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o %*}F ﬁﬁi ( < D (i—\)\_’) L/ 7:-:’_) g) 1 » cP:eking University @l il 157.: 12:
. . . 2 » Carnegie Mellon University & |, 157. 9

) M O ha med b In Za_yed U nive rSIty 3 » Tsinghua University @ il 129.3 116

of Artificial Intelligence (MBZUAI) T b oo Uiy 66 50

« 2R ARTZLTWVEUE 5 b KAIST = i 1061 68

o AT AXNgESHIE, TR\, HLVKZFE 6  » Univ. of California - Berkeley = i 104.5 63

. 'l%*&*ﬂ? (T@j:) @%j t*?j{?ﬁ?ﬁ'l%*ﬁ*ﬂ?ﬁﬂ%*ﬂ 7 » Sh‘anghal Jiao Tong Unl\./ersny il 103.0 111

8 » Chinese Academy of Sciences @ il 100.1 63

9 » Univ. of California - San Diego == |y 95.7 69

. 10 P Nanyang Technological University == |, 94.9 50

- SHE8H LD Assistant professor (PI) ST TR

o Ms(:/Ph D (ﬂ%ﬂfgl?) %%EFI 12 » Massachusetts Institute of Technology == ji; 91.5 73

o AIfﬁ'ﬂSﬂ@jiﬁ_C\ EH;UDEH—C@ < E%%@E;EEE?:\L YOXR 13 » University of Maryland - College Park == jjy 86.9 54

(ML security/ EsHlIREE-E C1 =59 D, #rECogscixNLPD:ER T IE) 14 » ETH Zurich £ i 86.7 31

'ﬂ%i?%ﬁ%@@ (:%5 &_ b_\A'._i OES 7 7z t:ELEI\L X9 15 » Univ. of lllinois at Urbana-Champaign == jjy  86.0 62

-ul-:; %%}%i&_ > by TR &@7—25%?3‘ 16 » Zhejiang University @ il 81.1 83

« FETOTSABTEEUIE (https://mbzuai.ac.ae/study/undergraduate-program/) 17 » HKUST &3 b = =

° t‘ :/\9 - ( 1 ’j_ﬁ *EIDE}—.E_D\ 5) E%%EFI 18 » Johns Hopkins University == | 73.9 48

° /_I_CX I\O ( 1%) :Bj:gﬁ L/ EFI Tatsuki Kurbayashi 19 » Seoul National University :: |l 72.7 66

o /7_\ EI O)EE :Bg &) . EEE *g_l ? H"J 7- d: %ﬁ CE »:hl:stu 20 » National University of Singapore == | 721 48

E.:-%L. (:ﬁ}ﬁ@f@b \ N LP?Z 5 35 < 21 » University of Washington == | 69.8 45

22 » Harbin Institute of Technology @ il 68.4 83
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Linguistic theories- Cognitive

Sentiment Analysis- Stylistic A
Information Extraction

Special Theme- Generalization o
Multilinguality and Language Di
Information Retrieval and Text
Computational Social Science an
Dialogue and Interactive System
Machine Learning for NLP
Question Answering

Ethics Bias and Fairness

Generation
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NLP Applications

Resources and Evaluation

Multimodality and Language Grounding T 3

Efficient-Low-Resource Methods

Language Modeling

Interpretability and Analysis 1 2

-/ !

° 2024: NLP Applications, Resources and Evaluation, Efficient/Low-Resource, Interpretability, Generation, Multimodality,

ML, Dialogue, Ethics, QA, IE, IR ....
2023: NLP Applications, ML, IE
2022: ML, IE, NLP Applications
2021: ML, MT & Multilinguality, IE
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o 1"##"$%&'()*SH#"+,-'./%01/0-1$2- #' (ACL 2024 best paper)
I"#$%&' (##$)$* &+, (-%#&.(/(0$1$23$4"*&5$67(30&8"23%##*&'9#%&: (74;(#0*8&<73$,24/7%3&.422,

o 3-)'#1*-45"#-2 '6-14/,'74%$8%  9./%01/0-"-;$%#841;8"$%' (ACL 2024 best paper)
=$()>8&="*"&%$34)>&$%*& @ (A$0&5&:432%),%)

o <"H#1/,'=4$1%2"%0">- *#' -14%' ?$42'1-/%"%0#" %' . $@ 9A/8/":-0")-#' (NAACL 2024 best paper)
Chengxu Zhuang, Evelina Fedorenko, Jacob Andreas
 B-8@--%'C"4;1"8#'/%2'CD$)#EF&'74- 9*4-84/"%"%0'$%'G$4)/,'./%01/0-#'()*/48#"."%01"#8";'B"[#-#' (ACL

2025 outstanding paper)
:$67(%#&BC&D"&!(6E,4)&.%229&<7"()&F7$*&C$H#S(1&: Y% 33SHHSRMN &

