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Overview

e Language team targeted emotional analysis of
literary arts, esp. Japanese short songs

e \We conducted two main research:

— fMRI analysis when the subject is reading Japanese
short song (aka. Tanka)

— Statistical analysis of contemporary Tanka
evaluations by college Tanka club students
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What is Tanka (Japanese Short Song)?
e Japanese short poem, lasting over 1,000 years

HEISIDDKDEZ X THHHADKDOEIFENKD <
L—MNCEZDOHMNEESNTENSBDH L TWoE
BREHADZEDOTZ2HNLSEDD D WIEEWREEONDPE
TIDEATET OHDKEZ BRBZIEDEFEEKLGEHIESL H
FAESICENDDBADNLASRBEDINEZIFZICTESL BRIE

— 5-7-5-7-7=31 syllables
— “Contemporary tanka” lately becomes popular
among young generations
e First half of the song became Haiku in history
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Why not using Haiku"?

® Haiku is derived from the fist part of Tanka
— Very short, only 5-7-5=17 syllables

TR UM

=1

BEELICITD

K< BEICIEEZTD
ERTCITEFZ/IN—NEBRK

e Haiku heavily depends on symbolic knowledge,
including Kigo (seasonal word): not ideal for
emotional analysis

— eg: #5>death, 2 A& >dream, ...
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fMRI analysis during reading
Tanka

Anna Sato and Ichiro Kobayashi
(Ochanomizu University), ICANN 2023
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session 7

Investigation of Information Processing Mechanisms

in the Human Brain during Reading Tanka Poetry

(OAnna Sato’, Junichi Chikazoe?, Shotaro Funai?, Daichi Mochihashis,
Yutaka Shikano*, Masayuki Asahara®, Satoshi Iso®, and Ichiro Kobayashi®
T Ochanomizu University, 2Araya Inc., 3 Institute of Statical Mathematics, 4 Gunma University,
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Recent integration of neuroscience and deep learning

Advances in Development of
non-invasive brain imaging machine learning techniques
fMRI, MEG, EEG... Transformer, CNN, RNN...
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 Elucidating the information processing mechanisms in the human brain
* Quantitative understanding of values
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Research Objectives

« How are emotions induced by literary art represented in the human brain?
= Use LLM to analyze brain activity during reading Tanka poetry

Large Language Model

What is a Tanka?

* An ancient form of Japanese poetry (older than Haiku)
» Consists of five syllables units 5-7-5-7-7

» Generally expresses the poet’s feeling
An example of a tanka

Japanese English
EBD Tokai no In the Eastern Sea,
INE DRED kojima no iso no Of the beach of a small island,
=f shirasuna ni On the white sand.
DIVILZTHBNT ware naki nurete |, my face streaked with tears,
BLi-hHbv b kani to tawamuru Am playing with a crab

(Ishikawa Takuboku)
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fMRI Experiment

« Subjects: 32 healthy young adults (age range: 18-34)

« Stimuli: 300 sentences from BCCJWI' Japanese corpus

« 150 tanka poetries

« 150 plain texts (that sentences of roughly the same length as a tanka)

 Read and evaluated each sentence whether or not they felt it poetic

e.g.
ANENCEZ DD 51
Tanka XL THEORPI
HEMOH S

_ FRRANDFRLZEIZ
Plain text w2 A BT IX

HHETH?

While living as a human,
one night, feeling lonely,
| call upon myself in the mirror.

Is there a possibility that
the police may come to my house
or my friend's house?

[1] The Balanced Corpus of Contemporary Written Japanese,https://clrd.ninjal.ac.jp/bccwj/en/.
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Analysis of Brain Activity under Language Stimuli

Input sentences to a language model and extract their activations
Construct an encoding model (ridge regression) to predict neural responses

Extract predicted brain activities based on stimuli answered “poetic” or “non-poetic”
Apply RSA to create a RDM that represents connectivity between each brain region
Apply PageRank algorithm to find hub regions in the brain network
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Analysis of Brain Activity under Language Stimuli

1. Input sentences to a language model and extract their activations

Tanka(Japanese poetry)

/Prose
|
|
u i 2ot Whether you feel this is poetic
i
ROI [1.6]
l — 0.9
features Y RsAa > O —[ PageRank ]—» .|| rROT

n 1 [ [3.2]

[ | Encoding
——s— Model ROL [2.5]
— _ ” 1.7

_ Predicted N RSA S —[ PageRan ]" :

GPT-2 BOLD 1.9]

32nd International Conference on Artificial Neural Networks



Analysis of Brain Activity under Language Stimuli

2. Construct an encoding model (ridge regression) to predict neural responses

Tanka(Japanese poetry)
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Analysis of Brain Activity under Language Stimuli

