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Abstract
This study investigates whether vision language
models (VLM) can perform pragmatic infer-
ence, focusing on ignorance implicatures, ut-
terances that imply the speaker’s lack of pre-
cise knowledge. To test this, we systemati-
cally manipulated contextual cues: the visu-
ally depicted situation (visual cue) and QUD-
based linguistic prompts (linguistic cue). When
only visual cues were provided, three state-of-
the-art VLMs (GPT-4o, Gemini 1.5 Pro, and
Claude 3.5 sonnet) produced interpretations
largely based on the lexical meaning of the
modified numerals. When linguistic cues were
added to enhance contextual informativeness,
Claude exhibited more human-like inference
by integrating both types of contextual cues.
In contrast, GPT and Gemini favored precise,
literal interpretations. Although the influence
of contextual cues increased, they treated each
contextual cue independently and aligned them
with semantic features rather than engaging
in context-driven reasoning. These findings
suggest that although the models differ in how
they handle contextual cues, Claude’s ability
to combine multiple cues may signal emerg-
ing pragmatic reasoning abilities in multimodal
models.

1 Introduction

In recent years, many large language models
(LLMs) have demonstrated the ability to solve a
wide variety of tasks, contributing to their growing
popularity. Initially limited to text-based inputs,
these models have been extended to incorporate
visual inputs, paving the way for vision-language
models (VLMs). By bridging vision and language
modalities, VLMs have expanded the possibilities
for AI applications and become central to the ongo-
ing technological revolution (Radford et al., 2021;
Ramesh et al., 2021; Alayrac et al., 2022; Li et al.,
2023).

VLMs have enabled various multimodal applica-
tions, such as object recognition (Ren et al., 2015;

Chen et al., 2020; He et al., 2020), caption gen-
eration (Vinyals et al., 2015; Chen et al., 2022;
Yu et al., 2022), and visual question answering
(Antol et al., 2015). These tasks primarily focus
on associations between visual and textual inputs
by identifying objects, describing scenes, or re-
sponding to straightforward queries. While such
capabilities are remarkable, they represent only the
surface level of human-like understanding. In fact,
real-world communication often requires reason-
ing about implicit meanings that emerge from the
interplay between language and visual information
(Sikka et al., 2019). To move toward more human-
like multimodal intelligence, VLMs must also be
able to engage in this type of context-sensitive
and inferential processing (see Kruk et al., 2019).
This raises critical questions about VLMs’ capac-
ity for context-sensitive reasoning, which underlies
the pragmatic reasoning abilities required for real-
world communication.

Pragmatics offers an ideal framework for in-
vestigating this question. In human communica-
tion, pragmatic inference plays a crucial role in
understanding intended meanings beyond literal
statement (Grice, 1975; Wilson and Sperber, 1995;
Levinson, 2000). Contextual cues often provide dis-
ambiguating information that influences the inter-
pretation of utterances, making pragmatic reason-
ing inherently multimodal (Clark, 1996; Kendon,
2004; Martin et al., 2007; McNeill, 2008). While
a few studies on pragmatic reasoning have been
explored in text-only LLMs (Hu et al., 2022, 2023;
Lipkin et al., 2023; Cho and Kim, 2024; Capuano
and Kaup, 2024; Tsvilodub et al., 2024), the visual
modality enriches meaning construction through
interaction with linguistic input. As visual context
provides rich, implicit information that influences
language interpretation, studying pragmatic phe-
nomena through VLMs presents an intriguing re-
search opportunity. However, how well VLMs can
leverage visual information for pragmatic inference
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remains largely unexplored.
Therefore, we investigate whether VLMs exhibit

sensitivity to context, particularly focusing on ig-
norance implicatures—a pragmatic phenomenon
in which a speaker’s utterance implies a lack of
precise knowledge, and whether this sensitivity can
be modulated by a single cue or by the combination
of multiple cues. By examining how VLMs handle
this phenomenon in comparison to human reason-
ing, we aim to better understand their strengths
and limitations in processing context-dependent
pragmatic meaning.

