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Introduction

« Surprisal TheoryX}FReading ProcessiIZ A A% (Hale, 2001; Levy, 2008) :
o FENAMTREAT B2, RRAE RN A SR N M BE B AS HL 4 Be s e — %2 1 B 2R [H] (Reading
Time, RT), A 1a] i 0 e fe S B FH B 2 18] B P G 14 (Predictability), e AJ DA {50
FZ (Surprisal, s = log p(w|c))i# AT =L KR,
o BRAESHERF R AL R (Smith and Levy, 2013; Wilcox et al., 2020; Shain et al., 2022):
o Surprisal 7f PATRIIRT, H. 3 2 8] [ 9% R A2 2 M1 s
o i B 1A fISurprisal b2 520 Y Fi i FRT, B Surprsial T RT B 52 M0 77 % H 2508 (spillover effect);
« X}FSurprisal TheoryfJ¥ & (Pimentel et al., 2023; Cevoli et al., 2022):

o NI MEE AN i Surprisal ik sg , AR 24T R Bt X Expected Surprisal 8Us¢ CRISF—Nal 10
THERERITUHD
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Line of Research

o Surprisal FTRT 2 [8] 1) 5< £ UL S H R E A FLA] 2 (Pimentel et al.
2023; Wilcox et al., 2023)

o IS T EETS Al FE ML A5 Tsurprisal ? (Oh et al., 2022, 2023)
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Introduction

* Responsive reading process
o BLEBHIN—ANE], AN e RYE HL R RSN B — 5 I TR AR PR R
o [#ER [E] (reading time, RT)3Z2 2R Z A = A2, H KR (length) s 7 B
(surprisal) FEL 5 2614 [ A 5% (Hale, 2001; Smith and Levy, 2008; Shain, 2019);

« Anticipatory reading process
o [EEEHTIN—"R R, BE&EH 1T X1 1 7 (expectation), X P fiiiA
‘ %;ﬁﬂﬁ%ﬂ@%ﬁﬁ) SRS M IR AN 18] 1 SE B ) 12 R B0 CRI SRR 20 0 14 [ 152 e
B
o CFFA AR B A UEE . WARBh1E % 2] iword skipping (Ehrlich and Rayner,
1981; Schotter et al., 2012);
o BIFFTIANER: ST AR A A ER TR e 5 e L S o B BRI SRR B 2




Operationalized Anticipation

- EfbAnticipationt} FEHE S 1Y) ] &

o FEEX TRV Bsurprisal AT IR, BIXS FoRBH A IA] /5 2 RTEAT HA 22 s

o TEHEAT U B SRS R REAEAE 2 5T
« Contextual Réyi entropy (Réyi, 1961)

Ho(Wi | Wt = wey)

ef ,. 1
< lim log, Z (p(w | Wy

5—>al—ﬁ -

* =T A] DABEAT BV AR B TR SRS

(2) 2 TN — AN i surprisal /2 B A A] fE 0 E 1A

(Shannon entropy);

(3) B WA — Nl Y surprisal i A SGE BAR BFIplE, 1%

VE AT AE H I IR A2

(4) S TEA N —ANE i i surprisal 52 H R B = 1

I[fa=1

[fa=0 Ho(W, | W =we)= -1

HW; | Wa=we)= E  [hy(w)]

w~p(-|lw<t)

= — Z p(w | w<t)logs p(w | w<t) (2)
wEW

1
Ogr
* |supp(p)|

[fa=0 Heo(Wi | Wep = wey) = min he(w)

weW

= min — logy p(w | w<¢) (4)
weW

supp(p) = {w € W | p(w | w<;) > 0}



Hypothesis: Anticipatory Mechanisms

» Word skipping

AT 123 L AR N — A1) BT O e 2 A5 Bk e
PR L FRAT B o 24 15238 6T — AN A AR A 5 if - (R
contextual entropy B, FIH)D &BbdE,
Itcontextual entropy 1% AE 1% 1R & 3 Fiiilword
skipping;

« Budgeting

AT —Mal g B FIRTANBE SR K, FrLART LA
B RT 1 43 BCAE — AN 1] g A A B O T A AR T,
H & 1] LAy contextual entropy ¥R [EIR, 25
BEA X HEANMAE RTTAE A A& (contextual entropy
<real surprisal) , WMIFESRE TR ML F A] ge Az
R 2R 30 B8 K i HE 20N (spilllover effect);

