they reduced the voxels by using previous knowledge about groups of
regions of interests. Past experiments have found that a set of regions in the
temporo-parietal and frontal cortices are activated in language processing
and are collectively referred to as the language network. Group 1 is consis-
tently activated across subjects when they listen to disconnected words or to
complex fragments like sentences or paragraphs and group 2 is consistently
activated only when they listen to complex fragments. Researchers in [50]
select regions related to sentence comprehension.

• A more information-driven approach proposed by [51]. So-called search-
light analyses move a sphere through the brain to select voxels (comparable
to sliding a context window over text) and analyze the predictive power of
the voxel signal within the sphere.

• Mitchell [6] analyze all six brain responses for the same stimulus and select
500 voxels that exhibit a consistent variation in activity across all stimuli.
A voxel can be represented by a matrix Mu = T × N , where T = 6 is the
number of trials, N = 60 is the number of stimuli. Each subject was shown
the same words multiple times. Thus voxel stability su can be calculated as
the average Pearson coefficient r for all trial pair combinations :

su =
1(
T
2

) T∑
i=1

T∑
j=i

(Mu[i, :], Mu[j, :]) (3.1)

As noted by [52] for datasets where trials are not present (i.e. only one
stimulus presentation per participant), a prediction driven metric can be
used to select informative voxels. Notably [15] estimated a separate encoding
model for each voxel and calculated model performance for a single voxel
as the Pearson correlation coefficient between real and predicted responses.
Gauthier and Ivanova [53] recommend to evaluate voxels based on explained
variance. Lastly [12] use 10-PCA for low-dimensional representations.

The above prediction driven approaches are the most commonly adopted
premises in the literature. As [54] mention, each area, represented by a

54



3.3 Mapping Methods

voxel, responds largely independently of the other areas, thus a separate
model is needed to fit responses in each cortical voxel.

3.3.2 Combining different voxel spaces

A common problem when working with neuroimaging data is combining acti-
vations across participants, in order to reduce noise and and compute a shared
semantic representation for stimuli. Each subject’s activations belong to a sep-
arate voxel space, and a multi-space alignment must be performed. For this
purpose there are two types of alignment techniques.

(a) Anatomical alignment , to align voxel spaces to a common template using
anatomical features from structural MRI. However shape, size, and spatial loca-
tion of functional areas differ across subjects, motivating a (b) Functional align-
ment that maximises correlation of activations for the same stimulus across par-
ticipants. Most commonly Hyperalignment (HA) [55] methods are used. At their
core a Procrustes transformation maps neural activities in a shared high dimen-
sional space, such as stimuli representations across subjects have the maximal
correlation. It is considered an ‘anatomy free’ method.

Problem formulation : let T = number of stimuli , V = number of voxels, m
= number of subjects. We define {X ∈ RT×V }mi=1 the fmri experiment. We assume
that Xi matrices are aligned in time, i.e., row s of each Xi is recorded under the
same stimulation.

The original HA objective can be expressed as :

max
Ri ,Rj

m∑
i=1

m∑
j=i+1

tr(RT
i XT

i · XjRj) (3.2)

Intuitively we aim to find a rotation Ri ∈ RV×V of each subject’s i voxel space,
such that the correlation between all subjects is maximum. We assume Xi are
noisy rotations of a common neural template Y . Although the mathematical
formulation and goal of the problem are simple, the plethora of alignment methods
across the literature suggest it is a challenging task. We attribute the difficulty
to the highly idiosyncratic nature of brain semantics, and the low signal to noise
ratio of fMRI.

In [8], they cast the problem to a probabilistic setting, with added dimensional-
ity reduction. Each subject’s voxel space Xi is modeled as a rotation of the shared
response S plus an error term . The shared response for each stimulus is a latent
variable observed by each subject’s response. The optimization problem is solved
by the EM algorithm. The model referred to as Shared Response Model (SRM) is
used in later works [56] for fMRI sentence classification. Researchers in [57] ob-
served that usually after alignment a supervised classification task is performed
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(e.g. regression), their model uses a two term loss function to compute alignment
and fit supervision task at the same time, Ltotal = (1−)LAlign + LSup achieving a
small increase in performance.

Following the idea that supervision can increase the quality of alignment, [58]
leverage the class labels of some fMRI datasets by including the within class and
between class covariance matrices in the optimization function. Supervised HA
[59] extends this idea, by first mapping in a supervised space where each class
has a distinct activation across subjects, and then projects to a neural space with
distinct representations for each stimulus. The intermediate space contributes to
better within class correlation with reduced computation. Finally [60], general-
ize to a non-linear transformation of voxel spaces using DNNs. Essentially this
method can find a custom non-linear space for each subject and then align the
neural activities form this non-linear space to a shared space. For an implemen-
tation of many HA methods we refer to easyfmri.

Our general assumption is that brains across subjects share a common se-
mantic representation. Relying instead on the individual or culture-specific way
people process semantic information, we can model cognitive embeddings as a
mixture of cognitive distributions (e.g. a GMM). The individual responses can
be identified by first computing the shared response and then removing it from
each subjects space . Alternatively an eigenvalue decomposition could be used,
concat all fmri images of v voxels to a matrix X ∈ Rn×v and compute eigenvalue
decompositionof XXT .

Commonly, a simple average of activations across subjects or a selection of
the best performing subject is also used in many fMRI experiments. Of course
averaging activations without properly aligning voxel spaces will result in poor
performance. A concatenation of low dimensional representations across subjects
can also result in meaningful diverse features.

3.3.3 Voxel space ↔ Lexical embeddings

Due to the lack of large fMRI datasets, the most common method that is em-
ployed for obtaining lexical cognitive embeddings from fmri data is linear or ridge
regression. However, neural networks have also been used. A model mapping
from a lexical space to a voxel space is referred to as an encoder, and respectively
a decoder in the opposite direction.