2 Ignorance implicatures

To better understand pragmatic reasoning in real-
world language use, we examine the phenomenon
of ignorance implicatures. Consider the examples
in (1).

(1)

a. (bare numeral)
Four students passed the exam.

b. (superlative modified numeral)
At least four students passed the exam.

c. (comparative modified numeral)
More than three students passed the exam.

When it comes to how many students passed the
exam, the statement (1a) triggers ‘exactly four’ in-
terpretation, whereas (1b) and (1c) do not. Both
(1b) and (1c) contain modified numerals, suggest-
ing that the speaker may not know the exact number
of students who passed the exam. This is known as
ignorance implicatures, where the speaker’s choice
of modifier implies a lack of precise knowledge.

However, not all modifiers give rise to ignorance
implicatures to the same extent. Previous stud-
ies have shown that superlative modifiers like at
least tend to trigger ignorance implicatures more
consistently than comparative ones like more than
(Nouwen, 2010; Cummins et al., 2012; Coppock
and Brochhagen, 2013b; Mayr and Meyer, 2014;
Cremers et al., 2022). In this regard, the likelihood
of ignorance inferences typically follows the hierar-
chy: superlative modified numerals > comparative
modified numerals > bare numerals.

This observation has prompted researchers to
explore how such inferences arise, leading to two
main perspectives. One approach suggests that ig-
norance inference is dependent on the words or
phrases themselves (Geurts and Nouwen, 2007;

Nouwen, 2010; also see Geurts et al., 2010). Geurts
and Nouwen (2007), for example, argued that the
semantics of superlative modifiers are inherently
more complex. While more than n expresses a sim-
ple meaning ‘larger than n’, at least n can convey
both ‘possible that there is a set of n’ and ‘certain
that there is no smaller set of n.’ According to
Nouwen (2010), when someone has basic knowl-
edge of geometry, (2a) gives the impression that
the speaker lacks precise information, as compared
to (2b). This attributes the ignorance implicatures
to a semantic property specific to at least.

(2) a. ? A hexagon has at least five sides.
b. A hexagon has more than four sides.

Under the pragmatic account, on the other
hand, ignorance implicatures for both at least and
more than have been primarily explained through
Gricean reasoning, particularly the Maxim of Quan-
tity (Grice, 1975), which holds that the speaker’s
choice to provide a lower-bound statement, rather
than a more informative exact number, suggests
that the speaker lacks precise knowledge (Büring,
2008; Cummins and Katsos, 2010; Coppock and
Brochhagen, 2013b). More recent studies have ex-
panded this account by emphasizing the role of
contextual factors (Cummins et al., 2012; Cum-
mins, 2013; Mayr and Meyer, 2014; Westera and
Brasoveanu, 2014; Cremers et al., 2022). In these
studies, contextual cues, including Question Under
Discussion (QUD), preceding discourse, or accom-
panying visual input, were manipulated to modu-
late the likelihood of implicature.

For instance, Westera and Brasoveanu (2014)
investigated how different types of modified nu-
merals give rise to ignorance implicatures depend-
ing on contextual demands and processing cost. In
their experiments, participants read short dialogues
or utterances containing modified numerals and
judged how confident the speaker seemed about
the exact quantity, as well as how natural the ut-
terance was. To manipulate the informativeness
required by the discourse, the authors introduced
different QUDs, such as a ‘how many’ condition
(How many of the diamonds did you find under the
bed?), which demanded precise answers, and a ‘po-
lar’ condition (Did you find {at most | less than} ten
of the diamonds under the bed?), which did not re-
quire numerically specific responses, as they could
be answered with a simple yes or no. The results

299



No. Image Text Situation Modifier

1 There are four apples in the boxes. precise bare

There are at least four apples in the boxes. precise superlative

There are more than three apples in the boxes. precise comparative

2 There are four apples in the boxes. approximate bare

There are at least four apples in the boxes. approximate superlative

There are more than three apples in the boxes. approximate comparative

Table 1: A sample set of experimental materials

showed that ignorance inferences occurred signifi-
cantly more consistently when the QUD demanded
precision (‘how many’ condition), suggesting that
contextual expectations about informativeness di-
rectly affect how such inferences are drawn.

