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Abstract

Vision-language models (VLMs) increasingly process multiple views of the same
scene, but it remains unclear whether they integrate these observations into a co-
herent scene-level representation. Existing multi-image evaluations do not isolate
this capability, as tasks may admit correct solutions through independent per-view
processing without requiring cross-view correspondence. We introduce OneScene-
Bench, a controlled benchmark designed to explicitly distinguish when cross-view
integration is necessary. Our benchmark evaluates three complementary capabilities
on real-world multi-view scenes: unique object counting, cross-view consistency,
and spatial reasoning. For counting, we control object overlap across views to sep-
arate cases solvable by simple per-view aggregation from those requiring instance-
level correspondence. For consistency, we introduce localized edits in shared and
view-specific regions, testing whether models distinguish genuine scene contradic-
tions from differences caused by viewpoint and visibility. For spatial reasoning, we
construct object relations that require combining spatial evidence across viewpoints
to compare physical proximity. We evaluate twelve state-of-the-art open-weight and
proprietary VLMs and find that counting accuracy drops substantially on comple-
mentary views, ranging from 4.5-50.0%, compared with 45.5-81.5% on complete-
overlap examples. Moreover, cross-view consistency remains around 50% across
models, including recent proprietary VLMs, despite substantially stronger perfor-
mance on spatial reasoning. Our results reveal a substantial gap between processing
multiple images and integrating evidence across them, highlighting the need for
evaluations that explicitly test scene-level multi-view understanding. Code and
data are available at https://github.com/swathisuhas/OneScene-Bench,

1 Introduction

Vision-language models (VLMs) increasingly support multiple images as input, enabling them
to reason over different observations of the same physical scene. Unlike generic multi-image
understanding, multi-view scene understanding requires models to recognize repeated objects across
viewpoints, account for viewpoint-dependent visibility, and combine complementary observations
into a coherent representation of the scene. These capabilities are particularly important in embodied
settings such as robotics and autonomous systems, where an agent observes the same environment
from multiple viewpoints but must reason about it as a single scene.

However, multi-view input does not necessarily imply multi-view reasoning. Consider counting
unique objects across two views. A model should recognize repeated instances across viewpoints
and count each physical object only once. Yet when both views contain the same objects, or one
contains only a subset of the other, taking the larger per-view count gives the correct answer. When
each view contains instances not visible in the other, the model must instead determine which objects
are shared to recover the total. A model with scene-level understanding should correctly integrate
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Figure 1: Overview of OneScene-Bench. OneScene-Bench evaluates whether VLMs correctly
integrate and reason across views of the same physical scene through three tasks: unique object
counting under complete-overlap, subset-overlap, and complementary-view configurations; cross-
view consistency; and spatial reasoning. Representative image pairs, questions, and ground-truth
answers are shown for each task.

information across different configurations, regardless of how objects are distributed across the
views. This reveals a fundamental ambiguity in multi-view evaluation: a correct answer does not
necessarily show cross-view integration. Recent benchmarks evaluate reasoning across multiple
images and viewpoints in diverse environments [} I42]]. However, these evaluations do not
explicitly distinguish between predictions that require cross-view integration and those that can be
solved through independent per-view processing. As a result, strong benchmark performance does
not necessarily mean that a model has integrated and correctly linked information across views. A
reliable evaluation must therefore control whether cross-view integration is actually necessary to
obtain the correct answer.

We introduce OneScene-Bench, a human-annotated, controlled benchmark for evaluating whether
VLMs reconcile multiple views as observations of the same physical scene (Figure[T). Our central
design principle is to control the evidence required to solve each example. For multi-view counting,
we construct three configurations of cross-view object overlap: complete overlap, subset overlap, and
complementary views. The first two admit a max-count shortcut, whereas in complementary views
each image contributes instances not visible in the other, making per-view counts alone insufficient.
Comparing performance across these configurations directly measures whether counting ability
persists when cross-view integration becomes necessary. We probe the same capability with a second
task, cross-view consistency. Differences between two views do not necessarily imply differences in
the scene, as objects may be out of frame or occluded. We introduce localized edits either in regions
visible from both viewpoints, creating a genuine contradiction between the views, or in regions visible
from only one, leaving the pair compatible. This tests whether a model understands which evidence
should agree across viewpoints, rather than merely detecting differences between images. Finally,
multi-view spatial reasoning evaluates whether models can combine evidence across viewpoints to
compare the physical proximity of objects. All examples are constructed from real-world multi-view
captures [21]] and manually verified.

We evaluate twelve open-weight and proprietary VLMs using an open-ended protocol and analyze
both their performance and failure modes. Across all models, counting performance drops on
complementary views: accuracy ranges from 45.5-81.5% on complete overlap and 26.7-76.7% on
subset overlap, but only 4.5-50.0% on complementary views, where cross-view correspondence
and deduplication are required. Cross-view consistency accuracy remains around 50%, i.e., random



chance, across models, with models responding similarly to edits in shared and view-specific regions,
indicating limited sensitivity to cross-view visibility. We further attribute counting predictions to
simple per-view aggregation strategies and study sensitivity to image order, removal of visual input,
and explicit reasoning. Together, these results reveal a clear gap between processing multiple images
and correctly performing visual reasoning across them.

