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Abstract

Recent work has shown that finetuned language
models can predict human creativity ratings
of metaphors, motivating claims that they can
comprehend creativity in non-literal language.
We question the interpretation of a previously
reported performance of finetuned GPT-2 and
RoBERTa and investigate the signals under-
lying their predictions. Using ridge regres-
sion probes, random baselines, token-order ab-
lations, and representation-evolution features,
we find that pretrained representations perform
comparably to finetuned models. Randomly
initialized models retain moderate performance
when token and positional information is pre-
served, and token shuffling does not eliminate
the predictive signal. These results suggest that
performance is supported largely by surface-
level cues, including sentence length, token
identity, and token co-occurrence. We there-
fore reproduce the original results but chal-
lenge the interpretation, highlighting the im-
portance of controlled reproducibility studies
on LM-related findings and claims from other
domains.!

1 Introduction

Language Models (LMs) have become widely used
across research domains and for a variety of pur-
poses (Laskar et al., 2024). One emerging appli-
cation is the automatic assessment of creativity.
Researchers in psychology and creativity research
are exploring computational methods that can re-
duce reliance on the labor-intensive and potentially
subjective process of obtaining human creativity
ratings. LMs have become a prominent approach
in this line of research (Goecke et al., 2024; Bunt
et al., 2025; Zarriel3 et al., 2025).

Recently, DiStefano et al. (2024) investigated
whether supervised finetuning could enable LMs
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interpreting_llms_scoring_creativity/

to predict human creativity ratings for human-
produced metaphorical sentences. Their experi-
mental setting was designed to resemble a quan-
tifiable creativity task. Participants were asked
to produce short metaphorical descriptions in re-
sponse to prompts representing everyday experi-
ences, such as a “boring class”. Independent hu-
man raters then evaluated the creativity of the re-
sulting metaphors. This dataset enabled the authors
to assess how closely automatic scoring methods
approximated human judgments. Finetuned GPT-2
and RoBERTa achieved the strongest correlations
with human ratings among the evaluated methods.
The authors interpret these findings as evidence
that finetuned LMs offer a promising alternative
to human ratings and may learn to understand and
evaluate creativity in complex, non-literal language
(Organisciak et al., 2023; DiStefano et al., 2024).
From an interpretability perspective, such find-
ings warrant further investigation. When re-
search draws conclusions about LMs’ capabilities,
performance-based evidence should generally be
complemented by analyses of LMs’ inner work-
ings and the computational signals underlying that
performance. This holds in particular for finetuned
models, where strong correlations with human rat-
ings do not by themselves reveal which properties
of the input the models use, whether they encode
generalizable aspects of creativity, or whether their
predictions depend on simpler correlates, super-
ficial cues or artifacts in the data that the model
picked up during finetuning. We therefore analyze
the finetuned models released by DiStefano et al.
(2024) using layer-wise representational analyses,
diagnostic baselines, and controlled ablation ex-
periments. We aim to characterize the signals that
support the creativity predictions by these models.
In this paper, we fit simple linear regression mod-
els on different representations extracted from the
hidden layers of finetuned and pretrained GPT-2
and RoBERTa checkpoints, and evaluate the corre-
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lations of the predictions to human ratings. Then,
we reproduce the same experiment with randomly
initialized GPT-2 and RoBERTa, as well as posi-
tional embeddings alone. Furthermore, we investi-
gate the effect of shuffling the order of input tokens
at test time. Additionally, we fit linear regressors on
hand-picked features that track the change of token
hidden representations across layers. Our results re-
veal that hidden representations of both pretrained
and finetuned LMs encode features that can predict
human creativity ratings with Pearson correlations
r in the range of 0.6-0.7. At the same time, our
additional analyses on these results suggest that the
learnt features by these finetuned and pretrained
models are mostly surface features related to the
length of the input sentence and token identities and
co-occurrences. Thereby, we reproduce DiStefano
et al. (2024)’s result that LMs finetuned to predict
creativity ratings can achieve decent correlations
with human ratings, but our additional analyses do
not support DiStefano et al. (2024)’s interpretation
that LMs are capable of “understanding” creativity
in complex language.

2 Related Work

Probing classifiers are used to predict certain prop-
erties (e.g., semantic (Yaghoobzadeh et al., 2019)
or phonetic (English et al., 2023)) based on the
internal representations of another model, in an at-
tempt to analyze the properties embedded in the
representations (Kohn, 2015; Gupta et al., 2015).
Although limited in their interpretability (Belinkov,
2022), probing classifiers can still offer interesting
insights into information retrievable from the inter-
nals of LMs. On the specific topic of metaphors,
Aghazadeh et al. (2022) train probing classifiers on
internal representations of pretrained LMs to detect
metaphors in different datasets and across multiple
languages. They find that the internal layers encode
information that enables the detection of metaphors,
with middle layers performing best. Given that not
all metaphors are creative, our work extends this
research by looking at creativity-related aspects
of metaphors, i.e., novelty/creativity scores. With
these probes producing strong results in the do-
main of abstract concepts such as creativity ratings,
the question arises whether the representations en-
code the concept or whether the classifiers merely
utilise proxy information correlated with the rat-
ings, e.g., sentence length. As classically shown
by Gururangan et al. (2018), LMs often rely on

specific, surface-level artifacts present in the data
to increase their performance.

3 Methods

In this Section, we present our experimental
methodology. We describe the dataset used in
the experiments and illustrate some examples. We
present and justify the linear regression models that
we use in our analysis, and report their technical
details. We also describe our random baselines,
hand-picked features and token-order ablation ex-
periments.

3.1 Dataset

The dataset used for this paper is provided by DiS-
tefano et al. (2024). It contains 4,589 samples of
human-created metaphors to four different prompts
(“boring class”, “gross food”, “bad movie”, “messy
room”) by 1,546 participants. Those metaphors
were evaluated by trained raters based on their per-
ceived creativity on a scale of 1 (not creative) to 5
(very creative). The ratings for each metaphor were
then averaged and z-scored. Examples are shown
in Table 1.

To ensure comparability between their results
and our approach, we use the same dataset splits
(train, test, validation and held-out), with the held-
out split exclusively containing the metaphors of
the prompt “messy room”, to test if the learned
metaphor creativity scoring transfers to unseen
prompts.

Prompt Metaphor Score
“Eating a nasty food is like
punching your tongue in the
taste buds and telling it you
hate it for working”

“Math class is like a sleep
study, the teacher observes
you as you slowly fall asleep.”
“Living in that room was like
a pig pen full of mud and flies;

it was so disgusting”

gross food 4.12

boring class 0.54

messy room -1.64

Table 1: Examples of metaphorical sentences produced
by human participants given specific prompts, together
with averaged and z-scored human ratings. We pick ex-
amples corresponding to high, medium and low scores.

