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Abstract
Previous work has examined the capacity of deep neural networks (DNNs), particularly transformers, to predict
human sentence acceptability judgments, both independently of context, and in document contexts. We consider
the effect of prior exposure to visual images (i.e., visual context) on these judgments for humans and large
language models (LLMs). Our results suggest that, in contrast to textual context, visual images appear to
have little if any impact on human acceptability ratings. However, LLMs display the compression effect seen in
previous work on human judgments in document contexts. Different sorts of LLMs are able to predict human
acceptability judgments to a high degree of accuracy, but in general, their performance is slightly better when
visual contexts are removed. Moreover, the distribution of LLM judgments varies among models, with Qwen
resembling human patterns, and others diverging from them. LLM-generated predictions on sentence acceptability
are highly correlated with their normalised log probabilities in general. However, the correlations decrease
when visual contexts are present, suggesting that a higher gap exists between the internal representations of
LLMs and their generated predictions in the presence of visual contexts. Our experimental work suggests in-
teresting points of similarity and of difference between human and LLM processing of sentences in multimodal contexts.

Keywords: sentence acceptability prediction, LLMs, visual context, multimodal effects on sentence accept-
ability

1. Introduction process, making them more conservative in their
judgment. In the discourse coherence account,
There has been a considerable amount of work  the ratings for bad sentences are raised because
on using DNNs to predict human sentence accept-  they look less bad when placed in the relevant dis-
ability judgments (Lau et al., 2017; Bernardy et al.,  course.
2018; Warstadt et al., 2019; Lau et al., 2020; Qiu In our experiments using visual contexts instead
et al., 2024). Some previous studies (Bernardy  of document contexts, we observe no such effect
etal., 2018; Lau et al., 2020) consider the effect of  for human acceptability judgments, although there
document (textual) context on human acceptability s some indication of a slight raising effect at the
judgments. We examined the impact of visual con-  |ower end, in relevant visual image contexts. We
texts on both human and LLM sentence ratings."  discuss the implications of this finding in §3.
The primary question we ask in this work is whether We selected recent text from the Internet in a
the presence and relevance of visual contexts affect variety of genres to prevent data contamination.
sentence acceptability judgments in humans and  We follow Lau et al. (2020) in performing round trip
LLMs. This question is motivated from previous  machine translation on sentences, through several
work that reports a compression effect for human  |anguages, using an older statistical MT system,
ratings in document contexts, relative to null con-  pMoses, to introduce a variety of syntactic, semantic,
texts (Bernardy et al., 2018; Lau et al., 2020). This  and lexical infelicities into the English output.
involves raising acceptability at the lower end of the We employed Prolific2 crowd sourcing to ob-
acceptability scale, and lowering them at the higher  tain native speaker human ratings on these sen-
end. Two explanations have been suggested for  tences, together with a subset of the original En-
this effect, one being due to cognitive load, and  glish sources, in the context of preceding visual
the other being due to discourse coherence effect.  images. GPT-5 generated images for the original
In the cognitive load account, acceptability ratings  English versions of the sentences in our test data.
gather around the middle because humans experi-  We looked at contexts where the images were rele-
ence cognitive load when faced with more inputto  vant to the content of the sentences, contexts where
they were irrelevant, and null contexts where no

'Code and data are available at: visual images appear. We then tested closed LLMs
https://github.com/GU-CLASP/

multimodal-sentence—acceptability

https://www.prolific.com/
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and open-source LLMs to predict the human ratings
in these contexts. Four of the seven LLMs that we
tested score well on predicting human sentence rat-
ings (0.8-0.9 for Spearman correlations). However,
in contrast to humans, two out of four of these mod-
els exhibit a clear compression effect for the visual
contexts, which closely resembles the one reported
in Lau et al. (2020) for human judgments in doc-
ument contexts (see the three regression graphs
in Figure 3). Overall, our models’ predictions are
much higher in the absence of visual contexts. We
also find varying patterns in the distribution of LLM
judgments, with only one of them, Qwen2.5-7B,
resembling the human rating clusters to a degree.