‘We summarize our contributions as follows:

* We introduce OneScene-Bench, comprising 1,300 manually verified examples from real-
world multi-view scenes across counting, consistency, and spatial reasoning.

* We develop controlled diagnostics for cross-view integration: an overlap-based counting
taxonomy that distinguishes cases where per-view aggregation is sufficient from those where
cross-view integration is necessary, and a consistency intervention that controls whether
visual differences occur in regions shared across viewpoints.

* We provide a broad evaluation of twelve VLMSs under an open-ended protocol, together with
analyses of aggregation behavior, image-order sensitivity, no-image bias, explicit reasoning,
and scaling with additional views, revealing a persistent gap between processing multiple
images and integrating them into a coherent scene-level representation.

2 Related Work

Multimodal Large Language Models (MLLMs). Early MLLMs established the main paradigms
for integrating vision with large language models. Flamingo [2] introduced gated cross-attention to
condition an LLM on interleaved images and text, enabling multimodal few-shot learning. BLIP-
2 [20] proposed the Q-Former as an efficient interface between frozen vision encoders and LLMs,
while LLaVA [22] demonstrated the effectiveness of visual instruction tuning for general visual
conversation and reasoning. Building on these foundations, proprietary models such as GPT-4V [26],
Gemini [29,130]], and Claude 3 [4] demonstrated broad multimodal reasoning across images, videos,
and other modalities. Similarly, open-weight models, including the Qwen-VL series [6} (34} [7],
LLaVA-OneVision [19], InternVL [35]], MiniCPM-V [39]], GLM-4.6V [16]], Phi-4-Multimodal [1]],
and Kimi-VL [32], extended visual instruction tuning to high-resolution images, multiple images,
videos, and long multimodal contexts. We evaluate representative models from both proprietary and
open-weight families.

Multi-Image Understanding Benchmarks. Multi-image evaluation has progressed from task-
specific benchmarks to broader evaluation suites. BLINK [14]], Mementos [36]], and MileBench [11]]
focus on visual perception, image sequences, and long multimodal contexts, respectively. MIRB [41]],
MIBench [23]], MMIU [25]], MIMIC [10]], MUIRBench [33]], and MMRB [9] further evaluate diverse
perceptual, semantic, and reasoning relations across images. However, these benchmarks often
combine related or sequential images rather than different views of the same physical scene. Multi-
view benchmarks study this more specific setting across several domains. MV-RoboBench [12]
targets spatial understanding and robotic execution, while UrBench [42] and CityCube [37] evaluate
urban understanding across ground-level, vehicle, aerial, and satellite views. All-Angles Bench [38]]
includes counting and geometric reasoning in real-world scenes, whereas MultiView-Bench [40] and
TriViewBench [8] study world-centric reasoning and scene recovery in synthetic 3D environments.
SpatialMosaic-Bench [18]] focuses on integrating fragmented spatial evidence under occlusion and
limited overlap. Although these benchmarks cover important aspects of multi-view understanding,
they generally do not explicitly separate questions solvable through independent per-view processing
from those requiring cross-view integration. OneScene-Bench isolates this distinction by controlling
object overlap for counting, the visibility of localized edits for consistency, and the distribution
of relational evidence for spatial reasoning. These controlled tasks test whether models reconcile
multiple observations into a coherent object-centric representation of the same physical scene.

3 OneScene-Bench

We introduce OneScene-Bench, a controlled benchmark for evaluating whether vision-language
models (VLMs) integrate multiple views into a coherent representation of the same physical scene.
Our central design principle is to control whether cross-view integration is necessary to answer a
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Figure 2: Properties and Composition of OneScene-Bench. (a) Comparison with representative
multi-image and multi-view benchmarks. Multi-view denotes multiple observations of the same
physical scene; Free-form denotes unrestricted responses; Diagnostic denotes controlled behavioral
analyses; and Cross-view consistency denotes explicit consistency evaluation. Counting types denotes
different counting scenarios covering different levels of view overlap. Green ticks, orange tildes, and
red crosses indicate full, partial, and no coverage, respectively. (b) Composition of the 1,300-question
core two-view benchmark. Multi-view counting contains 700 questions: 200 complete-overlap, 300
subset-overlap, and 200 complementary-view examples. Cross-view consistency and multi-view
spatial reasoning contain 300 questions each.

question correctly. This distinction is important because some multi-view questions can be solved by
processing each image independently and applying a simple aggregation rule, without establishing
correspondence between observations. OneScene-Bench evaluates three complementary capabilities:
multi-view counting, cross-view consistency, and multi-view spatial reasoning.

The benchmark is constructed from DL3DV-10K [21]], which contains real-world scenes captured
from multiple viewpoints. The core benchmark comprises 1,300 human-verified questions, with
two views per example: 700 counting questions, 300 consistency questions, and 300 spatial-reasoning
questions (Fig.[2b). The required outputs are an integer count, a binary YES/NO judgment, and a
choice between two reference objects, respectively. We use model-assisted candidate mining (see
Appendix [A) to identify suitable examples at scale, but all questions follow fixed human-defined
templates and all annotations are manually verified.

3.1 Multi-View Counting

Given two views of the same scene and a target object category, the model must predict the number of
unique physical instances visible across the views. Let S1 and S, denote the sets of target instances
visible in each view. The scene-level count is
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We control the relationship between S7 and S5 to distinguish cases that admit a simple per-view
shortcut from those that require cross-view correspondence.

