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The purpose of this study is to develop a method for deciphering words,
which are higher-order semantic representations recalled in the human brain, and expressing the
meaning of words from the state in the brain. As an approach for that, (1) development of an
information decoding method in the brain that extracts the brain activity state by language
stimulation given by voice as a sentence, and (I11) the basis obtained by using sparse coding for the

brain activity state. We applied sparse coding to obtain the basis corresponding to the units of
brain activity and constructed a regression model that corresponds to word2vec and BERT, which are
regarded as embedded vectors of language, and developed a new meaning representation of words that
expresses the unit of recognition of the brain as the meaning of language.

TMRI



B X C—19, F—19—1., Z—19 ({:5m)

1. WHEBAR SO 5

SEfIC E Y v MIMNIZE W TR SN S0 BWER 2 ot 3 2 M5 @i s 15X
TNETICHEN 72 < . AIFFEIZI T speech-to-text & I T LR AHET VAT D2
LICRVEBRZRAARD. £, FRRCE ME~5 2 5 558l A SEEOSHILARY ML Th
% word2vec 33 L OVE F LAY KL TH 5 Acoustic embedding 72 EZFIH L TERILL, b
& MRIZ & 0BG L2 iE® 7 — & L ORGBfRZ & 5 Z &iC kD BATERICE S W8
LWERRBARETS.

2. WO HBY

ARG, B MIMNICEB W THE SN TSR ERER ThH LS MHE L, IMNOREN S S
HEOBWREARIT D5 FEORBIZLLTOWA), QD7 7r—F &> T fHie.

(1) BFEIZE > THEZX BN FFERIED b O IE AR

(2) MATEBYELIE & A R BLUAIE OXHEBIRICE S FiE0 BEWRBLFIEDOM %

3. WD

7R E P TERY 7= (1) Q) oZFNZEhIc oW T e ik E R,

(1) EFIZE - TH 2 BN F BRI & ORK PG i

End-to-End 5 XD EHFF 8-k =2 — 7 /L% v s U —7 (DNN) T & % ESPNet [Watanabe+2016]
ML, B2 — S RCAAREF LS —SZAZHW TRy N =7 &3l T 5. FEELT
DNNO® H1 i Jg ORI IEE) T — X & =2 — T /b3 v b T — 27 £ /- 1FRidgelalJ7 2 AV CTlEF
FETDH., ZhiCky ., FFEREAE ST EE 2B L 7ZMRIT —Z D HEFANEDT F R
MR D2 & TN R AIT) 2 LA REL T 5.

(2) BTE B FE IS & 43 BERBUELE O it S BIFRICEE S < SR O B RBIFIE DB Z

B LEFRT — 2% 7 %A MOESE L, CHIZ & I2HEE SV HEE % Skip—gram 2 ffi > 7=
word2vec |2 & B EEELE L OV BERT [Devlintl19]1C L A HIIANR Y ML ERT 5. ki, AN
—Aa—F 4 7 T BRSNS BN & word2vec (2 K B4 EEREL (£ 7213 BERT 12 L B LA
7 R v) O OILEDO X IEBIRRAAREIZ 2 5 X 912, MIEENT — % & a8/ A7 kL
OBPREZN Z R 2 L 0 ZREH & LITEZ MG T — ¥ OR 7 BV ORIE & 3RS/
WA MV OWRTTE RS LIZEITHE AT 5. ZnE W TAR—=Ra—F 1 7 Off
FEER AT\, IR T — & & R B/ LA SV ORI LT R E AT D
ZHIZEY ., Bl eIEE T — X ERE T XA ST =X B AT E L TEM L7BRIZ, 5ok
BHEEAATO) Z L2 FRBICT 5. SaEflil (FF) ICXMEE T —# B3 G onzBRIic, £
(A 3 2 oy R B/ HA R SV % SREFEE D DHEE L2 b 01X MG ST — & 2> 5 DN % i
CTAERSNZTFA NDLRDBEIR/MARY ML EGHBNEL 2D 2 ENMAKRE S
N, ZNEBGET 2206, 2200885 (FF. 77X A ) ORFNHEOMANTE#H
fRFEDOIELPEEZRFET D, £, AR a—F 4 VT OREEFEICL > THELNH A DRk
JEIIREFI O BNL & BRO BN 2B DR b DIZR> TS, DE 0, IMTOEKRKIRN S
NR7 MVOEMOBRERICL > TREND Z EE2ERT D, 2K Y, MEEHCRLE &
<HILWERRBLARETS.

4. WFFERR

(1) BEFIZE o TH 2 BN F BRI & OM PG i

1 |2 ESPNet Z 88 M L 7= & F I T O IE#E S FIEOB B 277, £72, #£ 1 (2 ESPNet
BLOWIER T — 2 725 ESPNet O ~DEFET VORENT A —F -y EREER %
#2137



# 1 ESPNet 36 X OMMTEEY 7T — # 725 ESPNet @ ~DEFE T VEE/NT A —HF

SRS TG BN & % & 7 Rl R BIHE E
(BFE->TFAR) (5B — ¥ 75 ] B
Ridge | NN
train 7 — X | AL GHI—/ S (CSJ) F IR OREE 7 — X
s 919,118 sample x 8 epochs 9,841sample 9,841sample x 20,000 epochs
V212=DF.UN AdaDelta Ridge [A]%# SGD
AJIiRT 83 ¥XIT IR e i e B K4 B
EBYGE Encoder 4 & : 4T 1024 (737:6 10,000 5t
Decoder 1 & : 42T 1024 ¥kt
ot 3260 Xt 25,600 ¥XJT
A B CTC Y RS
Z oAy CTC:Attention = 1:1 ERMEF? A = 1.0
)  EE o FEZ N *2 iﬁ%%