Our experiments suggest that while current LLMs
have greatly improved in their ability to identify
levels of sentence acceptability relative to earlier
DNNSs, including first generation transformers, they
process sentences in multimodal contexts differ-
ently than humans do.

2. Related Work

Prior studies employ different settings for sentence
acceptability judgment. Lau et al. (2017); Warstadt
et al. (2019); Qiu et al. (2024) use DNNs to pre-
dict human sentence acceptability ratings indepen-
dently of context. Lau et al. (2020) and Bernardy
et al. (2018) address the effect of document con-
texts on sentence acceptability judgment by both
humans and DNNs. They employ various proba-
bilistic methods to approximate acceptability judged
by DNNs, such as applying normalising score func-
tions to raw probabilities to filter out the effects of
lexical frequency and sentence length.

Different approaches have been employed in pre-
vious work for collecting sentence data. Lau et al.
(2020) and Bernardy et al. (2018) crawl natural
sentences from Wikipedia and introduce infelicities
by round-trip machine translation. Warstadt et al.
(2019) construct a test corpus (CoLA) consisting
largely of linguists’ example sentences in minimal
pairs, with ratings given by linguists.

We follow Lau et al. (2020) and Bernardy et al.
(2018) in using naturally occurring text (modulated
through round trip MT), crowd sourced non-expert
human rating, and assessment relative to context.
We focus on the impact of visual image contexts on
both human and LLM acceptability ratings. We also
consider the similarities and differences in rating
distributions between humans and models.

More recent studies have been reported that are
relevant to our approach in this work. Qiu et al.
(2024) apply GPT-3 to Lau et al. (2017)’s human
rated sentences. They show that it performs well in
predicting these ratings. But they do not address
the possibility of contamination in which GPT-3 may
have been trained on some of this data, which has
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been publicly available since 2017. To minimise
the influence from data contamination we include
sentences published online after the training dates
of the models for acceptability prediction. Further-
more, Qiu et al. (2024) only report results based on
prompting experiments. Our work provides more
robust findings following Kauf et al. (2024), who
compare prompting and logprobs for human judg-
ments of semantic plausibility. They report that
logprobs are a good predictor of these judgments.

3. Human Acceptability Judgments

We collected 75 English sentences between the
length of 25 and 40 words, from news (the
Guardian, CNN, Washington Post, Wallstreet Jour-
nal, BBC), books (Google Books) and Wikipedia.
To minimize bias from data contamination, we se-
lected sentences from 2025, with the exception of
Wikipedia, for which it is hard to extract new sen-
tences only. We subjected these original English
sentences to a round-trip translation using publicly
available Moses models (Koehn et al., 2007),® to
introduce lexical, syntactic, and semantic infelici-
ties to the sentences, following Lau et al. (2020).
We used Moses because most decoder only LLM-
based MT systems generate fluent well-formed
text. We employed three non-English languages as
the pivot language (i.e., en—cs—en, en—fr—en,
en—de—en) to create 75 x 3 round-trip translated
sentences (see Table 1 for examples). We gener-
ated images for 75 original sentences, using GPT-5
with the prompt “Generate an image that describes
or is relevant to this sentence". We inspected the
generated images and observed that the quality
was high in terms of their relevance to the original
sentence (see Table 2).# The total of 300 sentences
(75 original, 225 modified) were split into multiple
batches, so that each human participant would pro-
vide sentence acceptability ratings for 20 sentences
(5 original, 15 modified) on a scale from 1 (very un-
natural) to 4 (very natural).> The participants also
indicated how concrete/abstract they found each
sentence on a scale of 1 (very concrete) to 4 (very
abstract). The sentences were presented in three

*https://www.statmt.org/moses-release/
RELEASE-3.0/

“We acknowledge that the Al-generated images may
contain hallucinations and imperfections. However, we
opted for this approach — as opposed to using exist-
ing image captioning dataset with natural images — to
mitigate the risk of data contamination. Additionally, gen-
erating the images allowed us to ensure tight congruence
between the textual and visual modalities, so that the
text is directly relevant to the image and vice versa.

