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Abstract001

Surprisal, defined as the negative log-002
probability of a word given its context, has003
been advocated as a metric for modeling human004
sentence-processing difficulty. While surprisal005
from recent neural language models (LMs) gen-006
erally captures human processing difficulty on007
naturalistic corpora, it severely underestimates008
processing difficulty on syntactically ambigu-009
ous sentences (garden-path effects), leading to010
the claim that the processing difficulty of such011
sentences cannot be reduced to surprisal. In this012
paper, we investigate whether it is truly impossi-013
ble to construct an LM that can explain garden-014
path effects via surprisal. Specifically, while015
previous work has evaluated off-the-shelf pre-016
trained neural LMs, we fine-tune these LMs on017
garden-path sentences to align surprisal-based018
reading-time estimates with actual human read-019
ing times, and evaluate both the success of this020
approach and its impact on predictive power for021
reading times on naturalistic corpora. Our re-022
sults show that fine-tuning succeeds without de-023
grading (and in fact improves) predictive power024
for human reading times on naturalistic corpora,025
providing an existence proof for an LM that can026
explain both garden-path effects and naturalis-027
tic reading times via surprisal.028

1 Introduction029

Surprisal theory (Hale, 2001; Levy, 2008) hypoth-030

esizes that one goal of the human sentence pro-031

cessing system is prediction, and that processing032

difficulty increases linearly with the negative log-033

probability of a word given its context. Computa-034

tional psycholinguistics has experimentally tested035

this hypothesis under the principle that “Frequency036

affects performance” (Hale, 2001, Principle 2), us-037

ing Language Models (LMs) to estimate next-word038

probabilities pθ(word | context) as a proxy for hu-039

man predictability phuman(word | context). LM040

surprisal has been shown to explain human reading041

times and neural responses, which presumably re-042

flect the cognitive load in sentence processing, pro- 043

viding empirical support for surprisal theory (Smith 044

and Levy, 2013; Frank et al., 2015; Wilcox et al., 045

2023, inter alia). 046

However, while surprisal from recent neu- 047

ral LMs generally captures human processing 048

difficulty on naturalistic corpora with predomi- 049

nantly simple sentences, it severely underestimates 050

processing difficulty on syntactically ambiguous 051

sentences—that is, garden-path effects observed 052

in sentences like “the horse raced past the barn 053

fell” (Bever, 2013; van Schijndel and Linzen, 2021; 054

Arehalli et al., 2022). There are two possible rea- 055

sons for this failure of LM surprisal (Timkey et al., 056

2025). The first possible reason lies in probabil- 057

ity estimation. That is, the probabilities that hu- 058

mans and neural LMs assign to words given their 059

context differ in some cases, resulting in the fail- 060

ure of LM surprisal to explain garden-path effects. 061

The other possible reason lies in surprisal theory 062

itself. That is, the processing difficulty of garden- 063

path sentences for humans cannot be reduced to 064

predictability. Several recent studies argue for the 065

second possibility (van Schijndel and Linzen, 2021; 066

Arehalli et al., 2022; Huang et al., 2024). 067

In this paper, we pursue the first possibility by 068

asking whether it is possible to construct an LM 069

that can explain garden-path effects via surprisal. 070

Specifically, while previous work has primarily 071

evaluated off-the-shelf pretrained neural LMs, we 072

fine-tune these LMs on garden-path sentences to 073

align surprisal-based reading time estimates with 074

actual human reading times, and evaluate both the 075

success of this approach and its impact on predic- 076

tive power for reading times on naturalistic corpora 077

(Sections 3 and 4). Our results show that fine- 078

tuning succeeds in explaining garden-path effects 079

without degrading (and in fact improves) predictive 080

power for naturalistic reading times, providing an 081

existence proof for an LM that can explain garden- 082

path effects via surprisal (Section 5). Further anal- 083
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yses demonstrate that fine-tuned LMs generalize084

to unseen garden-path types, and that the current085

method does not allow the models to explain pro-086

cessing difficulties that are likely accounted for by087

memory-based theories rather than surprisal theory088

(Section 6). Finally, we discuss the broader impli-089

cations for surprisal theory of our existence proof090

(Section 7).091

2 Background092

2.1 Surprisal Theory093

Surprisal theory states that the processing cost of an094

input in human sentence processing scales linearly095

with its negative log-probability given the prior096

context:097

Costhuman(wt) ∝ − log phuman(wt | w<t).098

Surprisal theory has several theoretical justifica-099

tions. Most notably, Levy (2008) showed that sur-100

prisal is equivalent to the degree of belief updating101

about the latent sentence structures T :102

− log phuman(wt | w<t)

= DKL

(
phuman(T | w≤t) ∥ phuman(T | w<t)

)
.

