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ABSTRACT

Spatial consistency is a fundamental property of the visual world and a critical
requirement for models that aim to understand or generate realistic scenes. Yet,
despite their impressive capabilities, today’s multimodal large language models
(MLLMs) often fail to reason about 3D geometry across views. We introduce a
new task that directly tests this ability: given two views of the same scene, identify
which object violates 3D consistency. To create data for this task at scale, we pro-
pose a simple, fully automatic method that constructs realistic pairs of inconsistent
images from multi-view captures. The method uses object segmentation, inpaint-
ing, and cross-view replacement to introduce controlled geometric inconsistencies
without manual annotation. Using this approach, we build a dataset and evaluate
several state-of-the-art MLLMs, including GPT-5, Gemini 2.5 Pro, and Qwen3
VL 8B. Humans outperform all models by a large margin, revealing that current
systems lack robust spatial reasoning. Moreover, fine-tuning an MLLM such as
Qwen3 VL 4B on our task not only improves its accuracy and generalization but
also enhances performance on other benchmarks like BLINK. Our findings un-
derscore spatial consistency as a key frontier in multimodal reasoning and present
a practical framework for advancing geometric understanding in next-generation
MLLMs. Our code and benchmark will be available publicly.

1 INTRODUCTION

Spatial consistency is a defining property of the physical world. As a camera moves through a static
scene, objects change appearance in predictable ways governed by geometry, depth, and viewpoint.
Their shapes, scales, and occlusions vary smoothly and coherently across views. Humans are sensi-
tive to violations of these relationships: any configuration that cannot physically exist immediately
feels “off”’. For multimodal large language models (MLLMs) and generative systems that aim to
understand or synthesize realistic scenes or videos, maintaining such consistency is essential.

However, even the most capable multimodal models, such as GPT-5, Gemini, and Qwen, struggle
with reasoning about 3D structure and spatial coherence. While these models can describe individual
views with impressive accuracy, they often fail to recognize when two views of a scene are mutually
inconsistent. This gap highlights a broader issue: today’s MLLMs demonstrate surface-level 3D
visual understanding, but lack a robust internal model of spatial geometry. As generative models
increasingly rely on MLLMs to judge realism, control synthesis, or enforce geometric consistency,
this limitation becomes detrimental.

To study this problem systematically, we focus on a simple but revealing question: can a model iden-
tify spatial inconsistency between two images of the same scene? This task directly probes whether
a model understands 3D structure rather than merely memorizing visual statistics. A key challenge,
however, is obtaining high-quality pairs of images that differ only by a physically inconsistent ob-
ject. Existing 3D rendering or view-synthesis methods, such as Zero123 (Liu et al.,[2023)) or SEVA
(Zhou et al.| [2025), can generate alternative viewpoints, but often produce artifacts or unrealistic
geometry that confound evaluation. We instead develop a simple, lightweight, fully automatic pro-
cedure that uses real multi-view scenes to create natural yet inconsistent image pairs. The algorithm
requires no manual annotation and operates in near real-time, serving purely as a scalable tool to
enable this study.



Given three views of the same static scene, we select the first as a reference, segment an object from
the second and third views, and perform three steps: (1) remove the selected object from the second
view and inpaint the missing region using an off-the-shelf inpainting model, (2) copy and paste the
segmented object from the third view into the second, and (3) form a pair consisting of the first
(reference) and the second (modified) view. Because the camera poses differ across the three views,
the pasted object naturally acquires a 3D pose inconsistent with the reference view. The resulting
pair preserves photorealism while introducing a controlled geometric violation, precisely the type of
inconsistency that humans can easily detect but confuses most recent MLLMs.

Using this method, we construct a dataset of spatially inconsistent image pairs. Each pair includes
ground truth annotations specifying which object violates consistency. We formulate a simple eval-
uation task: given two images of a scene, identify the inconsistent object. This task serves as a
direct test of spatial reasoning ability in both humans and MLLMs. We evaluate several state-of-
the-art models, including GPT-5, Gemini, and Qwen3 VL, and find that human participants achieve
significantly higher accuracy than all tested models (Section [3| and Appendix [C.I). These results
demonstrate that the generated image pairs provide a challenging and informative benchmark for
diagnosing spatial reasoning gaps in current multimodal systems.