3.2 Models

We conduct our analyses using the same two
LMs as DiStefano et al. (2024), GPT-2 (Radford
et al.,, 2019) and RoBERTa (Liu et al., 2019),
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specifically their approximately 125M-parameter
variants. The finetuned checkpoints released by
the original study allow us to reproduce its re-
ported results and to analyse the hidden repre-
sentations of the finetuned models. We addi-
tionally apply our methods to the corresponding
pretrained checkpoints obtained from the Hug-
ging Face Hub (openai-community/gpt2 and
FacebookAI/roberta-base).

3.3 Linear Regression Probes

To figure out whether the fairly good predictions
of creativity ratings by the finetuned models are
linearly recoverable from model-internal represen-
tations, we fit simple linear regression models on
top of those representations and evaluate the fitted
models’ predictions on test and held-out splits. Fol-
lowing Belinkov (2022), we interpret successful re-
gression performance as evidence that information
related to human creativity ratings is extractable
from the models’ hidden representations, rather
than as evidence that the models necessarily use
this information during prediction.

Deviating from the method of DiStefano et al.
(2024), we don’t prepend context (A [adjective]
metaphor for [topic] is:) to the metaphors when
embedding. Further details regarding preprocess-
ing can be found in Appendix A.4.

3.3.1 Ridge Regression

We use ridge regression, which extends ordinary
least squares with an (L9) penalty that shrinks
the regression coefficients (Hoerl and Kennard,
1970). This regularization is suitable for our 768-
dimensional LM representations, whose dimen-
sions may be highly correlated, as it reduces overfit-
ting and produces more stable coefficient estimates.
We select the regularisation strength separately for
each layer through an exhaustive search over 24
logarithmically spaced («) values between (107°)
and (10%). Each value is evaluated using shuffled
five-fold cross-validation on the training split, with
mean Pearson correlation as the selection criterion.

3.3.2 Representations and Pooling

We extract different representations from the fine-
tuned and pretrained model variants, and we test
with different pooling methods to prepare the input
features for the regression models.

Hidden embeddings We perform layer-wise
analysis on the four finetuned and pretrained model

variants. For all 13 layers of each model (1 un-
contextualized embedding layer followed by 12
hidden layers), we obtain one single embedded rep-
resentation for each metaphorical sentence. We
experiment with three different methods to com-
press a metaphorical sentence representation into
a single embedding. 1. Averaging: We aver-
age the value for each dimension over all repre-
sentations of the input content tokens. This re-
sults in 768-dimensional representations of each
metaphor. 2. Average & Standard Deviation:
We combine the average value per dimension with
the standard deviation per dimension, resulting in
1536-dimensional representations. 3. Last- / CLS-
Token: For the GPT-2 embeddings, we use the
representation of the last token per metaphor sen-
tence, while for ROBERTa we use the designated
classification token (<s>). Both techniques result
in 768-dimensional representations.

Positional embeddings Sentence length is one
of the surface features that are found to be sig-
nificantly correlated with the metaphor creativity
ratings in (DiStefano et al., 2024). And we hypoth-
esize that both the finetuned models and the fitted
regression models are utilizing such surface fea-
tures to successfully predict the human ratings. To
examine this hypothesis, we fit a linear regression
model on the encoded positional embeddings of the
metaphorical sentences to predict creativity ratings.
We apply this method to both the finetuned and
pretrained variants of GPT-2 and RoBERTa.

Random baselines To verify whether the linear
regression models are learning meaningful features
for predicting the creativity ratings, we experiment
with three random baselines for both GPT-2 and
RoBERTa. R1: Fitting regression models on hid-
den representations of the LM with randomly ini-
tialised parameters. R2: Same as R1, and addition-
ally zero-out the position encoding. R3: Same as
R2, but the actual input sequences are replaced with
randomly sampled token IDs from the vocabulary.

LLM embeddings To compare the results re-
produced from DiStefano et al. (2024)’s study
to more recent state-of-the-art LLMs, we fit
the same linear regression models to the em-
beddings of a SOTA model, namely OpenAl’s
text-embedding-3-large (OpenAl, 2025). With
an embedding dimension of 3072 and a maximum
context size of 8192 tokens, it surpasses the capa-
bilities of the smaller GPT-2 and RoBERTa models
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by far.

Evolution of embeddings across layers: To ex-
amine whether the pretrained and finetuned LMs
transform the input tokens across their layers in
a way that can predict the creativity of an input
metaphoric sentence, we experiment with fitting
linear regression models on features that track the
change of representations across layers. We test
the following five features, on their own and within
all possible combinations respectively (31 combi-
nations in total): Token drift, Sentence drift, Norm
growth, Euclidean Distance and Distance to final
representation. For descriptions of these features,
see Appendix (A.1).

3.4 Token-order Ablation

We examine whether the finetuned models and the
regression probes rely on the original token order
and, consequently, on syntactic and semantic infor-
mation. At evaluation time, we randomly permute
the input token IDs before passing each sentence
to the LM. This preserves the set of tokens and
the sequence length while disrupting the sentence’s
natural order. A substantial decrease in predic-
tion performance would indicate that the models
rely on order-sensitive information. Conversely,
performance close to that obtained on the original
sentences would suggest that the predictions can be
supported largely by order-invariant cues, such as
token identity, co-occurrence, and sequence length.

4 Results

In this Section, we report the results of fitting the
linear regression probes to different sets of LM
representations as well as the token order ablation
results. We evaluate models based on their predic-
tions of two unseen sets of metaphorical sentences:
1) a test set of 766 instances that are not seen dur-
ing training but belong to the same prompt sets
used during training, and ii) a held-out set of 759
instances that were neither seen during training nor
belong to any prompt used during training, which
tests generalizability to unseen concepts. We use
Pearson correlations between the human creativity
ratings and the predictions of either the finetuned
models or the fitted regression models. We also
remove outliers in accordance with DiStefano et al.
(2024), defined as values below or above 3 stan-
dard deviations from the mean, in both the true and
predicted ratings. An overview of the results can
be found in Table 2 and Figures 1 and 2.

Model Testr | Held-outr
Previously Reported Results DiStefano et al. (2024)

GPT-2; 0.70 0.63
RoBERTay 0.72 0.68
DSI 0.42 0.51
Word Count 0.49 0.47
Random Baselines
GPT-2-RI T 0.56 0.50
GPT-2-R2 7 0.50 0.39
GPT-2-R3* 0.08 0.06
RoBERTa-R1 ¥ 0.60 0.53
RoBERTa-R2 ¥ 0.54 0.48
RoBERTa - R3 ¥ 0.18 0.11

Regression on OpenAI’s Embeddings
Text-embedding-3-large ‘ 0.72 0.62
Regression on Hidden Representations

GPT-2¢ (Layer 11) 0.69 0.58
RoBERTag (Layer 10) 0.72 0.63
GPT-2,; (Layer 6) 0.69 0.64
RoBERTa,; (Layer 8) 0.71 0.64
Regression on Positional Embeddings
GPT-2 0.53 0.51
RoBERTa; 0.53 0.51
Token Order Ablation
GPT-2¢ 0.63 0.57
RoBERTag; 0.55 0.45
GPT-2,,," 0.65 0.57
RoBERTay, ' 0.63 0.55

Table 2: Pearson correlations between predicted and
human creativity ratings on the test and held-out splits.
Layer and pooling selection based on test-r. GPT-2¢
and RoBERTay; are the checkpoints finetuned on creativ-
ity ratings. GPT-2,,; and RoBERTa,,; are the pretrained
checkpoints retrieved from Hugging Face. For models
marked with a dagger’, the reported r values are aver-
aged across all layers. Layer-specific results are plotted
in Figures 1 and 2, and reported in Tables 5, 6, 7 and 8.