(1)
103

In general, surprisal theory is a computational-104

level hypothesis in Marr’s three levels of descrip-105

tion (Marr, 1982), providing a characterization of106

the goal that the human sentence processing system107

should achieve (Hale, 2014). It is important to note108

that this theory posits that one goal of the human109

sentence processing system is prediction, which si-110

multaneously corresponds to belief updating about111

latent sentence structures, while remaining neutral112

about the representations, algorithms, and imple-113

mentations that realize this goal.114

2.2 Language Models as Proxies for Human115

Prediction116

A fundamental challenge in empirically testing sur-117

prisal theory is operationalizing human prediction118

phuman(wt | w<t), which is not directly observ-119

able.1 Traditionally, researchers have employed120

cloze tasks (Taylor, 1953), in which participants121

are presented with a sentence fragment and asked122

to predict the next word, with the proportion of123

participants producing each word serving as an es-124

timate of its probability.125

1The flow of this subsection largely follows the literature
review of Levy (2013).

However, this approach suffers from a critical 126

limitation: it cannot reliably estimate low probabil- 127

ities. This is particularly problematic for surprisal 128

theory, which assumes that processing cost scales 129

with the logarithm of probability, meaning that the 130

difference between probabilities 0.0001 and 0.0099 131

should have the same impact as the difference be- 132

tween 0.01 and 0.99. Cloze tasks cannot capture 133

such distinctions with finite sample sizes. 134

To address this limitation, recent work has used 135

LMs as proxies for human prediction, assuming 136

that corpus statistics approximate human linguis- 137

tic experience and that frequency affects process- 138

ing (Hale, 2001, Principle 2). Empirical results 139

have shown that LM surprisal indeed correlates 140

strongly with human reading times and neural re- 141

sponses, providing substantial support for surprisal 142

theory (Smith and Levy, 2013; Frank et al., 2015; 143

Wilcox et al., 2023, inter alia). 144

However, recent findings have revealed system- 145

atic discrepancies. For instance, larger and more 146

sophisticated LMs exhibit worse psychometric fit 147

to human reading times despite achieving lower per- 148

plexity (Oh and Schuler, 2023; Shain et al., 2024; 149

Kuribayashi et al., 2022, 2024). This inverse rela- 150

tionship suggests that optimizing for corpus-level 151

objectives does not necessarily improve alignment 152

with human processing difficulty. Another partic- 153

ularly striking manifestation of LM-human mis- 154

alignment, observed consistently across models 155

of varying sophistication, is the failure to capture 156

garden-path effects, which we discuss in the fol- 157

lowing subsection. 158

2.3 Garden-Path Effect 159

When reading sentences like Example (1-a) from 160

left to right, humans exhibit substantially longer 161

reading times at the word fell (and subsequent re- 162

gions reflecting spillover effects; Mitchell, 1984), 163

compared to unambiguous control sentences like 164

Example (1-b) (Frazier, 1979; Bever, 2013): 165

(1) a. The horse raced past the barn fell. . . 166

b. The horse that was raced past the barn 167

fell. . . 168

In psycholinguistics, this phenomenon is explained 169

as follows: at the point of reading The horse raced 170

past the barn in Example (1-a), a syntactic ambi- 171

guity arises between two interpretations: (i) raced 172

is the main verb with the horse as its subject, or 173

(ii) raced forms a passive reduced relative clause, 174
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with the horse as the modified noun. Readers pre-175

