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Abstract001

Language Model surprisal is widely used as a002
proxy for contextual predictability and has re-003
cently been reported to correlate with metaphor004
novelty. However, surprisal is tightly inter-005
wined with lexical frequency. We study this006
interaction on novelty scores of metaphoric007
words within their context. We analyse mea-008
sures from 8 Pythia model sizes, and 154 in-009
termediate checkpoints. Across settings, word010
frequency has stronger associations with nov-011
elty than surprisal. Across training stages,012
surprisal–novelty association peaks at an early013
stage and then falls again, mirroring a simi-014
larly timed increase in surprisal–frequency as-015
sociation. These results suggest that the often-016
reported optimal LM surprisal settings may017
incorrectly associate contextual predictability018
with novelty and processing difficulty.019

1 Introduction020

Linguistic creativity is often viewed as a distinctive021

capacity of human language use (Hockett, 1960;022

Yule, 2006). The recent fluency of state-of-the-art023

LLMs raises a natural question: to what extent do024

LLMs acquire linguistic creativity in ways that re-025

semble human cognition, and how can we measure026

it reliably? (Dinu et al., 2025)027

A well-known instance of creative language028

is novel metaphor (Bowdle and Gentner, 2005;029

Do Dinh et al., 2018). In conceptual metaphor030

theory, metaphors arise through mappings between031

a source and a target domain (Lakoff and John-032

son, 1980). Crucially, metaphorical mappings vary033

in novelty: many metaphors are highly conven-034

tionalised, while novel metaphors introduce less035

familiar mappings and can require greater inter-036

pretive effort to understand (Cardillo et al., 2012;037

Philip, 2016). This makes metaphor novelty a use-038

ful testbed for studying creativity-related behaviour039

in LLMs, as it connects a graded phenomenon (con-040

ventional → novel) to processing effort.041

A common computational proxy for contextual 042

predictability is surprisal. Surprisal has a long his- 043

tory as an operationalisation of predictability and 044

is widely used to model processing difficulty, in- 045

cluding naturalistic reading behavior (Goodkind 046

and Bicknell, 2018; Oh and Schuler, 2023a; Shain 047

et al., 2024). However, surprisal is not a pure mea- 048

sure of contextual prediction; it is intertwined with 049

lexical statistics such as word frequency (Shain, 050

2024; Tjuatja et al., 2025). Recent work has shown 051

that both model scale and the amount of pretrain- 052

ing can substantially affect surprisal-based fits to 053

human reading times, with word frequency playing 054

a key explanatory role in these effects (Oh et al., 055

2024). 056

In the specific case of metaphor novelty, Momen 057

et al. (2026) reported significant correlations be- 058

tween novelty annotations and LM surprisal, along- 059

side systematic effects of model size. Building on 060

these observations, we further investigate metaphor 061

novelty through the lens of the surprisal–frequency 062

interaction: when surprisal appears to correlate 063

well with novelty, is it capturing contextual pre- 064

dictability, lexical frequency, or a mixture of both? 065

In this paper, we analyse associations between 066

surprisal, word frequency, and metaphor novelty 067

across (i) Pythia model sizes and (ii) pretraining 068

stages, using intermediate checkpoints to probe 069

training dynamics. Our results show that word 070

frequency is a substantially stronger predictor of 071

novelty than surprisal across settings, and that the 072

configurations where surprisal performs “best” are 073

also those where it aligns most closely with word 074

frequency. We therefore caution against interpret- 075

ing strong early-training or small-model surprisal– 076

novelty associations as straightforward support for 077

surprisal-based accounts of metaphor novelty, and 078

we argue that progress requires clearer theoretical 079

and methodological separation between predictabil- 080

ity and lexical-frequency effects. 081
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2 Data & Methods082