Likewise, Cremers et al. (2022) systematically
manipulated various contextual factors to investi-
gate the conditions under which ignorance impli-
catures arise. Their experiments involved multiple
levels of visual information, QUD types, and tex-
tual scenarios. In particular, visual information was
used to represent the informativeness of the situ-
ation—for example, a precise situation in which
all eight cards were face-up, and an approximate
situation in which two of the eight cards remained
face-down, obscuring the exact quantity. Their
findings revealed that ignorance inferences were
more likely when the QUD required a precise an-
swer (‘howmany’ condition) and when the visual
context left room for uncertainty (‘approximate’
condition). These results highlight that ignorance
implicatures are largely influenced by both linguis-
tic and non-linguistic contextual cues.

These findings raise the question of whether and
how visual and linguistic contextual information
can enhance the pragmatic reasoning abilities of
VLMs. To address this question, the present study
examines whether VLMs exhibit sensitivity to igno-
rance implicatures across multiple contextual cues.

3 Methods

3.1 Data

As presented in Table 1, experimental materials
were designed using two images for contextual pre-
cision (henceforth, ‘situation’) and texts including
bare numeral, superlative, and comparative modi-

fiers (henceforth, ‘modifier’).
In detail, images were used to manipulate the

contextual precision, where a picture showing all
8 boxes open and providing the exact number of
target objects was labeled as ‘precise’, and a pic-
ture with 2 out of 8 boxes remaining closed and an
uncertain number of target objects was labeled as
‘approximate’. In both types of situation, the target
objects consistently appeared in 4 boxes. For exam-
ple, in the image for precise situation, all 8 boxes
are open and 4 of them contain apples. Since all
boxes are open, we can tell that the target objects
are exactly 4. On the other hand, in the image for
approximate situation, 2 out of the 8 boxes remain
closed and 4 of the open boxes contain apples. As
what is inside the closed boxes is unknown, the tar-
get objects could be 4 or more. The corresponding
texts were categorized based on the modifier types,
including ‘bare’ (bare numeral n), ‘superlative’ (at
least n), and ‘comparative’ (more than n).

Image data was created by combining open and
closed boxes generated by GPT-4o (OpenAI, 2024)
with standard icons for target objects. In this study,
the number of target objects was consistently set to
four, as previous work has shown that VLMs often
exhibited limited performance on numerical rea-
soning tasks and experience a marked decline in ac-
curacy when counting more than four items (Paiss
et al., 2023). Additionally, since VLMs tend to
struggle with counting when objects are presented
in unstructured or cluttered spatial arrangements
(Liu et al., 2019; Rahmanzadehgervi et al., 2024),
the experimental images were carefully constructed
with precisely aligned rows and columns. In this
manner, each set of materials consisted of 2 images,
each paired with 3 corresponding texts. In total, 70
sets of materials were used in the experiment.
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Figure 1: Overview of the experimental procedure

3.2 Models and Procedure
As VLMs for the experiment, we used GPT-4o
(OpenAI, 2024), Gemini 1.5 Pro (Team et al.,
2024), and Claude 3.5 sonnet (Anthropic, 2024).
These models were selected due to their ability to
process both image and text inputs simultaneously.
They not only allow for the matching of images
with text to determine their relationship but also
provide the functionality to selectively query spe-
cific parts of the text within a broader context. This
makes them well-suited for a series of our experi-
ments.

For the experiment, these models were initialized
using API keys. The images were then resized to
a standard size of 224x224 pixels using the Pillow
library (Clark et al., 2015) to ensure consistency
in input dimensions and optimize processing effi-
ciency. After resizing, the images were encoded
into base64 format to ensure compatibility for input
into the model’s API.