fer interpretation (i), but the appearance of fell176

forces them to abandon this analysis, resulting in177

increased processing difficulty—the garden-path178

effect.179

Traditionally, this difficulty has been attributed180

to a selective reanalysis mechanism that recon-181

structs syntactic structures (Fodor and Ferreira,182

1998). However, under Levy’s formulation of sur-183

prisal theory (Equation 1), this processing cost184

should be modeled as belief updating about sen-185

tence structure triggered by syntactic disambigua-186

tion, and thus falls within the scope of surprisal187

theory.188

Recently, multiple studies have shown that sur-189

prisal from neural LMs consistently underestimates190

garden-path effects to a severe degree; for exam-191

ple, it predicts only approximately 1/10 to 1/30192

of the slowdown observed in self-paced reading193

times (van Schijndel and Linzen, 2021; Huang194

et al., 2024). This has led researchers to argue195

not only that LM next-word probabilities fail to196

serve as proxies for human predictability but also197

that syntactic disambiguation difficulty may be ir-198

reducible to predictability.199

3 Methods200

We apply the fine-tuning method of Kiegeland et al.201

(2024) to off-the-shelf pretrained neural LMs on202

garden-path sentences.203

Data Let Dgp denote the dataset of garden-path204

sentences, where each data point d ∈ Dgp con-205

sists of a word wd and its self-paced reading time206

RTd (Just et al., 1982). Each data point d is anno-207

tated with the following attributes: pair ID s(d),208

ambiguity type g(d) ∈ {MVRR,NPS,NPZ},2209

ambiguity condition c(d) ∈ {amb,unamb} (cor-210

responding to Examples (1-a) and (1-b), respec-211

tively), position in sentence t(d), and region of in-212

terest r(d) ∈ {0, 1, 2,null}, where r = 0 denotes213

the disambiguating position (e.g., fell in Exam-214

ple (1)), r ∈ {1, 2} denotes the two subsequent po-215

sitions potentially reflecting spillover effects, and216

r = null denotes positions outside the region of217

interest.218

Dgp consists of a training set Dtrain
gp and a test set219

Dtest
gp . The training and test sets share no overlap220

2Main Verb/Reduced Relative clause ambiguity, Noun
Phrase/Sentential complement ambiguity, and Noun
Phrase/Zero ambiguity, respectively. See Section 4 for
concrete examples.

in the verbs that induce syntactic ambiguity (e.g., 221

raced in Example (1)) or in words within the region 222

of interest. This ensures that the evaluation tests 223

whether the fine-tuned LMs generalize to unseen 224

data points. 225

We also use Dfiller to denote the dataset of natu- 226

ralistic filler sentences whose reading times were 227

collected in the same experiment as Dgp, and Dnat 228

to denote a naturalistic corpus whose reading times 229

were independently collected. 230

For any dataset D, we use D(−) to denote the 231

subset excluding data points corresponding to the 232

first two words of a sentence and sentence-final 233

words, and D(−−) to denote the subset further ex- 234

cluding data points in the region of interest. D(−) 235

serves as the target for reading time estimation, 236

as spillover variables are undefined for the first 237

two words of a sentence and sentence-final words 238

may reflect wrap-up effects (Just and Carpenter, 239

1980). D(−−) is used for regression coefficient 240

estimation. Under the assumption of surprisal the- 241

ory that negative log-probability is linearly related 242

to reading times, coefficients estimated on “ordi- 243

nary” reading times—those unaffected by syntactic 244

disambiguation—should also account for reading 245

times in the region of interest where disambigua- 246

tion occurs (Smith and Levy, 2013; van Schijndel 247

and Linzen, 2021). 248

Fine-Tuning For each data point d ∈ Dtrain
gp , let 249

the feature vector be xθ(d) = [ιθ(d)
⊤, z(d)⊤]⊤, 250

where 251

ιθ(d) = [− log pθ(w
(k)
d | ctx(k)d )]2k=0 252

denotes surprisal at the current position (k = 0) 253

and two preceding positions (k = 1, 2, for spillover 254

effects), with w
(k)
d denoting the word at position 255

t(d)− k and ctx
(k)
d its preceding context, and z(d) 256

denotes control variables such as word length. 257

Each batch B ⊆ Dtrain
gp is sampled such that it 258

contains equal numbers of pairs from each ambi- 259

guity type. For each B, we estimate regression 260

coefficients βθ,B(−−) via ordinary least squares: 261

βθ,B(−−)

= (X⊤
θ,B(−−)Xθ,B(−−))−1X⊤

θ,B(−−)ψB(−−) ,
262

where Xθ,B(−−) denotes the design matrix with 263

rows xθ(d)
⊤ for d ∈ B(−−), and ψB(−−) denotes 264

the vector of reading times RTd for d ∈ B(−−). 265
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We then compute the following loss:266