* Preemptive Processing

T 0 T 00E TR I SCAS,  KIW S EHGA T —A
1A 2 FN B AT IR AT AL (e.g., Willems et al.,
2015; Goldstein et al., 2022), [Fith, FA17] LUE
vsurprisalfi i) ] B A U FIRT 22 R Dy HRTAUE
27 HT— AN

* Uncertainty Cost

FH 00T — AN (AN E 1 2 5 8000 T A Ay B
K, BRI MBS AE Sk R R AR Z 5 T F — A
V] TN S P T R AR YE AR AT s AE 4]
surprisal Z A& E 1 T s (RIRTIIIE D S



Experimental Setup

I £ F LM 3t surprisalflcontextual IT {2 F Regressor fEA R B4R _E P4
entropy surprisal&FEAa 0T RTHI TR 68 77

« AC{EFAGPT-2 small (Radford etal, 2019)  * ASCIEAIT MRS, i e e X0
‘ _ \ \ WP AR, A IR BN R
o CASLIGEH, fFELMFsurprisalftiit A, It

A AE = RV AT (Shain et al., 2022:  Natural Stories Corpus (Futrell et al., 2018)
Oh and Schuler, 2022, Oh et al., 2023) « Brown Corpus (Smith and Levy, 2013)
« HT-GPT-218 H 715 % gmfid (Byte Pair « Provo Corpus (Luke and Christianson, 2018)

Encoding, BPE), it &4 fsurprisal it 75
R subwords Il THE AT, ff1Hcontextual
surprisal 5 I B 27 sub words/K-~F- #4711 » TE: ERZVHHEER AT LLksskip word 2 BR(X),
8 ] LR B0 /ERT=0 (V)

« Dundee Corpus (Kennedy et al.,2003)



Experimental Setup

IT % FH RegressorfEA R ##E & _E1Pilisurprisal S48 FnXt-T- RTHIFRMI 68 /1

¢ %ZIKJEEE%

o DIAIMRT NN & (BATA MR FED , DUEIZIAIRT A SSHFAE (245718 BL & R 5
[Rir] (3R] . surprisal, contextual entropy<¥) AN H A= AL S EA LM RN A, DA
AR L TNRT RS T SEFRRT B P A SR VAL LAY, 3@ 3 B R AL ) 8 A R ) A8 2 DA DA R A
TRTHFRIECR ;

« FH%FHbase model flitarget model: target model t.base model 22 £, & — AN A 4R AE
base model X A5 24 /i 1A [ lengthAlsurprisal, Tfitarget modeli& &5 24 /i 14 [ contextual entropy »
IHE B P AN AR A ek O 22 S B S ik T 24 i iA] contexctual entropy X T HRT ) TR &E 77)

o BRIPPAL L ¥ 38 XA IE (10-fold cross-validation)
o BARPPALFERR: FIUXTEUIR (average log-likelihood)



Experimental Setup

EEE (E) « yJRMNIESSH B (B Yy RAZIS A
(y f¢(xn))2
11h —lD
ol gH Varo? lIh(f5(x)) =
S 5 (Yo — fp(xn))’ N ynlog fs(xn) + (1—yn) 10g(1— f(xn))
__ﬁz lﬂgmﬂ- 552 Zyn g Jp\ Xn Nyn g P\ An

n=1

s N~ W = fo(x))’
= —log V2702 — RZ N
o WA, >0, M Btarget model R L base
A — 11h smodelyy 1 w Pase model%f, el U HFAE WS FUNIRT ;
{th (f¢( )) (f(i)( )) o BEMKL: paired permutation test (B AL



Experimental Setup

« B:  “ER=IFBMAFER. 7

o JHIHE S MG B p(FK =start). p(FZ|startik =)« p("z|startik =%)%, It
5 I AR R ZE AR N R E B T surprisal ;s B 4MA AT LU/ Fllw ~ p( istart).
w ~ p({startik =), w~ p({startsk = %)%, FEILTHEAER AT

contextual entropy:;

« fEFHRE L, DB MNMARRTARAE, USXANEE RIS VE A E

Canial . surprisal, entropy=¥) g [EIEFEAY ([N H4Etbase model Al

target model) , LI A IRUEIS BI101A B Jm 8 B 56t AR
Ay 072 T AFAE I 2 22 5 T AS 21 28R R X T RT 5 7l gé