Each experiment involved presenting the image
alongside text prompts, which were specifically
tailored for each task. All the materials, code and
result of the experiment are publicly available.1

4 Experiment 1

4.1 Prompt
Cremers et al. (2022) argued that the disagreement
over main findings related to ignorance inference
was that the detection depends on the types of tasks

1https://github.com/joyennn/
ignorance-implicature

participants were asked to perform. Specifically,
it varied depending on whether participants were
given an acceptability judgment task (Coppock
and Brochhagen, 2013a; Westera and Brasoveanu,
2014; Cremers et al., 2022), where they judged
the acceptability of the given sentences with re-
spect to the depicted scenarios or images, or an
inference task (Geurts et al., 2010), where they
judged whether exactly n implies at least n. Cre-
mers et al. (2022) argued that ignorance inference
is more accurately assessed when evaluating the
appropriateness of a sentence in relation to the con-
text, rather than through the logical reasoning in-
volved in inference tasks. In this regard, the ac-
ceptability judgment task serves as an effective
method, guiding participants to evaluate whether a
sentence is contextually appropriate. The accept-
ability judgment task typically involves either a
true/false response format, as in truth-value judg-
ment tasks (Coppock and Brochhagen, 2013a), or a
numerical scale to capture the degree of ignorance
implicatures in a more fine-grained manner (West-
era and Brasoveanu, 2014; Cremers et al., 2022). In
our experiment, we adopt a 1-7 scale to assess the
appropriateness of image-text pairings in a more
fine-grained manner.

As presented in Figure 1, each model was
prompted to rate whether the texts with bare nu-
merals, superlative, and comparative modifiers are
appropriate for the given image on a scale from 1
to 7. The phrases used in the prompt were adapted
from Experiment 3 in Cremers et al. (2022). In
this manner, 70 sets of experimental items were re-
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Figure 2: Result of Experiment1 — Mean scores for the
appropriateness of image-text pairs based on modifiers,
situations and models

peated 5 times to improve the reliability, resulting
in a total of 2,100 individual responses from each
of three models, as detailed below.

Is the following text appropriate for the
given image?

Please reply with a single integer between
1 and 7, where 1 means “not at all appro-
priate” and 7 means “completely appropri-
ate.”

Text: {text}

4.2 Result

Figure 2 shows the mean scores for the appropri-
ateness of image-text pairs based on the types of
modifiers, situations, and models. For the statistical
analysis, we built mixed-effects logistic regression
models (Baayen, 2008; Baayen et al., 2008; Jaeger,
2008; Jaeger et al., 2011) to analyze the results for
each model, using the lme4 package (Bates et al.,
2015) in R software (Team, 2023). To examine the
fixed effects, modifier and situation were set as in-
dependent variables, with appropriate scores as the
dependent variable. Image and text were specified
as random effects. For independent variables, the
bare condition and the precise condition were set
as the reference levels for modifier and situation,
respectively.

As a result, the scores for appropriateness of
image-text pairs followed the order of superlative
> comparative > bare in both types of situations
across almost all models, except for the approxi-

mate condition of Claude. While these predom-
inant results aligned with findings from Cremers
et al. (2022), where participants preferred the text
with superlative and comparative in the approxi-
mate condition. However, the similar pattern in the
precise situation was unexpected. In this situation,
texts containing bare numerals should have been
considered more appropriate than those with the
other modifiers, as the number of target objects was
explicitly defined.

Statistically, these results were influenced mostly
modifier, which showed main effects in GPT (p <
0.001), Gemini (p < 0.001), and Claude (p < 0.01,
0.05). However, there were no significant effects
on situation alone in GPT (p = 0.66) and Claude
(p = 0.96), nor in the interaction of situation and
modifier in GPT (p = 0.06, 0.33) and Gemini (p =
0.11, < 0.001).