Beyond evaluation, we show that the same data can be used to improve MLLM performance. Fine-
tuning an MLLM such as Qwen to identify inconsistent objects delivers strong gains on our dataset
and also boosts zero-shot performance on other 3D tasks, including relative depth estimation, cor-
respondence, and camera motion estimation (Appendix [C.2). This suggests that learning to detect
geometric inconsistencies encourages models to develop more structured internal representations of
3D scenes. Consequently, our data generation framework can serve as both a training signal and an
evaluation resource for improving 3D reasoning in future multimodal language models.

Spatial inconsistency is also a persistent challenge in video generation. Many recent video synthesis
models produce sequences that appear realistic frame by frame but subtly violate 3D geometry over
time, leading to objects that drift, distort, or change shape across views. The principles underlying
our task naturally extend to this temporal setting: similar notions of geometric plausibility and cross-
view consistency apply across frames. Fine-tuned MLLMs that learn to detect spatial inconsistency
could therefore act as automated consistency checkers for video generation pipelines, serving as part
of a reward function or evaluation metric during training and inference. We leave the application of
our approach to video generation models as an exciting direction for future work (Appendix[C.3).

In summary, we present a simple, scalable algorithm to automatically generate spatially inconsistent
image pairs, a dataset and evaluation task that reveal clear gaps between human and model reasoning,
and initial evidence that training on such data improves general spatial understanding. Our findings
highlight spatial consistency as a key frontier for multimodal reasoning and provide a practical path
toward closing this gap in future models.

2  SYNTHESIZING SPATIAL INCONSISTENCIES

2.1 PROBLEM SETTING

Our goal is to construct pairs of views of a static scene in which a single object violates the spatial
constraints implied by camera motion. Given multi-view imagery of a scene, we aim to generate
two images that differ only in the 3D-consistency of one object. While one could synthesize such
pairs using novel-view generation models (e.g., Zerol123-style approaches (Liu et al., 2023} Zhou
et al.| 2023))), these methods are often slow, may introduce unintended artifacts, and may embed
model-specific biases into the benchmark.

Instead, we adopt a lightweight cut-and-paste strategy that operates directly on observed views. This
approach scales to large datasets, runs in almost 5 pairs per second on a single GPU, and preserves
natural image statistics. Most importantly, by sourcing the inserted object from a true novel view, our
method produces a controlled 3D violation that alters only the object’s pose without unintentionally
modifying its structure or texture. The resulting pairs are photorealistic and contain a single, well-
defined geometric inconsistency.



Figure 1: Synthesizing spatially inconsistent image pairs from multi-view data. Given three
views (V1, Va, V3) of the same static scene, we (1) select an object O visible in all views, (2) Erase
O in view V5 and inpaint to obtain a clean background, and (3) paste the instance of O from view
V5 back into V5 at its original footprint. Because V3 is captured from a different camera pose, the
pasted object has an appearance that is incompatible with the 3D geometry implied by V; — V5,
while all other objects remain consistent. This yields realistic image pairs with controlled spatial
violations and no manual annotation. We label objects in V; for our forced-choice evaluation.

2.2  SOURCE DATA AND TRIPLET SELECTION

We build on the Hypersim dataset (Roberts et al., [2021)), which provides multi-view indoor scenes
with tracked instance-level masks. For each scene, we sample three frames (7, V5, V3) and select an
object O visible in all three views. To avoid degenerate cases where the views are nearly identical,
we impose that at most 75% of the objects overlap between (V4,V2) and between (Va,V3). We
further restrict selection of O to objects occupying between 5% and 10% of the image area to ensure
sufficient visual detail while avoiding large objects that lead to inpainting artifacts or small objects
that lack textural cues. Additionally, we enforce the pixels of O in V3 must project to at 40% of the
area of O in V5, ensuring that V5 and V3 have enough overlap.