®Following Lau et al. (2017), we asked participants
to evaluate naturalness rather than acceptability, a non-
expert-friendly term.



One piece of felt, folded in the corner, will be spliced, unfurled and dangled from the

Orig ceiling like a canopy.
Book i
Mod A piece in a corner, spliced were put forward and believe that the upper ceiling as a
canopy.
Ori But the answer seems to be no: Reeves lets it be known she requests no costings on
rig y ;
N raising the three forbidden taxes.
ews
Mod But the reply does not seem: reeves suggests that it would not cost to raise the three
banned taxes.
. Inresponse, the US deployed an additional 170,000 troops during the 2007 troop
Orig ) o
Wiki surge, which helped stabilize parts of the country.
Mod In response, we deployed with further 170 000 soldiers in 2007 increase troops, which

help to stabilize parts of the country.

Table 1: Examples of sentences used in our experiment, sourced from books, news, and Wikipedia in
original form (Orig) and modified (Mod) through round-trip machine translation with Moses 3.0.

Original Sentence

Relevant Image

Irrelevant Image

One piece of felt, folded in the corner,
will be spliced, unfurled and dangled
from the ceiling like a canopy.

Table 2: An example sentence with relevant and irrelevant image as context.

different conditions (null, relevant, irrelevant). In
the null condition, participants rated each sentence
in terms of naturalness without any preceding vi-
sual context. In the relevant and irrelevant condi-
tion, participants rated each sentence after having
seen a relevant or irrelevant visual context, respec-
tively. The irrelevant images were paired with the
sentences by a simplified permutation design (e.g.,
S1-imy, Sp-img, S3-imy). To make sure that partici-
pants pay attention to the images, we asked them
to select the most foregrounded object in the image
from multiple choices, before rating the sentence.
We batched the sentences such that no participant
would see duplicate sentences or images. Each
participant only rated sentences in one of three
conditions. We added two attention check ques-
tions, where a prompt to choose a specific answer
was embedded in a usual sentence rating task. Ev-
ery sentence was rated in all three conditions (e.g.,
s1-null, sy-relevant, sq-irrelevant). We recruited 20-
25 native English-speaking participants for each
condition and batch (gender-balanced). For quality
control, we discarded data from participants who a)
failed the attention check questions, b) rated origi-
nal sentences as unnatural more than 40% of the
time, or c) selected incorrect answers to the image
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question more than 25% of the time. As a result of
such filtering criteria, 10% of the total participants
were removed from the collected data. Participants
were 45 years old on average (+ 13), with 71%
British, 15% American, and 14% English speakers
from other countries. The participants were paid
GBP 9/hour.

3.1. Results
Original Modified
N R [ N R [
mean 3.54 3.54 3.53 1.96 2.02 1.94
sd 0.76 0.75 0.77 1.05 1.08 1.01

Table 3: Descriptive statistics for human ratings on
sentence acceptability (1 - 4) in null (N), relevant
(R), and irrelevant (l) conditions.

Table 3 shows the average acceptability ratings
for original and modified sentences. The average
ratings for original sentences are higher than for
modified sentences, showing that modified sen-
tences are infelicitous, as expected. We calculated
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Figure 1: Human ratings of sentence acceptability in different conditions with regression lines generated
from total least square regression. P-value alpha: 0.017 (Bonferroni correction).
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Figure 2: Human ratings of acceptability of sentences from different genres (books, news, Wikipedia) for

null-relevant condition pair.
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Figure 3: Human ratings of sentence acceptability in different textual context. “Context = None” means
null context, “Context = Real” means relevant context and “Context = Random” means irrelevant context.