Complete overlap. Both views contain the same target instances, S; = So. The correct scene-level
count equals either per-view count. We include 200 examples.

Subset overlap. One view contains a subset of the instances in the other, S1 C Sy or So C S7. The
correct answer can still be recovered as the maximum of the two per-view counts. We include 300
examples.

Complementary views. Each view contains at least one instance absent from the other, S \ S # ()
and Sz \ S # 0. Neither view alone contains all instances, and the maximum per-view count is
insufficient. Correct prediction therefore requires identifying repeated instances across views while
incorporating instances visible from only one viewpoint. We include 200 examples.



Solvability. All three configurations require aggregating observations across views to recover a
scene-level count, but they differ in the cross-view information required for this aggregation. In
complete overlap, both views contain the same set of physical instances, while in subset overlap, the
instances in one view are contained in the other. In both cases, the union in Eq. (I) equals the larger
per-view set, so the scene-level count can be recovered without explicitly estimating instance overlap.
In complementary views, neither view contains the complete set of instances; recovering the union
additionally requires identifying which observations correspond to the same physical instances across
views, i.e., determining |S; N S3|. These configurations therefore preserve the need for multi-view
aggregation while controlling whether explicit instance-level correspondence is required.

3.2 Cross-View Consistency

Given two views, the model determines whether they are compatible as observations of the same
underlying scene. This task requires reasoning about viewpoint-dependent visibility: an object
appearing in only one image does not necessarily indicate a contradiction because its location may
be outside the field of view or occluded in the other image. We construct controlled examples
by introducing a localized object or visual artifact into one view using gpt-image-1.5 [27]. We
vary only whether the edited location should be observable from the other viewpoint. An edit in a
view-specific region, which is not observable from the other view, leaves the pair compatible with
the same scene; the pair is labeled CONSISTENT. An edit in a shared observable region creates a
contradiction between the two observations; the pair is labeled INCONSISTENT. Both conditions
therefore contain an image-level difference, while differing in whether that difference implies a
scene-level contradiction; detecting differences between images alone cannot separate them. We
construct 300 balanced examples using this procedure.

3.3 Multi-View Spatial Reasoning

The spatial-reasoning task evaluates whether VLMs can integrate spatial evidence across viewpoints.
Each question specifies three objects, A, B, and C', and asks whether B is physically closer to A or
to C. Notably, these objects might be spread over both views, for example, with A and B visible in
one image and B and C' in the other. We construct 300 questions from pairs of views of the same
DL3DV-10K [21] scene. Qwen3-VL-32B-Instruct [[7] proposes candidate object triplets for which the
two views provide complementary evidence about relative proximity. We favor examples in which
combining evidence across viewpoints informs the comparison beyond what is readily available from
either view alone. Selected triplets are instantiated using a fixed question template and manually
verified.

3.4 Multi-View Scaling

The core benchmark uses two views per example. To study how counting behaves as observations
accumulate, we extend the 200 complete-overlap questions to N € {2,...,6} input views, keeping
all target instances visible in every selected view so that the scene-level count is unchanged. Each
additional view contributes another observation of the same physical instances while increasing the
number of cross-view correspondences the model must resolve. This extension therefore measures
whether additional viewpoints improve object recognition and scene understanding or instead increase
identity confusion and double-counting. Evaluating every question in all five settings yields 200 x 5 =
1,000 view-conditioned instances; the two-view versions already belong to the core benchmark, so
the extension adds 800 configurations, for 2,100 evaluation configurations in total.

Human Verification. All automatically proposed or generated examples undergo manual review
before inclusion in OneScene-Bench; the VLM and image-generation model serve only to accelerate
candidate discovery and controlled editing, and their outputs are never treated directly as ground truth.
For counting, annotators verify the target category, the number of visible instances in each image, the
identity of repeated instances across views, the overlap type, and the unique scene-level count. For
consistency, annotators verify whether the edited region is shared between the viewpoints or visible
from only one view, and whether the resulting consistency label is correct. For spatial reasoning,
annotators confirm the identities of the three objects and the relative-proximity answer. Incorrect
annotations are corrected, while examples with uncertain object identity, visibility, correspondence,
or spatial relationships are removed.



Model Counting 1 Consistency T  Spatial

Complete Subset Complementary Reasoning 1
Qwen3-VL-32B-Instruct [7] 70.0 70.7 34.0 493 85.3
Gemma-4-31B-IT [31]] 61.0 63.3 35.0 50.3 86.3
InternVL3.5-38B-HF [35]] 72.0 57.3 14.5 50.7 80.7
5 LLaVA-OneVision-2-8B-Instruct [3]  55.5 53.0 18.0 50.0 77.0
8‘ MiniCPM-V-4.5 [39] 67.0 51.7 20.5 53.3 72.7
Phi-4-multimodal-instruct [[1] 54.0 26.7 4.5 50.0 64.7
GLM-4.6V-Flash [16] 57.0 56.7 28.0 55.7 81.7
Kimi-VL-A3B-Instruct [32]] 66.0 46.3 10.0 50.0 15.7
- GPT-4o0 [17] 61.5 52.3 28.5 47.0 73.0
] GPT-5.5 [28] 70.0 69.3 38.5 54.3 92.7
8 Gemini 3.7 Flash [15]] 81.5 76.7 50.0 49.0 89.7
Claude Haiku 4.5 [5] 45.5 43.3 18.5 55.3 75.0

Table 1: VLMs on OneScene-Bench. Accuracy (%) of twelve open-weight and proprietary VLMs
on OneScene-Bench. The best-performing model in each group is shown in bold for every task.
Across models, counting performance drops substantially on complementary views, where object
correspondence and deduplication across viewpoints are required. Cross-view consistency remains
around 50%, whereas spatial reasoning is substantially stronger, revealing a marked difference in
model capability across forms of multi-view integration.