In [6, 7], the activation of voxel v for word w is given by

yv(w) =

m∑
i=1

cv,ifi(w), ∀v = 1 · · ·V, (3.3)

where V is the total number of voxels, fi(w) is a function that estimates the
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3.3 Mapping Methods

association between seed word i and word w and cv,i are learned weights that are
estimated via regression by utilising fMRI data for known words. Some authors
(Anderson et al 2016) have also used similarity encoding, where the activation
for an unknown word w is computed as a sum of activations of known words ui,
weighted by the similarity sim(ui , w).

Mitchell, for stimuli representation , used the co-occurrence similarity with 25
seed verbs manually selected with respect to psycholinguistic criteria and their
relatedness to basic sensory and motor activities. Athanasiou [7] follows the same
approach, deriving cognitive embeddings and evaluating their performance in NLP
downstream tasks (MEN, ESSLLI, Sensicon, SNLI).

Several works evaluated the initial mapping by Mitchell, [61] report that by
automatically choosing the set of verbs leads to equally good results. [62, 63]
use WordNet based features for the 25 seed words, achieving comparable resutls.
[64] conclude that no input representation is better overall at predicting brain
activations, although morphological and dependency based models seem to per-
form better. [65] used a 65 experiential attribute that span different aspects of
experience in neurobiological systems, ratings for each semantic dimension were
crowd-sourced. [66] review many semantic models for input represenation, in-
cluding dependency, association and image based. They conclude that visual
information is a stronger predictor of brain activity than linguistic information
for concrete nouns. [67] use low dimensional co-occurence vectors and sentence
fMRI data to map words to cortical areas. They use a generative model, with a
probability distirbution for semantic category clusters in the brain, and emission
probabilities modeled as Gaussians.

Pereira [16] use a ridge regression to predict GloVe vectors from voxel ac-
tivations. They show that a decoder learned in the isolated word setting, can
accurately classify sentences from their fMRI with different levels of granularity.
In contrast with earlier works the stimuli include abstract nouns. Recent works
[68, 14] attempt to map conventional word embeddings (e.g. GloVe) to cognitive
embeddings, using a neural network with one hidden layer. Specifically, [68]
report that by using neural networks, both encoding and decoding accuracy is
improved compared to a linear regression model on the same input.

For many datasets the stimuli consist of sentences, often from large narratives.
Generally due to the low temporal resolution of fMRI no clear word boundaries
exist, and an fmri Image corresponds to a set of words. Due to the sequential
nature of the data, we could use an LSTM to map between word embeddings
and neural activations. The common neural image for a set of words can be
predicted as a function of the corresponding token hidden states . [12] address
the low temporal resolution problem, by sliding a Gaussian window across tokens
(acounting for Haymodynamic delay). They use the resulting representations with
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an HMM to improve performance in POS induction.
Researchers from [69, 70], conclude that LSTM sentence representations cor-

relate well with brain data. [15] use a ridge regression on top of an LSTM pre-
trained for language modeling to map sentence stimuli to fMRI responses. They
notice that LSTMs encode context and are better at predicting activations of indi-
vidual words in a sentence.
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Experiments

4.1 Introduction

In our research, we’ll try to combine word and brain representations to learn
joint word-brain embeddings. In [9], they have recently introduced the first model
specifically designed to capture the way the brain represents language meaning.
By fine-tuning the BERT model to predict recordings of brain activity of people
from the Harry Potter dataset [10], they ended up with representations that encode
more brain-activity-relevant information and thus improve the quality of the brain
activity prediction.

Furthermore [11] investigated how language models could learn from human
brain. Their experiment consists of representations from 4 recent models: ELMO,
BERT, USE and T-XL and data of brain scans from the Harry Potter dataset
from [10]. Similar to [6, 7] they’ve performed linear regression from a model’s
layer with a sentence, s, as input, to predict the brain activation of the same
sentence s. Based on the success of this method they were able to say if a layer
share information with a predicted brain region and then go further to modify the
layer and observing how the ability to predict the fMRI recordings changes. Their
findings suggest that altering an NLP model to better align with brain recordings
may lead to better language understanding by the NLP model, since they achieved
better performance at NLP tasks with the altered version of the model than the
base BERT architecture.

Our approach, based on the above, is trying to modify language models by in-
corporating cognitive embeddings in the training process. By checking how their
ability to predict brain activity improves, we will try to achieve better language
model performance at NLP tasks. As a basic step, we try adding the brain rep-
resentation vector in the attention layer. This way the effect of poorly trained
representations is mitigated. We also experiment with our models by adding the
cognitive embeddings at only one layer at a time. Prior work from [7] shows very
promising results when combining brain and word representations that even out-
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perform the latter in some downstream tasks. To the best of our knowledge, this
setting of combined embedding potential has never been utilized before and it
may could be the way to take a step further towards brain activity aware language
models.

4.2 Related Work

Following the usual approach for transfer learning in NLP, cognitive embed-
dings could be used to augment and increase performance of task-based models.
The simplest approach is future-based, where cognitive embeddings are used as
input with or without fusion with traditional embeddings. A pretrained model
mapping words to cognitive space could also be fine-tuned end-to-end for a spe-
cific task. In [12], they use fMRI features derived from sentences combined with
text features to increase perfomance in a POS tagging task.

The common approach for interpreting language model representations is by
using specific NLP tasks, word annotations or behavioral measures. Some re-
searchers used fine-tuned language models to predict brain activity and evaluate
the brain representations. Such fine-tuning is a new paradigm in learning about
human language processing and it relies on encoding information from targets
of a prediction task (e.g. the brain representations in our case) into the model
parameters. The goal is to optimize these models to take advantage of multiple
sources of information about language processing in the brain.