2.3  VIOLATING SPATIAL CONSISTENCY

Given a selected triplet (V4, Vo, V3, 0), we construct an edited version V4 in which only object O
violates the geometric constraints consistent with the transition of camera view point V; — V5. The
process consists of two steps:

1. Removing O in V2. We erase O from view V5 by inpainting its bounding box (enlarged
by 20% to include context) using the LaMa inpainting model (Suvorov et al,[2021). This
produces an object-free background that remains visually coherent. We inpaint the bound-
ing box instead of the segmentation mask to ensure contour details of the object are also
erased.

2. Reinserting O from V3. We extract O from V3 using its instance segmentation mask and
paste it into the inpainted region of V4. The pasted object preserves its aspect ratio and is
centered to match the footprint of O in V5. All pixels belonging to other object instances
within the inpainted area are restored to maintain continuity and correct occlusion ordering.



Because the camera poses differ across (V7, Vs, V3), the appearance of O as seen from V3 will
generally not be geometrically compatible with its appearance in V;. This edit therefore introduces
a precise 3D inconsistency while leaving all remaining objects unchanged. Models with strong 3D
geometric understanding must detect mismatches in scale, orientation, shading, correspondence, and
occlusion patterns across the two views.

Model Reasoning Overall \ Model Reasoning Overall
Random Chance 79 Random Chance 79
Human 84.8 Human 84.8
Gemma 3 12B 8.5 Llama 3.2 Multimodal 11B 23.4
Idefics3 8B 8.9 Qwen3 VL 4B 24.7
Idefics2 8B 11.9 Qwen3 VL 8B Thinking v 25.2
GPT-5 Nano 15.3 Qwen3 VL 8B Instruct 27.6
Qwen2.5 VL 7B 15.9 Gemini 2.5 Pro (HR) v 28.9
InternVL 3.5 8B 16.1 Gemini 2.5 Pro (LR) v 294
LLaVA OneVision 1.5 8B 16.6 Gemini 2.5 Pro (MR) v 294
Gemini 2.5 Flash 17.6 GPT-5 (HR) v 30.2
SpaceQwen2.5 VL 3B 18.2 GPT-5 (MR) v 314
GPT-40 19.0 GPT-5 (LR) v 34.2

Table 1: Overall accuracy (%) on the spatial inconsistency identification task. We report over-
all accuracy for a random-choice baseline, humans, and a range of multimodal language models
(sorted by increasing overall accuracy). A checkmark indicates runs using an explicit reasoning
budget (HR/MR/LR denote high/medium/low reasoning budget, respectively). Consistent with the
benchmark findings, humans substantially outperform all tested models, and higher reasoning bud-
get does not necessarily yield higher accuracy.

3 How MANY SPATIAL INCONSISTENCIES CAN MLLMS CATCH?

As shown in Table |1} humans can easily spot spatial inconsistencies with relative ease at 84.8%
accuracy. However, most models struggle with our task, with the very best (GPT-5 with “low” effort
reasoning) achieves only 34.1%. This suggests that learning to spot inconsistencies still remains a
perceptual gap in multimodal language models, even as accuracy in many 3D tasks such as depth
or correspondence approaches human capabilities (Bai et al, |2025b). Surprisingly, models such as
SpaceQwen, which have been finetuned to excel at spatial reasoning tasks, still fail to spot incon-
sistencies. This may suggest that existing methods to teach models spatial understanding still leave
large gaps in their 3D reasoning capabilities. Additionally, as is shown by the result corresponding
to Qwen3-VL, Gemini 2.5 Pro, and GPT-5, increasing test-time compute does not lead to improved
performance. In fact, we consistently find that increasing reasoning effort often degrades model
performance or leads to no further improvement. This finding is counterintuitive to the promise of
visual reasoning and merits further investigation. We also explore the effects of several factors such
as depth, lighting, and physical plausibility in the appendix.

