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Abstract

We propose a zero-shot method for Natural
Language Inference (NLI) that leverages multi-
modal representations by grounding language
in visual contexts. Our approach generates
visual representations of premises using text-
to-image models and performs inference by
comparing these with textual hypotheses. The
pipeline achieves an accuracy comparable to
text-based NLI classifiers while offering addi-
tional transparency. Our findings suggest that
grounding language in vision is a viable and
effective strategy for advancing robust natural
language understanding.

1 Introduction

Language models trained and fine-tuned on vari-
ous textual tasks exhibit impressive performance,
especially with more data. At the same time, the
extent to which unimodal language models can
truly represent meaning has been criticized (Ben-
der and Koller, 2020; Bisk et al., 2020). Achieving
functional linguistic competence requires models
to take into account the relationship between lan-
guage and the world, e.g., through visual or other
perceptual channels (but see Pavlick, 2023; Man-
delkern and Linzen, 2024, for different positions
on this issue). Enhancing language models with
multimodal capabilities has now become common
(recent examples include Deitke et al., 2025; Peng
et al., 2024; Li et al., 2025; Chen et al., 2025).

Natural Language Inference (NLI; aka Textual
Entailment) is a case in point. This task is typi-
cally framed in terms of the relationship between
a premise text p and a hypothesis text ~: whether
h follows from (is entailed by) p, contradicts it, or
whether the relationship is neutral (Dagan et al.,
2006; MacCartney, 2009). This narrow framing
of inference makes NLI classifiers susceptible to
learned biases that arise in text (e.g., McCoy et al.,
2019).

Modern approaches to NLI often focus on fine-
tuning pretrained language models. Despite their
impressive quantitative performance, such NLI
models have notable drawbacks. First, success-
ful fine-tuning requires substantial computational
resources and large datasets. Second, fine-tuned
models often scale poorly to unseen data due to
biases present in the training datasets (Nie et al.,
2020; Gururangan et al., 2018; McCoy et al., 2019;
Zgreabin et al., 2025).

We introduce a framework that operationalizes a
truth-conditional view of entailment by grounding
the premise in a concrete situation: we first render
a visual scene consistent with the premise, and then
ask a vision-language model to judge whether the
hypothesis holds in that scene. This design is in
line with recent evidence that generated assistive
images can boost chain-of-thought (CoT) reasoning
(Zhou et al., 2025). As our pipeline is fully zero-
shot, it avoids task-specific fine-tuning and lets us
probe whether grounding can reduce reliance on
textual heuristics. Our contributions are as follows:

* We evaluate a zero-shot, visually grounded
NLI pipeline that uses generated images as
intermediate representations.

* On SNLI easy/hard subsets, we show that
grounded inference can approach strong text-
only baselines when paired with high-fidelity
image generators (Table 1).

* We quantify hypothesis-side shortcut behav-
ior via a premise-ablation control (RoBERTa
(abl.)) and compare sensitivity to dataset arti-
facts across text-only and grounded settings.

* We benchmark multiple image generators and
show that a smaller, faster model (FLUX.1-
schnell, Labs, 2024) can yield competitive
grounded NLI accuracy, suggesting a prac-
tical route to scaling the method.



2 Related work

Natural Language Inference Large-scale
datasets developed to study NLI include SICK
(Bentivogli et al., 2016), SNLI (Bowman et al.,
2015), and MultiNLI (Williams et al., 2018). With
the advent of large-scale pretraining, the field has
witnessed a steady increase in NLI performance
on standard benchmarks. For example, RoBERTa
(Zhuang et al., 2021) achieves 90.8% accuracy on
SNLI. More recently, large language models can
be deployed in a zero-shot or few-shot fashion
(Brown et al., 2020), although their accuracy in
this case remains below that of models fine-tuned
on the task. For example, on SNLI, Mistral-7B
(Jiang et al., 2023) has a reported accuracy of
around 90%, while SOTA performance is achieved
with a few-shot version of T5 (Raffel et al., 2020)
further trained with synthetic data, reaching 94.7%
(Banerjee et al., 2024).