3. Extract predicted brain activities based on stimuli answered “poetic” or “non-poetic”

Tanka(Japanese poetry)
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Analysis of Brain Activity under Language Stimuli

Representational Representational
Similarity Analysis Dissimilarity Matrix

4. Apply RSA to create a RDM that represents connectivity between each|brain region
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Analysis of Brain Activity under Language Stimuli

5. Apply PageRank algorithm to find hub regions in the brain network

Tanka(Japanese poetry)
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Higten [
L5l 72

IBHES ) 727

Whether you feel this is poetic

features
| — |
— I
1
[ _ >
—
GPT-2

Encoding
Model

:

Predicted N
BOLD

RSA

RSA

ROI

ROI

ROI F
& —[ PageRank ]—>
ROI

ﬂ —[ PageRank ]—»

32nd International Conference on Artificial Neural Networks

[1.6

: ]ROI

[3.2]

0.9

[2.5]

1.7

[1.9]

10



Analysis of Brain Activity under Language Stimuli

1. Input sentences to a language model and extract their activations

Tanka(Japanese poetry)
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Extract sentence features from language models

o GPT-2radford+, 2019]
* Pretrained model: rinna/japanese-gpt2-medium!? (24 Transformer layers)
* Multi-step Fine-tuning:

1. Fine-tune on Tanka poetries (task: Causal language modeling)
Data: 3571 tanka, not used in the fMRI experiment, from BCCWJ corpus

2. Classification of whether a text is poetic or not
Data: 250 sentences used in the experiment and not included in the test data

* Input sentences and extract activtations from each layer of Transformer

[2] https://huggingface.co/rinnaljapanese-gpt2-medium.
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Analysis of Brain Activity under Language Stimuli

2. Construct an encoding model (ridge regression) to predict neural responses

Tanka(Japanese poetry)
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Encoding MOdel[Nase|aris+, 2011]

« Regression of brain activity from the activations extracted from the intermediate
layers of the language model

* The Blood Oxygen Level-Dependent(BOLD) signal measured by fMRI is
known to activate with a delay in response to stimuli (Hemodynamic response)

= Combine sentences features from 3 to 9 TRs prior (1TR=0.75sec) and
perform regression

) TTT—

sentence
features | |

neural activities EEH EEE
\‘5\@ /
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Analysis of Brain Activity under Language Stimuli

3. Extract predicted brain activities based on stimuli answered “poetic” or “non-poetic”

Tanka(Japanese poetry)
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Predicted brain activities

Participant selection:
« Using only the predicted brain activity of subjects that have a significant positive
correlation with the actual brain activity (p < 0.01)

The p-value: The proportion of random sequences, out of the 200, that have a higher correlation with
the measured brain activity than the correlation between the measured and predicted brain activities.

= 19 out of 32 subjects

Voxel selection:
* Applied False Discovery Rate(FDR) correction (q < 0.05)

Labeling:
 Labeled the brain activity based on whether the sentences used for prediction
were responded to as poetic or not
16
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Analysis of Brain Activity under Language Stimuli

4. Apply RSA to create a RDM that represents connectivity between each brain region
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Contruct Representational Dissimilarity Matrix(RDM)

/ Representational Similarity Analysis(RSA)kreigstrok+,2008] \

( ) Stimulus Representational pattern ( )

« A comparison method that used to ol TR °§i.‘ a: ~ u
extract information about patterns im NS s iy s
of representations

e The RDM assembles the dissimilarities for
all pairs of stimuli

« RDMs can be used like a table to look up

Computational model

» Create layer-wise RDMs representing the dissimilarity of behaviors between
brain regions, and further compare these matrices
= Observe the transitions in brain pattern predicted by each layer of the LLM

32nd International Conference on Artificial Neural Networks

the dissimilarity between any two stimuli AT
[Kriegeskorte+, 2013] e G
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Similarity of brain activity by layer

STEP 1. STEP 2.
Construct a layer-wise ROl RDM by using Construct a layer RDM by computing the
brain activity that pairwise dissimilarity of ROl RDMs

- predicted from L layer of language model ROl RDMs

T 5
s 11 . F—r—. 1

= i
W ad P g2a =T

e |abeled S
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Similarity of brain activity by layers

Poetic Unpoetic
1 24 1 24

1 e poetic
0.07 !

o o bt e unpoetic
e 0.06
Q
8 - 0.05

24 L 0.04
o 1
e - 0.03
Q
8. 0.02
= Dimention

001 .
24 reduction

0.00

 Brain patterns predicted from neighboring intermediate layers are similar
* The patterns are gradually changing as they moves toward the output layer

32nd International Conference on Artificial Neural Networks
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Analysis of Brain Activity under Language Stimuli

5. Apply PageRank algorithm to find hub regions in the brain network

Tanka(Japanese poetry)
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Detection of hub regions in brain network

« So far, we found the brain patterns are gradually changing
= How is it changing in the human brain?