4 CONCLUSION

We introduced a new task for evaluating 3D spatial reasoning in multimodal large language models
(MLLMs), together with a simple and scalable method for synthesizing cross-view inconsistencies.
Our results demonstrate that state-of-the-art MLLMs struggle to detect even single-object geometric
violations that humans find obvious, highlighting a persistent gap in 3D understanding. Fine-tuning
on our automatically generated data improves performance on both our task and related 3D tasks
we provide no additional supervision for. This indicates that inconsistency detection serves as an
effective proxy objective for learning 3D priors. We believe that our task and data generation pipeline
offer a practical approach for advancing spatial reasoning in future multimodal systems and for
enabling applications such as robotics, scene understanding, and video generation to identify failures
in simulating or generating the physical world. We hope our work inspires others to look beyond
teaching multimodal models to simply describe the visual world, and to build a visual understanding
that fundamentally understands the physical and spatial constraints of our world.
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APPENDIX

A  QUALITATIVE EXAMPLES
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Figure 2: Example figures with labels and predictions. Al labels are ordered as GPT-5 (Low),
Gemini 2.5 Pro (Medium) and Qwen3 VL 8B Thinking. Zoom in to see labels in detail.

B EXPERIMENTAL DETAILS

B.1 MODELS EVALUATED

We evaluate a comprehensive suite of Multimodal Large Language Models (MLLMs) spanning var-
ious architectures, sizes, and training strategies. Our selection includes leading proprietary frontier
models, specifically the GPT-5 family, GPT-40, and Gemini 2.5 (Pro and Flash) under a wide
range of reasoning budgets. We also assess state-of-the-art open-weights models, including Llama
3.2 Multimodal Qwen 2.5 and 3 VL Instruct and Thinking [2025bza),

Gemma 3 (Team et al., [2025)), Idefics2 and 3 (Laurencon et al,2024), LLaVA OneVision 1.5
2024b), and InternVL 3.5 (Wang et al.} 2025). Finally, to investigate the impact of domain-

specific fine-tuning and inference-time reasoning, we include spatially specialized variants such as




SpaceQwen (Chen et al., [2024). For GPT-5 and Gemini 2.5 Pro, we also report low (LR), medium
(MR) and high (HR) reasoning efforts.

B.2 BENCHMARK CONSTRUCTION

Following established practice to validate the benchmark (Fu et al.| [2024), we manually inspect
all pairs. Because there are only 452 valid scenes in Hypersim, we manually remove similar pairs
and obtain a final set of 615 inconsistent frame pairs. Note that this manual step is not needed
when generating training data as similar pairs can be sees as data augmentation. To probe MLLMs’
spatial reasoning, we convert each pair into a forced-choice question: given views (V1, V3), identify
the object that violates 3D consistency.

Object labeling. We label all objects in view V; larger than 1000 pixels (assuming 1024 x 768
image size) using a raster-scan ordering from top-left to bottom-right, assigning letter labels A. . . Z
following prior work (Fu et al., 2024). This labeling scheme allows models to refer to objects
unambiguously in natural language. If more than 26 objects satisfy the size threshold, we keep
the largest 26 while ensuring that O is included. If too few objects qualify, we slightly relax the
threshold but never include instances smaller than 300 pixels that lack meaningful visual detail.
These labels define the answer space for both human and model evaluation.

Prompt and evaluation. At the test time, the model receives the labeled V; and the edited V3 along
with the following prompt:

Here are two photos of a static scene from different views.
However, in between taking the photos, I edited the second image
such that, for one object, its positioning is inconsistent with
the camera motion between the two frames. Which letter marks the
modified object? Please use the labels from the first image.
Format your reply exactly as:
Final Answer: <LETTER>

..where <LETTER> is ONE capital letter A to Z only. Do not write
anything else.

We parse the final output and mark the item correct if the letter matches the single edited object. Our
primary metric is the average accuracy across pairs.