Visually grounded inference A separate line of
work investigates the role of visual grounding in
reasoning. This includes Visual Question Answer-
ing (Antol et al., 2015; Goyal et al., 2017; Hudson
and Manning, 2019; Acharya et al., 2019) and vi-
sual commonsense reasoning (Zellers et al., 2019;
Park et al., 2020). Importantly, Zhou et al. (2025)
showed that generated intermediary images (e.g.,
blueprints) can be used to guide CoT reasoning on
complex tasks; we adapt a similar approach to NLI.

Conceptually close to the original definition of
the NLI task, Vu et al. (2018) created a grounded
version of SNLI by linking the premises to their
original images in Flickr30k (Young et al., 2014).
They found that the inclusion of visual information
sometimes led to a change in the gold label for a
premise-hypothesis pair, but also showed that mod-
els do not benefit significantly from the inclusion
of images. Later approaches benefited more, but
not by a large margin (Kiela et al., 2019; De et al.,
2023). In a different vein, Suzuki et al. (2019) pro-
pose a logical formalism for entailment involving
both images and texts.

Xie et al. (2019) presented a new visual-textual
entailment task (VTE) and developed the SNLI-
VE dataset, where the entailment relationship is
defined purely between an image (which replaces
the textual premise) and a hypothesis. As with Vu
et al. (2018), it was observed that the grounding of
image-hypothesis pairs can result in a change of
label compared to the original, text-only pairs in
SNLI (Do et al., 2021; Kayser et al., 2021). Rei-

jtenbach et al. (2025) showed that images gener-
ated from SNLI premises are applicable for VTE.
While our approach is similar, we do not consider
images independently, but rather as intermediary
representations. Their study also focused on the
applicability of generated data, while we consider
the pro and contra in more detail.

3 Experiments

Our primary question is whether zero-shot NLI can
be achieved by means of a visual representation of
the text. To that end, we compare our implemen-
tation of this pipeline with text-only baselines. In
addition, we consider two questions:

1) Whether grounded NLI helps bypass some of
the recognized problems in text-centric NLI, such
as hypothesis-side heuristics. The latter are key-
words and grammatical features in hypotheses (e.g.,
negation) that are spuriously correlated with NLI
classes in SNLI (Gururangan et al., 2018; Geirhos
et al., 2020).

2) How suitable are different models for image
generation for the task of NLI grounding.

Data We evaluate the proposed approach using
text and images from V-SNLI, (Vu et al., 2018).
Due to the large size of the corpus, we restrict our
analysis to a limited, manually analyzable subset.
Specifically, to test our method’s robustness against
heuristics, we draw on Gururangan et al. (2018)’s
distinction between hard and easy subsets of SNLI
data. For our own tests, we sample 300 hypotheses
related to 100 premises from both subsets. When
more than three hypotheses were associated with
one premise, we discarded the surplus hypotheses.
This resulted in 276 easy hypotheses related to 92
premises and 285 hard hypotheses related to 95
premises. In what follows, we refer to these as the
easy and hard subsets.

Visual Representation To generate images, we
use four text-to-image (TTI) models: Stable Diffu-
sion XL (Podell et al., 2024), DALL-E 3 (Betker
et al., 2024), FLUX.1-schnell (Labs, 2024), and
Qwen Image (Wu et al., 2025). We produce three
images from each model and report the average of
three inference passes. In addition, we make use
of images generated by Reijtenbach et al. (2025)
using a fine-tuned version of Stable Diffusion 1.5
(Rombach et al., 2022); their dataset includes 1 im-
age per premise p. As a sanity check, we also use
the original Flickr images from V-SNLI.



Method Easy Hard
RoBERTa 98.9%  83.2% (-15.7)
RoBERTa (abl.) 52.9%  28.4%(-24.5)
gpt-40-2024-05-13 91.2%  80.6% (-10.6)
Qwen-VL-72B-Instruct 89.0% 80.2% (-8.8)

Images+Qwen-VL | DSG

Flickr - 86.6%  73.3% (-13.3)
Qwen-Image 0949 | 94.7% 82.1% (-12.6)
DALL-E 3 0914 | 929% 79.8% (-13.1)
FLUX.1-schnell 0.884 | 91.2% 78.5% (-12.7)
SDXL 0.883 | 92% 78.4% (-13.6)
SD1.5 0.623 | 79.7% 60.7% (-19.0)

Table 1: Percentage accuracy of NLI methods on easy
and hard data. All scores except Flickr and SD1.5 are
the average of 3 runs. In parentheses: accuracy delta
between the subsets. DSG (Cho et al., 2024) scores are
reported for image generators (see Section 4)

Our choice of TTI models allows for a com-
parison between parameter-heavy, large language
model (LLM)-enhanced models (Qwen Image,
DALL-E 3) and lighter models with weaker text
encoding (FLUX.1-schnell, Stable Diffusion).

