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“LMs trained on coarser-grained tokens
generally assigned higher surprisal to critical
regions, suggesting a greater sensitivity to
garden-path effects than previously reported”
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Processing difficulty of w; o« —log P(w¢|wy 1)
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Word If you were to journey
Reading Time 571 ms 354 ms 386 ms 383 ms 457 ms
LM1 Surprisal 7.76 0.81 5.42 2.09 14.62
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Coarser granularity, more word-like (|V| = 128000)
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SI#ES-—74: English Wiki-40B train/5520/ 525 (~1.5B words)
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Garden path effect (GPE)

“who was” V70U Edeserved Z 5 OBFEIN KIBICIE S 1R D

The suspect sent the file deserved further investigation given the new evidence.

who was

ChatGPT 5 v
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The suspect sent the file deserved

further investigation given the new
evidence.
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Construction/Condition  Example

MV/RR Ambiguous The suspect sent the file deserved further investigation given the new evidence.

MV/RR Unambiguous  The suspect who was sent the file deserved further investigation given the new evidence.

NP/S Ambiguous The suspect showed the file deserved further investigation during the murder trial.

NP/S Unambiguous The suspect showed that the file deserved further investigation during the murder trial.

NP/Z Ambiguous Because the suspect changed the file deserved further investigation during the jury discussions.
NP/Z Unambiguous Because the suspect changed, the file deserved further investigation during the jury discussions.

3547, 512 4R7ZDFT—S%Z{ERM (Huang et al. 2024)

+ B HYIBIRIE (C K SIBRIFE & & 15/ 7\ X2 ISR (Cself-paced
readlng (SPR)Lﬂt@“Z;J:D(;LME-_T) | 7 SR 28

gt g S 2 FE(spillover words) (CHIF YT S5
-!j-)I/O)imbu(c_d:5n}baj‘ﬂ%laﬂﬂd)%/ﬁl [EDIENNE =& H




1 DBE®dDspillover word GPEFHI{E

Main Verb/Reduced Relative (MV/RR)

Direct Object/Sentential Complement (NP/S)

a
o

o
o

10.0 1

i

Transitive/Intransitive (NP/Z)

o
o

o
o

10.0 1

ﬁpgad%rw “‘*‘@*ﬂ*ﬁ“e”wﬁ%ﬁﬁdﬂ”* ﬁ-w'@‘¢&@}ﬁwbﬁwﬁ&ﬁﬁg@‘% @-M‘ﬁ‘ﬁ%@}gwﬁwkﬁ&ﬁﬁgﬂﬂ% ﬁ-w~@~¢*@}&wﬁmwﬁ*

Vocabulary Size

Estimated Garden-Path Effect (ms)

(3]
o

BN Small e Medium B Large N Average

* “no clear trend in estimated garden-path effects” E&XS+1 RLD)
¢ ANCHIFTBDGPELLER1I~2HVNES VIR UNEAI TSRV EIREFERE SN

13



critical word(CHBITBD BT S )LDEN

Main Verb/Reduced Relative (MV/RR)

et DO Rt tt]

Direct Object/Sentential Complement (NP/S)

Mttt

Transitive/Intransitive (NP/Z)

BT I

AR AL RE PERE B @Rk B 6*5‘*,\?,5"'1,‘36 AR A 6&*\7’5‘5”56 R N e v 6“*:\'),%"1,‘36 RN N ﬁb‘\(‘\'ﬁb‘

Vocabulary Size

6.0

by
=}

M
o

e
(=}

o
(=}

By
o
:

e
o

e
=]

Difference in Surprisal (bits)
o

N
o

N
o

B Small B Medium BN Large N Average

» “Coarser-grained tokens lead to larger differences in raw surprisal” (BF&XS1 R&LD)
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