Human evaluation protocol. We evaluate both humans and multimodal language models under
the same forced-choice protocol. Given an image pair, participants and models must indicate which
image contains the 3D-inconsistent object. No additional textual hints about the manipulated object
or category are provided. We measure accuracy over all 615 pairs. Section [3|reports detailed results
broken down by depth, lighting, and physical plausibility.

C ADDITIONAL EXPERIMENTS

C.1 HOW DOES THE SCENE AFFECT SPATIAL INCONSISTENCY SPOTTING?

Depth and lighting factors. Because Hypersim provides ground-truth depth and per-pixel illumi-
nation, we can directly examine how geometric and photometric factors influence performance. For
each inconsistent pair, we compute the depth of the modified object and the average scene bright-
ness, then partition the dataset into 3 equally sized bins based on the empirical distributions: close,
medium, and far for object depth, and dark, medium, and bright for lighting. For object depth we use
the monocular depth within frame V7, and for lighting we use the luminance averaged across V; and
V5. This categorization enables systematic comparisons of human and model accuracy under dif-
ferent viewing conditions. Surprisingly, we find that most multimodal models perform substantially
better on objects that are far relative to those that are close, with differences exceeding 15 percent-
age points, whereas human accuracy is highest for medium-distance objects and remains stable for
close and far ones. This pattern suggests that current MLLMs exhibit geometric biases related to



Model Object Depth Scene Lighting Plausibility

Close Medium Far | Dark Medium Bright | PI PP
Random Chance 7.2 8.0 8.4 7.7 8.1 7.8 7.9 7.7
Human 83.3 87.3 83.8 | 82.3 85.4 86.8 86.3 80.1
Gemma 3 12B 13.2 7.3 4.9 7.8 11.2 6.3 94 5.4
Idefics3 8B 8.8 10.7 7.3 8.8 9.8 8.3 7.7 12.8
Idefics2 8B 9.8 12.2 13.7 12.2 13.2 10.2 124 10.1
SpaceOm 19.0 15.6 8.8 14.6 16.6 12.2 150 128
GPT-5 Nano 14.6 17.6 13.7 16.1 15.1 14.6 16.1 12.8
Qwen2.5 VL 7B 11.7 12.7 234 | 19.0 19.0 9.8 17.1 122
InternVL 3.5 8B 14.2 13.7 20.5 16.6 16.1 15.6 16.5 149
LLaVA OneVision 1.5 8B 11.2 14.6 23.9 18.1 19.0 12.7 17.3 142
Gemini 2.5 Flash 18.1 18.1 16.6 18.1 21.0 13.7 184 149
SpaceQwen2.5 VL 3B 23.4 16.6 146 | 20.5 19.5 14.6 19.3 149
GPT-40 16.1 17.1 239 | 229 14.2 20.0 199 162
Llama 3.2 Multimodal 11B 30.7 23.4 16.1 21.0 25.4 23.9 242 21.0
Qwen3 VL 4B 31.2 24.9 18.1 23.9 254 24.9 259 21.0
Qwen3 VL 8B Thinking 18.1 24.4 332 | 312 27.8 16.6 26.8 20.3
Qwen3 VL 8B Instruct 26.8 254 30.7 | 27.8 32.2 229 208 21.0
Gemini 2.5 Pro (HR) 28.3 30.2 28.3 | 29.8 33.7 23.4 290.1 284
Gemini 2.5 Pro (LR) 31.7 203 273 | 30.2 31.7 26.3 30.6 25.7
Gemini 2.5 Pro (MR) 30.7 32.2 254 | 30.7 32.7 24.9 208 28.4
GPT-5 (HR) 28.3 25.9 36.6 | 28.8 32.2 29.8 30.6 29.1
GPT-5 (MR) 23.4 30.2 40.5 | 32.2 33.2 28.8 332 257
GPT-5 (LR) 273 29.8 454 | 302 36.6 35.6 353 304

Table 2: Performance breakdown (% accuracy) by depth, lighting, and physical plausibility.
We report accuracy for identifying the single spatially inconsistent object, stratified by inconsistent
object depth (Close/Medium/Far), average pair brightness (Dark/Medium/Bright), and whether the
augmented object is physically plausible (PI vs. PP). While humans remain comparatively robust
across conditions, all models show substantial sensitivity to depth and lighting, and plausibility also
impacts accuracy.

depth perception. Lighting reveals similar discrepancies: humans are consistently more accurate in
bright scenes, while models tend to perform best under medium illumination, potentially reflecting
biases inherited from visual instruction tuning data.