Inference For visual inference, we utilize
Qwen2.5-VL-72B-Instruct (Bai et al., 2025), an
open-weight MLLM that offers a solid approxima-
tion of the current state of the art. In addition, we
considered LLaVa-NeXT (Liu et al., 2024) as an al-
ternative backbone, but left it out due to a high rate
of formatting errors (8%). The model is queried
with an image and a textual prompt that includes
three hypotheses and instructs the model to produce
NLI labels for all three (see Appendix A).

Baseline We employed three baselines to rep-
resent zero-shot and fine-tuned NLI classifiers.
We use gpt-40-2024-05-13 (Hurst et al., 2024)
as a strong zero-shot text-only baseline. We
also run Qwen2.5-VL-72B-Instruct on textual
premises and hypotheses. The prompt is ad-
justed to accommodate texts. Lastly, we
test fine-tuned RoBERTa (Zhuang et al., 2021)
from sentence-transformers (Reimers and
Gurevych, 2019).

Even though RoBERTa can compete with state-
of-the-art models on SNLI, it is known to be prone
to bias as a consequence of fine-tuning (Gururan-
gan et al., 2018). To control for how much this af-
fects RoOBERTa, we additionally report an ablation:
we substitute textual premises with uninformative
text ("something is happening") that cannot entail
or contradict most hypotheses and report the re-
sults. If these are notably above random, this may
indicate that the model is using textual shortcuts.

3.1 Results

We report the results in Table 1. Overall, grounded
zero-shot NLI attains reasonably high accuracy,
showing that the method is generally applicable.
With high-fidelity image generators, grounded in-
ference approaches the performance of strong base-
lines: Qwen-Image+VL reaches 94.7% accuracy
on the easy subset and 82.1% on the hard sub-
set, comparable to GPT-40 and close to fine-tuned
RoBERTa.

Concerning robustness to surface heuristics, the
results do not provide definite evidence that ground-
ing eliminates sensitivity to dataset artifacts. All
models, independent of grounding, exhibit lower
performance on the hard subset. Fine-tuned
RoBERTa shows the largest accuracy drop (15.7%),
suggesting a strong reliance on hypothesis-side
heuristics; this is supported by the ablation experi-
ment, in which ROBERTa remains above chance on
the easy subset (52.9% vs. 33%). At the same time,
GPT-40 and image-conditioned models show com-
parable easy/hard deltas (=12%), indicating that
the easy/hard split reflects general dataset difficulty
rather than hypothesis-only reasoning alone.

Nevertheless, the results indicate that visual rep-
resentations consistently influence inference. Per-
formance varies systematically with the source and
fidelity of the images: higher-quality generators
(Qwen-Image, DALL-E 3) yield stronger results
than lower-fidelity ones (SD1.5), despite identi-
cal textual inputs. Notably, using original Flickr
images results in lower accuracy than most gener-
ated images on both subsets, suggesting that visual
properties such as resolution and salience affect
grounded inference. Further evidence comes from
error overlap analysis (Table 2). The limited over-
lap between errors made by textual models and
those made by image-assisted inference suggests
that grounded models are not driven by the same
hypothesis-level features alone. Remarkably, this
is more pronounced on the hard subset, where the
ablated RoBERTa performs below chance level.

Finally, the comparison across image genera-
tors reveals that LLM-backed diffusion models pro-
duce images that support more accurate grounded
inference; particularly, Qwen-Image achieves the
strongest overall performance. At the same time,
FLUX.1-schnell performs competitively despite its
smaller size and reduced computational require-
ments, indicating that effective grounded NLI does
not necessarily require the most resource-intensive



Method Easy Hard

RoBERTa 0% (3) 35.4% (48)
gpt-40-2024-05-13 24% (25)  37.5% (55)
Qwen-VL-72B-Instruct | 29% (31) 42.8% (56)

Table 2: Baselines: relative error overlap with Qwen-
Image + Qwen-VL; in parentheses: total error count.

image generation models. With FLUX.1-schnell
requiring the fewest diffusion steps (16 vs. =~ 50),
it could have sufficient throughput for real-time
production of assistive images.