Experiment 1. Surprisal ~ RT

Surprisal
Weg W2 W1 Uy
Brown 0.33*** 0477 258 0.50*
Natural Stories  0.20* 0.34* .05 .54
Provo (v) 0.07 0.18 0.83* 3.22%*
Dundee (v) -0.00 0.04** 0.25**  0.89**
X;nodcl — X%mu @ X:“TP VS, XE}a};c — X%mn o) x;;urp;étf

Table 1: Ay, (in 10~2 nats) when comparing a
model with all surprisal terms against baselines

from which a single surprisal term was removed.

Green indicates a significantly positive impact of
surprisal on the model’s predictive power.

SzE61. AFEALE Esurprisal¥ - FRTHITH
W Be /7 vEAL

Base model: 45 O IESEXT T RTH
SO IR ARRHE + LR iefr B
surprisal J5 ) H At surprisal ;

Target model: base model + frG 17 & I
Hsurprisal;

8. Surprisal e U4 5 - A REIR 47
FITIRT, JF H R I T 85 & A AL
i



Experiment 2. Surprisal vs. Entropy

S£42. AEHLE EContextual Shannon Entropy

W3 W2 W1 Wt

Xt FRT I IR 68 77 9PAli

Replace Surprisal with Entropy! \ _
P P by  Base model: J:AKHIE+TH A7 Esurprisal

I e SO0 ) et Kt

Provo (/) -0.08 0.18 0.66*  -2.58* # )y H:.Contextual Shannon Entropy

Dundee (v') -0.00 0.03* 0217 -0.07 « Target model 2: base model + BN S —Ar g

Add Entropy? [¥JContextual Shannon Entropy

Brown -0.03* -0.01 0.04 0.15* - R

Natural Stories  0.04 0.01 0.147  0.89™ o« AN HTE A entropy 7E3/A R i 45 B A R T T AR

Er;::;ee E:; ; 883 g:fl}g** 88{3} 82‘2* El“] RN P = e IR N surprisal?ﬂentropyﬁl/[\%ﬁ‘i’}%
; £ BRI PN gE ) W E AR, (HAEH A3 HE A

; ?Zi - ? i :‘zi [E([EU;]*T )T A B 22 R -> (12 /& responsive & anticipatory;

both XE}ELJ _ ;f T ;f}: f o HEHOHETE A P entropyi& A 2 NI AE 77, (HE S

2= I 25 B 55458 ) T 8 /7 ->entropy FR &8 A2 local f]
B A surprisal A AE A vad H RN o



Experiment 3. Skewed Expectations

e S2IH3.1: PRfHaAIR
« Base model: F:AKFAE + R AT B AT

B I ) Contextual entropyX}TRT K I EE
HAhsurprisal

« Target model_1: base model + 24 Fif/ & surprisal

« Target model _2: base mode + 4 Fi{\/ & entropy

 Target model_3: base model +=4 7/ & surprisal & entropy

- R

« [4Provo (v )4},
e fEaf/]MiFContextual entropy TR

ot = K b 32

N

SV, HAEL)a=12 AL BRI K AE



Experiment 3. Skewed Expectations
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Figure 1: Apyn when adding either the current word’s surprisal, Rényi entropy, or both on top of a baseline
that includes the surprisal of previous words as predictors, i.e., x"%¢ = x{™"
correspond to 95% confidence intervals.

@ xSWP7t Shaded regions



Experiment 3. Skewed Expectations

1:3.2: Hla=1/2F

RS

3)
* >

/13

¢ i%%%

2152 (PRfdientropy T RTHI UM BE /1)

o TEProvo (v /M = AEHREEE b, 8004 3 [hentropy #5 BE 5 25 $2 T f
R TmEe f1 (Fa=1) ;

o B YT 1E A surprisal Nentropy % 7E N B PR 45 I W 2 PR A A 1 T

BE /1 (Ha=1A[E]D)

M 4
>/

S/

. entropy Etsurprisal 34 5

* entropy(a=1/2)fK [H 72 local i), A R H BB i H 2w ([Fla=1)