4 Evaluation

4.1 Evaluation Setup

We evaluate all models in five settings in OneScene-Bench: complete-overlap counting, subset-
overlap counting, complementary-view counting, cross-view consistency, and multi-view spatial
reasoning. All models receive the same task instructions and input images, and we retain their
complete generated responses.

We use GPT-4o [[17] as an LLM judge for all benchmark results. The judge receives the question,
ground-truth answer, and complete model response, and determines whether the response reaches the
correct conclusion. We report judge-based accuracy, allowing semantically equivalent answers and
minor differences in response format. The exact prompts used are available in Appendix [C|

4.2 Benchmark Evaluation Results

Table ] reports accuracy across the five evaluation settings. Qwen3-VL-32B-Instruct [7] drops from
70.0% and 70.7% on complete- and subset-overlap examples to 34.0% on complementary views,
while InternVL3.5-38B-HF [35] drops from 72.0% to 14.5%. Even the strongest models exhibit this
pattern: Gemini 3.7 Flash [15] decreases from 81.5% to 50.0%, while GPT-5.5 [28]] drops from 70.0%
to 38.5%. The consistent degradation on complementary views identifies cross-view correspondence
and deduplication as a key bottleneck, where models perform substantially better when the views
contain largely redundant evidence than when information must be reconciled across views.

Consistency accuracy remains close to chance, ranging from 47.0% to 55.7%. LLaVA-OneVision-
2-8B-Instruct [3]] and Phi-4-multimodal-instruct [[1] predict YES for all examples and consequently
obtain 50.0% on the balanced dataset. This behavior suggests that models often default to treating
different views as consistent rather than verifying whether scene content agrees across viewpoints.

Spatial reasoning capabilities are substantially stronger for most models. GPT-5.5 [28]] achieves the
highest accuracy at 92.7%, followed closely by Gemini 3.7 Flash [15] at 89.7%. Kimi-VL-A3B-
Instruct is a notable outlier at 15.7%, frequently selecting object B rather than one of the required
reference objects A or C, indicating a failure to follow the specified answer format. Together, these
results show that current VLMs can perform well on some multi-view tasks, yet struggle when they
must consistently reconcile information across viewpoints.



Counting Consistency 1 Spatial

Model Complete T  Subset{  Complementary 1 Reasoning 1
Qwen3-VL-32B-Instruct [7] 37.5(70.0)  26.7(70.7) 7.0 (34.0) 50.0 (49.3) 63.7 (85.3)
Gemma-4-31B-IT [31] 34.0(61.0) 28.3(63.3) 13.5(35.0) 0.0 (50.3) 1.7 (86.3)
InternVL3.5-38B-HF [35] 41.0(72.0) 143 (57.3) 1.5(14.5) 50.0 (50.7) 55.3 (80.7)
LLaVA-OneVision-2-8B-Instruct [3]  40.0 (55.5) 17.7 (53.0) 3.5(18.0) 50.0 (50.0) 54.7 (77.0)

Table 2: No-image bias. Accuracy (%) when models receive the task instructions but no images;
performance with images is shown in gray in parentheses. Models achieve non-trivial accuracy
without visual input, indicating response biases and task priors, while visual evidence substantially
improves counting and spatial reasoning performance.

Counting Accuracy
Model Complete T Subset T Complementary 1 0.75
Qwen3-VL-32B-Instruct [7] 70.0 70.7 34.0 0.70 /\/-\<
Qwen3-VL-32B-Thinking [7] 59.0 57.0 26.5 §
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Figure 3: Diagnostic analyses of reasoning and number of views. (a) Counting accuracy of
instruction-tuned and reasoning-enabled variants. Reasoning generally reduces performance, indicat-
ing that explicit reasoning does not improve multi-view counting. (b) Complete-overlap counting
accuracy with N = 2-6 input views. Performance initially improves with additional views but peaks
before N = 6 for all models, indicating that more views do not yield monotonic gains.

4.3 Diagnostic Analyses

We conduct additional analyses to examine whether model behavior is affected by input ordering,
reliance on non-visual priors, explicit reasoning, simple per-view aggregation, and the number of
input views.

No-Image Bias. We remove all input images while keeping the questions and evaluation procedure
unchanged. Although accuracy generally drops, models retain non-trivial performance on several
tasks, revealing substantial language and answer-distribution priors. Notably, LLaVA-OneVision-2
obtains 50% consistency accuracy both with and without images by predicting YES for every example,
showing that unchanged performance need not indicate successful use of visual evidence. Full results
are reported in Table 2} Appendix [B.2]lists how often models refuse to answer because no image is
provided.