4 Discussion

The fact that Qwen2.5-VL-72B-Instruct yields
higher accuracy on artificial data than on Flickr
images, contrary to expectations, may challenge its
adequacy for our task. We consider the explanation
that the low resolution of Flickr images (500 x 500)
may be too coarse for the model. Indeed, similarly
sized SD1.5 images (512 x 512) also lead to low
accuracy; by contrast, 1024 x 1024 images sys-
tematically yield higher accuracy. Our analysis
of predictions further reinforces this view: we find
that Flickr+VL predicts the Neutral label dispropor-
tionately often: its ratio in hard and easy subsets
is 36.8% and 38.9%. In contrast, the proportions
of Neutral in the gold labels are 24.6% and 31.7%
respectively. For SD1.5+VL, the ratio is also above
33%. We supply the confusion matrices in Ap-
pendix B. We see this as an indication that low res-
olution prevents the model from distinguishing the
supporting details, although the VL model appears
adequate overall. Still, the resolution issue may
have implications for further work with V-SNLI
and its descendants, as it could explain why these
datasets continue to be challenging for the most
modern VL models (Pitta et al., 2025); likewise,
artificial VTE data production (Reijtenbach et al.,
2025) has to account for different resolutions being
easy or difficult for vision models.

Generally, we distinguish two types of errors
pertaining mostly to text-to-image: factual errors
(1) and neutrality errors (2). The former include
incorrect rendering of object counts, concept bleed-
ing (Podell et al., 2024), etc. We estimate the
impact of these errors on our pipeline using two
measures. First, the average score on Davidsonian
Scene Graphs (Cho et al., 2024), i.e., the propor-
tion of correctly rendered atomic statements from
0 to 1 (see Appendix D). The score is computed
with Qwen-2.5-VL-Instruct and verified manu-

ally. Second, the proportion of Contradiction labels.
As factual errors often lead to the Entailment label
flipping, the latter score can be a coarse proxy. Our
conclusions are as follows: we find that faithful-
ness and contradiction ratio are negatively corre-
lated (Pearson’s » = —0.97, n = 10, p < 0.05);
more importantly, we also observe that the impact
of factual errors is substantial in SD1.5, but much
less so in the modern diffusion models with ~ 5%
inaccuracies for Qwen-Image (see Table 1). This
calls for caution when using TTI models, but also
shows that some of them are fit for the task.

Neutrality errors occur when the image inadver-
tently overspecifies initially ambiguous details, an
issue that complicated turning SNLI into a VTE
dataset (Do et al., 2021; Kayser et al., 2021). Of-
tentimes, this problem is unavoidable: consider the
premise "The dog about to catch a frisbee", for
which image generators are certain to produce an
outside scene, and the originally neutral hypothesis
"The dog is outside". We argue that predicting En-
tailment here may be meaningful, as it can reflect a
possible implicature: e.g., this example was rated
as Entailment by 2 out of 5 SNLI labelers. With
Qwen images, the pipeline agrees with 1+ annota-
tors on 8 out of 10 misclassified Neutrals. In that
sense, some of these predictions may be justified
as a form of fuzzy entailment.

5 Conclusion

This paper explored the use of assistive images
as intermediate representations for zero-shot Nat-
ural Language Inference. Our results show that
visually grounded NLI is feasible when premise
information can be rendered visually, achieving ac-
curacy comparable to strong text-only baselines.
By grounding inference in concrete visual situa-
tions, the proposed pipeline aligns with a truth-
conditional view of entailment and offers increased
transparency.

Our comparison of text-to-image models shows
that while none of them is error-free, they can
support accurate NLI judgments, and the impact
of factual rendering errors appears limited for
the strongest of them. Importantly, we find that
grounded inference does not require the most com-
putationally expensive models: lighter-weight sys-
tems such as FLUX.1-schnell yield competitive re-
sults, suggesting that image-assisted inference may
be viable beyond small-scale or offline settings.



6 Limitations

Several limitations of the present study should be
noted. First, text-to-image generation models are
known to exhibit social, demographic, and repre-
sentational biases, and they may fail to visualize
certain statements due to safety filters or training
artifacts. Although we encountered only one such
case in our experimental data, these issues remain a
general concern for image-assisted reasoning meth-
ods and warrant careful consideration.