4.1 Baselines

We could successfully reproduce the results of the
original work by predicting the creativity ratings
using the finetuned GPT-2 checkpoint (test r =
0.7, held-out » = 0.63) and the finetuned RoBERTa
checkpoint (test » = 0.72, held-out r = 0.68), even
without contextual prefixes (s. 3.3). The difference
between test and held-out results points to incom-
plete generalization. The divergent semantic inte-
gration (DSI; Johnson et al. (2023)) is reported in
the original work to have weak-to-moderate correla-
tions with creativity ratings (test = 0.42, held-out
r = 0.51), while word count has slightly stronger
correlations (test = 0.49, held-out r = 0.47).

We observe that the fitted regression models on
representations of random baseline R1 are yield-
ing moderate positive correlations (average test r
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= 0.56 and r = 0.60 for GPT-2 and RoBERTa, re-
spectively). We infer that the regression models
are learning patterns related to sentence length (en-
coded in positional encodings) and token identities
and co-occurrences (encoded in the static input em-
beddings). Disabling the positional encoding in R2
reduces the learnable patterns in the hidden repre-
sentations (average test 7 = 0.50 and r = 0.54 for
GPT-2 and RoBERTa, respectively). Additionally,
hindering patterns related to token identities in R3
significantly reduces the learnable patterns in the
hidden representations (average test 7 = 0.08 and r
= (.18 for GPT-2 and RoBERTa,, respectively).

On the other hand, an intuitive upper-bound base-
line is OpenAlI’s output sentence embeddings. The
fitted regression model on these embeddings yields
a correlation of r = 0.72 on the test set and r = 0.62
on the held-out set (see Table 2).

4.2 Regression on LM Representations

Finetuned models In Figures 1 and 2, we plot
the test Pearson’s correlation r of fitted regression
models over average-pooled representations of the
finetuned checkpoints of GPT-2 and RoBERTa, re-
spectively. Results of average/std. pooling and
Last-/CLS token pooling are reported in Tables 5
and 6. For finetuned GPT-2, the strongest correla-
tion is obtained from the linear regression model fit
on layer 11’s pooled sentence representations (aver-
age+std.) (test r = 0.69, held-out » = 0.58). While
for finetuned ROBERTa, regression on layer 10’s
representations yields = 0.72 (test) and r = 0.63
(held-out). Overall, we see the hidden represen-
tations of the finetuned RoBERTa to be encoding
better features for predicting creativity that system-
atically improve across layers.

Pretrained models Similarly, in Figures 1 and 2,
we plot the test Pearson’s correlation r of fitted
regression models over average-pooled representa-
tions of the pretrained checkpoints of GPT-2 and
RoBERT%,, respectively. Even without any prior
information about the task, we find the hidden rep-
resentations of the pretrained GPT-2 and RoBERTa
to be encoding strong features for predicting cre-
ativity ratings. A linear regression model fit on
layer 6’s (average-pooled) sentence representations
of pretrained GPT-2 yields » = 0.69 (test) and r
= 0.64 (held-out). For pretrained RoBERTa, re-
gression on layer 8’s representations (average+std.
pooling) yields » = 0.71 (test) and r = 0.64 (held-
out). This shows that fitting regression models on

—@— Random Init Pretrained Avg Emb

—m Random Init + Zero Pos Emb —w Finetuned Avg Emb

—&— Random Init + Zero Pos Emb + Rand Static Emb  —— GPT-2 DiStefano et al. (2024)
& Token Shuffle <+ OpenAl Emb

Pearson Correlation (r)

Layer

Figure 1: Pearson r correlation of predictions of the test
set using different methods with GPT-2 as shown in the
legend. Layer O is the output of the input embedding
layer, and then 1-12 are the outputs of each transformer
layer.

hidden representations of the pretrained variants
is on par with regression on the representations
of the finetuned variants, and close to the scores
achieved by finetuning a full model’s weights as
in (DiStefano et al., 2024).

~8~ Random Init Pretrained Avg Emb.

—m- Random Init + Zero Pos Emb —- Finetuned Avg Emb

—&— Random Init + Zero Pos Emb + Rand Static Emb ~ —— RoBERTa DiStefano et al. (2024)
—@~ Token Shuffle +=:+ OpenaAl Emb

Pearson Cormelation (r)

Layer

Figure 2: Pearson r correlation of predictions of the test
set using different methods with RoBERTa as shown in
the legend. Layer O is the output of the input embedding
layer, and then 1-12 are the outputs of each transformer
layer.

Positional embeddings Fitting a linear regres-
sion model on the (average-pooled) positional en-
coding of GPT-2 or RoBERTa (768 dimensions)
yields a correlation of » = 0.53 on the test set,
and r = 0.51 on the held-out set (see Table 2
and 4). We also see that the fitted regression on
layer O (positional encoding + static token
embedding) in each of the 4 model variants yields
r =~ 0.65 on the test set (see Figures 1 and 2).
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GPT-2 RoBERTa

Feature |d| PT FT PT FT
1. Token Drift 36 0.56 0.57 0.54 0.57
2. Sentence Drift 12 0.55 0.57 045 0.57
3. Norm Growth 12 0.54 0.55 0.51 0.55
4. Euclidean Distance 12 0.55 0.53 0.48 0.53
5. Distance to Final 12 0.53 0.48 0.49 0.48

1,3-5 1-5 1-5 14
0.58 0.63 0.59 0.68

Best combination -
Correlation -

Table 3: Pearson correlations obtained using 5 embed-
ding evolution features and their best-performing combi-
nations. |d| denotes the feature dimensionality. PT and
FT denote pretrained and finetuned models, respectively.
Numbers in the best-combination row refer to the fea-
ture indices listed in the first column. Best combinations
picked based on test-r.

This result suggests that encoded sentence length
information in the hidden representation has a sub-
stantial contribution to the prediction of creativity
ratings and that, similarly, the static non-contextual
information about tokens can yield on-par results
with fully contextualised embeddings. Naturally,
the positional encoding and the static token encod-
ing are incorporated in the subsequent hidden and
output token representations.