Physical plausibility of poses. Not all 3D-inconsistent poses are equally salient. Some pose ma-
nipulations are obviously impossible in everyday scenes (e.g., a chair with two legs hovering above
the ground), while others are subtle geometric violations that are harder to notice at a glance. To
capture this variation, we categorize each pair by the physical plausibility of the inconsistent pose.
We estimate the camera transformation between frames V, and V3 of the underlying Hypersim se-
quence and use the induced roll to approximate whether the inserted object appears stably supported
or not. Pairs with less than 5° roll are labeled as physically plausible (PP), meaning the object ap-
pears roughly stable under gravity, while those with larger roll are labeled as physically implausible
(PI). This allows us to analyze how the physical compatibility of the inserted pose affects detection
difficulty. We find that both humans and models more easily identify inconsistencies in PI pairs,
as these poses tend to be unusual in real-world settings. Interestingly, while models with limited
test-time compute perform better overall on our task, models with greater test-time compute exhibit
only a small performance gap between PP and PI pairs, suggesting that additional compute helps
mitigate sensitivity to physical plausibility.

C.2 DOES LEARNING TO SPOT INCONSISTENCIES IMPROVE BROADER 3D PERCEPTION?

Given the poor zero-shot accuracy of state-of-the-art multimodal models, a natural question arises:
is our task fundamentally beyond the capabilities of current architectures, or do existing models
simply lack exposure to the kind of geometric violations we introduce? Moreover, if a model can be
trained to detect these inconsistencies, does it merely learn a narrow heuristic, or does it acquire a
more generalizable internal representation of 3D structure?
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Model Base Model Finetuned Min Max

Our Benchmark 24.7 66.8+1.5 65.1 68.7
Multiview Reasoning 37.6 399+14 384 421
Visual Correspondence 80.2 81.7£0.7 80.8 82.6
Relative Depth 84.7 86.9+1.1 855 87.1

Table 3: Fine-tuning on our benchmark improves performance on external perception and
reasoning tasks. We report accuracy (%) of the base model and the same model fine-tuned on our
spatial inconsistency dataset across several BLINK subtasks: Multiview Reasoning, Visual Corre-
spondence, and Relative Depth. For each task, we show the mean and standard deviation over 5
runs, as well as the minimum and maximum accuracy. The gray row reproduces our benchmark
performance for reference. Fine-tuning on spatial inconsistency provides consistent, though mod-
est, gains on multiview and depth reasoning, indicating that learning to detect geometric violations
transfers beyond our specific evaluation. We report the 95% conf. int. and min and max accuracies
over 5 training runs.

To answer these questions, we fine-tune Qwen3-4B using a scaled-up version of our dataset. We
automatically generate a training set of 19K inconsistent (17, V) pairs from Hypersim by extend-
ing our cut-and-paste pipeline with additional constraints on object depth and relative view pose,
ensuring that augmented examples are neither trivial nor unrealistic. We apply LoRA (Hu et al.,
2021)) with rank 16 to reduce overfitting. For TableE], we train for 80 iterations with minibatch size
128 on the full training set (roughly half an epoch). The training started overfitting after this since
the data is synthesized from only 452 scenes. We believe that one can use our method on a larger set
of 3D scenes like (Ling et al.,[2024) to scale up the generated data with more diversity. For Table 4]
we hold out 20% of scenes to build a disjoint test set and fine-tune for one epoch on the remaining
scenes.