Experiment 3. Skewed Expectations

Replace Surprisal with Rényi Entropy* Add Rényi Entropy*
W3 W o W1 Wy W3 o w1 W
Brown -0.35***  -037*  -1.76""*  0.03 -0.01 0.00 0.14 0.26"
Natural Stories -0.16 -0.27* -0.19 1.30**  -0.00 -0.00 0.44** 2.04**
Provo (V) -0.05 0.47 -0.89* -3.25"  -0.01 0.45% -0.01 -0.04
Dundee V) 0.00 0.07* -0.25***  0.32* -0.00 0.08* 0.05 0.64**

1 lel mn o, SUrp#t’ ; 2 lel mn o SUTP |, - both  base : - SUTP
X?lm el _ X{Errm fan X, D [HQ(I’LE')]T, X?loc el _ X{t,mn D X, o) [Hﬂ(‘ﬁ 4 )]T., roth Xt}d.‘af_. — X:Emn fan) X;

Table 3: Ay, (in 1072 nats) achieved after either replacing a surprisal term in the baseline with the
contextual Rényi entropy (o = 1/2), or adding the Rényi entropy as an extra predictor.



Experiment 4. Word Skipping

« SEIG4. word skippingZX MFEentropy TR RT H FI 52 e
« SEIHA.1: entropyX)-Fword skippingfFiI g8 77 EA
o BHEEE: Self-paced reading ik ic kword skip, R A# A HR 3h diE 4

o EABK. i HZEREHE T AN 2 Gskip (sigmoid 4 B H sz & — AN gl skip A L 3,
TEHHE & il i — A g skip P NS L5, kS 2 B AR TE

- £ 8 (in Dudee, not Provo) :

« Surprisal °] LA 2% [ Titillword skip i) H 31 ;

« Contextual entropy ) Tl 24 2R EE Surprisal B 4 ;

o {ESurprisal 1) ZE Al F 3 i Contextual entropy R BY & AR U, (H k2 A 4> -> word skipfX X & H

Contextual entropy2Xzh i ;




Experiment 4. Word Skipping

Provo Dundee

hie(we) Ha(W:) Both he(wr) Ha(W:)  Both

(adin?;l he(wy) - -0.84 0.26 - 1.20 ] 3Q%**
HC‘—’(W/}) - = 1.10 - - 0.12

Rénvi 2.60 0.84 266 1.30% 510  514*

eényl e 40
(a=1p) M(w) : 176 006 - 3.79 3.83
Ha(W2) - : 182 - : 0.04

Table 4: Ay, (in 10~% nats) between a target model (with predictors on columns) vs baseline (with
predictors on row) when predicting whether a word was skipped or not. All models also include the

surprisal of the previous words as predictors as well as length and unigram frequencies



Experiment 4. Word Skipping

W3 Wia Wi Wy

Shannon Entropy (o« = 1)

Renlacel Provo 0.02 -0.03 -0.18 -2.23%**
P Dundee -0.01 -0.02 -0.15**  -0.32**
Add? Provo -0.02 -0.07 0.03 -0.01
Dundee -0.00* 0.01 0.01 0.17**

Renyi Entropy (a = 1/2)

Renlacel Provo 0.02 0.10 -0.27 -2.43**
P Dundee -0.01 0.01 -0.19"*  -0.18
Add2 Provo -0.02 0.07 0.01 0.32
Dundee -0.00" 0.05* 0.01 0.36™**

r1 x;nodel — xgmn ® X?UI:D?E:! o [HQ(I-'TJ'}')]T,

2 xrtnodel — xgmn o) X?mp fay [HQ(H"’!;)]T,

0 ase __ . sur

both X}f)'ﬁﬁ(‘ — x;:nm P X, p
Table 5: Ay (in 1072 nats) when predicting RTs
on eye-tracking datasets where skipped words
were removed, 1.e., Provo (X) and Dundee (X).