« H'6-@'G$4)1,/8"$%'$1'I"*IK#'-/%"%0 9G4-L1-%;F'./@'8D4$10D'C$%8-M81/,'A"5-4#"8F' (ACL 2025
outstanding paper)
5948J(>(2(*&"1$E4&H)(E( K+ 7$$
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384-## 9H;;-%8"' (ACL 2025 SAC highlights)
L27()&G$#64M*&<"$&@$)>*&NSAAMBEL/(  *&H$(>48.$1%)2%#* &OBABVBKO2 *&H(1(3&+&5%>%A

SEZEOFEENEER SRS TLWBADIE. COXRMIESEETILEFRICZED L DEYZ
< ADEMBCD IRV TZEBoND (BERMNE S IEDIFTIERLY)

=
=
=



%:'c':}é MBZUA|

BASFHUE D FFDRRE ?

Cf. ATHIEEDEFEAARDNLP (LLM) 16 = NLPREF D77 A5 >FT 1 T+ (F?

- EEBF - AXERDOASE., ElCEHASEVLESTFZHIEZTEILTINBEEL
LWikdp (FREE)
. "H$& CHS ) - 00
« BELSLKHARDRA (TS EAIRDTLD
- DEBAREFFENQERICER

= =A%

« IJENMBEARDNLPHAZRE (FF(IC—EDEF) FEKRICEFEN DD
- SEFROMATE FICEF) HPNLPERTRU BSRNET - |
+ B& : NLPO'SEEEEFAT T M I B3AN D
- BAS 1 SEY - BAREN SHESEFNT T hIBBANS N ?




#0H : KIRSEETI Faguon

e 1—)\ R ETIRDEZEZDSELHTOENDBLDICZT2—TILRY b ZFEH
« EOVDHETCESEBT A CllEESNEZ1—ZI)ILRY ND—D%, —1—T)LEETE
FIL (EEEFTIL) RN
« —1—JI)L7Rv hNI—UBRKFEBTR CHEER CHMNACENNDEEIL
« BEHRA A=
o J1—)\RZADUDICUTREBODEZEZHL., ROEEBMATLLOBBZIENDELSD
« EETTIVITESNIEEEZHTCALDIICIFEEND (GEFHRHDETIL)
o O—)\AekZiBE LU COROEEDDM (1HERE(ITTERK) B#EXBICEICRD

HHTED CaLVES |
I f ]

=SHBEFIL SEEFIL =SEEFIL

| | | |
HIFTELT HITELT BHTES  HIFFELT HHTES




BASF/UEDF(CHITIEEBF LOER




5"'9-3 MBZUA]

BaoDED>h\Wr
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¢ %EDEDD = 00
o SOEMICH D ZIQWVERE(RVVERZ[H 5T DM ?
« *A 123456 of lights 789:4 -

« HARGESFHBDIRZR D TRADTRVOVG - smzEIB EBEROT. BIBRT EHEETD
« AR — )\ RICEDKHAREZE_EBMEBXOEREIEDODIT

(Ryohei Sasano and Manabu Okumura. A Corpus-Based Analysis of Canonical Word Order of

Japanese Double Object Constructions. ACL2016)
« BNXERTER C1O00EXZMAT L. HRAIMRERZE E=M (CHREE (BhFallCc K> CEARGEIREIERRD. alg
SNUC K UB(EEIEADIE < (C. Pass/showS 1T, Zig&ahBEmzXRIHBE )

« I )\ BB ZSEBET IV ETE I DMR(CESMRA TS EDESD?

/oA
(Tatsuki Kuribayashi, Takumi Ito, Jun Suzuki, Kentaro Inui. "Language Models as an Alternative
Evaluator of Word Order Hypotheses: A Case Study in Japanese.” ACL 2020)
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SEEFIL
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« )\ BB ZSEEBETI/ILOENHER TES T CEIEDTh=Z=LTE. BifF

DR =B
« EEBTEFTIVIFEBIEOFETZMHTOELIEATLD
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— B/ aA

F(Z, OPOSMN O/ XHHEtEHR $BEE) (CF7ITEATED

X HEF(EChatGPTO LD ICEIVWTERX TLBNDITTIERLK., XOEXRZEIZETELTLSD

I 1"#$%&'()*+,-./0123#.456789:;
« Prompting is not a substitute for probability measurements in large language models (Hu & Levy, EMNLP 2023)
« How to Make the Most of LLMs’ Grammatical Knowledge for Acceptability Judgments (Ide et al., NAACL 2025)
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E'EET)I/D\AFEEJO)E IEELf e X CTLVD -> TNIIRDE ?