In summary, superlative and comparative modi-
fiers, which imply uncertainty, consistently led to
higher appropriateness ratings even in both types
of situations. This suggests that the models’ re-
sponses were more influenced by the modifiers
rather than the situations. The models’ reliance on
the semantic information inherent in the modifiers,
rather than utilizing the contextual cues, indicates
that the models are not effectively applying visu-
ally presented contextual information to ignorance
inference.

5 Experiment 2

5.1 Prompt

Experiment 2 was conducted with the assumption
that providing multiple pieces of contextual infor-
mation would bring about pragmatic interpretation.
Thus, another contextual cue, QUD, was added to
the previous experimental setup. For QUDs, two
types of conditions were designed, such as ‘how-
many’ and ‘polar’ as below.

In the howmany condition, the question focuses
on a specific number of target objects, leading re-
sponses containing superlative and comparative
modifiers to introduce uncertainty or information
gaps, which in turn trigger ignorance inferences.
In contrast, the ‘polar’ condition elicits a simple
yes/no response, placing minimal demands on nu-
merical precision. Accordingly, it serves as a base-
line for assessing the effects of the howmany QUD.

The appropriateness of the text in response to
either of the two questions was measured on a 1-7
scale. For each condition, all experimental sets
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were repeated 5 times, resulting in a total of 4,200
individual responses.

Is the following answer to the question
appropriate for the given image?

Please reply with a single integer between
1 and 7, where 1 means “not at all appro-
priate” and 7 means “completely appropri-
ate.”

(QUD: howmany)
Question: How many {objects} did you
find in the boxes?
Answer: {text}

(QUD: polar)
Question: Did you find four {objects} in
the boxes?
Answer: {text}

5.2 Result
Figure 3 shows the mean scores for the appropriate-
ness of image-text pairs, when the text was given
as a response of howmany and polar questions,
based on the types of modifiers, situations, and
models. The statistical analysis was the same as in
experiment 1, with QUD added as an independent
variable in the fixed effects. For QUD, the polar
condition was set as the reference level.

In the howmany condition, we observed that the
score for bare numerals increased compared to the
results from Experiment 1. In most cases observed
in GPT and Gemini, bare numerals received the
highest score, with the order being bare > superla-
tive > comparative. For the precise condition of
Gemini, the order was superlative > bare > com-
parative, but again, the score for bare numerals
increased compared to the previous experiment.

Statistical analysis revealed that, for both GPT
and Gemini, no significant effects were observed
for the modifier (GPT: p = 0.11, < 0.001 | Gem-
ini: p < 0.001, = 0.46). However, main effects
were captured for the two contextual cues, situa-
tion (GPT: p < 0.05 | Gemini: p < 0.001) and QUD
(GPT: p < 0.001 | Gemini: p < 0.001). Addition-
ally, significant interactions were observed between
each contextual cue and the modifier, specifically
for the interactions of situation and modifier (GPT:
p < 0.05, 0.001 | Gemini: p < 0.001), and QUD

and modifier (GPT: p < 0.001, 0.05 | Gemini: p <
0.001). However, the interaction between the two
contextual cues, situation and QUD (GPT: p = 0.58
| Gemini: p = 0.92), as well as the interaction of
modifier, situation, and QUD (GPT: p = 0.69, 0.92
| Gemini: p < 0.05, = 0.92), were not significant.
This finding suggests that while the influence of
modifiers remains present, the increased availabil-
ity of contextual information appears to guide the
models toward a more context-driven interpretation
strategy.

On the other hand, in case of Claude, the scores
followed the order of bare > superlative > compar-
ative in the precise situation, while the order was
superlative > bare > comparative in the approx-
imate situation. Although this does not perfectly
align with human experimental results, it reflects
a pattern similar to our expectations, where bare
numerals would be preferred in the precise situa-
tion, and either superlative or comparative modi-
fiers would be preferred in the approximate situ-
ation. Furthermore, statistical analysis showed a
significant effect only in the interaction of both con-
textual cues, situation and QUD (p < 0.01). Con-
sidering that in Experiment 1, Claude did not show
a similar pattern to human results based on visually
encoded context, and that its results were strongly
influenced by the modifiers, and the combination
of modifier and situation, these findings suggest
the possibility that when multiple contextual cues
are provided, the model may combine them in a
way that aligns more closely with human ignorance
inferences, showing a tendency to rely more on
contextual cues than on semantic modifiers.