Image reproduced from Lau et al. (2020).

mean sentence acceptability scores for each sen-
tence across multiple human raters in each of the
three conditions. We ran total least square regres-
sions (TLR) for these average scores, with a pair
of conditions at a time. Since there are no depen-
dent variables serving as the ground truth between
the condition pairs, TLR is a suitable regression
analysis for this task. It accounts for errors in both
X and Y variables, by minimising orthogonal dis-
tances rather than vertical ones when fitting a re-
gression line. Figure 1 shows the average human
ratings for each sentence in different conditions.
Each data point (yellow dot) represents the aver-
age acceptability rating for a sentence. The red
line in each pane represents the total least square
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regression fit for the data points in two out of three
conditions at a time (null-relevant, null-irrelevant,
relevant-irrelevant). In (a), relative to the null condi-
tion, we observe a slight raising effectin the relevant
condition, where sentence acceptability scores in
the lower end are higher. This indicates that human
raters tend to judge a bad sentence slightly less
bad when presented with relevant visual context
prior to the judgment. We observe no such effect
for irrelevant contexts (b), with the ratings for a sen-
tence being almost identical in both conditions. The
comparison between relevant and irrelevant in (c)
confirms this, as the ratings for unnatural sentences
are higher in relevant conditions, which mirrors (a).

Our results generally do not exhibit the compres-



sion effect for humans, reported in Lau et al. (2020)
(Figure 3), where sentence acceptability ratings
on both ends were compressed, causing bad sen-
tences to be judged less bad, and good sentences
to be judged less good, when a textual context
precedes the target sentence.® In our results, we
observe a raising effect only for the lower end (bad
sentences) when relevant visual contexts are pre-
sented (see Figure 1(a)). This would seem to indi-
cate that a discourse coherence effect is operative
in visual contexts for human processing, as it works
only to (slightly) raise lower end judgments when
the preceding image renders the text more acces-
sible. On the discourse coherence account, infe-
licitous sentences look more natural when placed
within a context that makes them appear more co-
herent (see §1 for discussion regarding the cog-
nitive load and discourse coherence accounts of
compression).

Genre is also relevant. One possibility is that the
characteristics of the sentences we tested, repre-
sented by the genre (news, books, Wikipedia) pro-
duces different effects for preceding contexts on hu-
man sentence processing. We looked at the effect
of genre of sentences. Figure 2 shows the same
information about human sentence acceptability
judgment, on sentences from books, news, and
Wikipedia, respectively. For sentences sourced
from books, we observe a more uniform raising
effect, while for sentences from news we observe a
compression effect, though the magnitude is much
smaller than the one reported in Lau et al. (2020).
Visual contexts for sentences of distinct genres
may affect acceptability judgmens differently. Sen-
tences from books are rated as more abstract than
sentences from news or wikipedia (see Table 4).
Sentences from books are rated as more natural
when relevant visual contexts are presented prior
to the sentences, because images may render the
content of ill-formed sentences more accessible.
Sentences that are more concrete show a pattern
comparable to the compression effect, which was
manifest in textual contexts, but this effect is mini-
mal. We do not observe it in irrelevant visual con-
texts, unlike Lau et al. (2020), where it is apparent
in both non-null textual environments.

Another possible factor conditioning the absence
of the compression effect involves cognitive load.
According to this account, interpreting textual con-
text puts additional informational processing de-
mands on humans, forcing the acceptability ratings
to be more conservative, clustering towards the
middle range. This mechanism does not appear to
operate in the case of visual images in conjunction

8appin (2021) describes a total least square regres-
sion test which shows that the compression effect that
Lau et al. (2020) report is actual, and it cannot be reduced
to regression to the norm.
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Books News Wikipedia

1.95 1.63 1.70
1.03 0.86 0.92

mean
sd

Table 4: Mean abstractness scores reported by
human participants on original English sentences
from books, news, and Wikipedia.

with sentences. It is easier for humans to ignore
them if they find no connection between an image
and a sentence. Ignoring textual context, relevant
or irrelevant, is presumably more difficult, as it is in-
terpreted through the same processing mode. This
may explain why humans exhibit a clear compres-
sion effect only with textual contexts. As a general
note, the characteristics of visual contexts and tex-
tual contexts may differ in informational role. A
visual context can be a depiction of a sentence’s
content, while a textual context is a preceding set
of sentences that provides a prologue to the target
sentence.

The observations made in this experiment need
further reinforcement in order to reach a clear attri-
bution for the presence and absence of compres-
sion effect. We leave this to future work, where we
will directly compare the influence of a document
context and visual context for a given sentence.