 FEIBRIF(IO—/\RZTZ< SAZHEEEFTEDENDZLE?
R U EEDRIET(E, ) CROBEE I & > COXDEAS - L CHELTNS)

« EBR(FE D LIFEAREMNEET TLD
« A 123456 of lights {78319:4 /*don't} appear
« "NP PP NP VP”@J:i@B'Z%‘:ZI—/ (A2 THELUT, SEBEFIZIRLTE. 1E
LWLWEDO—RICEMERZEIDHTS
(Patil+,24. Filtered Corpus Training (FiCT) Shows that Language Models can Generalize
from Indirect Evidence)
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» NBIDEFEZMGICIRA D ABUINOMAN (SEFEESTIL) B AFEE EVIHTHF
£9DDT. TNNEFERF(CH U THIZRE T INERZ<RD
+ AERE LRNDE LIVRNT EDY FRFRZIASDIRRERIC (3725730
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Futrell, Richard, and Kyle Mahowald, 2025. "How linguistics learned to stop worrying and love the
language models.”

« Alex Warstadt, and Samuel R Bowman, 2022. “What artificial neural networks can tell us about human
language acquisition”

. I\r/l]arco Baroni, 2021. “On the proper role of linguistically-oriented deep net analysis in linguistic
theorizing”
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RICYITEIRRWC EZBIR UL
- ERVNIRBIESIEINETE AU TUVBDT, RBRADOBKREIRLY ! ?

« SEETIZEAE - ESEOEFTIVELULLEEL, RICZHIZTELELTND?
» HIEEBETULVRWERDCDWNWTE, BYRETILE UTERTESIME LN

- HKIEE, BIRM. SEMRICHITIRENIBERESEES)L (NLP2025)
- IPHEE BERE. SETETILDIDFNESEER (NLP2025)
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c FRCOEUTVLWBBEIBENMNEH UWEE., EDFED/N\UTLT—>3 > (370
AN 107 ARAYA
s [ERFICTEIEINRNSTEHNZNEE,
RRINDA S FEESN. KD/ IT—->3>
(FZ <1235
« AABACADAE:--

+ ENNOEDTEFRalse THIUL,
/:_E1$b\ Fa |Se (: 7- d: 5 \'/:v%h 6 Th i Itgt I:T\kSJ o fgt Hip o bjgllctgd Itotpress(ljJ
j_ jj l/ _ j_d) £ EIJ ra_/\f O)%‘E" }—-— (j: Iearnarepresentatlon that can solve || h asks.

ﬂy{tb\% Tﬁ %‘_'"(}_'_(j: %n%ﬂﬁfd\éfgm—cz_ﬁ—caié | Huh, M., Cheung, B., Wang, T, Isola, P..

(2024). Position: The Platonic Representation
Hypothesis. ICML2024

« NEIDOSEEBEBOBENE UVREE THDIETDIBIE. eNziE—
BIRTETWAARBIESEEETI)ILALEZSZSBRULDIEULIURL (1?2 ?)

« Rosa Cao and Daniel Yamins, 2021. “Explanatory Models in Neuroscience: Part 2 --
Constraint-Based Intelligibility.”
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- Platonic Representation hypothesis:
ETILOEEDPESI UT A HELEDOTWTCE. RIODESFBIARRIRSE
T )LOREPRIRE (I TE=TND

o |§_| L“/ :5 D) (E@ﬁ%@%g@@ |§_| H%ﬁﬁ) %__’_E 5 The Platonic Representation Hypothesis
Zg IJ _\\/%Eﬁ L/ t\%t b \5 (:i@g“ﬁ\\ \ Neu_ral networks, trained V\_/i_th different obje_ctives
READELBORENS. SFEEHTENL, R A1
WHVEB R =2 TEPHTEDETIVIC tion spaces.
INRITDICAD

- NEIEERBETILDBEFEDRDOM? ?

Huh, M., Cheung, B., Wang, T, Isola, P.. (2024).
Position: The Platonic Representation Hypothesis. ICML2024
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« HDIBRRNWBIRIT DTHDTRREFTZRD

« EDSVDEHFT, TOIRKRNEUDIN S ZalL—>3>zBEUTHEETD
« HIEK FTESY > THEMINFRLEUEH ? IS XN TRIBHIERDIRIE (7K, CO2, N2--)
ZHIBL, BLA R EZX T, BN RAE T DR EIED
(RIRGEFESDRIEEMENHDDT. BEFRHFICDVLWTIEERRL)
(&% : http://masa.o.007.jp/constructive approach.html)

- SEDHZE(E
« FBETI/IWNBEZEG CETIRM(IMAN ? (ERSOE - SBARIZERYRRI)
o« IXATIEICEE Uil T CHEE LS RVDIC, ;EE:ET) LDimEE LI DO ?
« TOIRRIIBZASHDOBATEZED TELTNDIDN?