LB(θ) =
1

|B(−)|
∑

d∈B(−)

(
RTd − xθ(d)

⊤βθ,B(−−)

)2
+ λ∥βθ,B(−−) − β

θ0,D
train(−−)
gp

∥2.
267

The first term is the primary objective, measur-268

ing the squared difference between actual reading269

times and their estimates. The second term is a270

regularization penalty that prevents the regression271

coefficients from deviating excessively from the272

initial coefficients estimated using the initial LM273

parameters θ0 on D
train(−−)
gp .3274

Evaluation We evaluate from two perspectives:275

Garden-Path Effect Alignment We compute276

regression coefficients β
θ,D

(−)
filler

on D
(−)
filler via ordi-277

nary least squares as in the fine-tuning procedure.278

We then evaluate the alignment between the esti-279

mated reading time difference280

∆R̂T g,r(θ) =
1

|Sg|
×

∑
s∈Sg

[
xθ(d(s, amb, r))⊤β

θ,D
(−)
filler

− xθ(d(s, unamb, r))⊤β
θ,D

(−)
filler

]281

for ambiguous versus unambiguous sentences in282

Dtest
gp , and the actual reading time difference283

∆RTg,r (van Schijndel and Linzen, 2021). Here,284

Sg denotes the set of test pairs for ambiguity type g,285

and d(s, c, r) denotes the data point corresponding286

to pair s, condition c, and region r.287

Impact on Naturalistic Sentences Using re-288

gression coefficients estimated on D
(−)
nat , we evalu-289

ate the per-datapoint log-likelihood improvement290

of a regression model including surprisal as a pre-291

dictor over a baseline model with control variables292

only (Wilcox et al., 2020):293

∆llh(θ) =
1

|D(−)
nat |

×
∑

d∈D(−)
nat

[
log f(RTd | xθ(d);βθ,D

(−)
nat

)

− log f(RTd | z(d);β∅,D(−)
nat

)
]
.

294

3Preliminary experiments revealed that without this term,
the LM would artificially inflate estimated reading times in
the region of interest by reducing surprisal outside this region
to increase the regression coefficients.

Here, f(· | · ;β) denotes the probability density 295

function of the regression model with coefficients 296

β, and the subscript ∅ indicates coefficient estima- 297

tion using control variables only. 298

4 Experimental Settings 299

Language Models We use GPT-2 (Radford et al., 300

2019) small (S), medium (M), and large (L) as θ0, 301

using the Hugging Face (Wolf et al., 2020) imple- 302

mentation.4 Prior work on naturalistic corpora has 303

shown that LM surprisal from models around the 304

size of GPT-2 small exhibits the best fit to human 305

reading times (Oh and Schuler, 2023; Shain et al., 306

2024). 307

Data For Dgp, we use the Syntactic Ambiguity 308

Processing (SAP) dataset (Huang et al., 2024).5 309

This dataset contains 24 pairs for the following 310

three ambiguity types. 311

Main Verb/Reduced Relative Clause (MVRR) 312

(2) a. The girl fed the lamb remained rela- 313

tively calm. . . 314

b. The girl who was fed the lamb re- 315

mained relatively calm. . . 316

This ambiguity type is similar to Example (1): 317

whether fed is the main verb with the girl as its 318

subject, or fed introduces a passive reduced rela- 319

tive clause modifying the girl. The word remained 320

disambiguates (r = 0). 321

Noun Phrase/Sentential Complement (NPS) 322

(3) a. The girl found the lamb remained rel- 323

atively calm. . . 324

b. The girl found that the lamb remained 325

relatively calm. . . 326

The ambiguity is whether the lamb is the direct ob- 327

ject of found or the subject of a sentential comple- 328

ment. The word remained disambiguates (r = 0). 329

Noun Phrase/Zero (NPZ) 330

(4) a. When the girl attacked the lamb re- 331

mained relatively calm. . . 332

b. When the girl attacked, the lamb re- 333

mained relatively calm. . . 334

The ambiguity is whether the lamb is the direct 335

object of attacked or the subject of the main clause. 336

4https://huggingface.co/openai-community/gpt2
5https://github.com/caplabnyu/sapbenchmark
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Figure 1: Garden-path effect alignment before and after fine-tuning. Rows indicate model sizes and columns indicate
ambiguity types, with the x-axis representing the region of interest position and the y-axis representing the reading
time difference (ms) between ambiguous and unambiguous conditions. Black bars show actual human reading time
differences, while orange and blue bars show estimates from pre- and post-fine-tuned LMs, respectively. Error bars
represent standard errors.