4. LLM Acceptability Judgments

We conducted two types of analyses with LLMs.
First, we prompted LLMs (§4.1) to provide sentence
acceptability judgments in the identical setup as the
human experiment in §3. We then looked at the
internal representations of the open-source LLMs
by calculating normalised logprob values (§4.2),
based on token probabilities, following prior work
(Lau et al., 2020; Kauf et al., 2024). We used five
open-source models that can take image and text
as input (vision and language models) — InternVL3-
1B, InternVL3-8B (Chen et al., 2024), Qwen2.5-3B,
Qwen2.5-7B (Team, 2025), and llava-1.5-7b (Liu
et al., 2024) — and two closed models — gpt-40
& gpt-40-mini (OpenAl et al., 2024). InternVL3-
1B, InternVL3-8B, have 1B and 8B parameters, re-
spectively. Qwen2.5-3B, Qwen2.5-7B have 3B and
7B, respectively, and llava-1.5-7b has 7B parame-
ters. We also made sure to select models released
in early 2025 at the latest, to minimize the possi-
bility of data contamination, although it should be
noted that the chance of contamination is high for
sentences from Wikipedia. We did our probability-
based experiment (§4.2) on open-source models,
because closed models do not allow for the extrac-
tion of logprob values for their output. Our experi-
ments with open-source LLMs were conducted on
1 NVIDIA Tesla A40 GPU with 48GB RAM. The



experiments lasted about 30 hours in total.

4.1.

We prompted the LLMs in a zero-shot setting to
judge the naturalness of each of the 300 sentences
used in §3 (75 original sentences + 75 x 3 mod-
ified sentences), under three different conditions.
In the null condition, we presented only the sen-
tences to the LLMs. In the relevant and irrelevant
conditions, we first prompted the LLMs to see an
image and solve the same task given to the hu-
man participants in §3. We then prompted them to
judge the naturalness of the subsequent sentence
after feeding their response to the next generation
call (i.e., in the second call the input concatenates
the image attention check task and response, and
the sentence acceptability task instruction). We
did not provide any explicit instructions to connect
the image with the following sentence. We used
10 initialization seeds for each model, and we av-
eraged the sentence acceptability ratings across
the seeds. We used hyper-parameter settings of
temperature=0.7, top-p=1.0, top-k=50 for all open-
source models, and the default settings for closed
models.”

Prompting-based analysis

All N R |

gpt-40 0.87 0.89 0.87 0.88

gpt-4o-mini  0.89 0.89 0.89 0.88

LLM ratings ~  InternVL3-1B  0.32 0.66 0.26 0.16
Human ratings InternVL3-8B 0.83 0.88 0.85 0.85
Qwen2.5-3B 0.65 0.70 0.61 0.66

Qwen2.5-7B 0.78 0.84 0.75 0.76

llava-1.5-7b  0.25 0.39 0.21 0.15

Table 5: Spearman (p) correlations between aver-
age human sentence acceptability ratings (1-4) and
LLM-prompted ratings (1-4) in null (N), relevant (R)
and irrelevant (I) conditions. All correlations sig-
nificant (p<0.001). Highest correlations per row
marked in bold.

4.2. Probability-based analysis

For this analysis we used the sentence probability
as estimated by the LLMs directly (Ide et al., 2025;
Hu et al., 2024; Kauf et al., 2024). We passed the
images and sentences through the open-source
models (forward pass without generation) and ex-
tracted logits for only the input sentence in all three
conditions (null, relevant, irrelevant). We calcu-
lated the average log probabilities of a sentence,
normalised by the number of tokens (MeanLP),
by summing the log-probabilities of each token in

"We ran the experiments with varying temperatures
posthoc (0.5 to 1.0 in the increments of 0.05), and the
results maintained the same patterns.
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a sentence, conditioned on the preceding tokens
(Lau et al., 2020; Kauf et al., 2024). We considered
the MeanLP as a proxy for the LLM’s internal rep-
resentation of its sentence acceptability judgment,
following prior work. We experimented with normal-
ising functions employed in Lau et al. (2020), and
found them to be unnecessary based on the high
correlations of most LLMs with the human ratings.