- SEREMMNICESNDIBREFEDOLDSICHR=NDIN?
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« TNIFE
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7 —FFOF v ATEA TEA" - TEYDESIATEE,
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Zw, DIECHIEMEL. FEB —YECHNBEHFOE L, &@Eb7/LIUX
IAGERWTC, HATYITZEZL - TDFEER. SEIERY(FIEETE S,

7 —FFOF v ATEA TEA" - TEYDESIATEE,

* BE - \SA-SHCOEEEST )L (FBE) Z. DETHIMEL. FB
T —YEEHBBEHFOE L, &EE77ILTIXLAGZRNT, HAT YT
FHLU---CDIER. SEEBIHEYIESTED,

AR SFEES)LODIIFEA
HREZLOEETIILOFEZE S
BRI DTVDIRFKIEASTE

D6 (GRIR. HEFENZERG
£ DB N B L0 "
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s BECHBIUIZA/BT AN (PJL—232) TSI LEHR. AHEDE
BREEE U Tz & S Daddy
» FFCAEBDERD (CEEN @B <IHE

« SKTU=VWEXIYZ[\=]" A‘a\bJYc@defghijCDKl
ZUA#$m,nFop

B BEDEY VT« (IEEERBICESHFSIBIN?
« TOESYUT 1 DEEUINOEAN IO 2283 DF EETEHREET DD(LFEFAFIEE

« Bl ETILASBORFEDEFIZIE LTS, SEBEENEEDRDN?
« NEZETDIIMEBR(CTZSD

o+ il : HDIMANTIER T DDIC. EDREDIHUNHEN ?

o« B : EARMENER (EEBETIVER) T, EEEFEDO>TLKH?
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- [R5} : BFFEDER (I BRI IRAFIR D EEE @3 s4v"2[G"H~ 4°abX

7 A A - JRACEEBIIICKREROM ?
> Add & Normalize ﬁ L o L
: 4 4 JIRACEEBIICKREBIROMN?
( Feed Forward ) ( Feed Forward ;
......... L
z1 [ z» I —_— — —_
; b | BATEBNICAERON ?
i R LayerNorm( + )
HDJ A A —_—= s [==]
=4 o RA CEENCABRON ?
Self-Attention flias ph ==
\ ( ) ) ? | IRA CSEEBIICAKREIROMN ?
....... :ED:J.--------------.....D:D:.-. 4
x+ T x> [
Thinking Machines

https://jalammar.qgithub.io/illustrated-transformer/



https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
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« W(CH]EEIRRD S 2 TIVIREHENSEZEZ THD

« Syntactic Learnability of Echo State Neural Language Models at Scale.
(Ryo Ueda, Tatsuki Kuribayashi, Shunsuke Kando, Kentaro Inui. 2025)
« 1IEBDEFM/IRNNZREDFETHHIL L. BHEDHDIERTSER
ZEFTETDN?
o FERENEHEAEICGIE LR

W/ o ﬁ 7w ¥ — ko iv=l, fe=T; 0=T,
(cf. ARSI DRY T2 H-Jr v 5 I\m » e a?\ c,
hl_l 4”1 x + @ ’
I Lnit
W
a = >
t (a) Simple RNN = (b) LSTM

(c) GRU (d) Bidirectional LSTM
IMHSOA&E" (FSH+) |-+ (" &H#012,+"23.&456 7849:::<3=H#+)+"2>* 2. +1@$2%$:3A;B*,/)*.":C*)+1;C*"3)D:?),12"+,"/)*$:A3):2)+02,; E3) F;G*.$%H2$+=02-/+"23. |



https://www.researchgate.net/publication/364893200_Comparative_Analysis_of_Recurrent_Neural_Network_Architectures_for_Arabic_Word_Sense_Disambiguation
https://www.researchgate.net/publication/364893200_Comparative_Analysis_of_Recurrent_Neural_Network_Architectures_for_Arabic_Word_Sense_Disambiguation
https://www.researchgate.net/publication/364893200_Comparative_Analysis_of_Recurrent_Neural_Network_Architectures_for_Arabic_Word_Sense_Disambiguation
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(a) Simple RNN
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c BEDBEHZ [B54&DELL ] FRETEBELE ] @cds esighikimnkopg
r8stQuUVWh2X DEET, EBETIVNCEZHDIIEEEETES
« PIRKEB, B/INSA—FE - FBFT—ITCilFENI=Transformer & [EIZE DIEEEER
« DED, BERDIIE LD EXLY (JEHA) RIEDRIFEE
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o AlGAREICEBZBDRTEIFSNRODN ?

« Bl FEXRZI1000BICUCSSBEEGBHNTERLL - | FBX(ISEE
BOEEICREFR T DICIEL VALY

« TORETMHMESY U (B - TOJUSZJERE - Y2/ DBERA--) OFBET
ESRVDTHENL., BICENEZ2—3I)ILEFTILOSELDFE T ?

Z N5 E 5 ([CHERIFPRIZCRIT SN AN NDINE LR

8 R XA ITITRL] - KT DRENMESNIES. SBOFEMEICDLY
ANEZDME UIRLN
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« EEBETIL (ZTa— 7wZuh)@E$mL\ Bk - JOJSZ>2/JE:E -
F)\DEXRY - BREEEH T TEFETE D FAA >— izl
FEHETI

. [EBEFIL] B [SEOEFIL] BONIIEEA

« Raphaél Milliere. 2024. Language Models as Models of Language (The Oxford
Handbook of the Philosophy of Linguistics)

- BASHENEDTFNCXCFTEMIC. S/ —HYICHUTZ1—3ILETI
ZEA Y DITHITTERALTNZR DTS
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« V—FFOFvAZERAUE., BE - J\SA—FKCO=EEET)L (FEH)
7@2 DIETHEME L., FBF—YELBNESRFOE L, st 7))L I UX
IL©GZHWT, HRXAFTYITEZ L - ZDOfER. SEMAEYIIIES CTES.