PageRank [page+, 1998]
An algorighm to measure web pages' importance
Tk(Pj) - r(p) : the PageRank of page P;

|P]| * |P| : the number of outbound links
from page P

rk+1(Pi) — ZPjEBPi Bp : all pages that link to page P;

« Apply this algorithm to the similarity matrix representing the connectivity of ROls
= consider the entire brain as a web network and each ROI as a webpage

« Aim to identify regions that play a crucial role when feeling poetic
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Visualization of the difference in PageRank values

PageRank score when feeling poetic — PageRank score when feeling not poetic

Anterior <«— Posterior— Anterior ~N

i - > R ROIs colored red

_ ‘ ‘ | = more important

» when feeling poetic

J

Brain map explanation

» .
( 2 S 4 ﬂ\\ NN
r 24 ‘;,'t; /‘- ‘\ﬁ * Layer
<«— Posterior — Anterior <«— Posterior — 1

https://gallantlab.org/viewer-huth-2016/
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Regions with higher hubness when feeling poetic

Cingulate cortex
 Areas associated with emotional

FAnterior <«— Posterior — Anterior

formation and processing @ - -

* Align with a previous research ’ ‘ « &
N\

* Investigated brain activity when

reading poetry and prosejzeman+2013] % “’
« As the literariness of the text y
increased, this region was activated = |
\ | p ‘, ‘ V‘\\'\
Insula cortex " Q@ /, *'//‘K}\:‘\\Q
« Areas also Important for e . La{er
<«— Posterior — Anterior <+— Posterior —>

regulating emotions
A part of the cerebral limbic system
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Regions with higher hubness when feeling poetic

Occipital lobe
* Aregion containing the primary
visual cortex and considered the
central area for visual perception

FAnterior <«— Posterior — Anterior

« The value increases as shifting to
higher layers

3.0x10~* Lo
%
//

PageRank diff

<«— Posterior — Anterior <«— Posterior — 1

—3.0x107*

Unpoetic 1 24
' Layer J

/g
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Conclusions

« We aimed to elucidate brain information processing about “poetic” emotion
evoked by traditional Japanese poetry by LLM, RSA and PageRank algorithm
« We found that:

 Brain activities predicted from neighboring layers are similar, and their
patterns are gradually changing as they moves toward the output layer

* The cingulate cortex, left insula and occipital lobe play a crucial role when
feeling poetic

 Further investigation is necesseary to fully understand these results using
other methods, e.g., searchlight analysis

32nd International Conference on Artificial Neural Networks
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Multi-dimensional Item Response
Theory for evaluating Tanka

Hirono Kawashima (Keio University) and
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What is “Good Tanka”?

e As a poetry, there are clearly good Tanka and

Bad tanka:

HEISDDKDZEEZ X TLADKOEIEFANKD

YIDIEANTET DHIDIKS

: .

e RHIRDBESIKRHTEE &

EINCHER ERED MBI ERILDZEZHIEIT H
AEHEICIAY MFER 'SFERED) SFHESET

e Where does this distinction come from?

Research Org of Infor and Systems SLmil
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Evaluating Tanka

Tanka \Evaluator | w; wuy wuz --- w,
S9 1 3 4 - L2
S; Til Ti2 X33+ Tij

e 40 members from university Tanka club (R K% 3R,
BEfEHE%EI L) evaluated the same 100 Tankas

— 1-7 scale, 1=worst, 7=best

— Two criteria: “Good-Bad” scale and “Like-Dislike”
scale (each evaluator gives 2x100 scores)

e How to analyze this data?

arch Organization of Information and Systems 333
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Actual data with respect to “good-bad”