@ B1) FERBRD BOHTT el YT S

fivd ek Rt Ridge | NN

KM R (FNAE) 187,656 | 0.99 | 0.23
PN AN 187,656 | 0.36 | 0.21

G ES ) [EES 33,279 | 0.26 | 0.24

ROI GHTESE | 26,886 | 0.22 | 0.25

fgasE | 30,735 | 0.25 | 0.24
N=1,000 | 3,000 | 0.26 | 0.29

MEOEY | N=5,000 | 15000 | 0.14 | 0.26
ooz Jil /i _.-_ﬁ'l'?%& ERINED | N=10,000 | 30,000 | 0.23 |0.23
a8 RS N=15,000 | 45,000 | 0.27 | 0.22
N=20,000 | 60,000 | 0.29 | 0.21

X 1 & RICT T O RGO B

F 2R TERERNS DD L) ICHHET —Z 1B\ Tid, BXZ 0.2 2882 2HEREN
BoN. 0.2 LWV EITIMHRE SO SBFICBWNTIIAERETIESH 208, EBRICHEE T
—ANLEFENBICIGET DT XA R AT 52 LB TREFRFERIIG STz,

(2) BTE B FE IS & 43 BERBUELE O it S BIFRICEE D < SR O B RBLFIE DB Z

X 2 I[ZFRED word2vec 4y BL/BERT HLIAR 7 L L IR EN T — & & OFEEITHNN D A/N— R
a—F 4 v OFEEEE %:ﬁb\ G S N REE LR %{ﬁofﬁtr‘@iiérﬁi&ﬁ)6)%“’/%@1%%
EHET DM E A AT, 2 OBRICES S REEREN IS B DR AR & S BERBL/ AR Y h v
DZERNZF T 2 B ORISR 7&2@%@“5 Z & TG EhIR AR A Sk Lmsﬁ LWVEBRDHLE ATRE & 78
%. Fio. X312 word2vec/BERT & fW 7= LR GATHIONERR k% 7.

#EI-X — FATHR —~ BEFE —
'_.‘/ =] p HENES ﬁ.‘! [CLS]%LLYS [qs]iu o [cLs]m )
P _ ﬂ FSIE:]@[;. ’ 155?1 m SEP]
AN = R sf;’ﬁf,’mj
e o ELOBE . A (G| UL B Ke - -
f17x—X R word2vec BERT

BEBT m BEDHE g;} m:a HE ﬂ [cLs] feLs)
- I
- 78 [

fin ] ‘ w00 | [ %8 h—2 S(CLS|D)
\ b SBEREEY L TLD
XERET S

il
(cos¥RMLEE)

2 FRJERIH A8 U7 SUE S E O B 3 word2vec/BERT O XLFEEITHIDIERK

B &AW word2vee 38 XL OVBERT 2 UERSITHI 2T LIZER 23 3 1R T.



K3 ANRN=RA=T 4 U TIZR VB LN IRGATHIOHEEREE

WERE | VoI | 5] E cos FLLE
Al 7 A b word2vec BERT
3 & BTGB DI 2 | I & XV B oD B ] 2
4sec Gsec 4sec Gsec
A 4500/300 1/2 0.138 0.138 0.396 0.384
1/3 0.143 0.106 0.384 0.355
B 4500/300 1/2 0.695 0.650 0.549 0.587
1/3 0.482 0.409 0.354 0.278
C 9000/600 1/4 0.187 0.210 0.220 0.177

F 3R T EBRAER D word2vee & BERT (2851} B UHRBITHIOESL D B e WS RIT 7
STLELTE. ZHUE Jat 5 [Jat+2019]1 25 R LR 2 TAHT 2 Z LT B o =03, &
ENIHERE T — 2 BN S L e olc 28 H Y, SHOBEE L TS HICHRER A O LIZE
BRAATO, BELIEHMREDNGEONDL LT o060 THS.

word2vec & LREITHIE LTEHM LIEBEDOANR—=Ra—F 1 72 Ko TH LN ICFEERE
EIEENT — & & OFHGBRD DT OV T, [FREEROIEZSHRITZI V.

<G| 3R>

[Watanabe+2016] S. Watanabe, T. Hori, S. Kim, J. Hershey, T. Hayashi. “Hybrid CTC/
attention architecture for end-to—end speech recognition.” IEEE Journal of Selected
Topics in Signal Processing 11.8 (2017): 1240-1253.

[Dev1in+2018] Jacob Devlin, Ming—Wei Chang, Kenton Lee, and Kristina Toutanova. BERT:
Pre—training of deep bidirectional transformers for language understanding. In
Proceedings of the 2019 Conference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies, Volume 1 (Long and Short Papers),
pp. 4171-4186, Minneapolis, Minnesota, June 2019. Association for Computational
Linguistics.

[Jat+2019] Sharmistha Jat, Hao Tang, Partha Talukdar, and Tom Mitchell. Relating simple
sentence representations in deep neural networks and the brain. In Proceedings of the
57th Annual Meeting of the Association for Computational Linguistics, pp. 5137-5154,
Florence, Italy, July 2019. Association for Computational Linguistics.



35

2019

BERT

26

2020

Kana Ozaki, Satoshi Nishida, Shinji Nishimoto, Hideki Asoh, and Ichiro Kobayashi

Analysis of Correspondence Relationship between Brain Activity and Semantic Representation

Cognitive Computational Neuroscience 2019 (CCN2019)

2019

25 (NLP2019)

2019




(Nishimoto Shinji)

(Asoh Hideki)