AR

» SRBICFHEUIBWFAEATE., RAA >—figly (domain-general) 73
FBINATPADEET. SEAMYZESCE?
« EEBDESENEFIDFRIMF - /A7 (F. DO RAA>DOEETHEIRED
EZDDIRLY (Cf. ERSTE : fixE. 26267 — SRR EFEEEREEN & LUTEBIRSRON)

« Steven T Piantadosi. 2024. Modern language models refute Chomsky’s approach to
language.
I %xy2zv3NJ{ "HB%&' (V#% " *$+(,&B&-(.&/*+("*00$*/(1*2'34(56574(8-/(92':;2<=2><(8222(@-$2AX(
2'(=-*(5B<=(C*'=;$/D(E(F*G?/(=#(.2&'=8&%#<2(H5657I
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« Can Language Models Learn Typologically Implausible Languages?
(Tianyang Xu, Tatsuki Kuribayashi, Yohei Oseki, Ryan Cotterell, Alex Warstadt. TACL2025)

- [ERISEOBIEG KA1 > —RIRFBE (SBEFIL) CESTO
BT S THPD DN ?

- %38 - BABOEIREZREOEDICEEL, TNTEEETILOES
NS EHE

Correlation Pair Example

— {cop’}
R | BEDIEIETIE ===

= . Yo pals o [ ) | (|
A ;_];J A\ \ \ — S DET NOUN AUX SCONJDET NOUN ADP NOUN AUX VERB ADP PROPN ADP PROPN
% E \ ( ‘Fﬁlé Original The fact is that the season of strawberries is running from July  to August.

jb 7:) (- / g
» ~ JU N— B B3 i e

5> > @
® I\ >( /r / }ﬂy E’\J 78\% E %O) DET NOUN AUX SCONJDET NOUN ADP NOUN ADP PROPN ADP PROPN AUX VERB
The fact is that the season of strawberries (to  Augusi(from July] (is running]

<V, 0>

/ &\/I/ TZO)aj.t“ E EE“LE\ODESE EH (i DET NOUN AUX SCONJDET NOUN NOP AUX VERB PROP PROP

The fact is that the seasor(strawberrief (of] is running
(cop*}

[ e L \ <Adp, NP>
¥/~ HlBE / e
DET NOUN SCONJDET NOUN ADP NOUN AUX VERB ADP PROPN ADP PROPN AUX

<C0p Pred> The fact (that the season of strawberries is running from July to Augusi
)

| [}JQ~hCe€%:2_«I$N -

\
n DET NOUN AUX SCONJDET NOUN ADP NOUN VERB ADP PROPN ADP PROPN AUX
,f@ytou . 'l'~’ fx’ <Aux, V> The fact is that the season of strawberrierunning from July  fo  Augusi

O[O (o9
:I: 2 560834 DET NOUN AUX SCONJDET ADP NOUN NOUN VERB ADP PROPN ADP PROPN AUX
<Noun, Genitive> The fact is that the (of strawberriefseasohrunning from July to August is.
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 SEETIVEES - TOJSZIEE - 9>/ WWERY - SO R
SaOZO U TEFE CTEDDT., SEBICOVTUHEIEESIRL)
(Noam Chomsky, lan Roberts, and Jeffrey Watumull. “Noam chomsky: The false promise
of chatgpt.” "#$%#&$'()*$!+#-$./.0 ) KIEe |

- SRERICEIFFRRFEE/ AT AMBETH D EVND T ENFITEDIEH
- [CHEINIC, S5EBF (FICHEER) OFXBELRLE. FIERSE () EADRREE
(FFX) ZXBIY DA%

« THETHEEBETILIEEREEN SR UIEERZEEE WxE. SAGERD. &
PBERBZOEECRMRENZEN) B, KEIDEBELEEREECFETCTETDIN?
« HDRIRXNEEEBTIE. SEBEFTILOEZHIENOELIRD (EEBES/LIIIERIT]EE
« Julie Kallini, Isabel Papadimitriou, Richard Futrell, Kyle Mahowald, Christopher Potts.
"Mission: Impossible Language Models." ACL2024 best paper.
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IETRIA
BBz /) (S ATSAX

BlasaE 7z, KD >3
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~<BIETESS5MN?