A (R (0 D) E E G H I ~
1 AN THLEFEZEBONTEVEIZFZEDOPYELHS 2 5 4 5 6 6 5 4
2 ABO=HDOBEMNEELLOBEICIEISSHEHtE 4 5 3 5 6 6 5 5
3 DL HMOKEDHESITLADIHAEEVE-ITNE 4 4 3 5 7 7 4 6
4 oA EIDBIEIBABDTEHLIZIIDOELDIEMNNIEEZL-EL 5 5 3 5 6 5 7 6
5 hyTBREZILICTEREVNREEITAZDTRLOMMILELLAR 5 5 3 6 6 5 3 5
6 |2BA DL avELTE—ILAESHERMEICK DT S 6 4 2 3 6 4 1 3
7 BREOPIESNEEHFZLBI-VKTYEEEHNERAY 5 5 5 6 7 5 3 5
8 TIAUFTY5BORELEEZRT KPP DOS4 S50 3 4 4 5 5 3 5 5
9 FHLIFKA B2 =60 hTENI-BEDBETHAIMN 4 5 2 3 7 1 1 6
10 EJEEMIDYDBNEBLGELBNTEIALR LB FH 6 5 3 3 6 5 6 17
11 BRIIBITAEDLRITNIELSICCAEBITKRIEBIELVELY 4 5 5 4 5 6 71 4
12 TERVEICFLTELA-TELBERBIEIEERITENSEL 3 5 2 4 5 5 3 5
13 FRIBIESNDIVDZDORBHOIME(ETIENF—D LSBT BT 2 5 2 6 5 6 71 4
14 RAFTIDESYUT IBATH=INEOEEN S RI-4 (T 3 4 2 6 6 5 1 2
15 EDRLBZEEDOELEVNCNETHTELLTTIRED 21205 4 5 2 5 6 5 2 5
16 FEX>TUOKIE2MYRIEFHLDI=1={SADEIFAELE-T - 4 5 5 6 6 6 2 6)

We used this data
e 100 Tankas are the same as fMRI experiments
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ltem Response Theory (IRT)

e IRT in psychometrics assumes latent ability
0 ~N(0,1) for each person

Person D

PersonB 0Op=
O =—2.

Person C
0c=0.8

Person A
0r=1.7

Research Organization of Infor and Systems 3g&
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ltem Response Theory (2)

e If 9 is large, probability p of answering correctly
for a problem is high:

1
1_|_€—a(9—b)

p:

0

—4 2 b 0 2 4

[ ] [ ] /
d Iﬂ:l Ccu |'|:y The Instltute of Statlstlcal Mathematlcs 'JI
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Binary response data

I I
Problem 1 1 0 1 0 — Difficulty by
Problem2 | 1 RN 1 — Difficulty b, easier?
Problem 3 1 0 \ — 1
Problem4 | 0 0 N 0
Problem20 ] 0 ] \ _ Probability of

‘ | : | \ answering correctly:
Ability ~ Ability B 1
0 4 0p p 1_|_€—a(93—b1)

higher? lower?

Research Organization of Information and Systems, SgN
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How about 1-7 responses?

00 JOoO T wWN =

.—L.—x.—;.—t.—x.—a_&o
SO bbb, ON - 0O

A fR [ N = E G H | N
EMINTHLEFEZEVVNTLEVEIZFIEZEDOPYENHS 2 5 4 5 6 6 5 4
ABD=HDEMNZELLOGEICIISS<H#HtE 4 5 3 5 6 6 5 5
DL HOKEDHESTLAINHREEVEIENE 4 4 3 5 7 7 4 6
BOAESIDBIXRRABDTHLIZIIDOESDIENCEEL AL 5 5 3 5 6 5 7 6
HyTREFIRICTERENDEZITAZTHELOMGELELLAR 5 5 3 6 6 5 3 5

|mo DL avEL T E— L AESHERHMEIE DT S 6 4 2 3 6 4 1 3
BREIDPEXONEEHFZLB-UVKTYESEEIONERAY 5 5 5 6 7 5 3 5
T34V TY=5BRDORELEEZT KPD P57 585/ 3 4 4 5 5 3 5 5
HLIEN B o600 bhTEN-BEOBTHAIM 4 5 2 3 7 1 1 6
EFEENIDYDLENBLGELBRNTE AL MBF i 6 5 3 3 6 5 6 17
BZIEBECCAEDLLITNIELDSICCAEBITREEBIXLVEL 4 5 5 4 5 6 71 4
FTERVEICFLTELRETREELBRMIEZF LGNS L 3 5 2 4 5 5 3 5
FRBICEOSNDDEZOFHRAIME(FTD)ENEF—D LB Y BT 2 5 2 6 5 6 71 4
RXHAFTIDES YT IBATWN=IMNROEELI S R1-4 BT 3 4 2 6 6 5 1 2
EDRLBZEDLELRVCNAETET ELL T TEED o225 4 5 2 5 6 5 2 5
TEX>TUOBLIE> MYRIEFHLD (ARG ELEST 4 5 5 6 6 6 2 6

§ )

Graded response model (Samejima 1973)

— There is also Generalized partial credit model
(Muraki 1992)