There is little prior work that evaluates or improves NLP models through
brain recordings. [13] proposes to evaluate whether a word embedding contains
cognition-relevant semantics by measuring how well they predict eye tracking
data and fMRI recordings. Similarly [14] proposed a framework for intrinsic word
embedding evaluation based on how much they reflect brain semantics. Six types
of word embeddings were evaluated by regressing on fMRI, EEG and eye tracking
data. They report corellation between the cognitive evaluation and perfromance
in Named-entity recognition (NER) and Question Answering tasks.

Jain and Huth [15], aligned layers from a Long Short-Term Memory (LSTM)
model to predict fMRI recordings of subjects listening to stories to differentiate
between the amount of context maintained by each brain region. [11] used brain
activity recordings to show that different network representations encode infor-
mation relevant to language processing at different context lengths. Both [11, 9]
observed that by modifying the pretrained BERT model to better capture brain-
relevant language information they achieved higher accuracy results at NLP tasks.
This finding suggests that altering an NLP model to better align with brain record-
ings of people processing language may lead to better language understanding by
the NLP model.
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4.3 Datasets

In the first part of our experiments we compare cognitive and word embeddings
by utilizing the dataset presented by Mitchell [6] for the neural representations.
As we mentioned in Chapter 3, this dataset contains fMRI scans from 9 partici-
pants, and stimuli are line drawings and noun labels of 60 concrete objects from
12 semantic categories. All stimuli were presented 6 times during the scanning
session, in a different random order each time. Participants were asked to think
of the same item properties across the 6 presentations.

For the comparison of the embeddings we use the MEN Test Collection dataset.
It contains two sets of English word pairs (one for training and one for testing)
together with human-assigned similarity judgments, obtained by crowdsourcing
using Amazon Mechanical Turk via the CrowdFlower interface. This collection is
commonly used to test models on semantic similarity and relatedness measures.

To extract our cognitive embeddings for Sections 4.5 and 4.7, we use the
dataset introduced by Pereira [16], where they wanted to evaluate abstract con-
cepts and sentence fMRIs as we described is Chapter 3. We use the data from
the first experiment which consists of fMRI scans from 16 participants. The stim-
uli consist of 180 concept words selected to cover a big part of the semantic
space. Each word represents a cluster of words based on Glove vector space (300
dim). The stimuli were shown in three paradigms with multiple repetitions, in
a sentence, as an image, or in a word cloud. These prepossessed data for each
participant consists of an array : words (180) x voxels (∼ 200.000) and mapping
indexes for 3D voxel and vector spaces.

To finetune our language models, we use the WikiText language modeling
dataset [17], which is a collection of over 100 million tokens extracted from the
set of verified Good and Featured articles on Wikipedia. The dataset is available
under the Creative Commons Attribution-ShareAlike License. Compared to the
preprocessed version of Penn Treebank (PTB), WikiText-2 is over 2 times larger
and WikiText-103 is over 110 times larger. The WikiText dataset also features a
far larger vocabulary and retains the original case, punctuation and numbers -
all of which are removed in PTB. As it is composed of full articles, the dataset is
well suited for models that can take advantage of long term dependencies.

For the fMRI prediction task we utilize the Harry dataset by [10] which in-
cludes magnetoencephalography (MEG) and functional magnetic resonance imag-
ing (fMRI) data recorded from people as they read a chapter from Harry Potter.
The chapter included 5176 words and was recorded from nine participants for
each experiment. For the MEG experiment data for one participant had too many
artifacts and was excluded, leaving 8 participants.
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4.4 Experiments with Cognitive Embeddings

In the following experiments we aim to ivestigate the potential of cognitive
embeddings by comparing them with known word embeddings like Word2vec [18].
We use ridge regression to learn the corresponding representation of each word
into the cognitive embeddings vector space, following the pipeline from [6, 7]. For
the voxel selection we use the average Pearson coefficient of all trials to sort the
voxels based on their stability and then choose the 500 with best stability scores.

4.4.1 Encoding Model

For the encoding model, we map the representation of 60 stimuli words from
[6] to fMRI. For the initial model we learn a mapping :

yu =

D∑
i=1

cu,i · si (4.1)

or in matrix form :
y = W · s (4.2)

Where y are the voxel activations for 500 stable voxels, s is the glove embedding
vector, W the learned regression matrix.

A voxel can be represented by a matrix Mu = T ×N , where T = 6 is the number
of trials, N = 60 is the number of stimuli. Each subject was shown the same
words multiple times. Thus voxel stability su can be calculated as the average
Pearson coefficient r for all trial pair combinations:

su =
1(
T
2

) T∑
i=1

T∑
j=i

(Mu[i, :], Mu[j, :]) (4.3)

We select the 500 most stable voxels for each subject.
We evaluate the mapping as a leave-out 2 procedure: for all

(
60
2

)
pairs, we

train on 58 words and validate on 2 remaining. Correct prediction means that
sum of the cosine similarities of the correct matched pairs is greater than the false
matched pair:

cos(p1, i1) + cos(p2, i2) > cos(p2, i1) + cos(p1, i2) (4.4)

where p1, p2 are the model predictions associated with ground truth fMRI i1, i2
.

We note that this metric lacks strictness, and could be replaced by strict
matching:

cos(p1, i1) > cos(p2, i1) ∩ cos(p2, i2) > cos(p2, i1) (4.5)
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or similar metrics, as noted by [52].