Instruct vs. Thinking Variants. We compare matched reasoning-enabled and instruction-tuned
variants of Qwen3-VL [7] and Kimi-VL [32], together with direct and thinking-enabled inference for
MiniCPM-V-4.5 [39]. As shown in Fig. [3a] reasoning reduces counting accuracy across nearly all
models and settings; the only exception is a 1.5-point gain for Kimi-VL on complementary views.
Thus, explicit reasoning does not systematically improve multi-view counting.

Comparison with Aggregation Heuristics. We test whether joint predictions can be explained
by simple aggregation of independent per-view counts. Let C; and Cy denote individual-view
predictions and Cj the joint prediction; we report the percentage of questions for which C'5 agrees
with either C; + Cs or max(C1, Cs). Across models, joint predictions agree substantially more often
with the maximum than with the sum (Table[3). In complete- and subset-overlap settings, maximum
aggregation can recover the scene-level count when per-view counts are correct. In complementary
views, unique instances are distributed across views, requiring information from both images. Yet
maximum agreement remains consistently higher than sum agreement, despite maximum aggregation
being insufficient to recover the correct scene-level count.



Complete overlap Subset overlap Complementary views

Model Acc. T Sumagr. Max agr. Acc. T Sumagr. Maxagr. Acc. T Sum agr. Max agr.
Qwen3-VL-32B-Instruct [7] 70.0 8.0 82.0 70.7 23.0 71.7 34.0 18.0 39.0
InternVL3.5-38B-HF [35] 72.0 4.0 77.0 57.3 15.0 75.3 14.5 11.0 51.0
LLaVA-OneVision-2-8B-Instruct [3]  55.5 13.5 68.0 53.0 10.3 64.3 18.0 4.5 62.0
Gemma-4-31B-IT [31] 61.0 8.5 69.5 63.3 21.7 70.3 35.0 17.5 34.0

Table 3: Aggregation Heuristics. Comparison of joint and single-view counting predictions. C; and
(5 denote individual-view predictions and C'5 the joint prediction. Acc. is ground-truth accuracy,
shown in gray for reference. Sum agr. and Max agr. report the percentage of questions satisfying
C3 = C1 + Cy and C3 = max(Cy, Cy), respectively, without using ground truth. Joint predictions
often agree with the maximum in complete- and subset-overlap settings; in complementary views,
maximum agreement remains higher than sum agreement despite being insufficient for scene-level
counting.

Effect of Number of Views. We evaluate complete-overlap counting with N € {2,3,4,5,6} views
while keeping the scene-level count fixed. Figure [3b] shows that performance initially improves
with additional views but peaks before N = 6 for all four models, suggesting that additional visual
evidence is useful only up to the point where integrating more views becomes increasingly difficult.
Moreover, there is still a substantial gap in accuracy that none of the models can close, suggesting
there is plenty of room for improvement in visual reasoning capabilities when considering scenes
given as multiple views.

5 Discussion

Our results reveal a clear gap between processing multiple images and reasoning over them coherently
in the current generation of VLMs. This is most evident in complementary-view counting, where
performance drops substantially when models must establish cross-view correspondence and dedupli-
cate repeated instances. Cross-view consistency also remains difficult, including for recent models,
suggesting that robust scene-level multi-view understanding remains unresolved. The additional
diagnostic analyses further expose limitations in how models use and integrate evidence across views.

These findings complement existing multi-view benchmarks, on which models have demonstrated
stronger spatial and geometric reasoning. OneScene-Bench shows that strong spatial reasoning does
not necessarily imply reliable scene-level integration. With multi-view images becoming a dominant
approach for interacting with visual 3D scenes through language, OneScene-Bench offers a new
perspective on what is missing for 3D reasoning through powerful LLMs. Current models can reason
about spatial relationships while still struggling with object correspondence, deduplication, and
cross-view consistency, which are essential for reliable and accurate 3D reasoning.

Limitations. OneScene-Bench focuses on three scene-level capabilities and 1,300 manually verified
examples from DL3DV-10K. While larger datasets and broader model coverage would be valuable,
we prioritize careful human verification and balance evaluation breadth against computational and
API costs. Future work could further expand the benchmark across tasks, environments, and models.

6 Conclusion

We introduced OneScene-Bench, a controlled benchmark for evaluating whether vision-language
models are able to integrate multiple views of a scene to correctly reason about visual aspects of
the scene. Across open-weight and proprietary VLMs, our results revealed a persistent gap between
processing multiple images and integrating them: models struggle particularly when they must
establish object correspondence, reconcile complementary evidence, and detect inconsistencies across
viewpoints. OneScene-Bench provides a controlled framework for measuring these capabilities and
tracking progress toward more reliable scene-level multi-view understanding.

This work thus showed that models of different architectures, both closed and open, are usually
unable to perform basic visual reasoning across multiple views, the prevalent representation format
for 3D scenes. Closing this gap becomes essential when moving to more complex 3D reasoning with
VLMs, and our OneScene-Bench is an open benchmark designed to track progress toward this goal.
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A Detailed Dataset Construction

This section provides additional details on the construction and verification procedure used to build
OneScene-Bench.

A.1 Counting Candidate Mining

For counting, we first randomly select a location from DL3DV-10K [21]] and randomly sample two
frames from its capture sequence. We require the difference between their frame indices to be between
10 and 25, providing viewpoint variation while retaining sufficient visual overlap. The selected pair
is provided to Qwen3-VL-32B-Instruct [7]], which is asked to identify a clearly visible, countable,
and unambiguous object category. For each proposed category, the model estimates the number of
visible instances in each view and the number of unique physical instances across the two views.