In the polar as a control condition, the appropri-
ateness score for bare numerals was higher com-
pared to the result of Experiment 1, but still lower
than in the howmany condition across all the mod-
els.

In summary, when the contextual cue QUD was
added to the previous experimental setup, GPT and
Gemini showed a tendency to prefer bare numer-
als, which refer to precise knowledge, compared
to when only a single contextual cue was provided.
In contrast, Claude demonstrated a more integrated
approach by utilizing multiple contextual cues to-
gether, leading to an interpretation that was closer
to pragmatic inference. Despite differences in how
these models interpreted the stimuli, all models
showed a common pattern of shifting reliance from
modifiers to contextual cues when multiple cues
were provided.
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Figure 3: Result of Experiment2 — Mean scores for the
appropriateness of image-text pairs based on modifiers,
situations, and models across QUDs

6 Discussion

This study aimed to investigate the influence of
contextual cues in the interpretation of ignorance
inference within VLMs. In Experiment 1, we in-
vestigated how visually depicted situation (precise
and approximate) and different types of modifiers
(bare, superlative, and comparative) influenced ap-
propriateness ratings of image-text pairs. Results
revealed that appropriateness ratings consistently
followed the order of superlative > comparative >
bare across almost all models, regardless of situa-
tion types. This pattern suggests that the models
primarily relied on the semantic features of modi-
fiers rather than incorporating contextual informa-
tion into their judgments.

Building upon these findings, Experiment 2 in-
troduced an additional contextual cue, QUD, with
two conditions (howmany and polar). This exper-
iment aimed to determine whether multiple con-
textual cues would facilitate more sophisticated
pragmatic inference. Interestingly, when presented
with the howmany QUD, both GPT and Gemini
models gave higher appropriateness ratings to bare

Figure 4: Modeling a threshold effect via linear and
nonlinear cue combination as a function of contextual
cue number (adapted from Parker, 2019)

numerals, which aligned with expectations for pre-
cise situation, but not for approximate situation.
In our analysis, these models showed greater im-
provement in providing precise information than
in engaging in pragmatic reasoning. While the in-
fluence of modifiers remained, there was a modest
increase in sensitivity to contextual cues.

In contrast, Claude demonstrated a more inte-
grated approach to contextual reasoning, using both
situation and QUD simultaneously. This integra-
tion pattern suggests Claude may be moving closer
to human-like pragmatic reasoning, which typi-
cally involves holistic consideration of multiple
contextual factors. This leads to the assumption
that Claude may have benefited from cue combi-
nation, where the presence of two contextual cues,
rather than a single cue, led to pragmatic interpre-
tation.

This pattern resonates with Parker (2019)’s cue
combination scheme, which posits the processing
benefit of retrieval cues for anaphora in memory is
not merely additive but emerges nonlinearly when
multiple cues are jointly available. Extending this
idea to our findings, contextual cue combination
for ignorance inference in VLMs may similarly fol-
low the nonlinear cue combination method: one
contextual cue alone may not significantly affect
the context-sensitive reasoning, but the addition of
the second cue increases the “cue weight” enough
to reach the threshold for pragmatic interpreta-
tion. This threshold effect is visualized in Figure 4,
which contrasts linear and nonlinear cue integration
patterns as a function of contextual cue number.