We report the accuracy of correct predictions for each participant:

Subject Ridge Reg. Athanasiou Mitchell
1 0.91 0.84 0.83
2 0.69 0.82 0.76
3 0.80 0.76 0.78
4 0.87 0.79 0.72
5 0.75 0.78 0.78
6 0.60 0.65 0.85
7 0.76 0.75 0.73
8 0.66 0.68 0.68
9 0.76 0.68 0.82

average 0.75 0.75 0.77

Table 4.1. We map directly from Glove embedding vectors to 500 stable voxels and
compare with Athanasiou and Mitchell

Results are comparable with [7]. The Difference in results is attributed to
the different similarity function fi(w) calculation. Athanasiou sets fi(w) as the
(normalized) co-occurrence frequency of the ith seed si and word w, as shown in
Figure 4.1, estimated on a large corpus of results of web queries to Yahoo.

Overall the encoding model, semantic or glove space, does not greatly affect
performance.

63



Chapter 4. Experiments

Figure 4.1. Intermediate semantic feature model, each word w is mapped to a
vector < f1(w), f2(w), ..., f25(w) > , where fi(w) is the similarity of w with semantic
feature si. This is the word representation used for the encoding task in [6]

4.4.2 Comparing Cognitive and Traditional Embeddings

We evaluate our neural encoding model presented above with a linear mapping,
in the MEN similarity dataset. We use the widely tested Mitchell dataset, and
GloVe embeddings for stimuli representation as mentioned before.

The MEN Test Collection contains English word pairs with human-assigned
similarity judgments. Following the work of Athanasiou [7] we calculate the simi-
larity of two words, w1, w2 with respect to the neural model as follows:

sim(w1, w2) =

V∑
u=1

bu(yu(w1) − yu(w2))2 (4.6)

This takes the form of a weighted euclidean distance, where the weights b are
determined by regression on the MEN train-set.

For our experiment we selected only concrete noun pairs , as neural embed-
dings have been shown to work better with concrete words . We used concreteness
ratings in a scale of 5 from (ratings), selecting only words with concreteness > 4.2.
This resulted in 1161 training pairs (547 unique words) and 577 test pairs (455
unique words). We selected 86 similar and 37 disimilar pairs after thresholding
on similarity with 0.85 and 0.1. respectively. The metric for all evaluations is the
Spearman correlation.
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4.5 Modifying Language Models with cognitive embeddings

We compare our approach with a baseline using w2vec 300-dim vectors. We
present our basic encoding model, where we use regression on the fMRI data of
one participant each time, choosing the best 500 voxels with the aforementioned
method of stability scores. For one of our experiments we use the encoding
model on the averaged data from all participants. In addition, the method of
Hyperalignment, explained in Chapter 3, is used with the Shared Response Model
on its own for the similarity task and then in combination with w2vec embeddings
with the finals representations being the average. Results are reported on Table
4.2.

Subset w2vec 500 vox avg (200 vox) SRM SRM - w2vec
All Concrete 0.73 0.67 (0.69) 0.63 0.66 0.74

Most & Least Sim 0.60 0.57 (0.62) 0.53 0.64 0.65

Least Similar 0.21 0.14 (0.36) 0.06 0.1 0.11
Most Similar 0.09 -0.02 (0.19) 0.20 0.20 0.21

Table 4.2. Spearman coefficient for the test-set for different subsets of concrete
nouns, and different embeddings. We report the mean score across participants,
values in parentheses (·) indicate the maximum across participants. For the neural
averaged (column avg) we first averaged embeddings from all participants and then
proceeded to regression for similarity. SRM refers to the Shared Response Model
for Hyperalignment [8]

Overall the benefits of using cognitive embeddings as features for computa-
tional task are not substantial resulting in a small increase in performance. A
close analysis of related work by [7] shows that neural data encode useful seman-
tic information, but a feature-based approach with a linear regression mapping
may not be the best way to exploit it. Our experiments are promising but we have
not yet established the unique flavor of neural representation that is complemen-
tary to that of distributional embeddings.

4.5 Modifying Language Models with cognitive em-

beddings

After testing cognitive embeddings on downstream tasks, we leverage from
the existing literature and propose trying to modify Language Models by adding
cognitive embeddings in their existing architectures. Our experiments focus on
adding the cognitive embeddings in the Attention Layer in a variety of ways. We
choose this method due to the great noise and small amount of samples that
defines fMRI data, making these representations a bad candidate for the training
or fine-tuning of a language model. First, we extract our cognitive embeddings
with the methods described in Section 4.4. Then we test our proposed method
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on an LSTM model, which due to its smaller size allows us to add the cognitive
embeddings in the training process and not just during the fine-tuning. Finally,
BERT [5] is altered in many different ways and then fine-tuned on the Masked
Language Modeling task.

4.5.1 Extracting Cognitive Embeddings

To begin with, we have to obtain the congitive embeddings for our experiment.
We use the dataset from the experiment 1 from [16], which consists of 18 par-
ticipants and 180 stimuli words for each one of them. The stimuli were shown
in three paradigms with multiple repetitions, in a sentence, as an image, or in a
word cloud. As a result, we end up with 3 brain representations for each word so
we imitate the approach from [6] and calculate the stability of each voxel as the
average Pearson coefficient between these 3 trials. Thus, in this case each voxel
can be represented by a matrix Mu = T ×N , where T = 3 is the number of "trials",
N = 180 is the number of stimuli. We map the representation of the 180 stimuli
words to fMRI, as explained before. For the initial model we learn a mapping:

yu =

D∑
i=1

cu,i · si (4.7)

or in matrix form :
y = W · s (4.8)

Where y are the voxel activations for 500 stable voxels, s is the glove embedding
vector, W the learned regression matrix.

After training our model, we produce representations for all words in our
models vocabulary. For each subject and each word we select the 500 most
stable voxels, as explained above, since with this method we achieve the best
results overall on the similarity task. Finally for each word we get the mean
representations across all subjects so that we end up with our cognitive word
embeddings.