If no suitable object category is identified, another pair is sampled from the same location and
the process is repeated. We allow up to 10 attempts per location; locations for which no suitable
candidate is found are skipped. This procedure is repeated across locations until sufficient candidates
are obtained for the three counting configurations.

The final overlap type is assigned manually after verifying the visible instance sets. The resulting
candidates are divided into complete-overlap, subset-overlap, and complementary-view examples,
yielding 200, 300, and 200 questions, respectively.

A.2 Consistency Construction

For the consistency task, we again begin by selecting two frames from the same DL3DV-10K [21]
location using the 10-25 frame-index separation. To identify shared and view-specific regions, we first
establish local feature correspondences between the two views using SIFT [24]. We use RANSAC [13]
to remove geometrically inconsistent matches. Regions containing a dense concentration of verified
correspondences are treated as shared across the two views, while regions spatially separated from
these correspondences and containing few matched features are selected as candidate view-specific
regions. Image pairs for which these regions cannot be identified reliably are discarded.

We then introduce a localized object or visual artifact into one of these regions using gpt-image-
1.5 [27]. The model is given freedom to select an appropriate object to insert, while the target region
is determined by the desired consistency condition. An edit in a view-specific region is not expected
to be observed from the second viewpoint, so the resulting pair is labeled consistent. In contrast, an
edit in a shared region introduces a change that should also be observable from the second viewpoint;
because it appears in only one view, the resulting pair is labeled inconsistent.

The edited patch is resized to the target region and blended into the original image using a Gaussian-
smoothed mask to reduce boundary artifacts. All generated examples are subsequently manually
inspected to verify the edit, its visibility across the two viewpoints, and the resulting consistency label.
Ambiguous or invalid examples are rejected or corrected. We construct 300 balanced consistency
examples.

A.3 Spatial Reasoning Candidate Mining

For spatial reasoning, we again sample two frames from the same DL3DV-10K [21] location with a
frame-index separation of 10-25. Qwen3-VL-32B-Instruct [7] is used to identify three clearly visible
objects that provide a meaningful relative-proximity comparison across the two views. The selected
objects are denoted by A, B, and C, and the candidate question asks whether B is physically closer
to Aorto C.

A dedicated annotation tool is then used to assign consistent object names and record the ground-truth
proximity relationship. This allows the object references and the final answer to be standardized inde-
pendently of the wording proposed during candidate generation. Candidates are retained only when
the three objects can be reliably identified across the views and the relative-proximity relationship is
unambiguous. We construct 300 spatial reasoning questions.
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Counting Consistency | Spatial

Model Complete | Subset | Complementary | Reasoning |
Qwen3-VL-32B-Instruct [7] 0.5 2.4 1.5 4.0 2.7
Gemma-4-31B-IT [31] 6.0 1.6 4.0 0.3 0.3
InternVL3.5-38B-HF [35] 35 1.0 1.5 2.3 1.0
LLaVA-OneVision-2-8B-Instruct [3] 1.5 0.3 0.5 0.0 9.0

Table 4: Image-Order Sensitivity. Absolute difference in accuracy (percentage points) between the
original and reversed input-image orders, \Accoriginal — AcCreverse|- Overall, 18 of 20 model-task
combinations change by at most four points, indicating broad robustness to image order, with larger
sensitivity for Gemma-4 on complete-overlap counting and LLaVA-OneVision-2 on spatial reasoning.

A.4 Verification Procedure

All candidate examples are manually verified before inclusion in the benchmark. Reviewers inspect
the selected images, referenced objects, and ground-truth annotations and reject or correct candidates
with ambiguous object identity, uncertain cross-view correspondence, unclear visibility, or ambiguous
answers.

For counting, reviewers verify the target category, visible instances in each view, cross-view object
correspondences, unique scene-level count, and manually assigned overlap type. For consistency,
reviewers verify the edited region, whether it is shared or view-specific, and whether the resulting
pair is consistent with a single underlying scene. For spatial reasoning, reviewers verify the three
referenced objects and the relative-proximity relationship.

The dedicated interfaces used for counting, consistency, and spatial reasoning verification are shown
in Figures ] 5} and[6] respectively.

B Additional Details on Evaluation Tasks

B.1 Image Order Sensitivity

We study whether model predictions depend on the order in which the two views are presented. A
model that forms a consistent scene representation should produce similar predictions when the two
views are swapped. We evaluate four representative open-weight models on the same questions using
both the original and reversed image orders, and measure the absolute change in accuracy across all
five evaluation settings. Most model-task combinations are stable, with 18 of 20 changing by at most
four percentage points. The largest changes occur for Gemma-4 [31]] on complete-overlap counting
and LLaVA-OneVision-2-8B-Instruct [3]] on spatial reasoning, with differences of 6.0 and 9.0 points,
respectively. Overall, models are reasonably robust to image ordering, suggesting that input order is
not a major source of variation in the benchmark.