The word remained disambiguates (r = 0).337

Each word is annotated with self-paced reading338

times from 220–440 anonymized native English339

speakers. We exclude observations below 100 ms340

or above 3000 ms, and use the mean reading time341

across subjects as the representative value. The342

same preprocessing is applied to all subsequent343

datasets.344

Since this dataset is relatively small for LM345

fine-tuning, we adopt leave-one-out (LOO) cross-346

validation. In each fold, we hold out one pair from347

each of the three ambiguity types (three pairs to-348

tal) as test data and construct the training set from349

the remaining pairs such that it satisfies the non-350

overlap constraint (Section 3). After excluding one351

pair containing data errors, we perform 23 evalua-352

tions and report the average across folds.6353

For Dfiller, we use the filler sentences from354

the same dataset (39 sentences extracted from the355

Provo corpus; Luke and Christianson, 2018). For356

Dnat, we use three corpora: Natural Stories (10357

stories with syntactically diverse sentences, 485358

sentences, 181 participants; Futrell et al., 2018),359

Brown (35 passages from written American En-360

glish, 449 sentences, 35 participants; Smith and361

Levy, 2013), and UCL (3 unpublished novels362

from an online fiction platform, 361 sentences,363

6The training set contains an average of 1645 words across
folds, comparable in size to the Provo corpus (Luke and Chris-
tianson, 2018) (1113 words) on which Kiegeland et al. (2024)
reported the effectiveness of this method.

117 participants; Frank et al., 2013). All corpora 364

are annotated with self-paced reading times from 365

anonymized native English speakers. 366

Fine-Tuning The control variable vector z(d) in- 367

cludes unigram surprisal, word length, and posi- 368

tion in sentence. To account for spillover effects, 369

we also include values from one and two words 370

prior for unigram surprisal and word length. Un- 371

igram surprisal is estimated using the wordfreq 372

library (Speer, 2022), and data points with missing 373

frequency values are excluded. For surprisal, we 374

use the corrected sum of subword surprisals (Oh 375

and Schuler, 2024; Pimentel and Meister, 2024). 376

The details of fine-tuning hyperparameters are pro- 377

vided in Appendix A. 378

5 Results 379

Garden-Path Effect Alignment Figure 1 shows 380

the results for garden-path effect alignment. First, 381

while surprisal from pre-fine-tuned LMs qualita- 382

tively captures the existence of garden-path ef- 383

fects, it substantially underestimates their magni- 384

tude, replicating previous work (van Schijndel and 385

Linzen, 2021; Huang et al., 2024). For example, 386

at ROI=1 (the primary focus of analysis in prior 387

work as the “Effect of Interest”), even GPT-2 small, 388

which shows the most substantial effect estimates, 389

captures only approximately 7%, 19%, and 15% 390

of the human reading time slowdown for MVRR, 391

NPS, and NPZ, respectively. 392
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Figure 2: Impact of fine-tuning on predictive power for
naturalistic corpora. Each graph corresponds to a natu-
ralistic dataset, with the x-axis representing model size
and the y-axis representing the log-likelihood improve-
ment over the baseline regression model with control
variables only.