This section describes our experimental set-up to083

measure the association between word frequency084

and surprisal on the one hand and metaphor novelty085

on the other hand.086

2.1 Dataset087

We base our study on the VU Amsterdam Metaphor088

Corpus (VUAMC) (Steen et al., 2010) (see Ta-089

ble 1). Every word in VUAMC is annotated as090

either a metaphoric word or not. Building on091

VUAMC, Do Dinh et al. (2018) collected crowd-092

sourced metaphor novelty ratings for the 15,155093

metaphoric content words in VUAMC and con-094

verted them into continuous scores in the range095

(-1, +1), where -1 denotes the most conventional096

and +1 the most novel. They additionally binarised097

these scores using a 0.5 threshold, resulting in 353098

metaphors labelled as novel out of the 15,155 con-099

tent metaphoric words. In our experiment, we use100

these 15,155 instances, each consisting of a sen-101

tence context, a target word (content metaphoric102

word), and an associated metaphor novelty score.103

2.2 Model Suite104

To examine the effects of model scale and pre-105

training progress (data/steps), we use the Pythia106

model suite (Biderman et al., 2023). Pythia con-107

sists of decoder-only causal LLMs at 8 sizes108

(70M–12B parameters), all trained on the same109

300B-token pretraining corpus 1 in the same order.110

For each model, Pythia provides 154 intermedi-111

ate checkpoints saved every 1,000 training steps112

(corresponds to additional ≈2M tokens seen dur-113

ing these steps), and denser early checkpoints at114

steps {1, 2, 4, 8, 16, 32, 64, 128, 256, 512}. The ex-115

act pretraining sequences seen at each checkpoint116

can be reconstructed using available scripts.117

2.3 Surprisal118

For causal LMs, surprisal, computed for a word119

wi is Surprisal(wi) = − log p(wi | w<i)
2. In120

our experiment, we measure word-level surprisal121

for metaphoric target word(s) in their sentence-122

level context by running an independent, teacher-123

forced forward pass per sentence and recording124

the target word surprisal. To map token prob-125

abilities to a target word, we locate the word’s126

1The Pile (Gao et al., 2020)
2We use log of base e for all log computations in our study.

character offsets in the sentence and sum token- 127

level surprisals over the minimal token span in the 128

sequence’s tokenisation that covers these offsets. 129

We additionally apply word-probability corrections 130

for leading-whitespace / BOW-style tokenisation 131

confounds (Pimentel and Meister, 2024; Oh and 132

Schuler, 2024), and we prepend a BOS token so 133

surprisal is defined even when the target is the first 134

word in a sentence. 135

2.4 Word Frequency 136

We compute the negative log frequency of each 137

target metaphoric word using two complementary 138

estimates. 139

Negative Log Frequency in General Lan- 140

guage Use: We compute the negative log fre- 141

quency of each target metaphoric word using the 142

Python library wordfreq3, which provides corpus- 143

independent frequency estimates aggregated from 144

multiple large-scale sources, rather than deriving 145

counts from a single corpus. We treat this as an 146

estimate of word frequency for an “average English 147

speaker”, and hereafter denote it as NLF-Human. 148

Negative Log Frequency in Pythia’s Pretrain- 149

ing Data: For each target metaphoric word, we 150

tokenise its sentence using Pythia’s tokeniser and, 151

at each checkpoint, count occurrences of the target 152

word’s subtoken sequence in the pretraining tokens 153

seen up to that checkpoint. We treat the negative 154

log of these frequencies as a checkpoint-specific 155

estimate of word frequency, and hereafter denote it 156

as NLF-LM. 157

2.5 Experiment 158

We compute surprisal using all 8 Pythia model 159

sizes and at each of the 154 checkpoints of the 160

Pythia-70M variant. We likewise compute NLF- 161

LM at each of these checkpoints, and NLF-Human 162

(once) per metaphoric word. We quantify surprisal– 163

novelty and NLF–novelty associations using Pear- 164

son’s and Spearman’s correlation coefficients, and 165

we report the Area Under the ROC Curve (AUC) 166

as an estimate of discriminating novel metaphors. 167

Surprisal–NLF associations are estimated using 168

Spearman’s correlation. 169

3 Results 170

Detailed numerical results are provided in Ap- 171

pendix B. Figures 1–4 visually illustrate these re- 172

sults across model sizes and checkpoints. 173

3https://pypi.org/project/wordfreq/
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3.1 Associations with Metaphor Novelty174