4.5.2 Condition an LSTM Language Model

For our first experiment, we use an LTSM based language model from [71].
The model uses a single attention layer and a modified feedforward layer similar
to that in a Transformer, which is referred as Boom layer. Scaled dot-product
attention [4] is used, which utilizes three matrices, K, V and Q to calculate the
attention as:
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Attention(Q,K, V ) = softmax(
QKT
√
dK

)V

Given a dictionary we may consider the keys and values be represented by
matrices K and V , while Q is a query that contextualizes the attention weights
(dK denotes the dimensionality of the keys and queries).

We modify this attention mechanism by using the cognitive embeddings of the
input sequence as our query matrix Q. For every input word of our vocabulary we
get its cognitive embedding by utilizing the regression encoding model described
before. In Figure 4.2 we present the complete architecture of our model.

We train three models on WikiText-2, on the Language modeling task. All
three models are trained with batch size 8 for 32 epochs with learning rate 2e − 3
and then fine-tuned for 5 epochs with learning rate e − 3 as proposed by model’s
author 1.

1. A base SHA-RNN model with a single attention layer.

2. A model finetuned with cognitive embeddings in the attention layer for 5
epochs.

3. A model trained all the way with cognitive embeddings in the attention
layer.

1https://github.com/Smerity/sha-rnn

67



Chapter 4. Experiments

Figure 4.2. The SHA-RNN is composed of an RNN, pointer based attention, and a
“Boom” feed-forward with layer normalization. The CE layer before Q stands for
the cognitive embeddings.

4.5.3 Condition BERT

For our next experiment, we use BERT [5], one of the widely adopted pre-
training approach for model initialization, the architecture of which is the encoder
of Transformer [4]. In BERT training the authors used two kinds of objective
function: (1) Masked language modeling (MLM), where 15% words in a sentence
are masked and BERT is trained to predict them with their surrounding words.
(2) Next sentence prediction (NSP), where BERT is trained to predict whether two
input sequences are adjacent.

Following the approach we explained before, we aim to modify BERT in order
to incorporate the cognitive embeddings in its structure. Apart from a simple
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BERTbase model, as a baseline, we first try to add cognitive embeddings in the
embedding layer, imitating the concept of positional embeddings [4].

Figure 4.3. Adding cognitive embeddings alongside positional and segment em-
beddings.

We leverage from the pre-trained BERTbase architecture, which consists of 12
Transformer layers, and we modify each self-attention layer by using our cognitive
embeddings in the query matrix Q. We propose two architectures, one where the
query matrix Q consists only of our cognitive embeddings and one where we add
our embeddings to the existing BERT embeddings.

(a) BERTbase architecture
(b) Transformer encoder structure

Figure 4.4. We keep the original BERT architecture and just add the cognitive
embeddings in each Self Attention layer.
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(a) Replacing the embeddings in query matrix
Q with cognitive embeddings

(b) Adding cognitive embeddings in query ma-
trix Q

Figure 4.5. Detailed analysis of our modifications in BERT’s self-attention layer,
for each of our models.

We also try to reduce the natural noise that exists in fMRI data by passing
our cognitive embeddings, first through an LSTM layer in our two aforementioned
architectures.

(a) Replacing the embeddings in query matrix
Q with cognitive embeddings, after passing
them through an LSTM layer

(b) Adding cognitive embeddings in query ma-
trix Q, after passing them through an LSTM
layer

Figure 4.6. Architecture of our models after adding an LSTM layer for the cognitive
embeddings to pass through.

Our last approach, is trying to add cognitive embeddings in only one attention
layer of the BERT model each time. A similar set-up was used in [11], where
after observing that the layers in the first half of the base BERT model benefit
from uniform attention for predicting brain activity, they tested how the same
alterations affect BERT’s ability to predict language by testing its performance on
natural language processing tasks. Their findings suggest that it’s better to alter
attention in layers 1 through 6, a single layer at a time. Leveraging from their
work, we add our cognitive embeddings in layers 1,2, and 6. Also a model with
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cognitive embeddings in the attention at layer 11 is used to contrast the perfor-
mance of the other layers. For this modification we use the architecture where
we add cognitive embeddings to the existing BERT embeddings in the attention
layer, since this approach gets better results overall.

All our models are fine-tuned for 4 epochs in the Masked language modeling
(MLM) task, on the WikiText-2 dataset. In conclusion, for our results we’ll use:

1. A simple BERTbase model as a baseline.

2. A BERTbase where we add cognitive embeddings in the embedding layer
alongside with positional embeddings.

3. A cognitive-BERT model fine-tuned only with cognitive embeddings in the
query matrix Q.

4. A cognitive-add-BERT model after fine-tuning where we add cognitive em-
beddings in the query matrix Q.

5. A cognitive-BERT-LSTM model fine-tuned only with cognitive embeddings
in the query matrix Q, after passing them through an LSTM layer first.

6. A cognitive-add-BERT-LSTM model after fine-tuning where we add cognitive
embeddings in the query matrix Q, where we first pass them through an
LSTM layer.

7. A cognitive-add-1 model, with cognitive embeddings only in the attention
layer 1.

8. A cognitive-add-2 model, with cognitive embeddings only in the attention
layer 2.

9. A cognitive-add-6 model, with cognitive embeddings only in the attention
layer 6.

10. A cognitive-add-11 model, with cognitive embeddings only in the attention
layer 11.

4.6 Predict fMRI’s

In this segment of our work, we’ll evaluate our LSTM models’ performance by
utilizing the setup from [11] on the Harry dataset, as we mentioned in 4.1. We only
use our LSTM models due to smaller training times. Our goal is to check whether
by inducing brain data into a language model, it is possible for its representations
to consist of more brain relevant information.
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The representation of a language model given an input sentence s, is mapped to
the brain activity that corresponds to the same sentence s. The words presented to
the participants one at a time at a rate of 0.5s each and every fMRI was acquired at
a rate of 2s. Therefore, the features of contiguous words are first grouped, by the
interval in which they were presented, and averaged to get one final representation
for each fMRI. Finally, PCA is applied for dimensionality reduction, before we get
the average features.