B.2 No-Image Evaluation Setting

To further characterize model behavior when visual evidence is unavailable, we record whether
models explicitly refuse to answer in the no-image setting. A response is counted as a refusal
only when the model explicitly states that the question cannot be answered without the missing
visual information; incorrect or guessed answers are not counted as refusals. As shown in Table El,
Qwen3-VL-32B-Instruct [7]], InternVL3.5-38B-HF [35]], and LLaVA-OneVision-2-8B-Instruct [3|]
do not refuse any questions. In contrast, Gemma-4-31B-IT [31] refuses all consistency questions
and 293 of 300 spatial reasoning questions, while refusing only 21 of 700 counting questions. This
difference shows that models vary substantially in whether they recognize when visual information is
necessary to answer a question.
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Counting Consistency Spatial

Model Complete Subset Complementary Reasoning

(n=200) (n = 300) (n = 200) (n=300) (n = 300)
Qwen3-VL-32B-Instruct [[7] 0 0 0 0 0
InternVL3.5-38B-HF [35] 0 0 0 0 0
LLaVA-OneVision-2-8B-Instruct [3] 0 0 0 0 0
Gemma-4-31B-IT [31] 6 3 12 300 293

Table 5: No-image refusal count. Number of explicit refusals in the no-image setting. A refusal
is counted only when a model explicitly states that the question cannot be answered without visual
input; incorrect or guessed answers are not counted.

C Evaluation Prompts

For reproducibility, we provide the exact prompts used for model evaluation. The same task prompts
are used for all evaluated models. The free-form model responses are evaluated using an LLM judge,
which receives the raw model response and the human-verified ground-truth answer.

C.1 Task Prompts

Multi-View Counting.

These two images show the same scene from different viewpoints. How many
distinct instances of ’{object_namel}’ are visible in the scene? Do not
double-count the same instance if it appears in both views. Use both images
jointly to infer the scene-level count. Reply with only one integer and no
explanation.

Here, {object_name} is replaced by the target object category for each example. The same prompt
is used for all three counting configurations. For the multi-image ablation, we slightly modify the
counting prompt to refer to multiple input images rather than two images, while keeping the remaining
instructions unchanged.

Cross-View Consistency.

These two images are different views of a scene. Check whether they are
visually consistent.

Answer YES if the images show the same scene contents without any clear
contradiction. Answer NO if there is any clear inconsistency, such as a missing
object, extra object, changed object, or contradictory scene content.

Write exactly: Answer: YES or Answer: NO

Multi-View Spatial Reasoning.

These two images show the same scene from different viewpoints.
A=aB=bC=c

Task: Decide whether B is closer to A or C.

Output exactly: Answer: <A or C>

Here, {a}, {b}, and {c} are replaced by the corresponding object names for each example.

C.2 LLM-as-a-Judge Prompts

Counting Judge.
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You are evaluating the answer of a vision-language model on a counting task.
The model was asked to count the number of distinct instances of an object
across multiple views of the same scene.

Object: ’{object_name}’

Human-verified ground-truth count: ’{ground_truth}’

Model’s raw response: ’{raw_output}’

Determine whether the model’s response gives the same final count as the
human-verified ground truth.

Accept semantically equivalent representations of the number. For example: -
"3" - "three" - "There are three." - "The answer is 3." should all be treated as
the count 3.

Ignore irrelevant wording or explanation as long as the model’s final intended
count is unambiguous.

If the model gives multiple conflicting counts and no unambiguous final answer,
mark it INCORRECT.

Output exactly one word: CORRECT or INCORRECT

Here, {object_name} denotes the target object category, {ground_truth} is the human-verified
scene-level count, and {raw_output?} is the complete response generated by the evaluated model.

Consistency Judge.

You are evaluating the answer of a vision-language model on a binary visual
consistency task.

The original task asked the model to determine whether two views of a scene are
visually consistent.

The human-verified ground-truth answer is: ’{ground_truth}’ The model’s raw
response is: ’{raw_outputl}’

Determine whether the model’s final intended answer agrees with the
human-verified ground truth.

Interpret the following as equivalent: YES = SAME = CONSISTENT NO = DIFFERENT =
INCONSISTENT

The model may include reasoning, explanation, or additional wording. Ignore
such wording as long as the final intended answer is unambiguous.

For example: Ground truth: YES Model response: "The two images appear

to show the same scene. Answer: YES" => CORRECT Ground truth: NO Model
response: '"There is an object missing in the second image, so the scenes are
inconsistent." => CORRECT Ground truth: NO Model response: "The images are
consistent. Answer: YES" => INCORRECT

If the model gives conflicting answers and there is no unambiguous final answer,
mark it INCORRECT.

Output exactly one word: CORRECT or INCORRECT

Here, {ground_truth} is the human-verified consistency label (YES or NO), and {raw_output} is
the complete response generated by the evaluated model.

Spatial Reasoning Judge.
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You are evaluating the answer of a vision-language model on a spatial reasoning
task.

The original task asked the model to determine whether object B is closer to
object A or object C.

The objects were:

A = ’{object_a}’ B = ’{object_b}’ C = ’{object_c}’

The human-verified ground-truth answer is: ’{ground_truth}’

The model’s raw response is: ’{raw_output}’

Determine whether the model’s final intended answer agrees with the
human-verified ground truth.

The answer must correspond to either A or C. Accept semantically equivalent
responses.