Model Scale: Figure 1 shows surprisal–novelty175

and NLF–novelty association across Pythia model176

sizes. Here, NLF-LM is computed at the final177

checkpoint (300B tokens), and is therefore iden-178

tical across sizes. Overall, NLF has a clearly179

stronger association with novelty than surprisal,180

with NLF-Human yielding slightly higher esti-181

mates (ρ = .66, r = .66, AUC = .90) than NLF-182

LM (ρ = .63, r = .60, AUC = .90). We also183

observe a consistent negative effect of model scale184

on the surprisal–novelty association.185

Pretraining Progress: Figure 2 reports associa-186

tions across the 154 checkpoints of Pythia-70M,187

with NLF-LM computed separately at each check-188

point. The NLF-LM–novelty association is es-189

sentially constant across checkpoints, except for190

a small deviation at the earliest steps (1–4). In191

contrast, the surprisal–novelty association is very192

weak in the first checkpoints, then rises sharply af-193

ter 64 training steps (134M tokens), and peaks after194

128 steps (268M tokens), where it approaches the195

NLF estimates (ρ = .62, AUC = .90). After this196

peak, the surprisal–novelty association converges197

to (ρ = .45, AUC = .83). Yet, it never reaches the198

same association strength as NLF.199

3.2 Correlations between Surprisal and NLF200

Model Scale: Figure 3 reports NLF–surprisal201

Spearman correlations across Pythia model sizes.202

Here, both NLF-Human and NLF-LM are fixed203

across sizes, while surprisal changes. Across sizes,204

surprisal shows moderate correlations with both205

NLF estimates (ρ ∈ [.40, .61]). Correlations de-206

crease with model size, mirroring the negative scale207

effect observed for associations with novelty (Fig-208

ure 1), suggesting that larger models’ surprisal209

diverges from NLF. Overall, surprisal correlates210

slightly more with NLF-LM (max ρ = .61) than211

with NLF-Human (max ρ = .57).212

Pretraining Progress: Figure 4 shows NLF–213

surprisal correlations across the 154 checkpoints214

of Pythia-70M. Here, NLF-Human is fixed, while215

NLF-LM and surprisal vary with checkpoint. The216

correlation pattern closely matches the trends in217

Figure 2: correlations are weak at the earliest check-218

points, rise sharply after 64 training steps (134M219

tokens), and peak after 128 steps (268M tokens),220

reaching ρ = .95 with NLF-LM and ρ = .89 with221

NLF-Human. Correlations then gradually converge222

over subsequent checkpoints.223

4 Discussion and Conclusion 224

Word Frequency: Our results agree with previous 225

work (Do Dinh et al., 2018; Reimann and Schef- 226

fler, 2024) showing that word frequency (NLF) is 227

strongly associated with metaphor novelty scores, 228

and these associations are substantially stronger 229

than those obtained from surprisal–novelty for 230

any LM variant. Notably, frequency correlates 231

more strongly with novelty than it does with sur- 232

prisal itself. We further observe that NLF-Human 233

aligns slightly more with novelty (human-based) 234

than NLF-LM, whereas NLF-LM aligns slightly 235

more with surprisal (LM-based) than NLF-Human. 236

Overall, however, differences between the two fre- 237

quency estimates are small and do not change over- 238

all trends, suggesting that estimating frequencies 239

from relatively small amounts of data is enough (at 240

least for our task) when large-scale estimations are 241

expensive. 242

Inverse Scale Effect: The surprisal–novelty as- 243

sociation decreases with model size, replicating 244

prior results on the same dataset across other model 245

families (GPT-2, Llama 3, Qwen 2.5) (Momen 246

et al., 2026), and on datasets of reading time (Oh 247

and Schuler, 2023b). We additionally show that the 248

same negative scaling trend holds for correlations 249

between surprisal and word frequency: as model 250

size increases, surprisal becomes less aligned with 251

frequency. 252

Pretraining Amount: The strongest associa- 253

tion occurs early—after 128 pretraining updates 254

for Pythia-70M (≈268M tokens seen)—and addi- 255

tional training weakens this association. A quali- 256

tatively similar non-monotonic effect has been re- 257

ported for reading times: surprisal predicts reading 258

time best at an intermediate pretraining amount 259

(about 2B tokens), after which further pretrain- 260

ing reduces predictive power (Oh and Schuler, 261

2023a). The close similarity between the check- 262

point trends for surprisal–novelty (Figure 2) and 263

surprisal–frequency (Figure 4) highlights the extent 264

to which word frequency can confound surprisal- 265

based analyses of linguistic and psycholinguistic 266

targets. 267

Surprisal: Surprisal achieves its strongest as- 268