For the prediction of each neural image we use a concatenated vector zt, formed
of 4 previous features [xt−1, xt−2, xt−3, xt−4], where xt is the feature of the words cor-
responding to the fMRI yt, at time t. We include these features from previous vol-
umes in order to account for the hemodynamic delay which is measured around
6s. Afterwards, we use a separate ridge regression to predict each voxel acti-
vation, similar to what we’ve done for our cognitive embeddings extraction. The
regularization parameter for each voxel is chosen by a 10-fold CV independently.

Finally, to evaluate our models, we classify a contiguous chunk of real data, of
length 20 time intervals, with a variation of pairwise classification, as commonly
done in [6, 16, 7]. Because our experiment doesn’t have multiple repetitions for
each fMRI, we raise the number of the time intervals we use at a time, to avoid
the close to chance accuracy which the noisy fMRI data are likely to give us.

Subject Base Finetuned Trained
1 0.54 0.56 0.57

2 0.61 0.59 0.6
3 0.64 0.64 0.64
4 0.51 0.5 0.5
5 0.56 0.57 0.57

6 0.61 0.6 0.6
7 0.59 0.59 0.59
8 0.6 0.62 0.63

average 0.58 0.58 0.59

Table 4.3. We compare our three models based on how well they predict brain
activation.

4.7 Downstream Tasks

After modifying BERT we test how these alterations affect its ability to predict
language by testing its performance on natural language processing tasks. We
run our models on seven downstream tasks and compare their results.
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4.7.1 The Corpus of Linguistic Acceptability

CoLA The Corpus of Linguistic Acceptability [72] consists of English accept-
ability judgments drawn from books and journal articles on linguistic theory.
Each example is a sequence of words annotated with whether it is a grammatical
English sentence. Following the authors, we use Matthews correlation coefficient
[73] as the evaluation metric, which evaluates performance on unbalanced binary
classification and ranges from -1 to 1, with 0 being the performance of uninformed
guessing.

base SHA-RNN finetuned trained
0.35 0.09 0.01

Table 4.4. Comparing all LSTM models on CoLA.

BERTbase Emb-layer Cogn Cogn-add Cogn-lstm Cogn-add-lstm
0.578 0.0 0.012 0.21 0.0 0.267

Table 4.5. Comparing cognitive-BERT models with vanilla BERT on CoLA.

BERTbase Cogn-add-1 Cogn-add-2 Cogn-add-6 Cogn-add-11
0.578 0.08 0.397 0.431 0.296

Table 4.6. Comparing cognitive-BERT models, with only one modified attention
layer each time, with vanilla BERT on CoLA.

4.7.2 The Stanford Sentiment Treebank

SST-2 The Stanford Sentiment Treebank (Socher et al., 2013) consists of sen-
tences from movie reviews and human annotations of their sentiment. The task
is to predict the sentiment of a given sentence. We use accuracy as the evaluation
metric.

base SHA-RNN finetuned trained
0.9 0.73 0.67

Table 4.7. Comparing all LSTM models on SST-2.

BERTbase Emb-layer Cogn Cogn-add Cogn-lstm Cogn-add-lstm
0.917 0.777 0.802 0.915 0.813 0.901

Table 4.8. Comparing cognitive-BERT models with vanilla BERT on SST-2.
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BERTbase Cogn-add-1 Cogn-add-2 Cogn-add-6 Cogn-add-11
0.917 0.916 0.916 0.913 0.912

Table 4.9. Comparing cognitive-BERT models, with only one modified attention
layer each time, with vanilla BERT on SST-2.

4.7.3 Microsoft Research Paraphrase Corpus

MRPC The Microsoft Research Paraphrase Corpus [74] is a corpus of sentence
pairs automatically extracted from online news sources, with human annotations
for whether the sentences in the pair are semantically equivalent. Because the
classes are imbalanced (68% positive), we follow common practice and report both
accuracy and F1 score.

metric base SHA-RNN finetuned trained
acc. 0.78 0.678 0.543
f1 0.84 0.713 0.562

Table 4.10. Comparing all LSTM models on MRPC.

metric BERTbase Emb-layer Cogn Cogn-add Cogn-lstm Cogn-add-lstm
acc. 0.863 0.703 0.705 0.698 0.691 0.693
f1 0.907 0.82 0.821 0.817 0.815 0.816

Table 4.11. Comparing cognitive-BERT models with vanilla BERT on MRPC.

metric BERTbase Cogn-add-1 Cogn-add-2 Cogn-add-6 Cogn-add-11
acc. 0.863 0.703 0.708 0.705 0.703
f1 0.907 0.82 0.822 0.82 0.82

Table 4.12. Comparing cognitive-BERT models, with only one modified attention
layer each time, with vanilla BERT on MRPC.