In contrast, surprisal from fine-tuned LMs shows393

substantially improved alignment with human read-394

ing time slowdowns, demonstrating generalizabil-395

ity to unseen data points. Among the LMs of differ-396

ent sizes, GPT-2 small achieves the best alignment,397

capturing approximately 73%, 83%, and 73% of398

the human reading time slowdown at ROI=1 for399

MVRR, NPS, and NPZ, respectively.400

Furthermore, regarding the relative magnitude of401

slowdowns across garden-path phenomena, while402

pre-fine-tuned LMs failed to match the human or-403

dering (MVRR>NPZ>NPS) at the Effect of Inter-404

est (ROI=1), instead showing NPZ>MVRR>NPS,405

fine-tuned LMs exhibited slowdown magnitudes406

consistent with human data.407

Impact on Naturalistic Sentences Figure 2408

shows the results for the impact on naturalistic sen-409

tences. Across all corpora and all model sizes,410

fine-tuned LMs demonstrated higher predictive411

power for human reading times than pre-fine-tuned412

LMs. Interestingly, this result demonstrates that413

fine-tuning on garden-path sentences enhances pre-414

dictive power for human reading times on natu-415

ralistic corpora that predominantly contain simple416

sentences.417

6 Analysis418

6.1 Cross-Phenomenon Transfer419

In Section 5, we fine-tuned LMs using all three420

ambiguity types. In this subsection, we fine-tune421

LMs on a single ambiguity type and evaluate them422

on all types, to explore whether the models acquire423

phenomenon-specific patterns or learn more gen-424

eral mechanisms underlying garden-path effects.425

Figure 3 shows the results for GPT-2 small at426

the Effect of Interest (ROI=1). First, regarding in-427

Figure 3: Cross-phenomenon transfer for GPT-2 small
at ROI=1. Rows indicate the phenomenon used for fine-
tuning, and columns indicate the phenomenon used for
evaluation, with a green background highlighting in-
domain evaluation.

domain performance, LMs fine-tuned on a single 428

phenomenon showed substantial improvement over 429

the pre-fine-tuned LM, capturing 67%, 73%, and 430

54% of the human slowdown for MVRR, NPS, and 431

NPZ, respectively, though performance remained 432

lower than when fine-tuning on all three phenom- 433

ena (Figure 1).7 434

Crucially, regarding cross-phenomenon trans- 435

fer, LMs fine-tuned on one ambiguity type bet- 436

ter captured human reading time slowdowns on 437

other ambiguity types compared to the pre-fine- 438

tuned baseline. For example, the LM fine-tuned on 439

MVRR predicted slowdowns of 51.5ms (baseline: 440

9.6ms) for NPS and 48.9ms (baseline: 18.1ms) for 441

NPZ. While the transfer is not perfect—with pre- 442

dictions for phenomena different from the training 443

target consistently smaller than those from LMs 444

fine-tuned on that phenomenon—this result shows 445

that fine-tuned LMs demonstrate generalizability 446

to unseen garden-path types. 447

Regarding log-likelihood on naturalistic corpora, 448

single-phenomenon fine-tuning generally yielded 449

improvements or maintained performance on Nat- 450

ural Stories and Brown across most model sizes; 451

slight decreases were observed on UCL for medium 452

and large models (Appendix B). 453

6.2 An Unsuccessful Example: Subject/Object 454

Relative Clauses 455

One potential concern is that the current method 456

simply allows the model to learn to simulate any 457

7Medium and large models showed broadly similar trends
(Appendix B).
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Figure 4: Subject/object relative clause asymmetry
alignment before and after fine-tuning

Figure 5: Impact of subject/object relative clause asym-
metry alignment fine-tuning on predictive power for
naturalistic corpora