SEI64.2. word skipFEentropy X RT B Fil|
IR NL

FEARBEE: 2 AT SELS B R A T skip word 4L
P& (HIART=0ms) , HTL&4.1C40E [ entropy
A LA skip, A4 Z F By g R (Rllentropy A PA
TMRT) A v Be 524 ghword skip RN ke, Al
E 5256 b B R 5 Fiskip word3idlE, 82 586 2& 3,
ZiR:

Contextual entropy ) T &% 2R 5 A surprisal % ;
fEsurprisal i) 2L Al 38 hncontextual entropy, K IHREME
3 5 T R0

Rk, contextual entropy X - RT i Tl 58 737 5 ml LA
AR H FHword skipRAgERs, SR A HAALE] 52
i



Experiment 5. Budgeting Effects

e SEIS5. BudgetingZ N AEentropy Tl RT H B 21
* Budgeting X N 1 AH R EALGFAIE -

hit (wit ) —H(Wi1) (A-budget) (14a) r(x) = max(0, x)

r(heq (wes)—H(Wi1)) (under-budget) (14b) DLt-14t [¥jsuprisal — entropy A1:
r(H(Wi1)—hea(wea)) (over-budget) (14c) iR >0, BIFH/NFSERR, At2under-budget
hea(wea)—H(Wea)| (|- |-budget) (14d) R <0, BPFRAIRTSEbR, WiZover-budget

» Base model: FEANHIE+FTA {7 B HFsurprisal+ 24§ AL E ) entropy;

« Target model: base model + ARz & | [¥]budgeting#H 51k 5

- &R

« {EFi{ self-paced corpusATDundee(V) ¥ 4 W22 3 1 t-147 B budget effect;

« fEDundee( X )MEL R [ t-247 B RNV 5

« N BBV budgetzi B 1] G2z iword skip, T2 Abudgetss i RTHE AL B A A E 4 ;



Experiment 5. Budgeting Effects

A-budget Over-budget Under-budget | - |-budget

Wi_a Wi o Wi Wi g Wy 9 wyq Wi_a Wy 9 Wi Wy g Wi o Wi
Shannon Entropy (v = 1)
Brown -0.03 -0.01 0.02 -0.01 -0.01 0.07 -0.02 -0.01***  -0.02** 0.01 -0.01 0.03
Natural Stories  0.04 0.00 0.05 -0.01 -0.00 0.02 0.04 -0.00 0.02 -0.01 -0.01 -0.02*
Provo (v) -0.04"* 0.16 -0.04 -0.03** 0.06 -0.03 -0.03 0.07 -0.02 -0.01 -0.04 -0.01
Dundee (v) -0.00 0.03** 0.01 -0.00 0.02 0.04 -0.00 0.01 -0.00 -0.00 -0.00 0.03*
Provo X)) -0.02***  -0.05 0.07 -0.01 0.05 -0.02 -0.04 -0.06 0.10 -0.03 0.04 0.03
Dundee (X) -0.00** 0.01 0.00 -0.00 0.01 -0.00 -0.00 0.00 0.02 0.00 -0.00 0.02
Renyi Entropy (o = 1/2)
Brown -0.00 -0.00 0.11 0.01 0.00 0.14 -0.01 -0.01* -0.02 0.01 0.00 0.16
Natural Stories -0.00 -0.01 0.21***  -0.01 -0.01* 0.23* 0.00 -0.00 -0.01 -0.02 -0.01* 0.21*
Provo (v) -0.01 0.48* -0.03 -0.01 0.42* -0.02 -0.02 0.05 -0.04*  -0.02 0.26 -0.01
Dundee (v/) -0.00 0.08* 0.09* -0.00 0.07* 0.10**  -0.00**  0.01 -0.00***  -0.00 0.06 0.10**
Provo X) -0.01 0.10 0.04 -0.03 0.15 0.01 0.03 -0.03* 0.04 -0.05 0.15 -0.01
Dundee (X) -0.00 0.04* 0.00 -0.00 0.04* -0.00 -0.00 -0.00 0.01 -0.00***  0.04* -0.00

x?ah‘u — x(t:mu ':D x&tillrp [:I:] [HH(I’{-"’t )]T

Table 6: Ay, (in 102 nats) achieved when predicting RTs after adding budgeting effect predictors on top
of a baseline with entropy and surprisal as predictors.



Experiment 6. Preemptive Processing

Entropy'! Successor Entropy?