4.7.4 Semantic Textual Similarity Benchmark

STS-B The Semantic Textual Similarity Benchmark [75] is a collection of sen-
tence pairs drawn from news headlines, video and image captions, and natural
language inference data. Each pair is human-annotated with a similarity score
from 1 to 5 and the task is to predict these scores. Follow common practice, we
evaluate using Pearson and Spearman correlation coefficients.
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metric base SHA-RNN finetuned trained
pears. 0.79 0.34 0.13
spear. 0.79 0.321 0.156

Table 4.13. Comparing all LSTM models on STS-B.

metric BERTbase Emb-layer Cogn Cogn-add Cogn-lstm Cogn-add-lstm
pears. 0.913 0.068 0.105 0.825 0.109 0.841
spear. 0.91 0.035 0.074 0.823 0.098 0.839

Table 4.14. Comparing cognitive-BERT models with vanilla BERT on STS-B.

metric BERTbase Cogn-add-1 Cogn-add-2 Cogn-add-6 Cogn-add-11
pears. 0.913 0.833 0.832 0.832 0.833
spear. 0.91 0.833 0.831 0.831 0.831

Table 4.15. Comparing cognitive-BERT models, with only one modified attention
layer each time, with vanilla BERT on STS-B.

4.7.5 Question NLI

QNLI The Stanford Question Answering Dataset [76] is a question-answering
dataset consisting of question-paragraph pairs, where one of the sentences in
the paragraph (drawn from Wikipedia) contains the answer to the corresponding
question (written by an annotator). [77] converted the task into sentence pair
classification by forming a pair between each question and each sentence in the
corresponding context, and filtering out pairs with low lexical overlap between
the question and the context sentence. The task is to determine whether the
context sentence contains the answer to the question. This modified version of
the original task removes the requirement that the model select the exact answer,
but also removes the simplifying assumptions that the answer is always present
in the input and that lexical overlap is a reliable cue. This process of recasting
existing datasets into NLI is similar to methods introduced in [78] and expanded
upon in [79]. They call the converted dataset QNLI (Question-answering NLI). As
an evaluation metric for this task, we use accuracy.

base SHA-RNN finetuned trained
0.798 0.678 0.53

Table 4.16. Comparing all LSTM models on QNLI.
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BERTbase Emb-layer Cogn Cogn-add Cogn-lstm Cogn-add-lstm
0.893 0.611 0.865 0.87 0.633 0.878

Table 4.17. Comparing cognitive-BERT models with vanilla BERT on QNLI.

BERTbase Cogn-add-1 Cogn-add-2 Cogn-add-6 Cogn-add-11
0.893 0.874 0.877 0.877 0.876

Table 4.18. Comparing cognitive-BERT models, with only one modified attention
layer each time, with vanilla BERT on QNLI.

4.7.6 Recognizing Textual Entailment

RTE The Recognizing Textual Entailment (RTE) datasets come from a series
of annual textual entailment challenges. [77] combined the data from RTE1 [80],
RTE2 [81], RTE3 [82], and RTE5 [83]. Examples are constructed based on news
and Wikipedia text. They converted all datasets to a two-class split, where for
three-class datasets they collapsed neutral and contradiction into not_entailment,
for consistency. For our results we use accuracy.

base SHA-RNN finetuned trained
0.592 0.532 0.511

Table 4.19. Comparing all LSTM models on RTE.

BERTbase Emb-layer Cogn Cogn-add Cogn-lstm Cogn-add-lstm
0.714 0.469 0.537 0.545 0.534 0.588

Table 4.20. Comparing cognitive-BERT models with vanilla BERT on RTE.

BERTbase Cogn-add-1 Cogn-add-2 Cogn-add-6 Cogn-add-11
0.714 0.548 0.555 0.563 0.556

Table 4.21. Comparing cognitive-BERT models, with only one modified attention
layer each time, with vanilla BERT on RTE.

4.7.7 Winograd NLI

WNLI The Winograd Schema Challenge [84] is a reading comprehension task
in which a system must read a sentence with a pronoun and select the referent
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of that pronoun from a list of choices. The examples are manually constructed to
foil simple statistical methods: Each one is contingent on contextual information
provided by a single word or phrase in the sentence. To convert the problem
into sentence pair classification, [77] constructed sentence pairs by replacing the
ambiguous pronoun with each possible referent. The task is to predict if the
sentence with the pronoun substituted is entailed by the original sentence and
accuracy is recommended as an evaluation metric.

base SHA-RNN finetuned trained
0.651 0.543 0.512

Table 4.22. Comparing all LSTM models on WNLI.

BERTbase Emb-layer Cogn Cogn-add Cogn-lstm Cogn-add-lstm
0.436 0.563 0.408 0.422 0.408 0.478

Table 4.23. Comparing cognitive-BERT models with vanilla BERT on WNLI.

BERTbase Cogn-add-1 Cogn-add-2 Cogn-add-6 Cogn-add-11
0.436 0.464 0.437 0.45 0.422

Table 4.24. Comparing cognitive-BERT models, with only one modified attention
layer each time, with vanilla BERT on WNLI.

4.8 Experimental Discussion

Overall, the method we used in section 4.6, proposed by [11], shows that
natural language models incorporated with cognitive embeddings may contain
some relevant brain information. Our LSTM model’s representations, after a full
training with cognitive embeddings in the attention layer, achieve better results at
predicting brain activity of subjects reading complex natural text. This method of
neural network representations and brain activity alignment, indicates that our
setup may lead to better language understanding by the NLP model.

In section 4.7, we first test the LSTM language models on the CoLA dataset
and notice a drop in the performance after fine-tuning the model with cognitive
embeddings, and an even bigger drop when the model is trained all the way
with the cognitive embeddings in the attention layer. This shows us that the
robustness of the model is negatively affected by the noisy brain data. CoLA
is one of the tasks where even the base SHA-RNN model doesn’t achieve great
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results, thus it struggles to sustain its efficiency when we incorporate these neural
representations in the training process.

The BERT experiments for this task confirm that the cognitive embeddings
play a negative role for the model’s attempt to understand if a sentence is gram-
matically correct. This becomes more clear when we realize that the less the
cognitive embeddings take part in the training process the better the results we
achieve. That’s the reason why the models where we add cognitive embeddings
alongside the actual BERT embeddings manage to achieve slightly better results.