kind of processing difficulty. If so, that would458

undermine the interpretation that there is an LM459

that explains garden-path effects via predictability.460

We address this concern by checking whether the461

current method also allows the models to explain462

processing difficulties that are unlikely to be due to463

predictability.464

One phenomenon considered difficult to ex-465

plain under surprisal theory is the processing dif-466

ficulty pattern observed in English subject rela-467

tive clauses (SRCs) versus object relative clauses468

(ORCs) (Levy, 2008, 2013; Levy and Gibson,469

2013):470

(5) a. The reporter that the senator at-471

tacked. . .472

b. The reporter that attacked the sena-473

tor. . .474

Humans exhibit longer reading times at the verb 475

position (attacked) in ORCs like Example (5-a) 476

compared to SRCs like Example (5-b). Traditional 477

surprisal theory fails to predict the longer reading 478

time at the ORC verb compared to the SRC verb 479

since the ORC subject provides additional context 480

that makes the verb more predictable. Although the 481

increased reading time at the verb could be inter- 482

preted as a spillover effect from the unpredictable 483

noun phrase the senator, the dominant explanation 484

attributes it to the increased distance to the noun 485

phrase The reporter that must be accessed at the 486

point of attacked, as posited by memory-based ac- 487

counts such as Dependency Locality Theory (Gib- 488

son, 2000; Grodner and Gibson, 2005). 489

In this subsection, we examine whether fine- 490

tuning succeeds under conditions in which surprisal 491

theory is considered inadequate—specifically for 492

SRC/ORC asymmetry without including spillover 493

variables—and assess its impact on predictive 494

power for naturalistic reading times. We use 24 495

SRC/ORC pairs from the SAP dataset, following 496

the original study in which the verb is designated 497

ROI=0, the determiner ROI=1, and the noun ROI=2. 498

The training and test sets contain completely dif- 499

ferent words at ROI=0 and ROI=2 under the same 500

LOO setting (Section 4). 501

Figure 4 shows the results. First, consistent with 502

prior work, pre-fine-tuned LMs predict a speed-up 503

in reading time (−14% across all model sizes) at 504

the verb position (ROI=0), where humans show 505

a reading time slowdown for ORCs compared to 506

SRCs, while predicting a slowdown at the deter- 507

miner position (ROI=1). Fine-tuned LMs success- 508

fully learn that ORCs exhibit longer reading times 509

than SRCs at the verb position rather than at the de- 510

terminer position. However, in contrast to garden- 511

path effects, the magnitude of the effect remains 512

limited even for the best-performing GPT-2 large, 513

capturing only 22% of the human effect. Further- 514

more, as shown in Figure 5,8 and again in contrast 515

to garden-path effects, fine-tuning degraded predic- 516

tive power for human reading times on naturalistic 517

corpora in most conditions except for GPT-2 large 518

on Brown and UCL, which showed relatively high 519

variance. 520

These results demonstrate that, under conditions 521

in which surprisal theory is considered inadequate, 522

the fine-tuning method struggles to reproduce hu- 523

8The Brown corpus, in particular, showed a substantial
decrease in ∆llh compared to Figure 2, as this corpus may
benefit greatly from spillover predictors.
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man reading time differences and comes at the cost524