Evolution of representations In Table 3, we re-
port the results of fitting regression models on hand-
picked features that track changes in layer repre-
sentations of pretrained and finetuned checkpoints
of GPT-2 and RoBERTa (detailed results are shown
in Table 5). We find that all the individual features
yield moderate positive correlations with small dif-
ferences among each other. We also observe that
the best correlations are achieved from the fine-
tuned checkpoints in the case of using a combi-
nation of 4-5 features together. Fitting a linear
regression model over 4 features (72 dimensions)
obtained from the hidden representations of fine-
tuned RoBERTa yields a correlation of » = 0.68 on
the test set and = 0.64 on the heldout set. The
transformations of the inputs across the layers of
the LMs (especially the finetuned variants) alone,
therefore, seem to produce enough information to
meaningfully predict the creativity ratings of the
metaphors.

4.3 Token-Order Ablation

As shown in Table 2 and 7, with the shuffled inputs,
the finetuned GPT-2 model achieves correlations of
r =0.63 (test) and r = 0.57 (held-out), compared
with » = 0.70 (test) and r = 0.63 (held-out) for
the original inputs. Finetuned RoBERTa shows a
larger decrease, from r = 0.72 (test) and r = 0.68
(held-out) to r = 0.55 (test) and r = 0.45 (held-out).
For the pretrained models, we keep the regression
probes trained on the layers’ hidden representa-
tions of the original, correctly ordered sentences
fixed and apply them to representations extracted
from the shuffled inputs. Predictive performance
remains substantial across all layers, where GPT-2
achieves (on average across layers) 7 = 0.65 and
r = 0.57 on the test and held-out sets, respectively,
while RoBERTa achieves 7 = 0.63 and » = 0.55.
Overall, shuffling reduces performance but does
not destroy the predictive signal in the finetuned
models’ weights and the pretrained models’ hidden
representations. Generally, GPT-2 is consistently
less affected than RoOBERTa, suggesting that its pre-
dictions rely more strongly on order-invariant cues,
such as token identity and sequence length.

5 Discussion

Our results show the possibility of obtaining cre-
ativity score predictions with significant moderate-
to-strong correlations from training simple linear
regressors on sentence representations from hid-
den layers of GPT-2 and RoBERTa, without the
need for extensive fine-tuning. Coming very close
to the results obtained by task-specific fine-tuning
of the whole models, we find that the information
enabling creativity score prediction is decodable
from the hidden representations of the pretrained
models.

Our promising probing classification results on
models’ hidden representation could suggest that
even pretrained LMs learn to encode aspects of
creativity in language use, without being finetuned
for this complex task. However, our additional
analyses point towards a very different explanation.
Through our random baselines and token order ab-
lation experiments, we find that surface feature en-
codings like sentence length (encoded in positional
embeddings and possibly leaked in other ways)
and token identities and co-occurrences (even with
random but fixed static embeddings) are contribut-
ing strongly to the predictions. This is consistent
with (Sanchez-Bayona and Agerri, 2025), who ob-

1189



tain similar findings. On the basis of the discussed
findings through our ablations, we argue that it is
very likely that the human-generated sentences and
rating data used for (DiStefano et al., 2024) con-
tain artefacts and surface cues like sentence length
that are easily picked up by any embedding or LM
model. This speaks against strong claims from
domains like psychology and creativity research
about LMs, specifically that they are able to model
creativity scoring by “understanding” complex fig-
urative language.

Finally, we find fine-tuning to be useful in re-
structuring the hidden representations, such that
features tracking the embedding evolution (the
change of representation across layers) encode bet-
ter information for predicting creativity ratings than
in the case of pretrained models. Our results ob-
tained through these embedding evolution experi-
ments seem to contradict our interpretation regard-
ing surface cues to a certain degree. Future work
could further investigate this contradiction.

6 Conclusion

The research presented in this paper aimed to in-
vestigate recent work on metaphor creativity score
prediction by LMs. Using regression probes, we
show that the information necessary for such pre-
diction is already encoded and recoverable in the
hidden representations of LMs, even those not fine-
tuned for the task. Through random baselines and
targeted ablation experiments, we then show that
this information mostly consists of surface-level
features, thereby supporting our initial hypothesis,
that high correlations between predicted and human
creativity ratings aren’t neccesarily a result of the
LMs “understanding” creativity in metaphorical
language.

Limitations

As stated in Section 2, probing classifiers are lim-
ited in their interpretability, and we cannot reli-
ably say on what information exactly the fine-tuned
models rely when predicting creativity scores. Al-
though we tried to isolate candidates through tar-
geted ablation experiments, a definitive analysis is
not possible.

Furthermore, the reliance on a single dataset
containing a very narrow spectrum of topics, limits
the findings. Human creativity, specifically in the
domain of metaphor production, is diverse; thus,
future work could apply the methodology outlined

in this paper to a broader array of datasets and
metaphor topics.
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A Appendix
A.1 Embeddings Evolution Features

We construct multiple different features that track
the evolution of the hidden representations across
the model layers. The results of training linear
models on those features are reported in Table 3.

1. Token-wise contextualization drift. We cal-
culate the directional change d; of each to-
ken representation h; across two consecutive
¢ layers as diz) =1—cos (hl(f_l), hy)) and
summarize its distribution across the sentence
using the mean, standard deviation, and max-
imum token drift. This method obtains 36
features as input for the regression model: 12
layer-pairs x 3 estimates.

2. Mean-pooled sentence drift. We quantify
the directional change in the mean-pooled sen-
tence representation m; between consecutive
layers ¢ as dgz) = 1 — cos (mgz_l),my)),
where larger values indicate stronger redirec-
tion of the representation by layer ¢. This
method obtains 12 features as input for the
regression model: 12 layer-pairs x 1 estimate.

3. Norm growth or contraction. We track
changes in a sentence’s representation magni-
(0)

tude ||m;||, using the log norm change g; " =

os{ o] ) — (], )

where positive and negative values indicate
growth and contraction, respectively. This
method obtains 12 features as input for the
regression model: 12 layer-pairs x 1 estimate.

4. Relative Euclidean update size. We mea-
sure the magnitude of the layer update rela-

tive to the incoming representation as TZ@) =
HAZ@ HQ/ (Hml@*l) H2 + e), thereby captur-
ing both directional and magnitude changes.
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This method obtains 12 features as input for
the regression model: 12 layer-pairs x 1 esti-
mate.

5. Convergence toward the final representa-
tion. We measure how far each intermedi-

ate mean-pooled representation remains from
0 _q_

i =

cos <m§£), mEL)) , producing a layer-wise tra-

the final-layer representation as c

jectory of convergence toward the model’s
final representation. This method obtains 12
features as input for the regression model: 12
layer-pairs x 1 estimate.

A.2 Detailed Results

The detailed results of all experiments are reported
in Table 4.

A.3 Difference between Pooling methods

Figures 3-6 illustrate the results of training lin-
ear regressors on the embeddings obtained using
the three different pooling methods: using the last
(GPT-2), respectively the CLS-token (RoBERTa),
averaging all embeddings in the input, and taking
the average together with the standard deviation.
Detailed results are also reported in Table 5 and 6.