For the SST-2 task, all our models show about as good performance as the
base models. The trained with cognitive embeddings SHA-RNN model seems to be
affected the most from noise existing in the neural representations. Some of the
BERT models achieve approximately the same accuracy as the standard BERT,
but we suspect that this results are due to the fact that the base models are
extremely good at predicting the sentiment of a given sentence on their own. On
the other hand, the almost good results of the cognitive models on this task may
come from the existence of sentiment in the human brain and therefore in the
neural representations as well.

In the same context as before, for the Microsoft Research Paraphrase Corpus,
the base models set great scores as a baseline. Once again the models where the
fMRI data take a bigger role in their training process seem to lose their robust-
ness and efficiency. Even the models with the cognitive embeddings at only one
attention layer each time appear to drop their performance the same.

Furthermore, our models, for this STS-B, need to predict the right score from
1 to 5 with the cognitive embeddings appearing to drop their results even below
random, the more they participate in the whole structure. All the models where
we add the cognitive embeddings with the BERT embeddings manage to achieve
approximately good results.

In addition, the QNLI results are very close for the majority of our models. This
may be due to the congnitive nature of this task since Question Answering is one
of the most familiar tasks of the human brain.

Moreover, one of the tasks where cognitive embeddings gets completely de-
stroyed by the base models is the Recognizing Textual Entailment (RTE). All the
cognitive models reach accuracy close to random with even the models where the
cognitive embeddings were added at only one layer to show equally bad results.

Finally, because of the bad performance of the base BERT model in WNLI task,
we encounter a situation where some of our cognitive models seem to achieve bet-
ter results over all. Although, all the scores are close and even below random
accuracy so we can not judge from this slight improvement to decide if our cogni-
tive embeddings improve the model over all.
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Conclusions

In this Diploma Thesis, we investigated the potential of fMRI data in Natural
Language Processing. From our work, presented in the Chapters before, we draw
some conclusions that can be devided into two main categories corresponding to
Sections 4.4 and 4.5 respectively.

5.1 Discussion

5.1.1 Experiments with Cognitive Embeddings

In section 4.4, we extend the work from [6, 7] by utilizing the dataset from
Mitchell [6] and Glove [25] embeddings for stimuli representation. We adopt the
same pipeline for the voxel selection and compare the performance of cognitive
embeddings and lexical embeddings in downstream tasks. First, we test the
encoding model with ridge regression directly from glove embeddings instead of
an intermediate semantic feature model [7], and evaluate it with a leave-out 2
procedure. Then, we compare this encoding model, in several variations, with
traditional word embeddings on the MEN dataset.

We conclude that, the performance of the encoding model, is not affected over-
all from the semantic or glove space. Furthermore, for the similarity task, all the
versions of the model achieve similar results with the combination of Word2vec
and the Shared Response Model representations to attain slightly better scores.
Generally, the cognitive embeddings are not clearly the best candidates as fea-
tures for computational tasks, based on the aforementioned results. These ex-
periments, although they are very promising, can not fully exploit the potential of
cognitive embeddings.
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5.1.2 Modifying Language Models with cognitive embeddings

First, after reviewing cases where cognitive embeddings have been used to
enhance or improve task-based models, we focused on investigating how these
representations could affect a language model and which modifications are a bet-
ter fit in order for them to reveal their potential. BERT [5] was the focal point of
our research. We based the majority of our experiments on the assumption that
a good way to incorporate cognitive embeddings, into a language model’s archi-
tecture, is by adding them as queries in the attention layer. This way, we could
induce the cognitive bias of these embeddings into the training process and also
mitigate the effect of the poor brain representations. We first test our approach
on a smaller LSTM model where, by utilizing the experiment setup from [11], we
find that its ability to predict brain recordings improves and that may leads to an
improvement of the models performance at NLP tasks.

Nonetheless, our results at NLP tasks indicate that, even the complex BERT
architecture is negatively affected by the noisy neural representations. Our exper-
iments on smaller models show that for the tasks where the base model already
achieves good results, its performance is maintained even with the cognitive em-
beddings in the attention layer. We show this in more detail in Section 4.7,
where our proposed cognitive BERT models completely lose their efficiency for
some tasks due to the poor brain representations. One last note for our work is
that when we tested the cognitive embeddings modification on different layers of
the BERT model we demonstrated that the mid layers better distribute the noisy
brain information in comparison with the earlier and the former layers, exactly
as [11] had mentioned. Overall, our setup seems to lack the ingredients that the
neural representations need in order to provide competitive results in the frame
of modern natural language processing techniques.

5.2 Future Work

On the way to discover the potential of cognitive data in Natural Language
Processing, we came across interesting future directions, that may hide an unex-
plored potential. These are briefly described below:

• Incorporate cognitive embeddings into more natural language processing
models with different architectures.

• Extend the work on BERT by trying more complex setups, such as the Mul-
timodal Adaptation Gate they proposed in [85] that allows BERT to accept
multimodal nonverbal data during fine-tuning.
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• Explore an evaluation of the cognitive models on tasks that do not require
fine-tuning beyond pretraining to ensure that there is an opportunity to
transfer the insight from the brain interpretations of the pretrained BERT
model. In [11], they used a range of syntactic tasks proposed by [86], in
order to quantify BERT’s syntactic capabilities.

• Develop a pipeline for extracting cognitive embeddings from different fMRI
datasets that present some good results, like the Harry dataset [10].

• Use sentence fMRI’s, such as in [10, 40], in order to extract cognitive em-
beddings. This way, it could be possible to obtain embeddings with natural
language context flavor.
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