Research Organization of Information and Systems %
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Graded response model

e Probability of answering “3” from 1-4 scale
= [Prob of >= 4] — [Prob of >=3]

1.0 .
Ergb °f /" Prob of
= =3 Prob of
0.5 - =>4
0.0 - e - - 6
—4 —2 0 2 4




Graded response model (2)

e Subtracting neighboring curves,
we get item response curves for the grades on 6 :

1.0

p(y|0)

— This curve is different for each person and problem

Research Organization of Infor and System
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Multi-dimensional extension

p(y = c|f) = p(y > c+1|6) — p(y > )
B 1 1
T 1+ e1a0Fber1) 1 4 e—a(0-be)

e Thisis alinear model in # and a !
- Multi-dimensional extension is possible

1
1+ 6—(aT9—bc)

— where O — (6)1,"' 7‘9[{)7
a = (a,l,"' ,&K)

p(y > c) =

Research Organization of Infor and Systems 3g&
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Our case of Tanka evaluation

A

BEHANTHEFEEELDFENEIZZEDOYHHHS
ARED=HDEAYEBLLOBRBIZESZ -t S
DEBE MOKEDHST AT HBIEEV - EDE
MoAESOBIEAZHTRAIIIESOENMBELEAL Oy
YT HEEEIEITTHEBEYNBEE AL RLONELELLN

|mo DL avEL T E— L AESHERHMEIE DT S
BRIDPEONELEARZBUKGYEE5bhERAY
ISAURTY-2RDREREF ST KhD©5% B
HLIEN B o600 bhTEN-BEOBTHAIM
HFEENDDY DEVBLEELBNTECALDH DA
EZIEBITTAEDLRITNIELBITTABITRIELIELVELY
FTERVEICTFLTHS R FRHIERMEE LRI DL
thRIRITIES N DD R DERIIME(RS ) ENE— D ESISEAE 5 (T
EHETIDES LT IBATMMNROBEN S R -4 Bl
EDRLEEEDEHNCNETET ELEFTIEEDEot=-mD
TS TUBLIEo MY RZHLDT=11=(E A DBIFELE>T

00 JOoO T wWN =

.—L.—x—;—t.—x.—n_&o
SO bbb, ON - 0O

SITNMNMNNOCOWNDEOONWOLWWPDS

}
DO OO OO O NNWO A OOl
NN = WO NOTW—= WD oo
DTN A SAEdOOCTOTWOOIOo o OS

A hAhOMNMNOPPOPPRLDTOOOO OABEDN
a1 OTOTA TS, OO OO
DT OO D DWW Wwo g ool
OO O OO NOI OO O N

o

.

e Each tanka | has latent goodness: 9,
e Each evaluator | has latent axis of evaluation: a;
e Each evaluator | has latent threshold for grade c: b,

Research Organization of Information and Systems %j'i
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Likelihood of data

e \We want to maximize the log probability of data
given latent parameters a, b : (if 8 is 1D)

N J C
logp(X,0) = > |logp(0:) + > > Lwiy=c)logp(y=c]| )]
=1

N J
= Z —%922 + ZZH Lij _C) log{ (aj (9 bJC)) - O(aj(eibjc“‘l))}]
L 1 ]_ =
— where o(z)= e

e Number of parameters (if 9 is 2D):
2x100(problems)+2x40(evaluators)+6x40(evaluators)
= 520

— We solve this optimization via MCMC

Research Organization of Infor and System
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Experiments

e Tanka evaluations: 4,000x2 (40 evaluators, 100 tankas)
— “Good-bad” axis & “Like-dislike” axis
e Evaluator statistics:
— Kyoto-U tanka club: 20, Waseda-U tanka club: 16
— Age range: 18-29
— Female: 26, Male: 10

Z Dftb

4 B 4N

28-29m 1A 18-19m% 9A
22222 m® 3A

RK
20N
BREEX

16A

(a) TR S (b) Flim (c) 3
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One-dimensional ¢

e Correlation between good-bad and like-dislike
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Response curves of each evaluator
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Two-dimensional 6

e Case of “like-dislike”:
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Two-dimensional 6

e Case of “good-bad”:
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Difference between evaluators
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e Kyoto and Waseda
members have
different evaluation
axes

— Fit by von Mises-
Fisher distribution
e Male-Female

differences are not

ale evident
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Future Work

e \We do not use the texts of Tanka: only evaluations
— Seeking collaborators in NLP!

e Ongoing: collaborating with Asahi newspaper
company, media laboratory

— analyzing Asahi Kadan (weekly Tanka selections),
which has a long history
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