A.4 Tokenization Details

For most of our experiments, tokenization was done
deviating from DiStefano et al. (2024), with no
padding and using truncation to a maximum length
of 256 tokens. In the case of experiments using the
RoBERTa model, the metaphors were wrapped in
the special tokens <s> and </s>. However, when us-
ing pooling methods based on the mean, those spe-
cial tokens were omitted. Further deviating from
DiStefano et al. (2024), we did not prepend a con-
textual prefix (“A [adjective] metaphor for [topic]
is:”’) to the metaphors. The token-order ablation
experiments are an exception to these tokenization
procedures. For those experiments, we padded
the input and, in the case of the finetuned mod-
els, used prefixes with the best-performing adjec-
tives as reported by DiStefano et al. (2024) (“novel”
for GPT-2, “surprising” for RoOBERTa). However,
all special tokens, padding tokens and elicitation
prompts were kept fixed in their original positions.
Only the pure metaphor tokens were isolated using
boolean masks and then shuffled.
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Test Split Held-out Split
Model Layer r 95% CI  Removed ‘ r 95% CI  Removed
Previously Reported Results DiStefano et al. (2024)
GPT-2¢ - 0.70 [0.66, 0.73] 2 0.63 [0.59, 0.67] 1
RoBERTag - 0.72  [0.69, 0.76] 1 0.68 [0.63,0.71] 1
DSI - 0.42 [0.36,0.47] 0.51 [0.46,0.56]
Word Count - 0.49 [0.43,0.54] 0.47 [0.42,0.53]
Regression on OpenAI’s Embeddings
text-embedding-3-large - [072 [0.68,0.75] 2 062 [0.57,0.66] 0
Regression on Hidden Representations
Last Token 12 0.66 [0.62,0.70] 3 0.61 [0.56, 0.65] 0
GPT-2¢ Average 9 0.68 [0.64,0.72] 3 0.58 [0.53,0.63] 4
Average + Std 11 0.69 [0.65,0.73] 2 0.58 [0.53,0.62] 3
CLS Token 12 0.71 [0.67,0.74] 1 0.65 [0.61, 0.69] 1
RoBERTay  Average 12 0.71 [0.67,0.74] 1 0.65 [0.61,0.69] 1
Average + Std 10 0.72 [0.69, 0.75] 1 0.63 [0.59, 0.67] 1
Last Token 9 0.61 [0.56, 0.64] 2 0.63 [0.58,0.67] 4
GPT-2 Average 6 0.69 [0.65, 0.72] 1 0.64 [0.59, 0.68] 2
Average + Std 6 0.69 [0.65,0.73] 1 0.62 [0.57,0.66] 1
CLS Token 7 0.68 [0.64, 0.72] 3 0.62 [0.57,0.66] 2
RoBERTa,; Average 8 0.70 [0.67,0.74] 1 0.64 [0.60, 0.68] 1
Average + Std 8 0.71 [0.67,0.74] 1 0.64 [0.60, 0.68] 1
Regression on Positional Embeddings
GPT-2 - 0.53 [0.47,0.58] 1 0.51 [0.45,0.56] 0
RoBERTa - 0.53 [0.47,0.58] 1 0.51 [0.45,0.56] 1
Regression on Embeddings Evolution
1. Token Drift - 0.56 [0.51,0.61] 3 0.47 [0.42,0.53] 8
2. Sentence Drift - 0.55 [0.50, 0.60] 1 0.49 [0.44,0.55] 2
GPT-2 3. Norm Growth - 0.54 [0.49, 0.59] 2 0.51 [0.46, 0.56] 1
pt 4. Euclidean Distance - 0.55 [0.50, 0.60] 3 0.52 [0.46, 0.57] 1
5. Distance to Final Layer - 0.53 [0.48, 0.58] 1 0.50 [0.44,0.55] 0
Best Combination - 0.58 [0.54,0.63] 4 0.51 [0.45,0.56] 1
1. Token Drift - 0.54 [0.49, 0.59] 3 0.52 [0.47,0.57] 2
2. Sentence Drift - 0.45 [0.39,0.51] 5 0.36 [0.30,0.42] 9
RoBERTa 3. Norm Growth - 0.51 [0.46, 0.56] 2 0.45 [0.39,0.51] 8
Pt 4. Euclidean Distance - 0.48 [0.42,0.53] 6 0.38 [0.31, 0.44] 11
5. Distance to Final Layer - 0.49 1[0.43,0.54] 3 0.40 1[0.33,0.45] 3
Best Combination - 0.59 [0.54, 0.63] 1 0.53 [0.47,0.57] 5
Token Order Ablation for Finetuned and Pretrained models
GPT-2¢ - 0.63 [0.58,0.67] 1 0.57 [0.52,0.62] 1
RoBERTag - 0.55 [0.50, 0.60] 5 0.45 [0.39, 0.50]
GPT-2,,; (average across 12 layers) - 0.65 - - 0.57 - -
RoBERTay,; (average across 12 layers) - 0.63 - - 0.55 - -

Table 4: Pearson correlations between predicted and human creativity ratings for all employed methodologies.
Zero-based indexing for the layers. Reported layers selected based on test-7.