sociation with metaphor novelty when computed 269

from the smallest model (70M) and at relatively 270

early training (128 steps; ≈268M tokens). How- 271

ever, these are also the settings in which surprisal 272

is most closely aligned with word frequency. We 273

therefore caution against treating these “best” as- 274
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Figure 1: Effect of model size on associations between metaphor novelty scores and Surprisal (solid); Negative Log Word
Frequency in general language use (NLF-Human) (dash); and Negative Log Word Frequency in Pythia’s pretraining data
(NLF-LM) (dots). Blue lines track Spearman correlation, and red lines track AUC to detect novel metaphors (score ≥ 0.5).
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Figure 2: Effect of pretraining data/steps for Pythia-70M on associations between metaphor novelty scores and Surprisal (solid);
Negative Log Word Frequency in general language use (NLF-Human) (dash); and Negative Log Word Frequency in Pythia’s
pretraining data (NLF-LM) (dots). Blue lines track Spearman correlation, and red lines track AUC.
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Figure 3: Effect of model sizes on correlation between Sur-
prisal and NLF-Human (dash); and NLF-LM (dots).
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Figure 4: Effect of pretraining data/steps of Pythia-70M on
surprisal–NLF correlations.

sociation values as direct evidence for surprisal-as- 275

predictability accounts of metaphor novelty (and 276

processing difficulty in general): in these settings, 277

surprisal may primarily reflect lexical frequency, 278

and possibly more than contextual predictability. 279

At the same time, our findings should not be inter- 280

preted as implying that larger models or extensive 281

pretraining produce intrinsically poor estimates of 282

predictability. Rather, they motivate further efforts 283

to develop more accurate novelty annotations that 284

reflect true theories of the novelty dimension in cre- 285

ativity (and potentially processing difficulty more 286

broadly) and to clarify how these constructs relate 287

to surprisal-based accounts. 288

Conclusion: We analysed the associations be- 289

tween metaphor novelty scores, surprisal and word 290

frequency across different model sizes and pretrain- 291

ing stages. The results mainly caution against inter- 292

preting strong surprisal–novelty results from small 293

or early-trained models as straightforward evidence 294

for surprisal-as-predictability accounts of metaphor 295

novelty. Our resources will be publicly available.4 296

4Data and code: https://tinyurl.com/57av85ac
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Limitations297

Due to computational constraints, we do not298

compute surprisal for intermediate checkpoints299

of the larger Pythia models, and we restrict the300

checkpoint-level analysis to the smallest variant301

(Pythia-70M). Although this choice is consistent302

with our model-scale findings (smaller models303

yield stronger associations), evaluating interme-304

diate checkpoints for larger models remains nec-305

essary to verify whether the observed training-306

dynamics trends hold across model sizes.307
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A Dataset Statistics421

In Table 1, we demonstrate the statistics of the422

dataset used in our experiment.423

B Numerical Results424

Detailed numerical results of our study are listed in425

Tables 2, 3, 4 and 5.426
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Genre # Metaphors Lsent Novelty Score # Novel
mean | std. mean | std. >= 0.5

Fiction 3170 26.0 | 16.5 -.005 | .271 94
News 4712 29.9 | 14.2 .000 | .257 132
Academic 5499 34.9 | 16.0 .003 | .239 102
Conversation 1774 17.5 | 15.9 -.000 | .236 25

All 15155 29.4 | 16.5 .000 | .251 353

Table 1: Distributions and statistics of the dataset under study. # Met. is the number of metaphor words, Scorenov is the BWS
novelty scores, # Nov. is the number of novel metaphors (Scorenov >= 0.5). Lsent is the length of sentences in words.

Model Pearson (r) Spearman (ρ) AUC

NLF-Human .656 .664 .904

NLF-LM .599 .633 .899

Pythia-70M .448 .453 .832
Pythia-160M .426 .425 .833
Pythia-410M .382 .374 .792
Pythia-1B .371 .359 .782
Pythia-1.4B .357 .344 .771
Pythia-2.8B .351 .336 .766
Pythia-6.9B .338 .322 .758
Pythia-12B .330 .312 .752

Table 2: Spearman Correlation and AUC estimates between
Metaphor Novelty Scores and Surprisal; Negative Log
Word Frequency in general language use (NLF-Human);
and Negative Log Word Frequency in Pythia’s pretraining
data (NLF-LM) across different model sizes. All reported
estimates are significant at the 0.001 level.