All N R |
InternVL-1B  0.70 0.72 0.70 0.70
MeanLP ~ InternVL-8B 0.70 0.72 0.71 0.70
Human ratings Qwen-3B  0.61 0.70 0.61 0.57
Qwen-7B  0.73 0.79 0.76 0.71
llava-7B 0.74 0.74 0.76 0.73

Table 6: Spearman (p) correlations between Mean
Logprobs from open-source LLMs and average hu-
man sentence acceptability ratings. All correlations
significant (p<0.001). Highest correlations per row
marked in bold.

4.3. Results

Table 5 shows correlations (Spearman p) between
average human sentence acceptability ratings and
LLM-generated ratings (§4.1).8 The two GPT mod-
els show overall correlations of over 0.87, with little
to no variations across conditions. Of the open-
source LLMs, models with higher parameter size
(7B-8B) perform almost equally well, with the ex-
ception of llava-1.5-7b. The poor performance of
the smaller models (InternVL3-1B, Qwen2.5-3B)
and llava-1.5-7b might be attributed to their reduced
capability to follow instructions (llava-1.5-7b in par-
ticular is not trained to follow instructions). The
open-source LLMs also seem to perform better
without any visual context (N).

Table 6 presents correlations between aver-
age human sentence acceptability ratings and
probability measures from the LLMs described in
§4.2. Compared to the prompting results (Table 5),
MeanLP generally performs on par or better for the
open-sourced LLMs. Most interestingly, the perfor-
mance of these models across conditions (N, R,
) also appears to be much more consistent — a
contrast compared to the prompting results in the
case of llava-1.5-7b.

To better understand the similarity between
MeanLP versus prompted model ratings, we
present their correlation in Table 7. The larger mod-
els (InternVL3-8B and Qwen2.5-7B) have better
correlations (both 0.70 for All), while the others
have much lower correlations. Either way, these
results show that these two approaches produce

8We only report Spearman p, as Pearson r yielded
very similar results. The same applies to Tables 6 and 7.
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Figure 6: Sentence acceptability ratings generated by Qwen2.5-7B.

somewhat distinct predictions of acceptability rat-
ings. But, Tables 5, 6, and 7 all suggest that corre-
lations are higher in the null condition compared to
the non-null conditions (with the exception of one
case involving llava-1.5-7b).

All N R |
InternVL-1B  0.30 0.58 0.30 0.17
MeanLP ~ InternVL-8B 0.70 0.75 0.74 0.71
Model ratings Qwen-3B  0.52 0.56 0.48 0.45
Qwen-7B 0.70 0.76 0.71 0.68
llava-7B 0.28 0.35 0.24 0.22

Table 7: Spearman (p) correlations between Mean
Logprobs from open-source LLMs and model
prompted ratings. All correlations significant
(p<0.001). Highest correlations per row marked in
bold.
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Based on the correlation analyses, we consider
Qwen2.5-7B, InternVL3-8B, and gpt-40 to have
yielded the most reliable results. In Figures 4, 5,
and 6 we present the scatterplots of the sentence
acceptability ratings produced by these models in
each condition pair (null-relevant, null-irrelevant,
relevant-irrelevant) for more detail, parallel to the
human results in §3. Our intention is to examine
these scatterplots to understand the qualitative na-
ture of the model rating distribution, and also to
make sure the correlation numbers are not skewed
by a few outliers. In general, we see that the distri-
butions of sentence acceptability ratings produced
by the LLMs appear quite different from those of
humans. gpt-4o -generated ratings cluster around
top and bottom ends, and InternVL3-8B -generated
ratings cluster around 2 and 3. Qwen2.5-7B shows



distributions that are most similar to humans,® but
with a much higher variance than humans. Interest-
ingly, we observe the compression effect for both
gpt-40 and Qwen2.5-7B. Lau et al. (2020) show
a very similar compression effect for human sen-
tence ratings in textual contexts, as we see in Fig-
ure 3. But we observe the opposite of compression
for InternVL3-8B. We do not have an explanation
for this contrast. We will be exploring it in future
work. The general divergence in the distributions
of model-generated ratings from human-generated
ratings may be due to the different mechanisms
by which LLMs process sentences in comparison
to humans. LLMs have less memory interference,
and they retain perfect access to previous words
(Oh and Linzen, 2025).