0°  [Ha(Wep)]' 0° [Ho(W2))°
Shannon Entropy (a = 1)
Brown 0.15* 0.14~ 0.01 -0.01
Natural Stories 0.89*** 0.44~ 2277 1.83***
Provo ) -0.06 -0.05 -0.06 -0.06"
Dundee (V) 0.25* 0.26™* -0.00 -0.00
Provo X) -0.01 0.01 -0.08* -0.06
Dundee  (X) 0.17** 0.16** 0.02 0.00
Renyi Entropy (o = 1/2)
Brown 0.26* 0.27* -0.01 -0.00
Natural Stories 2.04** 1.52**  1.95*** 1.44%+*
Provo v) -0.04 -0.01 -0.03 -0.00
Dundee (V) 0.64*** 0.64™*  0.00 -0.00
Provo (X) 0.32 0.38 0.06 0.12
Dundee  (X) 0.36*** 0.34**  0.03 0.01

1 X?mdc] — Xl&”‘-‘“’ o [HQ(I’F;)]T,

. ase . L SUr
3 Xl? se X(Emn o X; P

4 X?aﬁc:

2 X?md{:l _ X}fmsc @ [Hn (“-t ‘1 )]T,
_ Xné:mn o) X:urp »—E [Hn (“—1‘ b 1)]T’

5 Xl&)aﬁc — Xgmn o) X;“HP @ [HQ(I’I"})]T,

Table 7: Apy, (in 1072 nats) after adding the top
predictor to a baseline with the predictors in the col-
umn. All models include surprisal as a predictor.

SEI66:  PreemptiverEentropyFIRT 5 52 0m
EABEE. FHAAMEEATIN T, RIS+ 81
entropyfR /)N, 2= FEtfr B FIRT A K ;

ZiR:

TE &7 W, O ZEAE_E 38 inw, A7 & ¥ contextual entropy 2
B E TR AR

(BLEE WA E R {Tentropy 3£ AL _E 1 nw,, , 1)
entropy X 7ENatural Stories— /Mg 45 I T HE TR A
T R

Preemptive Processing/~ f&entropy i M RT i) 3 L) .



Discussion & Conclusion

« Summary: contextual entropyS2RTHINLEI R E 240, BRREHF —BIRE.

o SZBG1. 4HTE Isurprisal BEWS TN HRT, [F)E §7 & 16 i surprisal i 58 TN 24 5715 IRT  (RpAF
FEd RN

o S2I62-3: i contextual entropy BES Msurprisal — TR RT,  HAEZa=1/2I5 FH R
B, B Bl FE /2 responsive & anticipatory], {Hcontextual entropy FIAE A A & A 1E 24 i
], ANFEAE TR RN 5

o SZISA4: YA ) contextual entropy nl BLRH SR T 1% 18] & 7yskip, word skipt A] LA o A fig Rk
contextual entropy*} T-RTHI UM GE 71, (HARETE MR GEAAAEHARMLED

o SEES5: WA USRS B budget BN,  ANREA AR BT Il v B 24 HiT A B contextual
entropy KX HRTHEAT FiG, B B I H budgetfi# Becontextual entropy ) RT ) Tl 5&
{Hbudgetxk M 7] & 7] LATiidword skip;

o SZIG6. VA MEL R i [ Preemptive Processing, ANiA A H: R contextual entropy i RT ) 3= 2
ML o



Discussion & Conclusion

° Zlgjtﬁﬁ:ﬁglﬁlﬁ!ﬂ

» RFERE AR S LRI -> B 1 5 AR
o VTR B LAY T e A

o PGARMELR Y [7] A

« Contextual entropy A Surprisal 148 B2 ASEIRAY 2 88, — M MRTZAE N — a2 5k
FER], AR ATREM? B —A RPN A AF R EEE?

« A K& Plcontextual entropy A PAFiillword skip, {HAH € & 75 17 fEbudget effect: fFword
skipFJ A A0 9 — PR IR I budget, 5 H [ — Mg I 2 A TR N N — N8 Z JivH 5 H
contextual entropy, WIRHEALTHE—NEIME, FANTREST L ERT =0ms (Elword skip, [
IS RTI FERR A Z BT e B, HAREH R, FATEESF A 18] J5 153 2 surprisal .



Wilcox et al. (2023)
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Introduction

« R SUAAAE R 1) .

o ZGRFISEIAEM I, A DEHAES MR, sk EiE S il IR (e.g.,
Meister et al. 2021 in Dutch and Kuribayashi et al. 2021, 2022 in Japanese) ;

o ARICHRFERIM: 7E11UFE S L 4T Surprisal TheoryAH B 15 I 56IE ;
- BHFfRiX:

(1) Surprisal & 75 G FHUMRT ?