Model NLF-Human (ρ) NLF-LM (ρ)

Pythia-70M .572 .606
Pythia-160M .533 .573
Pythia-410M .467 .507
Pythia-1B .449 .489
Pythia-1.4B .434 .474
Pythia-2.8B .421 .462
Pythia-6.9B .404 .445
Pythia-12B .396 .438

Table 3: Spearman Correlation estimates between Surprisal
and Negative Log Word Frequency in general language
use (NLF-Human); and Negative Log Word Frequency in
Pythia’s pretraining data (NLF-LM) across different model
sizes. All reported estimates are significant at the 0.001 level.
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# Steps # Pretraining Tokens Surprisal NLF-LM

ρ AUC ρ AUC

1 2M .221 .799 .626 .891
2 4M .221 .799 .631 .894
4 8M .221 .799 .631 .896
8 17M .224 .800 .631 .897
16 34M .226 .799 .631 .898
32 67M .250 .804 .632 .898
64 134M .435 .858 .632 .899
128 268M .618 .895 .632 .899
256 537M .574 .893 .633 .899
512 1B .554 .888 .633 .899
1,000 2B .524 .873 .633 .899
2,000 4B .473 .849 .633 .899
3,000 6B .475 .846 .633 .899
4,000 8B .458 .842 .633 .899
5,000 10B .458 .842 .633 .899
6,000 13B .459 .841 .633 .899
7,000 15B .457 .836 .633 .899
8,000 17B .453 .833 .633 .899
9,000 19B .451 .833 .633 .899
12,000 25B .459 .838 .633 .899
17,000 36B .448 .832 .633 .899
22,000 46B .447 .831 .633 .899
27,000 57B .446 .836 .633 .899
32,000 67B .453 .835 .633 .899
37,000 78B .446 .839 .633 .899
42,000 88B .450 .843 .633 .899
47,000 99B .445 .833 .633 .899
52,000 109B .444 .829 .633 .899
57,000 120B .443 .827 .633 .899
62,000 130B .442 .831 .633 .899
67,000 141B .446 .831 .633 .899
72,000 151B .441 .830 .633 .899
77,000 161B .447 .828 .633 .899
82,000 172B .445 .824 .633 .899
87,000 182B .440 .826 .633 .899
92,000 193B .442 .831 .633 .899
97,000 203B .443 .826 .633 .899
102,000 214B .449 .828 .633 .899
107,000 224B .448 .829 .633 .899
112,000 235B .453 .833 .633 .899
117,000 245B .447 .828 .633 .899
122,000 256B .455 .835 .633 .899
127,000 266B .451 .830 .633 .899
132,000 277B .451 .835 .633 .899
137,000 287B .448 .829 .633 .899
143,000 300B .453 .832 .633 .899

Table 4: Spearman Correlation and AUC estimates between Metaphor Novelty Scores and Surprisal; and Negative Log Word
Frequency in Pythia’s pretraining data (NLF-LM) across pretraining steps of Pythia-70M, reporting the amount of pretraining
data tokens seen at each step.
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# Steps # Pretraining Tokens NLF-Human (ρ) NLF-LM (ρ)

1 2M .286 .302
2 4M .286 .306
4 8M .286 .309
8 17M .292 .316
16 34M .305 .332
32 67M .352 .388
64 134M .623 .679
128 268M .885 .953
256 537M .792 .866
512 1B .730 .778
1,000 2B .679 .705
2,000 4B .597 .629
3,000 6B .601 .634
4,000 8B .580 .615
5,000 10B .587 .623
6,000 13B .583 .609
7,000 15B .579 .614
8,000 17B .578 .606
9,000 19B .572 .609
12,000 25B .583 .614
17,000 36B .572 .605
22,000 46B .566 .595
27,000 57B .566 .599
32,000 67B .578 .612
37,000 78B .563 .602
42,000 88B .570 .604
47,000 99B .564 .600
52,000 109B .562 .598
57,000 120B .559 .595
62,000 130B .557 .591
67,000 141B .560 .595
72,000 151B .559 .597
77,000 161B .565 .601
82,000 172B .563 .597
87,000 182B .557 .595
92,000 193B .557 .592
97,000 203B .557 .594
102,000 214B .565 .597
107,000 224B .563 .597
112,000 235B .571 .604
117,000 245B .562 .595
122,000 256B .572 .607
127,000 266B .568 .602
132,000 277B .567 .602
137,000 287B .563 .600
143,000 300B .572 .606

Table 5: Spearman Correlation estimates between Surprisal and Negative Log Word Frequency in general corpora; and
Negative Log Word Frequency in pretraining corpora across pretraining steps of Pythia-70M, reporting the amount of
pretraining data tokens seen at each step.
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