Then, do GPT and Gemini follow the linear cue
combination? It would be insufficient to charac-
terize these models’ behavior merely as examples
of linear cue combination. Rather, the observed
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pattern suggests a difference in how these models
represent and utilize contextual information. While
Claude appears to engage in combining two con-
textual cues into a unified pragmatic representation,
GPT and Gemini exhibit a pattern of local align-
ment, in which modifiers are evaluated separately
with each cue, but the cues themselves remain struc-
turally unbound. In this sense, their responses are
not limited because they combine cues linearly,
but because their internal processing architecture
does not support contextual cue combination in the
first place. Consequently, their outputs reflect a
tendency to prioritize informational precision over
pragmatic reasoning. As more cues become avail-
able, the models tend to converge on more semanti-
cally determinate interpretations, aiming to reduce
uncertainty in a localized manner rather than resolv-
ing it through holistic, context-sensitive inference.

Taken together, these findings offer new insights
into how current VLMs differ in their capacity for
contextual cue combination in pragmatic inference.
By introducing multiple types of cues—both visual
and linguistic—within a controlled experimental
setting, this study provides empirical evidence that
not all models process contextual information in the
same way, and that the ability to integrate multiple
cues holistically may serve as a crucial indicator of
emerging pragmatic reasoning abilities in VLMs.
In doing so, this research contributes to the growing
body of work on multimodal language processing
by highlighting the need to evaluate not only what
models generate and understand, but also how they
integrate diverse contextual cues to infer meaning.

7 Conclusion

This study examined whether and how current
VLMs engage in pragmatic inference, particularly
focusing on ignorance implicatures, when pro-
vided with visual and linguistic contextual cues.
Through two experiments manipulating modifier
types and contextual cues—including situation and
QUDs—we found that not all VLMs process such
information in the same way. Claude demonstrated
the ability to integrate multiple contextual cues into
a unified interpretation, exhibiting a threshold ef-
fect in pragmatic reasoning when both contextual
cues were available. In contrast, GPT and Gemini
tended to treat these cues independently, priori-
tizing precision over context-sensitive inference.
This suggests a fundamental difference not only in
cue weighting tendencies but also in how models

internally represent and combine contextual infor-
mation.

By systematically evaluating ignorance implica-
tures across VLMs, this study contributes to our
understanding of the mechanisms underlying prag-
matic behavior in VLMs. Importantly, it highlights
that the capacity for contextual cue combination
may serve as one of the key indicators of emerg-
ing pragmatic reasoning abilities in VLMs. These
findings open new directions for evaluating and de-
veloping VLMs that move beyond literal interpreta-
tion toward more human-like pragmatic inference.
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Limitations

This study has several limitations that offer direc-
tions for future research. First, our experiments
focused on a specific pragmatic phenomenon
involving modified numerals, which allowed for
a controlled testbed but may limit the generaliz-
ability of the findings. Extending the investigation
to other types of pragmatic inferences would
provide a broader understanding of VLMs’
pragmatic reasoning abilities. Second, although
we tested three state-of-the-art models—GPT-4o,
Gemini 1.5 Pro, and Claude 3.5—the results
may not fully generalize to other architectures,
including open-source models with different
training paradigms. Expanding the model pool
would help assess the robustness of cue integration
effects. Lastly, while our study builds on prior
human experiments, it does not include a direct
comparison with human performance under
identical conditions. Such empirical comparisons
would clarify whether model behavior reflects
genuine pragmatic reasoning or merely statistical
alignment with training data.

A Appendix

Estimate Std t p-value

(Intercept) 4.24 0.17 24.31 <0.001

Situation -0.09 0.21 -0.43 0.66

Modifier - Superlative 1.51 0.13 11.1 <0.001

Modifier - Comparative 1.01 0.13 7.37 <0.001

Situation:Modifier - Superlative -0.17 0.09 -1.81 0.06

Situation:Modifier - Comparative -0.09 0.09 -0.96 0.33

Table 2: Summary of fixed effects from mixed-effects
logistic regression models by GPT-4o in Experiment 1
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Estimate Std t p-value