o I\SAYDMEAHENTE TRIRDEBIEDI—/\RZERk. ENNHFEE LT LNEER
ETILD@EERE) T HROBIEDMZEBIR TS DN

« EDOXDRRFERMT (558

I"H$%6"$& ()*&+

I"H$06"$& () *&+ #S')#
* & .&HI'0).F).F&. 1)#-,$%."] )H#2

3)$#,/,4&' #*%1/,4&'5,"2

I"#$%"#$&H# Y% (((((((

Word order
PPL frequeny @

iy

IHSE (")I$Y) VoSH+"H- . VoSl \
- I"HHSY0& (")

I'#$%"#$&#'%() ) ()(

LHHHOHE)ISY) 'HSOR -, Y6/

I'#$%"#$&#'%)))))))

UBIHE. - %H)ISF) &' 1I"H$%

g

I"#3$%&
I"#

6

Param. L Rus

&° Cateats Eatscat

& catmousesats Cateatsmouse

& cattableon eats. Catontableeats.

&' Smallcateats. Catsmalleats.

&"  Likes milk thatcateats Catthatlikes milk eats.
&“*°  Catsub eats. Sub-cateats.

Table 1: Word-order parameters and example constr
tions with different assignmentk,or R(See AppsA
andB andWhite and Cotterel{202]) for details).

Frequency/Preference

RRRRL @ "#3%&'()*+,#)-.)/01+
-LE‘%&LRRRRR 2'34'/+%33)53)*+&%/651
I 8#)J#)I0)+ ", 9:+;
LLLRkL 8#),)#)/0)+ ", 9:+<

%
| LRRLRIs agbaan
LLRRRL LLRLRR R RRR

Word order configurations

SETETILOD—F>2TOAEIUDITE L,
@R 7)LTY X (left-corner)
ZRWEHREESETTILHAERL)

Tatsuki Kuribayashi, Ryo Ueda, Ryo Yoshida, Yohei Oseki, Ted Briscoe, Timothy Baldwin.
“‘Emergent Word Order Universals from Cognitively-Motivated Language Models.” ACL2024



Bo K RO TEaEDAFTIBN it wez

s THEZHBEEDOES [EEBTTIVNEDKDIREZZHFOM
tm5ﬁmc&05c<“‘5n5n7
« FIZ(E. EDKDIRFEIEZIFOH
« Ryan Cotterell, Sabrina J. Mielke, Jason Eisner, Brian Roark. Are All Languages
Equally Hard to Language-Model? ACL2018
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« Which Word Orders Facilitate Length Generalization in LMs? An Investigation with
GCG-Based Artificial Languages. Hik&%2' (R&::8$+ J@8=<;N2();$208/8<-2+(@*%(P$2<>#*4(LQK9.(565R

. CCG’Z/ (SASYSAXLT

SBNE/ZIHED J—) A& &Rk

HARGEH T2 UWVIREENIE,
REEAHTTUNVREENE: -

o BT HIBIE 95 AR T /A ST AL

A}
300

TDD R TEDEIRN
FEUPILNDGREE

200 A

-
0. 1501
o

Param. Description

0 (head-pnal)

1 (head-initial)

VI! S\NRsyes

(96/\5—2)

VI S/NRsyss

S Order of subjectand verb VT ! (S\NRsugj)|NPogs VT ! (S/NRsusy)|NPoss
VCOMP! (S\NRsys)| SCOMP VCOMP! (S/NPsys)| SCOMP
VT ! (SINPsugj)\NPog; VT ! (SINPsusj)/NPog;
VP Order of objectand verb  VCOMP! (S|NPsyg)\SCOMP VCOMP! (S|NPsug)/SCOMP
REL! (NPsusjiNPsugj)|(S\NRogy) REL! (NPsusjNPsugj)|(S/NPogy)
(0] Order of subject and object Subject occurs before the object Object occurs before the subject

COMP Position of complementizer COMP SCOMP\S

COMR SCOMP/S

PP Postposition or preposition PREP (NP\NP)/NP PREP (NP/NP)\NP
ADJ  Order of adjective and noun ADJ NP/NP ADJ! NP\NP
REL Position of relativizer REL (NPsysyNPsusi)\(S|NPogJ) REL! (NPsusaNPsugy)/(S|NPogy)

250 A

$ Transformer ¥ LST™M ¢ RNN

¥

i
=xfia], .;-I- xE -II!I TL L

e L3 oIoI‘ ILI;L LN OI‘II £,3,5,% 4,3 2 ;’LL}‘I‘L

i

TRERITE: II{ i'
i
Y N o;‘.-qu .!.I‘I'sn

et ¥
L d

.5 igl‘ﬁ
!I§ t

&

i

F0.35
I EI EI {I I{-osouaé
e u ] [ o.zswg
i I. EI {.I{I I ' II g 0.204%%
c ©
“I 13, 50 o 5 *35 308 ;-oAlsq"Q
R N R SR
) =
0.05

OO0 O0O0000000000000000000000000000000000000000000OHHHM
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#'l

(S350 —)\XICBAICAD (Cf. PCFG)
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HEINEQ : #25R5E ? DT
« V—FFOF ATV, BE - J\SA—FHCOEEET)L (EBH)

7@2 DIETHEAL L. FBF—FECBNAMFOE L, &EE7)LTUX
IAGZRAWT, HATYIZBUL - 7R, SEHFAY(FIES TE B,

AR

« BRIMRZVIAMER(CIFIERVW_ 1 -3 IRy RD—ITHE. IT<SAT
FART—5ZFBINUL. SERIABYZEESTED




AR (CREBRICTD ?