Last/ CLS Token

Average

Average + Std

Layer GPT-2,, GPT2;, RoBERTa, RoBERTay, GPT2,, GPTZ, RoBERTa, RoBERTay GPT2,, GPTZ;, RoBERTa RoBERTay
0 [036[051,0.61T(I) 0.6 [0.50,0.60] (1) - - 0.6410.60, 0.68T (2) 0.63 [0.59, 0.67] (3) 0.65 [0.61.0.69] (2) 0.64 [0.59, 0.68] (2) | 0.65 [0.61,0.69] (1) 0.65 [0.61, 0.69] (1) 0.67 [0.63, 0.71] (1) 0.67 [0.62. 0.70] (2)
1| 058[053,0.63](2) 056[051,0.60](3) 0.65[0.61,0.69] (1) 0.55[0.50,0.60] (6) | 0.6 [0.62,0.70] (3) 0.6 [0.62.0.70] (2) 0.67[0.63,0.71](2) 0.64[0.60, 0.68] (2) | 0.68 [0.64,0.71] (1) 0.6 [0.62,0.70] (2) 0.68 [0.64,0.72] (1) 0.68 [0.64, 0.72] (1)
2| 059[054,0631(2) 0.58[053,062](1) 0.66[0.62,0.70] (1) 0.52[0.47,0.571(7) | 0.68 [0.64,0.711(3) 0.67[0.63,0.71] (1) 0.67[0.63,0.70] (1) 0.65[0.60,0.69] (1) | 0.68 [0.65,0.72] (1) 0.67 [0.63,0.711 (1) 0.68[0.63,0.711(1) 0.67 [0.63,0.71] (1)
3| 0.60[0.55,064] (1) 0.59[0.54,064] (3) 0.6 [0.62,0.70] (1) 0.47 [0.42, 0.53] (6) | 0.68 [0.64,0.72] (3) 0.68 [0.64,0.71] (2) 0.69 [0.65,0.72] (1) 0.67 [0.63,0.70] (1) | 0.69 [0.65,0.72] (1) 0.67 [0.63,0.71] (2) 0.69 [0.65,0.73] (1) 0.69 [0.65, 0.73] (1)
4] 060(0.550.64] (2) 061[0.56,0.65] (1) 0.67[0.62,0.70] (1) 0.45[0.39,0.51] (7) | 0.68 [0.64,0.72] (1) 0.66[0.62,0.70] (3) 0.69 [0.66,0.73] (1) 0.67[0.62,0.70] (1) | 0.68 [0.64,0.72] (1) 0.66 [0.62,0.70] 2) 0.70[0.66,0.73] (1) 0.68 [0.65.0.72] (1)
50600550641 (1) 0.61[0.56,0.65] (1) 0.68[0.64,0.72](2) 0.56[0.50,0.60] (3) | 0.68[0.64,0.72] (1) 0.67[0.63,0.70] 2) 0.70[0.66,0.73] (1) 0.67[0.63,0.711 (1) | 0.69[0.65,0.72] (1) 0.68[0.64,0.72](2) 0.70[0.66,0.74] (1) 0.70[0.66,0.73] ()
6 | 061[0.56,0.65](2) 0.60[0.56,0.65] (1) 0.67[0.63,0.71](3) 0.54[0.49,0.59](6) | 0.69[0.65,0.72] (1) 0.67[0.63,0.71](2) 0.70[0.66,0.74] (1) 0.69 [0.65,0.72] (1) | 0.69 [0.65,0.73] (1) 0.69[0.65,0.72](2) 0.70[0.67,0.74] (1) 0.71[0.67,0.74] (1)
7] 061056,0.651(3) 0.630.58,0.67](1) 0.68[0.64,0.72](3) 0.59[0.54,0.63](8) | 0.68[0.64,0.72] (1) 0.67[0.63,0.711(3) 0.70[0.66,0.73] (1) 0.70[0.66,0.74] (1) | 0.69[0.65,0.72] (1) 0.68[0.64,0.72](3) 0.70[0.67,0.74] (1) 0.71[0.68,0.75] (1)
8 | 061[0.56,0.65(2) 0.64[0.59,0.68] (1) 0.67[0.63,0.71](4) 0.60[0.55 0.64](7) | 0.69[0.65,0.72] (1) 0.68[0.64,0.71]1(3) 0.70[0.67,0.74] (1) 0.69 [0.63,0.73] (1) | 0.69 [0.65,0.72] (1) 0.69 [0.65,0.72] (2) 0.71[0.67,0.74] (1) 0.71 [0.68, 0.75] (1)
9 | 061[057,0.651(2) 0.64[0.60,0.68] (1) 0.67[0.63,0.71](4) 0.67[0.63,0.71](4) | 0.68[0.64,0.72] (1) 0.68[0.64,0.72](3) 0.70[0.66,0.73] (1) 0.70[0.66,0.73] (2) | 0.68 [0.64,0.71] (2) 0.69[0.65,0.72](3) 0.71[0.67,0.74] (1) 0.72[0.68,0.75] (1)
10| 0.60[0.55,0.641(2) 0.65[0.61,0.691(2) 0.67[0.62,0.701 (1) 0.69 [0.66,0.73]1 (1) | 0.67 [0.63,0.711(3) 0.68 [0.64,0.721 (4) 0.70[0.66,0.731 (1) 0.70 0.6, 0.73] (2) | 0.68 [0.64,0.72] (2) 0.69 [0.65,0.721 (3) 0.71[0.67,0.741 (1) 0.72[0.69,0.75] (1)
11| 0.61[0.56,065] (1) 0.66[0.62,0.70] (3) 0.61[0.56,065] (5) 0.70[0.66,0.73] (2) | 0.68 [0.63,0.71] (3) 0.68 [0.64,0.71] (4) 0.70[0.66,0.73] (1) 0.70 [0.66, 0.73] (1) | 0.68 [0.64,0.72] (2) 0.69 [0.65,0.73] (2) 0.71[0.67,0.74] (1) 0.72[0.68,0.75] (2)
12 [ 057[052,061](2) 0.66[0.62.0.70] (3) 0.64[0.60,0.68] (4) 0.71[0.67,0.74] (1) | 0.66[0.62,0.70] 2) 0.67 [0.63,0.70] (5) 0.68 [0.64,0.72](2) 0.71[0.67,0.74] (1) | 0.67[0.63, 0.71] (1) 0.69 [0.65,0.72] (3) 0.70[0.66,0.73] (2) 0.72[0.68, 0.75] (1)

Table 5: Pearson correlations (r) for the test split across all layers (0-12) utilizing different pooling methods and
models, together with the 95% CI. Numbers in parenthesis indicate count of removed test items.
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Last/ CLS Token
GPTZ;, RoBERTa,

0.53 [0.47, 0.58] (0) =
055 [0.50, 0.60] (0)  0.60 [0.55,0.64] (4)
0.57[0.52,0.621 (0)  0.58 [0.53,0.63] (3)
) 0.59(0.54,0.63] (4)
0.610.56,0.65] (5)
0.590.54,0.63] (1)
0.61[0.56,0.65] (3)
0.62[0.57,0.66] (2)
0.62[0.58,0.67] (1)
0.61(0.56,0.65] (2)
0.61 [0.57,0.66] (5)
0.54[0.48,0.58] (2)
0.63[0.59,0.671 (3)

Average
GPT2, RoBERTa,,

059 [0.54, 0.64] (3) 0.38 [0.53, 0.63] (3)
058[0.53,0.63] (1) 0.60[0.55,0.64] (1)
0.61[0.56,0.65] (1) 0.59 [0.54,0.63] (1)
0.61[057,0.66] (1) 0.63[0.58,0.67] (1)
059[0.55,0.64] (1) 0.62 [0.58, 0.67] (1)
0.60[0.56,0.65] (2)  0.64[0.60,0.68] (1)
0.61[0.57,0.66] (1) 0.64 [0.60, 0.68] (1)
0.61[0.56,0.65] (1) 0.65[0.61,0.69] (1)
059[0.54,0.63] (3)  0.64 [0.60, 0.68] (1)
0580.53,0.63] (4)  0.63[0.59,067] (2)
057052, 0.62] (5)  0.63 [0.58,0.67] (2)
0.55[0.50, 0.60] (4)  0.64 [0.60, 0.68] (3)
0.5 [0.50,0.601 (5) 062 [0.58, 0.66] (3)

Average + Std

RoBERTa
0.60 [0.55, 0.64] (2)
0.60[0.56, 0.65] (1)
059 [0.55, 0.64] (1)
0.63[0.58, 0.67] (1)

Layer GPT2,,
0 | 053 [0.47,0.58] (0)
1| 0.56[051,060] (1)
2| 0.59[0.54,0.63] (1)
3| 0591055064 (1)
4| 059[054,0.63] (1)
5] 060[0.55,0.64] (3)
6
7
8