In-domain generalization. As shown in Table [d] fine-tuning yields a substantial improvement
in performance: Qwen3 VL-4B jumps from 24.7% to 69.2% accuracy on entirely unseen scenes.
This corroborates that the task is learnable and that our synthetic pairs provide a consistent and
meaningful signal for the model to acquire a generalizable notion of 3D violations, rather than
memorizing scene layouts or object textures.

Transfer to broader 3D benchmarks. The more important question is whether this training trans-
fers beyond our task. We evaluate the fine-tuned model on the BLINK benchmark (Fu et al.,|[2024),
focusing on categories most closely tied to spatial geometry: “Multiview Reasoning”, “Visual Cor-
respondence”, and “Relative Depth”. As summarized in Table (3| training on our inconsistency-
spotting task yields consistent improvements across all three metrics. We observe gains of ap-
proximately 2.3 percentage points in both “Multiview Reasoning” and “Relative Depth”, and 1.3
percentage points in “Visual Correspondence”. These improvements are notable because the model
receives no direct supervision on depth estimation, correspondence matching, or camera motion.
Instead, identifying which object breaks cross-view consistency implicitly encourages the model to
learn depth (for scale compatibility), correspondence (for appearance matching), and also camera
motion understanding.

Together, these findings suggest that our inconsistency-spotting task provides an effective proxy
objective for learning 3D structure. By leveraging our scalable, annotation-free data generation
pipeline, we can inject meaningful 3D priors into multimodal models without relying on costly 3D
supervision, handcrafted geometric annotations, or specialized rendering engines.

C.3 Do VQA JUDGES NOTICE SPATIAL INCONSISTENCIES?

Despite struggling at directly identifying inconsistent objects, modern MLLMs are widely used as
VQA-style judges for evaluating image and video generation. We therefore ask: do these judges
notice our 3D inconsistencies when used in their standard Yes/No evaluation protocol? Given a
set of frames and a textual description, the model is asked a constrained question such as: “Does
this video show {caption}? Please answer Yes or No.” The alignment score is then estimated
from the probability assigned to the Yes token. In practice, this setup is used not only to measure
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Model Base Model Finetuned
Our Benchmark, disjoint set 24.7 69.2

Table 4: Fine-tuning on our spatial inconsistency task yields large gains on a disjoint test
split. Accuracy (%) of the base vision—-language model versus the same model fine-tuned on our
benchmark, evaluated on a held-out set of image pairs with no scene overlap. Performance jumps
from 24.7% to 69.2%, showing that the task is learnable and that targeted training substantially
improves spatial reasoning on new scenes.

Model Pairwise Pearson Kendall
GPT—4o 50.1 -0.14 0.32

Table 5: VQAScore evaluation of GPT—40 on our spatial inconsistency benchmark. We report
the pairwise accuracy (%) of VQAScore (Lin et al., [2024)) when asked to score both the physically
consistent image and the manipulated one, along with Pearson and Kendall correlations between
VQAScore and human accuracy across image pairs. The near-chance pairwise score and weak
correlations indicate that the SOTA VQA-based judge poorly aligns with human assessments of
spatial consistency.

semantic alignment, but also as a proxy for visual plausibility: if two candidates match the prompt,
the expectation is that the judge will assign a higher Yes score to the one that is more realistic.

Recent benchmarks (e.g., GenAl-Bench (Li et al., [2024a))) support this intuition by showing that
VQA-style judges can successfully rank images that all satisfy the prompt but differ in fidelity and
artifacts, suggesting some sensitivity to realism beyond pure text alignment. We hypothesize that
this sensitivity to realism does not extend to 3D understanding, and thus may be unable to distinguish
videos where object poses are modified such that the frames are impossible in a static scene.

We use our constructed pairs to test this assumption directly. For each multiview set (V7, Vo, V3):

1. We first generate a caption C; from frame V; alone (without labels) using GPT-5.

2. We treat (V7, V2) and (V4, V3) as the frames sampled from two candidate videos depicting
the same static scene.

3. We compute the accuracy as the fraction of items where the unmodified pair (V7, V5) re-
ceives a higher Yes score than the manipulated pair (V3, V3).