» BRIEZIIMEIRCITIERWVWZ 1 -3 IRy hO—0TEHE, IE<AT
FANT—HZ2FEBINE SHEIFYZERFS CTED

e mEal  V—FFIOFvETEEUCKAT ([@h\(/SERZEURESET)

G A 07 R (FBEDRE) (FAD

o IFHN) A 7 ZANVIRTNUIEEZ (EATIEE (Tom M. Mitchell. 1980. The Need for Biases in

Learning Generalizations.)

- BEF)LHAEE. —SHIHSONALERN ) —FFTOF v C EICERD
o TDVFIN/\A 7 X EEBIEEBDOERECDODWNWTCTHRUDZEICTRD

trainexample |@aa! bbl

test example m: (mem)

(count)
Count-or-Memorization

train example aa! bbb

test example

Add-or-MuItipIy(m

FPA! L, nats"

lengthl count mem count mem
LSTM-s2s no att. 40 100 000 0.01 97.51
30 097 000 0.01 72.67
20 007 000 2.49 55.67
10 000 000 8827 48.67
LSTM-s2s att. 40 099 000 7.84 12148
30 096 002 1.14 83.48
20 070 016 5.73 49.33

10 000 020 9812 8.46

CNN-s2s {10,20,30,40y 0.00 > 0.90 > 59292 <1.31

Transformer {10, 20, 30, 40} 000 > 097 > 11330 <11.14

(a) Count-or-Memorization

train example d

test example

inear)

Hierarchical-or-Linear

al a
. b! E
train example thricea ! aag

Composition-or-Memorization
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- NFERDH - BHTEB
« REDTFANT—I%FEDHD
« ROBEOFAEEZ FIFEDSELTUNS
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AL (CHERRIZITH ? Fing ez

-_EE? 9?%5%?w%mﬁbt%éq\%ib%%[%@bt@t
SEBETETILZIFEURESZET. BBDIFONTEIICEZZFEE LPI L)
e h—OFAHTIRESNTVREEDNEEE T ?

Table 3: The BabySLM benchmarkLexical and syntactic accuracies obtained by different language models trained on develop
tally plausible corpora of speech, phonemes, or words. Numbers are computed on the test set, and performances on the dev
set are reported using small font size. The starred cumulated duration and number of words are estimates baskd bhdaheords

present in thel28 hours of speech from Providence. Data plausibility indicates the extent to which the training set is close to th
sensory signal available to infants.

Cumulated  Number of Data Lexical  Syntactic
System Input Training set  duration (h) words (M) plausibility acc. (%) acc. %)
Random baseline N N 0 0 N 492525 49.350.0
STELA[27] speech SEEDLIingS 1024 96' +++ 49.545.4 50.350.5
STELA [27] speech Providence 128 12 sty 56.847.1 50.351.1
LSTM phonemes Providence 128 12 + 754752 551559
LSTM words (BPE) Providence 128 12 + N 65.1 65.3
BabyBERTa [9] words (BPE) AO-CHILDES 533 5 + N 70.470.4

9&A*>-2'+(Q&SA2'+(S&/&(,+(1&%STIR=*T(QESU&(E'%S$*&(C$;3(P?& %V +(WNNH(FX<X*+(1*SAY (P$*%2'+(LZZ&'*?(
[[G#:T+(&'%(E?"\&'%$2'&(C$2<=T-UQ/,9Q D(?&":&:* N> 2<2=2M$2*%7/(0*>-Z &SN (HO(MRE*SA2<*Y6(<GHN* (&' &:*(
Z#%*?<4](_' K@LF,.LLC1(56574



2E UVERTIEERLD ?

- ERBETILOFEBRIRZ ABEDZENCIRDNIADIT CiEsm
BabyLM Challenge (https://babylm.github.io/)

- 7 —5D=EMHIE (100M tokens)

« T—HDENEE (FHFDEET—4; CHILDES/RE)

° 7)'/9::E Q)I/deljj (Round 2) 100 gion Bl

e MMDOAXMRIEET)ILEDIAZT2 " —>3>%HFAR (Round 3)

- YIEMEBRTFE LA VREIOKRERSICDOWLWTC, BRILTY
THTH< %h&bm@gacwv4Vt EHizEE < |

« Lucas Georges Gabriel Charpentier and David Samuel. 2023.
Not all layers are equally as important: Every layer counts BERT.
« THUFI—K, SEBHICEDSWVDITERENGDDDITASH
(BEUMNULIEESARI(ICEKRNHDINE LIIEW)
o« U—4 —R— REYIRHEFA vs. BRIFRIEEK