5. Discussion

The work that we present here indicates that LLMs
achieve a high degree of accuracy in predicting
human sentence acceptability judgments. It also
shows that the normalised logprob values that
these models assign to sentences are a reliable
predictor of human ratings for sentence acceptabil-
ity. Despite the strong convergence of LLM logprob
scoring and human naturalness rating, most of the
LLMs that we consider in this work display different
data clustering patterns than humans in the distri-
butions of these judgments (cf. Figures 1 and 5 for
two illustrative examples). In particular, gpt-40 ex-
hibits a more polarised pattern, while Qwen2.5-
7B approaches human distributions (Figure 4 vs
6). However, although Qwen2.5-7B most closely
approximates the human distributions, it still differs
from them, both in our experiments and in those
reported by Lau et al. (2020) (cf. Figures 1, 3, and
6). Due to their greater memory capacity compared
to humans, Oh and Linzen (2025) argue that LLMs’
superhuman next-token prediction ability makes
them unsuitable as cognitive models of human lin-
guistic prediction. However, the tasks differ. Oh
and Linzen (2025) focus on linguistic continuation
tasks which effectively involve next-token prediction.
In contrast, our experiments examine acceptability
judgments, where LLMs predict evaluation scores
and not upcoming tokens. It therefore remains an
open question whether the differing patterns we
observe reflect the LLMs’ superhuman predictive
capacity or instead stem from fundamentally differ-
ent processing strategies.

Our experiments, viewed from the perspective
of the work reported in Bernardy et al. (2018); Lau
et al. (2020), suggest an interesting difference in

9This might be an artifact of Qwen2.5-7B producing
more varied ratings with different initialisation seeds than
the other LLMs.
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the way that humans and LLMs process informa-
tion in different modalities. Textual context, whether
relevant or not to the following sentence, influences
the way in which humans assess the naturalness
of sentences, both well-formed ones, and those
containing infelicities. Interpreting these contexts
requires processing resources that influence judg-
ments concerning the naturalness of following sen-
tences.

By contrast, for humans, interpreting images
seems to proceed through alternative processing
mechanisms, which permit the image to be dis-
carded, or suppressed, when rating the naturalness
of a following sentence. This effect is particularly
clear when the image has no clear relation to the
sentence. However, LLMs, at least the vision and
language models we used in this work, incorporate
images into their sentence processing environment.
They include the images when assigning probability
values to sentences, and in rating them for natu-
ralness. They do not discard them, even when
they are irrelevant. Cognitive load appears to affect
their judgments across visual and textual modali-
ties. This is not surprising since their architectures
are generally designed to maximise contexts (Oh
and Linzen, 2025). The vectors that encode these
contexts include elements of all modalities that the
model attends to.°

6. Future Work

In future work we will examine the role of different
types of text genre more closely in determining the
impact of both textual and visual contexts on hu-
man sentence acceptability rating. We will also
explore the mechanisms through which humans
suppress images, but not preceding text, when pro-
cessing sentences. Our objective here is to obtain
a clear sense of the way in which cognitive load is
conditioned by different sorts of context, relative to
distinct text genres. For this, we will also consider
other linguistic tasks than sentence acceptability
judgment and experiments with larger data for bet-
ter generalizations.

Another issue that we will explore is how LLMs
can be modified to converge on human process-
ing with respect to the suppression of images in
the assignment of logprob values to sentences,
without losing the content of these images. This
would cause the modified model to more closely
approximate observed human sentence processing
in multimodal environments.

1°Qur experimental results are broadly consistent with
the view of the relation between LLMs and human pro-
cessing presented in Oh and Linzen (2025). Simlarly, our
suggestions for future work align well with their approach.
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