Second, while we evaluated a diverse set of
image generators and a strong VL model, our
coverage is not exhaustive. Other architectures,
prompting strategies, or vision—language models
may yield different results, and a more systematic
exploration of the design space could provide fur-
ther insights.

Finally, scalability remains a practical consid-
eration. Generating high-resolution images in-
curs considerable computational cost, which may
limit throughput in real-time or large-scale deploy-
ments. Although our results indicate that cheaper
and faster generators can still support accurate
grounded inference, alternative approaches such
as image retrieval or hybrid generation—retrieval
pipelines may offer more efficient solutions. We
leave these directions for future investigation.

In the present work, we used generative Al tools
for spelling and grammar checks.
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A.1 Vision-language prompt

Question: With respect to the objects in the image,
is the statement in square brackets a) entailment, b)
contradiction, c¢) neutral?

Answer “entailment’ if the statements accurately
describe the objects in the image.

Answer ’contradiction’ if the statement contradicts

the image.
Answer ’neutral’ if the statement isn’t a
contradiction, but adds unverifiable details

(hidden/off-screen facts, motifs, intentions, identi-
ties/relationships etc.).

Put your answers into angled brackets.
Statement 1: []

Statement 2: []

Statement 3: []

Answer 1 (entailment/contradiction/neutral): <
Answer 2 (entailment/contradiction/neutral): <..
Answer 3 (entailment/contradiction/neutral): <

v v

A.2 Language prompt

Question: With respect to the premise, is the state-
ment in square brackets a) entailment, b) contradic-
tion, ¢) neutral?

Answer ‘entailment’ if the statements accurately
describe the premise.

Answer ’contradiction’ if the statement contradicts
the premise.

Answer ’neutral’ if the statement isn’t a
contradiction, but adds unverifiable details
(hidden/off-screen facts, motifs, intentions, identi-
ties/relationships etc.).

Put your answers into angled brackets.
Statement 1: []

Statement 2: []

Statement 3: []

Premise:

Answer 1 (entailment/contradiction/neutral): <
Answer 2 (entailment/contradiction/neutral): <..
Answer 3 (entailment/contradiction/neutral): <

v vV

B Confusion Matrices

Flickr: SNLI-easy

Flickr: SNLI-hard

contradiction 86 3 4 contradiction | 3 -
° °
S entailment | 20 S entailment | 72 £
[C] [C]
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C Misclassified neutrals

Method Agr. cases

Qwen-Image 8/10 (80%)
DALL-E 3 10/11 (90%)

FLUX.1-schnell | 8/11 (73%)
SDXL 11/13 (85%)

Table 3: Proportion of neutral instances misclassified
in all 3 inference runs, where TTI+VL pipeline agrees
with 14+ SNLI annotators. We consider these instances
as possible implicational readings.

D Davidsonian Scene Graphs

TTI evaluation with DSGs was proposed in Cho
et al. (2024). The pipeline consists of three steps:
1) breaking the source text down into atomic state-
ments (DSG tuples); 2) rewriting the tuples as ques-
tions; 3) answering the questions based on the gen-
erated image. Steps 1 and 2 can be performed with
a text-only LLM, while 3 requires a VQA model.
The answers can then be manually verified. Here,
we provide the used prompts (same as in the origi-
nal paper) as well as an evaluation example.

Tuple generation: Task: given input prompts,
describe each scene with skill-specific tuples. Do
not generate same tuples again. Do not generate tu-
ples that are not explicitly described in the prompts.
output format: id | tuple

Question generation: Task: given input prompts
and skill-specific tuples, re-write tuple each in nat-
ural language question.

output format: id | question

Question answering: Task: Answer all ques-
tions by number with ’yes’ or 'no’ based on the
image; reply using tuple syntax. e.g., [(1, yes), (2,
no)J.

Example: Text: A dog jumps over the pole.
Tuples:

1 | entity - whole (dog)

2 | entity - whole (pole)

3 | action - (dog, jump)

4 | relation - spatial (dog, pole, over)
Questions:

1| Is there a dog?

2 | Is there a pole?

3 | Is the dog jumping?

4 | Is the dog jumping over the pole?

Figure 7: Image: FLUX.1-schnell

Answers:
[(1, yes), (2, yes), (3, yes), (4, yes)] — score=1.0
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