Examples that mean A: - "A" - "Answer: A" - "B is closer to A." - "Object A." -
"The ’{object_b}’ is closer to the ’{object_al}’."
Examples that mean C: - "C" - "Answer: C" - "B is closer to C." - "Object C." -

"The ’{object_b}’ is closer to the ’{object_cl}’."

The model may include reasoning, explanation, or additional wording. Ignore
such wording as long as the final intended answer is unambiguous.

If the model gives multiple conflicting answers and there is no unambiguous
final answer, mark it INCORRECT.

Output exactly one word: CORRECT or INCORRECT

Here, {object_a}, {object_b}, and {object_c} denote the three referenced objects,
{ground_truth} is the human-verified answer (A or C), and {raw_output} is the complete re-
sponse generated by the evaluated model.
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D Screenshots from the Dataset Verification Tool

Figures[d] [5] and [6]show the interfaces used during manual verification of OneScene-Bench examples
for the three benchmark tasks.

Counting Dataset Review Tool

sample_000200 | index 199 /2178

This sample was already reviewed or skipped.

Question:

These are two views of the same location. Count the total number of unique arched doorways present in the location. Do not double-count instances that

appear in both images. Answer with a single integer.
Object name / category

arched doorways

Reviewed total count

7

Type

Complete Overlap Subset Overlap @ Complementary View

> What do the types mean?

Skip this image pair

Save reviewed sample Previous Next

Figure 4: Screenshot of the manual counting review interface. The interface displays the selected
multi-view image pair, target object category, reviewed scene-level count, and manually assigned
overlap type. Reviewers can also skip ambiguous image pairs before finalizing the annotation.
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Consistency Dataset Review Tool

Sample 303 (302 / 340)

Ground Truth Label Edit Type Object Edited

YES 1 non_overlap fire extinguisher
Original Image 1 Final Image 1 Image 2

| b
ot | | e 1

Final Check
Everything is correct

V Correct— Next Sample:

Ground truth is wrong
Correct ground truthy

yes © no

Update Ground Truth — Next Sample

Sample itself is wrong
Delete the sample if it is ambiguous, incorrect, or should not be included in the final benchmark.

I confiim that sample 303 should be permanently deleted.

Figure 5: Screenshot of the consistency review tool. The interface displays the original and edited
views, ground-truth label, edit type, and edited object. Reviewers can confirm the example, correct
an incorrect ground-truth label, or permanently remove an invalid or ambiguous example.
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Spatial Reasoning Dataset Review Tool

sample_000066 | index 65 / 751

This sample was already reviewed or skipped.

ObjectA

red chair

Object B

blue lockers

ObjectC
white door

Question:
These are two views of the same location.
A = red chair
B = blue lockers

€ = white door

Is B closer to A or C?
Answer with A or C

Closerto

[- 7Y 4 unclear

Skip this sample because quality is bad

Save reviewed sample Previous Next

Figure 6: Screenshot of the spatial-reasoning verification interface. The tool displays the two
views, the three referenced objects (A4, B, and C), the generated question, and the reviewer controls
for assigning the ground-truth proximity relationship or marking the example for removal.
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E Qualitative Samples

Figure[7]shows example benchmark questions from all five tasks, along with the answers provided by
four different VLMs. The ground-truth answer is marked with a green tick.

Complete Overlap Counting Subset Overlap Counting

Q: How many distinct instances of doors are visible in the scene? Q: How many distinct instances of closed patio umbrellas are visible in the
scene?

Output: 2 @ * i:; Output: 4 *

Output: 3 X * Output: 2 X @ Output: 5 \:; *

Complementary View Countin Consistency

Q: How many distinct instances of windows are visible in the scene? Q: Are the images from the same scene consistent?
Output: 3 * Output: No * * @
Output: 1 X @ Output: 2 X ’ x:; Output: Yes ;:;

Spatial Reasoning

} Gemini 3.7 Flash

* Claude Haiku 4.5 V  Correct answer

. @ GPT-40 X Wrong answer
Q: Which is closer to (B) the white billing counter: (A) the red fire

extinguisher or (C) the green grass with white planter? -
Output: A 4 ’ v, Qwen3-VL-32B-Instruct

Output: C * @ ;:;,

Figure 7: Representative examples from the five tasks in OneScene-Bench: multi-view counting
under complete-overlap, subset-overlap, and complementary-view configurations, cross-view consis-
tency, and multi-view spatial reasoning. Questions are slightly shortened for visual presentation while
preserving their original meaning. Model predictions are shown using the corresponding model logos,
with green checkmarks and red crosses indicating correct and incorrect predictions, respectively.

F Compute Resources

Open-source models were evaluated primarily on NVIDIA A100 GPUs with 80 GB of GPU memory.
The closed-source models were evaluated through their respective paid APIs. The evaluation of an
open-source model required approximately 2 hours per task.

G Licenses for Existing Assets

OneScene-Bench is constructed from DL3DV-10K [21]], which is used in accordance with the
DL3DV-10K Terms of Use. The open-weight models used in our experiments are accessed and used
under their respective licenses, including Apache License 2.0 for Qwen3-VL [[7]], InternVL3.5 [33]],
LLaVA-OneVision [3]], and Gemma 4 [31]], and the MIT License for Kimi-VL and GLM-
4.6V-Flash [16]. Proprietary models are accessed through their official APIs in accordance with the
applicable terms of service.
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