(2) Expected Surprisal (Contextual Entropy) 2 75 Ge 1% FIRT 2

(3) Surprisal FIRT 2 [6] ) 9% 2 A2 15 A& L P 112



Experimental Setup

HHEEE: Multilingual Eye Movement Corpus (MECO; Siegelman et al., 2022)
« BRENIBFR: B IRIEPLINE] (first fixation time).  ZEEFLIT H]

Language Code # Training Tokens (mil)

(gaze duration). = yEMLES ] (total fixation time) — ” =

v N . — English en 1,966
« EESHRA (HFhthsurprisalZF$8H5) - Finnish i 89
- ] L German ge 883

« Fi—{EZ MR (Monolingual Models): &FFHE = fdi AN Greek er 57
e 2 NN e o Heb h 112
BRI S5 M5, monoT (all) 3 FH 455 e e
Wiki40B1)I|Z%(Guo et al., 2020), monoT(30m) subsample ~ Eﬁi‘:‘fn ‘:3 4;3
30 million tokens Spanish sp 508
Turkish tr 48

« ZiE SRR (Multilingual Model): 18 FHmGPT (Shliazhko — | | |
NN . Table 1: Training data information for our monolingual
et al., 2022) ’ 6068%1% =] IZIKEG PT—31“@§[@‘FU”2§\, transformer models, noted as monoT{(all)



Eye-tracking measurements

« B IREPLESE (first fixation time): 7

v | [k e T |l (o s [ onx RIBEER GBI YR — AL R E
PRI TA], 526X N L SR TR,
O—50 » O »O »O
0 @ al 1/(5) (1) (3)(4)(5)(9)~(12);
| // ) o BEVLRT ] (gaze duration): M EE—ANE
o4+—ho >0 —0—H-O0—+0 —#0—0 PR 46 BERL A OGS T 24 SR X
© D ©) 1O PO ADTAD Y ppement i, R 4@ b,
IN(1)(2)FL AR A T %R X “Ie A
https://www.zhihu.com/market/pub/120154271/manuscript/13294 0 B
14252625469440 . - o .
Skaramagkas, V., Giannakakis, G., Ktistakis, E., Manousos, D., * EIERRRT ] (total fixation time): V& {E
Karatzanis, ., Tachos, N. S., ... & Tsiknakis, M. (2021). Review of 2B X BT A A B 255,
eye tracking metrics involved in emotional and cognitive (1)(2)(6) L FIMI L T MIX “YR AT

rocesses. |IEEE Reviews in Biomedical Engineering, 16, 260-277. vy .
P gineering 1y S PR )
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Experiment 1. Surprisal
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Figure 1: Psychometric Predictive Power of Surprisal Across Languages: Positive values mean surprisal
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Experiment 1. Surprisal

o LIS 11PEE Wsurprisal it TRT BB 8 7 B PEAL

« ZiR:

» gaze durationfiitotal fixation/EFr A& 5 _L#IEAREZE, BP0 Asurprisal (g% 2. 2% #5515
= HU R TR AL TR _E IR PN Fe AR I BE

« mGPTfhitHsurprisal AN B e g, monoT (all) B3 R 2 monoT(30m) 5 fi-> 58
R E IR B A M2 R A I 2 BE 5 S PR AR A 2 2

o TEFUMACRAIFEREE BRI 15 5 8 B Z 5 (Russian and Dutch B4R BH R, Spanish,
English, and Hebrew ERASRABHR), (HiXFh 2 R IoiEE 5 R 2R



Experiment 2. Contextual Entropy

All Dutch English Finnish German Greek Hebrew [talian Korean Russian Spanish Turkish
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Figure 2: Psychometric Predictive Power of Contextual Entropy Across Languages: Positive values mean



Experiment 2. Contextual Entropy

« SEISD. 11FHE = ¥ Contextual Entropy st T-RT [ #iIll 8 /1 11 FAG

« R

o LEL4RERTIETH, ¥surprisal & #t ucontextual entropy 2 4 FE5 45 8 X T
gaze durationftotal fixation (il §&

o [HE}, A4 hncontextual entropy M2y SRAE I 50 68 ) B2 Ft-

s X—HERWAIESTHRINE 7 27 WEiEEsurprisal (IMGPT) & # 4
contextual entropy F14 4 h 18 lentropy &R 5 H T TN BOR FIHE T .