RoBERTay, GPT2,,

0.59 [0.55, 0.641 (2)
0.60[0.56,0.65] (2)
0.62[0.57, 0.66] (1)
0.62[0.57,0.66] (2)
0.64[0.59, 0.68] (1)
0.63[0.58,0.67] (2)
0.64[0.59, 0.68] (2)
0.64[0.59, 0.68] (2)
0,65 [0.61,0.69] (2)
0.65[0.61,0.69] (2)
0.64[0.60, 0.68] (3)
0.640.60, 0.68] (2)
0.64[0.60, 0.68] (3)

RoBERTay
0.57[0.52, 0,611 (1)
0.59[0.54,0.64] (3)
0.60 [0.55,0.64] (1)
0.62[0.57,0.66] (1)
0.61[0.56,0.65] (1)
0.63[0.59,0.67] (0)
0,63 [0.61,0.69] (0)
0.65[0.61,0.69] (1)
0.64[0.60, 0.68] (1)
0.640.60, 0.68] (1)
0.63[0.59, 0.68] (1)
0.640.60, 0.68] (1)
065 [0.61,0.69] (1)

GPT2,,
0.62 [0.58, 0.66] (1)
0.580.53,0.63] (2)
0.58[0.53, 0.63] (1)
0.60[0.56,0.65] (1)
0.61[0.56,0.65] (1)
0.61[0.56,0.65] (1)
0.62[0.57, 0.66] (1)
0.630.58,0.67] (2)
0.63[0.59, 0.68] (4)
063059, 0.67] (2)
0.64[0.60, 0.68] (4)
0.63[0.58,0.67] (2)
064059, 0.68] (3)

GPT2;
0.62 [0.58, 0.671 (1)
0.58[0.53,0.62] (0)
0.59 [0.54,0.64] (1)
0.611(0.57,0.66] (1)

RoBERTay,
059 [0.54, 0.63] ()
0.600.56,0.65] (1)
0,60 [0.55, 0.64] (1)
0.62[0.58,0.67] (0)
0.60 [0.56, 0.65] (1)
0.630.58,0.67] (0)
0.63 [0.58, 0.67] (1)
0,65 [0.60, 0.69] (1)
0,65 [0.60, 0.69] (1)
0.64[0.60, 0.68] (1)
0.63[0.59, 0.67] (1)
0.64[0.60, 0.68] (1)
065 [0.61,0.69] (1)

0.49[0.44, 0.54] (3)
0.4 [0.38, 0.49] (7)
042036, 0.48] (4)
0.40 [0.34, 0.46] (4)
052047, 0.57] (7)
051 [0.45, 0.56] (6)
053 [0.48, 0.58] (12)
054 [0.49, 0.59] (7)
0.61 (057, 0.66] (3)
0.63[0.59, 0.67] (1)
0.63[0.59, 0.67] (1)
0.65 [0.61, 0.69] (1)

0.64[0.59, 0.68] (1)
0.64[0.60, 0.68] (1)
0.64[0.60, 0.68] (1)
0.64[0.60, 0.68] (1)
0.64[0.59, 0.68] (1)
0.66[0.61,0.70] (2)
063 [0.59, 0.67] (2)

0.62[0.57, 0.66] (2)
0.64[0.59, 0.68] (3)
0.64[0.60, 0.68] (3)
9 | 063[0.58,067] (4)
10| 0.63[0.59,0.67] (4)
11| 0.62[0.57. 0.66] (5)
12 ] 0.59[0.54,0.64] (2)

,0.66] (0)
58, 0.66] (0)
0.61[0.57, 0.65] (0)
0.62[0.57, 0.66] (0)
0.62[0.57, 0.66] (0)
0.62[0.57, 0.66] (0)
0.61[0.56, 0.65] (0)

0.611(0.57,0.66] (1)
0.601[0.55,0.64] (1)
0.611(0.56,0.65] (3)
0.59[0.54,0.63] (3)
0.580.53,0.62] (3)
0.58 [0.53,0.62] (1)

Table 6: Pearson correlations () for the held-out split across all layers (0-12) utilizing different pooling methods
and models, together with the 95% CI. Numbers in parenthesis indicate count of removed test items.

Random Basel Token Order Ablation
R1 R2 R3
Layer GPT-2 RoBERTa GPT-2 RoBERTa GPT-2 RoBERTa GPT-2 RoBERTa
0 0.62[0.58,0.66] (3)  0.62 [0.57, 0.66] (2) | 0.55[0.50, 0.60] (3) 0.55[0.50, 0.60] (3) | 0.02 [-0.05,0.10] (8) -0.01 [-0.08, 0.07] (10) | 0.63 [0.59, 0.68] (2) 0.65 [0.61, 0.69] (2)
1| 057[0.52,0.62] (2) 0.62[0.57,0.66] (2) | 0.49 [0.43,0.54] (4) 0.54[0.49, 0.59] (2) | 0.01 [-0.06, 0.08] (3)  0.02 [-0.05,0.09] (3) | 0.66 [0.62,0.70] (1) 0.66 [0.62, 0.70] (1)
2 | 056[0.51,0.611(2) 0.611[0.56,0.65] (2) | 0.49 [0.44, 0.54] (4) 0.5 [0.50, 0.60] (2) | 0.12[0.05,0.19] (2)  0.04 [-0.03,0.11] (6) | 0.67 [0.63,0.71] (1) 0.66 [0.62, 0.70] (1)
3 0.56 [0.51,0.61] (1)  0.61 [0.56, 0.65] (1) | 0.50 [0.44,0.55] (2) 0.54[0.49,0.59] (2) | 0.13[0.06,0.20] (3)  0.08 [0.01,0.15] (9) | 0.67 [0.63,0.71] (1) 0.65 [0.60, 0.69] (2)
4 0.56 [0.51,0.61] (1)  0.60 [0.56, 0.65] (1) | 0.51 [0.45,0.56] (3) 0.53[0.48,0.58] (5) | 0.09 [0.01,0.16] (2)  0.11[0.04,0.18] (10) | 0.66 [0.62,0.70] (1) 0.65 [0.60, 0.69] (1)
5 0.56 [0.51,0.60] (3)  0.60 [0.56, 0.65] (1) | 0.50 [0.45,0.55] (4) 0.54[0.49,0.59] (5) | 0.10[0.03,0.171(5)  0.16 [0.09,0.23] (10) | 0.65[0.61,0.69] (1) 0.63[0.59, 0.67] (2)
6 | 0.55[0.50,0.60] (1) 0.60[0.55,0.64] (1) | 0.49 [0.44,0.55] (2) 0.55[0.49,0.59] (5) | 0.10[0.03,0.17)(3)  0.19[0.12,0.26] (8) | 0.65 [0.61,0.69] (3) 0.64 [0.59, 0.68] (2)
7 | 0.55[0.50,0.60] (1) 0.59 [0.54,0.64] (2) | 0.50 [0.44, 0.55] (3) 0.54[0.49, 0.59] (6) | 0.10[0.03,0.17](5)  0.21 [0.14,0.28] (10) | 0.65[0.61,0.69] (2) 0.62 [0.57, 0.66] (4)
8 | 0.55[0.50,0.60](2) 0.59 [0.54,0.64] (1) | 0.50 [0.44, 0.55] (3) 0.54[0.49, 0.59] (7) | 0.09[0.02,0.16](5)  0.25[0.18,0.311(9) | 0.65[0.61,0.69] (2) 0.62 [0.57, 0.66] (4)
9 0.56 [0.50, 0.60] (2)  0.59 [0.54, 0.64] (1) | 0.49 [0.44,0.54] (3) 0.54[0.49,0.59] (5) | 0.06 [-0.01,0.13] (3)  0.28 [0.21,0.34] (9) | 0.65[0.61,0.69] (1) 0.61 [0.56, 0.65] (3)
10 | 0.55[0.50,0.60] (2) 0.59 [0.54,0.63] (2) | 0.49 [0.43,0.54] (3) 0.55[0.50,0.60] (4) | 0.07 [0.00,0.14] (5)  0.30[0.23,0.36] (9) | 0.65[0.60,0.69] (2) 0.61 [0.57,0.66] (3)
11 0.56 [0.50, 0.60] (1)  0.59 [0.54, 0.63] (2) | 0.49 [0.43,0.54] (3) 0.55[0.49,0.59] (6) | 0.09 [0.01,0.16](5)  0.32[0.26,0.38] (10) | 0.63 [0.59,0.68] (3) 0.62[0.57,0.66] (4)
12| 0.55[0.50,0.60] (1) 0.59 [0.54,0.63] (2) | 0.48 [0.42,0.53] (3) 0.55[0.50,0.59] (6) | 0.12[0.05,0.19] 4)  0.32[0.26,0.39] (10) | 0.63 [0.59,0.67] (6) 0.61 [0.56, 0.65] (3)