of predictive power for naturalistic reading times.525

7 Discussion526

Relating Reanalysis and Belief Updating Our527

results show that fine-tuning succeeds without de-528

grading (and in fact improves) predictive power529

for human reading times on naturalistic corpora,530

providing an existence proof for an LM that can531

explain both garden-path effects and naturalistic532

reading times via surprisal.533

Some prior studies challenging surprisal theory534

have argued that (i) the fully parallel maintenance535

of the latent sentence structures assumed by sur-536

prisal theory (Equation 1) lacks psychological re-537

ality (Huang et al., 2024), and consequently, that538

(ii) processing difficulty in garden-path sentences539

stems from a selective mechanism of reanalysis to540

structures that were not maintained at the point of541

disambiguation (Fodor and Ferreira, 1998), induc-542

ing a cost that cannot be reduced to predictability.543

Does our finding—the existence of an LM that544

can explain garden-path effects via its surprisal—545

reject the reanalysis account? We argue it does546

not; rather, reanalysis and surprisal can compatibly547

coexist as descriptions at different levels of analy-548

sis (Marr, 1982). Regarding point (i), Levy (2008)549

noted from the outset that surprisal theory does550

not necessarily commit to the psychological reality551

of fully parallel representations. Regarding point552

(ii), we take Levy’s view further and argue that,553

given that surprisal theory is a computational-level554

hypothesis, it is possible to assign non-zero proba-555

bility to structures that will serve as candidates dur-556

ing reanalysis in advance, without committing to557

the psychological reality of such representations—558

as long as this provides a sufficient description559

of the human sentence processing system. Under560

this view, reanalysis can implement belief updating561

when the parse distribution undergoes substantial562

change, operating as an algorithmic-level process.563

Therefore, we believe that the critical question564

going forward is to investigate under what con-565

ditions reanalysis occurs and how it relates to566

belief updating. This requires moving beyond567

purely computational-level claims to examine the568

algorithmic-level mechanisms.569

Low Falsifiability of Surprisal Theory Our re-570

sults show that there exists a probability distribu-571

tion that can explain both garden-path effects and572

naturalistic reading times. Does this finding pro-573

vide proof-of-concept for surprisal theory, a pre- 574

dictability-based account? From an optimistic per- 575

spective, yes; from a more critical perspective, our 576

findings instead highlight that surprisal theory can- 577

not be easily falsified within a simple correct-or- 578

incorrect binary framework. This is because (i) un- 579

less the theory specifies how to determine the prob- 580

ability distribution, surprisal theory itself merely 581

posits the existence of some probability distribu- 582

tion that describes human processing difficulty, and 583

(ii) the modern LM framework allows one to con- 584

struct a desired probability distribution (Bowers 585

and Mitchell, 2025)—even though our additional 586

analysis on SRC/ORC asymmetry fortunately re- 587

veals some limitations to this flexibility. 588

Given this theoretical landscape, we believe the 589

productive research direction is not to test whether 590

to reject surprisal theory as a binary hypothesis but 591

rather to investigate what probability distributions 592

best capture human sentence processing and what 593

properties characterize such distributions. This 594

shift in focus leads to a reinterpretation of prior 595

findings. 596

Previous work showing that surprisal from var- 597

ious LMs fails to explain garden-path effects has 598

often been framed as counterevidence to surprisal 599

theory (van Schijndel and Linzen, 2021; Huang 600

et al., 2024; Timkey et al., 2025). However, given 601

the low falsifiability discussed above, such results 602

may be better interpreted as reflecting divergence 603

between different probability distributions: those 604

describing human sentence processing versus those 605

learned from corpora. Importantly, we believe this 606

reframing does not diminish the value of such re- 607

search. Investigations of the differences between 608

these probability distributions should provide valu- 609

able insights into human sentence comprehension, 610

regardless of whether they are positioned as tests 611

of surprisal theory. 612

8 Conclusion 613

In this paper, we asked whether it is possible to con- 614

struct an LM that can explain garden-path effects 615

via surprisal. Our results provide an existence proof 616

for an LM that can explain both garden-path effects 617

and naturalistic reading times via surprisal. Based 618

on our results, we discussed the possibility of relat- 619

ing reanalysis and belief updating, encouraging the 620

community to move beyond computational-level 621

claims to examine algorithmic-level mechanisms. 622
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Limitations623

This study evaluates LMs using leave-one-out624

cross-validation on a relatively small dataset con-625

taining three major garden-path types. While this626

dataset represents the largest collection of garden-627

path sentences with human reading time annota-628

tions currently available, future work should vali-629

date our findings on larger-scale data. Additionally,630

extending this investigation to languages other than631

English would be valuable for assessing the cross-632

linguistic generalizability of our results.633

Our study focuses on demonstrating the exis-634

tence of an LM that can explain both garden-path635

effects and naturalistic reading times via surprisal,636

but does not investigate what changes occur in637

the internal mechanisms of LMs as a result of638

fine-tuning. While examining such internal mech-639

anisms falls outside the scope of our current re-640

search question, future investigations into how fine-641

tuning modifies model representations and process-642

ing mechanisms could provide valuable insights643

into the algorithmic-level implementations of sur-644

prisal theory.645
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Optimizer AdamW (Loshchilov and Hutter, 2019)
LR scheduler Cosine annealing with warm restarts

(Loshchilov and Hutter, 2017)
Batch size 66/44
Training steps 500
Warm-up steps 3
Max learning rate 5.25× 10−5/3.5× 10−5

Min learning rate 7.8× 10−8/5.2× 10−8

Decrease rate of max LR 0.01
Weight of regularization term λ 100

Table 1: Fine-tuning hyperparameters

B Full Results of Cross-Phenomenon839

Transfer840

Figure 6 shows cross-phenomenon transfer results841

for all GPT-2 model sizes at ROI=1.842

C Licenses843

Table 2 summarizes the licenses of the datasets844

and tools employed in this paper. All datasets and845

tools were used in accordance with their respective846

license terms.847
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Figure 6: Cross-phenomenon transfer results for all GPT-2 model sizes at ROI=1. Left: Each panel corresponds to a
model size (small, medium, large). Within each panel, rows indicate the phenomenon used for fine-tuning, and
columns indicate the phenomenon used for evaluation, with a green background highlighting in-domain evaluation.
The y-axis shows estimated reading time differences (ms) between ambiguous and unambiguous conditions. Right:
Changes in log-likelihood (∆ Log-Lik.) on naturalistic corpora before and after fine-tuning (Nat.: Natural Stories,
Brn.: Brown, UCL).

Dataset/Tool License

Datasets
SAP dataset (Huang et al., 2024) MIT License
Natural Stories corpus (Futrell et al., 2018) CC BY-NC-SA 4.0
Brown corpus (Smith and Levy, 2013) CC BY 3.0
UCL corpus (Frank et al., 2013) CC BY 3.0

Tools
transformers (Wolf et al., 2020) Apache 2.0

Table 2: Licenses of datasets and tools
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