Conclusion & Discussion

¢ gz&%i’ﬁ
« EATAEE S HISLIG T, surprisal RS HE 1A 2 B T 5 R

o« TERFTE S HISLIe . & Hrsurprisal Acontextual entropy 2> Hil 5545 24 ) T
e 171, NN contextual entropy HE % 2 TH R Y i T BUR |

o Surprisal RIRT 2 [H] IS )2 9¢ R A Ze P 1) 5

o RRFAR DR H I R

« HETHI11IFHE 5 75948 & Indo-European biased:;

o AAEFLISEE N ER, HXMERHITLEFEIES 7 TR




Related Dataset in Chinese

Eye-Movement Measures Abbreviations Definition
First fixation duration*® FFD Duration of the first fixation on the target word
Gaze duration® GaD Sum of the fixation durations before the target word is exited to the

right or left during first-pass reading

Proportion that the target word is fixated during the first-pass

First-pass reading fixated proportion* FPF reading

Fixation number™ EN Total number of fixations on the target word
Proportion regression in™* R1 Proportion of regression into the target word
Proportion regression out™ RO Proportion of regression out from the target word

Length of saccade into the target word when the word is first fixated

Saccade length toward the target from the left™ | LI_left from the left side (unit: character)

Length of the saccade from target word to the right after the word

Saccade length from the target to the right™ LO_right first fixated (unit: character)

Total fixation duration™ TT Sum of the fixation durations on the target word

Table 1. Definitions and Abbreviations of the Nine Eye-Movement Measures. Note. *Main measures in the
database. "Supplementary measures in the database.

Zhang, G., Yao, P., Ma, G., Wang, J., Zhou, J., Huang, L., ... & Li, X. (2022). The database of eye-movement
measures on words in Chinese reading. Scientific Data, 9(1), 411.
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Van Schijndel et al. (2021)

o FEREALIE BR AR BN I PR A SRR . -
Predicted/empirical mean garden path effects

* Reanalysis Mechanism: 35 &A1 R IR T A AT BRI FVERERE 4
—14E, MEHREFRNEMNEIREEZ — e
FEHA)EMT (two-stage model) ;

« Word Predictability: 1 [ 45 5] 11 9H SO RE A 45 T~ —
ANTAE R AT P Cone-stage model)

o ZER. Surprisal S Ih TN 1 A8 Kl B AR RN BIAFEAE,  (HAR RHIAE
5 T RIRERE,  H H Iy T A el B 45 R0 S 7 235 #) 8] A3 X5 g |
PR .

o GEil: XTAJVETH BRI 7S 0 R AEWord Predictability 2 #RE% -5 s o) NP2 ) VAR
AR 75 BB ML
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Model #. #H d,,,q.1 Parameters
GPT-2 Small 12 12 768 ~124M
GPT-2 Medium 24 16 1024 ~355M
GPT-2 Large 36 20 1280 ~T7T4M
GPT-2 XL 48 25 1600 ~1558M
GPT-Neo 125M 12 12 768 ~125M
GPT-Neo 1300M 24 16 2048 ~1300M
GPT-Neo 2700M 32 20 2560 ~2700M
GPT-] 6B 28 16 4006 ~6000M
GPT-NeoX 20B 4 o4 6144  ~20000M
OPT 125M 12 12 768 ~125M
OPT 350M 24 16 1024 ~350M
OPT 1.3B 24 32 2048 ~1300M
OPT 2.7B 32 32 2560 ~2700M
OPT 6.7B 32 32 4096 ~6700M
OPT 13B 40 40 5120  ~13000M
OPT 30B 48 56 7168  ~30000M
OPT 66B 64 72 9216  ~66000M

Table 1: Model capacities of LM families whose
surprisal estimates were examined in this work.
#L, #H, and d,, 4. refers to number of layers,
number of attention heads per layer, and embed-

ding size, respectively.
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« WG M KHILMSE 2 surprisal 4 FIRT LA 5 %
o }%0a] . Psychological Plausibility

o« JJ, 1EFHRALRG T H BN BEAE S OB R ?

o« WRES B EIEMA LB FEE S 2R E

o NB)LEEFEREZEAZ111 million words (Zhang et al., 2021; Hart and Risley,
1995)

o NZEXTT1A ¥jword predictability i #ill, AMUAGEARTE L F SCEAFER 2