Table 7: Pearson correlations (r) for the random baselines and the token order ablation on the test split across all
layers (0-12), together with the 95% CI. Numbers in parenthesis indicate count of removed test items.

Random Baseline

Token Order Ablation

R1

R2

R3

RoBERTa

GPT-2

RoBERTa

GPT-2

RoBERTa

GPT-2

RoBERTa

Layer GPT-2
0 0.53[0.47, 0.58] (0)
1 0.52[0.47,0.57] (0)
2 | 0.51[0.45,0.56] (2)
3 ] 0.50[0.44, 0.55] (2)
4 0.50 [0.44, 0.55] (3)
5 0.49 [0.44, 0.55] (2)
6 0.50 [0.44, 0.55] (2)
7 0.50 [0.44, 0.55] (4)
8 0.49 [0.43, 0.54] (2)
9 0.50 [0.45, 0.55] (0)
10 | 0.51[0.45,0.56] (0)
11| 0.51[0.45,0.56] (1)
12 | 0.48[0.42,0.53] (2)

0.54 [0.49, 0.59] (0)
0.54 [0.48, 0.58] (0)
0.53 [0.47, 0.58] (0)
0.53 [0.47, 0.58] (0)
0.52 [0.47, 0.57] (0)
0.52 [0.46, 0.57] (0)
0.53 [0.47, 0.58] (0)
0.53 [0.47, 0.58] (0)
0.52[0.47, 0.57] (0)
0.52 [0.47, 0.57] (0)
0.53 [0.48, 0.58] (0)
0.53 [0.48, 0.58] (0)
0.54[0.49, 0.59] (1)

0.44[0.38, 0.50] (4)
0.39[0.33, 0.45] (3)
0.38 [0.31, 0.44] (3)
0.36[0.29, 0.42] (2)
0.37[0.30, 0.43] (3)
0.37[0.31,0.43] (3)
0.38 [0.32, 0.44] (2)
0.39[0.33, 0.45] (2)
0.40 [0.34, 0.46] (2)
0.40 [0.34, 0.46] (3)
0.41 [0.34, 0.46] (3)
0.38[0.32,0.44] (2)
0.38 [0.32, 0.44] (2)

0.46 [0.40, 0.52] (6)
0.45[0.39, 0.50] (5)
0.43 [0.38, 0.49] (5)
0.45[0.39, 0.51] (4)
0.47[0.41,0.52] (3)
0.48 [0.42, 0.53] (4)
0.47 [0.42, 0.53] (2)
0.49 [0.44, 0.55] (3)
0.50 [0.45, 0.56] (4)
0.51 [0.45, 0.56] (3)
0.51 [0.46, 0.56] (3)
0.53 [0.47, 0.58] (5)
0.51 [0.46, 0.56] (3)

0.01 [-0.06, 0.08] (5)
-0.03 [-0.10, 0.04] (2)
0.04 [-0.03,0.11] (2)
0.10[0.02, 0.17] (4)
0.06 [-0.01, 0.13] (4)
0.04 [-0.03, 0.11] (5)
0.09 [0.02, 0.16] (3)
0.09 [0.01, 0.16] (3)
0.08 [0.01, 0.15] (0)
0.09 [0.02, 0.16] (1)
0.10[0.02, 0.17] (3)
0.08 [0.01,0.15] (3)
0.10[0.03,0.17] (3)

0.01 [-0.06, 0.08] (6)
-0.02 [-0.09, 0.05] (5)
-0.02 [-0.09, 0.06] (3)
0.04[-0.03,0.11] (3)
0.06 [-0.01, 0.13] (6)
0.10[0.02, 0.17] (7)
0.1 [0.04, 0.18] (9)
0.15[0.08, 0.22] (7)
0.17[0.10, 0.23] (6)
0.19 [0.12, 0.26] (6)
0.21 [0.14, 0.28] (6)
0.23 [0.16, 0.29] (6)
0.25[0.18, 0.32] (5)

0.59 [0.54, 0.63] (1)
0.57[0.52, 0.62] (3)
0.58 [0.53, 0.62] (3)
0.57[0.52, 0.62] (2)
0.56[0.51,0.61] (2)
0.55[0.50, 0.60] (4)
0.56 [0.51,0.61] (4)
0.57[0.52, 0.62] (4)
0.58 [0.53, 0.62] (4)
0.57[0.52, 0.62] (5)
0.56 [0.51, 0.60] (5)
0.54[0.49, 0.59] (5)
0.52 [0.47,0.57] (2)

0.58 [0.53, 0.62] (2)
0.57 [0.52, 0.62] (4)
0.54 [0.49, 0.59] (2)
0.56 [0.51, 0.60] (1)
0.56 [0.51,0.61] (1)
0.56 [0.51,0.61] (2)
0.54 [0.49, 0.59] (3)
0.54 [0.49, 0.59] (3)
0.55 [0.50, 0.60] (4)
0.55 [0.50, 0.60] (4)
0.53 [0.48, 0.58] (4)
0.53 [0.47, 0.58] (4)
0.52[0.47,0.57] (3)

Table 8: Pearson correlations (r) for the random baselines and token order ablation on the held-out split across all
layers (0-12), together with the 95% CI. Numbers in parenthesis indicate count of removed test items.
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