Assuming GenAl-Bench’s finding holds, a judge that truly understands scene geometry should con-
sistently prefer (V7, Va), the unmodified pair over (V7, Vy) which is spatially inconsistent. How-
ever, as shown in Table 5} GPT-4o (the current SOTA for VQAScore eval) performs near random
chance. This suggests that VQA judges does not spot spatial inconsistencies when ranking align-
ment of generated videos and provided captions. Additionally, when utilizing VQA judges to control
diffusion-based generators (Luo et al., 2025 |Anonymous, [2025)), they may amplify these spatial in-
consistencies due to their inability to identify them.

D RELATED WORKS

D.1 EVALUATING PERCEPTION IN MULTIMODAL LANGUAGE MODELS

Since the early days of VQA, many have questioned the perceptual limits of multimodal models. For
example, the CLEVR dataset (Johnson et al.,[2017) was introduced as a diagnostic to test whether
models were learning superficial statistics or genuinely understanding low-level spatial and compo-
sitional relationships. This concern has re-emerged with general-purpose MLLMs, which excel at
semantic tasks but often fail at core perception. A crucial line of work, exemplified by BLINK (Fu
et al., 2024), found that many MLLMs “can see but not perceive.” They showed that while models
can solve high-level VQA, they fail at basic vision tasks like correspondence or object localization
that cannot be solved with captions alone. These findings spurred a new generation of more rigorous
benchmarks.
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To probe a model’s intuitive “world model,” benchmarks like Physion++ (Tung et al., [2023)) and
PhysBench (Chow et al.l [2025)) evaluate understanding of physical properties and dynamics. Sim-
ilarly, to test reasoning across multiple images, benchmarks such as MVBench (L1 et al., 2024c),
MMRB (Cheng et al.l 2025)), and MM-Spatial (Daxberger et al., 2025) evaluate a model’s ability to
aggregate spatial and semantic information from different viewpoints. While these works ask mod-
els to describe physical scene properties (e.g., stability, mass) or temporal details (e.g., “what is the
person doing after cleaning?”’), we isolate and evaluate a model’s understanding of projective geom-
etry. Additionally, we test not what is in a scene, but whether the scene’s geometry is fundamentally
possible.

D.2 COUNTERFACTUAL SCENE UNDERSTANDING

A robust visual system should not only recognize what is present but also reject what is impossible,
and counterfactual evaluation has become crucial to identify flaws in MLLMs visual representations.
Early foundational works in this domain, such as Winoground (Thrush et al.l2022) utilize semantic
counterfactuals (e.g., swapping object-attribute bindings or word order) to demonstrate that models
often ignore syntax and relational logic in favor of bag-of-words matching. This line of inquiry
has since expanded to “hard negatives,” with benchmarks like CREPE (Ma et al.,|2023)) and EqBen
(Wang et al., [2023) testing a model’s ability to distinguish between minimally different captions or
images.

More recently, this paradigm has shifted toward visual and physical counterfactuals, where images
are manipulated to contradict physical laws rather than just textual descriptions. HallusionBench
(Guan et al.| [2024) introduced a suite of 2D visual illusions to probe whether MLLMs effectively
hallucinate details when faced with confusing visual inputs. In the video domain, VideoHallu (Li
et al.,|2025)) and Vinoground (Zhang et al.)) generate synthetic videos that violate physical principles
(e.g., gravity, object permanence) or temporal logic, identifying a critical gap in dynamic causal
reasoning. Similarly, Visual Jenga (Bhattad et al., [2025) introduces a new task to evaluate a gener-
ative model’s notion of scene stability and object dependence by asking the model to progressively
remove objects from the scene without deforming it or creating a physical inconsistency.

However, these existing counterfactual benchmarks largely focus on semantic plausibility (is the
correct object present?) or dynamic plausibility (did it move correctly over time?). Our work fo-
cuses on creating multiview counterfactuals that do not rely on generative models to synthesize the
inconsistency.
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