(Intercept) 2.18 0.11 20.51 <0.001

Situation 0.43 0.13 3.24 <0.01

Modifier - Superlative 0.52 0.07 7.12 <0.001

Modifier - Comparative 0.47 0.07 6.32 <0.001

Situation:Modifier - Superlative 0.07 0.04 1.61 0.11

Situation:Modifier - Comparative -0.17 0.04 -3.67 <0.001

Table 3: Summary of fixed effects from mixed-effects
logistic regression models by Gemini 1.5 Pro in Experi-
ment 1

Estimate Std t p-value

(Intercept) 2.74 0.26 10.21 <0.001

Situation -0.01 0.33 -0.04 0.96

Modifier - Superlative 0.61 0.19 3.19 <0.01

Modifier - Comparative 0.42 0.19 2.22 <0.05

Situation:Modifier - Superlative -0.33 0.09 -3.71 <0.001

Situation:Modifier - Comparative -0.78 0.09 -8.64 <0.001

Table 4: Summary of fixed effects from mixed-effects
logistic regression models by Claude 3.5 in Experiment
1

Estimate Std t p-value

(Intercept) 5.15 0.15 33.56 <0.001

Situation -0.48 0.20 -2.39 <0.05

QUD 0.46 0.07 6.24 <0.001

Modifier - Superlative 0.17 0.11 1.59 0.11

Modifier - Comparative -0.69 0.11 -6.26 <0.001

Situation:Modifier - Superlative 0.26 0.10 2.56 <0.05

Situation:Modifier - Comparative 0.49 0.10 4.71 <0.001

QUD:Modifier - Superlative -0.71 0.10 -6.81 <0.001

QUD:Modifier - Comparative 0.30 0.10 -2.94 <0.05

Situation:QUD 0.05 0.10 0.54 0.58

Situation:QUD:Modifier - Superlative 0.01 0.14 -0.38 0.69

Situation:QUD:Modifier - Comparative -0.05 0.14 0.09 0.92

Table 5: Summary of fixed effects from mixed-effects
logistic regression models by GPT-4o in Experiment 2

Estimate Std t p-value

(Intercept) 3.83 1.45 26.27 <0.001

Situation 1.32 1.19 11.12 <0.001

QUD 0.35 6.22 5.72 <0.001

Modifier - Superlative 1.74 1.78 9.75 <0.001

Modifier - Comparative 0.13 1.78 -0.73 0.46

Situation:Modifier - Superlative -0.92 8.66 -9.29 <0.001

Situation:Modifier - Comparative -0.81 8.66 -10.61 <0.001

QUD:Modifier - Superlative -1.45 8.69 -16.66 <0.001

QUD:Modifier - Comparative -0.39 8.69 -4.44 <0.001

Situation:QUD 0.01 0.09 0.10 0.92

Situation:QUD:Modifier - Superlative -0.30 0.12 -2.43 <0.05

Situation:QUD:Modifier - Comparative -0.01 0.12 -0.09 0.92

Table 6: Summary of fixed effects from mixed-effects
logistic regression models by Gemini 1.5 Pro in Experi-
ment 2

Estimate Std t p-value

(Intercept) 3.99 0.29 13.55 <0.001

Situation -0.29 0.40 -0.73 0.46

QUD -0.02 0.08 -0.29 0.76

Modifier - Superlative 0.05 0.13 0.37 0.70

Modifier - Comparative 0.32 0.13 2.34 <0.05

Situation:Modifier - Superlative 0.12 0.12 1.03 0.29

Situation:Modifier - Comparative 0.22 0.12 1.84 0.06

QUD:Modifier - Superlative -0.20 0.12 -1.68 0.09

QUD:Modifier - Comparative -1.22 0.12 -9.92 <0.001

Situation:QUD -0.37 0.12 -2.99 <0.01

Situation:QUD:Modifier - Superlative 0.80 0.17 1.41 0.15

Situation:QUD:Modifier - Comparative 0.24 0.17 4.56 <0.001

Table 7: Summary of fixed effects from mixed-effects
logistic regression models by Claude 3.5 in Experiment
2
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