LKD

12 yo. BERT RoBERTa
Human (2018) (2019)

N¢
[ ]
[}

{:{S}é} MBZUA]

200 2
Billion Trillion

GPT-3 Llama 2
(2020) (2023)

LA 74

L1473
L1172

L1171


https://babylm.github.io/
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(B UBRHR) Jein) o 7 ADRFEICT S

e COFEHFINSZOIMEULTIEFUWNEWLDIFEIMN C1I7 X (prior) ZBRREY(C
SETETI)LICEDIAH. FiK/ 177 X EEBEBORFZROMRZITD
. HHHIRIBIN/ 1 7R (aabb->a'b!) M. EHRSEOEEBICESEHEERIFITH?
e CHOEXEEETILIIHBRBIBRDOISIMENDNS

b
AL T e N _ pmp(h)
« XAYFETEXKOJEE S Tesk 1
h = plus(concat(A, B
5> > 5> > — Task 2
- FBEOLBOFE QBSHMDERED) et [yt [ meta

plus(A), .
2, Task n
or(g, B))

° 49” . Bayesian model Training data Neural network

« Modeling rapid language learning by distilling Bayesian priors into artificial
neural networks (McCoy&Griffiths, 25)

« Human-like systematic generalization through a meta-learning neural network
(Lake&Baroni, 23)
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« HDRIWRKRYNWEZBETILNSRTONDIEXTHATEDIN?
;DEI:ET) L%E@%%E@TJ 7__\/3 DAV A )I/Cl:. L/t'fﬁﬁq

+ ) : ARIDHZEC EOFHEE QUBEHE) OBV, BEOTAILPTS
CHICEED?

. DJL%H%FEﬁb\b‘b\?o%n (FH8f) < FH=ZEY)SEEE
» SRETETIVEIRDHEFEZIZDN EHICTFRIT DR D (CHRRSITLDDT,
(O—/(RHET&E L TC) LBV IERE/REFED TR L9 = Z b el 6E
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Tatsuki Kuribayashi, Yohei Oseki, Timothy Baldwin.
"Psychometric Predictive Power of Large Language
I #$0/@&'%(+,_ Models.” Findings of NAACL2024
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TRl SAHR I D0 ?
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« THIDL
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T4 DEV) SEEB ETILHSESNIEXRIE

E - ’|e Natural Stories SPR
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Tatsuki Kuribayashi, \_(or\el Oseki, Takqml_lto, Ryo Yoshida, Masa_yuk,l, Byung-Doh Oh and William Schuler. 2023. “Why Does
ﬁsCaLt;%r; Kentaro Inui. “Lower Perplexity is Not Always Human-Like. Surprisal from Larger Transformer-Based Language Models

Provide a Poorer Fit to Human Reading Times?” TACL
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Figure 1:lllustration of Harmonic Regression on Surprisal Contours. Surprisal contours, unit boundaries, &

-/ = H —_ VaZas brst-order sinusoids for the P2@0tokens from a Wall Street Journal article (documesj_1111in the English
T iscourse Bank). Time scalingd®) is applied according to the lengths of elementary discourse units
I 'S - =10 =, \ L_} RST Di Bank). Ti li i lied di he | hs of el di its (El
sentences, and paragraphs. Here, we set the coefpcients of the sinu ostrative purposes. See Fig.
N 4 N d hs. H h fbci f the sinugdatsih i See Fi
and App.H.1 for realistic decompositions.

Tsipidi+, 25. The Harmonic Structure of Information
Contours. ACL2025.
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Wolf+, 23. Quantifying the redundancy between prosody and text. EMNLP 2023.
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JCIEDEEETIVLISESNDEHEHER vs. REBEBETZRUICETIL
(J\—1) NSESNDEEMEEK

o NEIOFRIR(F ENFESOEIC/ AT REZ(TTNDN?

qﬁif/\é\e:
y<t> | <> y<t> ~— p(a;)
»
i i 1 f ! # $
g<tm1> <> g <t+1>
a<0>‘—» — ’—» _— _ D —_— I_l
1 1 r 1 V.S T
(s NP (VP cat hungry The
$<1> z<2> m<t> @ /[\ ast

The hungry cal

Ryo Yoshida, Hiroshi Noji, and Yohei Oseki. 2021. “Modeling Human Sentence Processing with Left-Corner Recurrent
Neural Network Grammars.” EMNLP 2021.

Transformer
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RNN

Hidden_
representations

V.S.
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Input

Danny Merkx, and Stefan L. Frank. 2021. “Human Sentence Processing: Recurrence or Attention?” CMCL2021.
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* Huang, Kuan-Jung, Suhas Arehalli, Mari Kugemoto, Christian Muxica, Grusha

Prasad, Brian Dillon, and Tal Linzen. 2024. “Large-Scale Benchmark Yields No
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