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ABSTRACT

Vision-language models (VLMs) reach strong accuracy on semantic perception
but fall well below human performance on spatial reasoning tasks (Liu et al.| 2023}
Kamath et al., 2023} [Fu et al., 2024; |Li1 et al., [2025; Jia et al., [2025)). A standard
explanation attributes this gap to the input representation: the visual encoder fails
to preserve 3D structure, and recent work proposes to inject additional spatial sig-
nal into the prompt as depth maps (Cai et al., 2024;|Chen et al.,[2025a), structured
scene descriptions (Zhang et al.| 2025), or symbolic spatial rationales (Liu et al.|
2025} Yang et al.,2024)). We test this prescription under matched-input conditions.
We construct a procedurally generated synthetic spatial-QA benchmark of approx-
imately 2,000 scenes and 19,024 questions, in which each question is paired with
four input representations: RGB alone, RGB with a ground-truth depth image,
RGB with a deterministic structured scene description, and RGB with both. We
evaluate five open-weights VLMs at the 2-4 B parameter scale (Qwen3-VL-4B,
Qwen2.5-VL-3B, PaliGemma 2-3B, Gemma 3-4B, Cosmos-Reason2-2B) without
any task-specific fine-tuning, producing roughly 342,000 scored predictions. We
find that adding ground-truth spatial signal at the input degrades average accuracy
for four of the five models. Appending a depth image hurts every model uni-
formly, and prepending a perfect structured description reduces overall accuracy
for the strong models, even though it lifts accuracy sharply on the tasks for which
2D recognition was the bottleneck (e.g., camera-extremum accuracy gains +22
points for Qwen3-VL-4B and +47 points for Gemma 3). We further document a
sharp competence gradient across spatial axes: lateral left/right is near ceiling for
the stronger models, while egocentric depth ordering is near chance for the weaker
ones. Several models also display severe yes-bias and counting mode collapse on
binary types, which inflates their raw accuracy. We argue that the bottleneck is not
the absence of spatial information at the input, but the language side’s inability to
ground onto the visual evidence already present in the image.

Code and data: https./github.com/mateig/vim-irp

1 INTRODUCTION

Recent vision-language models (VLMs) recognise objects, describe scenes, and answer semantic
questions with high accuracy, but they continue to perform poorly on spatial reasoning (Liu et al.,
2023 |[Kamath et al.,|2023; [Fu et al.| [2024; |Li et al., 2025} Jia et al.,[2025)). A common explanation in
the literature attributes this gap to the input representation (Cai et al.| [2024; |Chen et al.| 2025a; Liu
et al., [2025; |Qi et al., |2025): the visual encoder fails to preserve 3D structure, the language model
never learns to consume what does survive, and accuracy on tasks that hinge on relative position,
depth, or perspective remains near chance. The prescription that follows from this diagnosis is to
enrich the input. Recent work has proposed augmenting the prompt with a depth image (Cai et al.,
2024;|Chen et al.,|2025a), with a structured scene description (Zhang et al.| 2025} Liu et al.,[2025), or
with explicit textual scaffolds (Yang et al.,|2024; |Wang et al., 2025)), and most of these works report
gains and conclude that the representation matters. The question we ask in this paper is simpler:
when the model, scenes, and questions are all held fixed, does adding spatial signal at the input
actually improve accuracy?



We answer this question with a controlled empirical study. We procedurally generate approximately
2,000 synthetic 3D scenes with full ground-truth geometry, and we emit a suite of templated spatial
questions per scene. Because the scenes are synthetic, we can produce four matched input represen-
tations at no additional annotation cost: the RGB image alone, the image paired with a ground-truth
depth render, the image paired with a deterministic structured text description, and the image paired
with both auxiliary signals. The same question, scored by exact match, is presented under all four
conditions, so any difference in accuracy is attributable to the input representation. We evaluate
five open-weights VLMs spanning two model families and a 2—4 B parameter range against the full
sweep, producing roughly 360k predictions, of which 342k pass our scoring filter.

Our findings run counter to the prevailing prescription. Adding ground-truth spatial signal at the
input lowers average accuracy for four of the five models we tested. A depth image is harmful in
every case: each model loses roughly 1 to 4 accuracy points when its RGB prompt is augmented with
a perfect depth render. A structured description is also harmful in expectation for every model except
Gemma 3, which gains +13 points; we show in §5.4]that this gain is an artifact of a near-degenerate
yes-bias in Gemma 3’s RGB-only baseline. Underneath the average, however, the description is
not a uniform regression but a substitution. It improves tasks whose bottleneck is 2D perception,
with camera-extremum and directional-extremum gaining up to 447 points for Gemma 3 and +22
for Qwen3-VL, while it degrades tasks that the visual stream already solves, such as binary spatial
relations and counting. Combined with a sharp axis-of-competence asymmetry (lateral left/right
near ceiling for the strong models, egocentric depth ordering near chance for the weak ones) and
strong yes-bias on binary types, these results suggest that the representation problem is not a shortage
of spatial signal, but the language side’s inability to consume the signal already present in the image.

Contributions.

* A controlled synthetic spatial-QA benchmark of approximately 2,000 scenes, six scene
regimes, and seven scored question types, with matched RGB, depth, and description con-
ditions for every example.

* A 5-model x 4-modality x ~19k-question evaluation (~342k scored rows) that isolates
the effect of input representation from model capacity.

* Evidence that the prevailing prescription of adding more spatial signal to the input fails on
average for 2—4 B-parameter open-weights VLMs, together with a per-question-type break-
down that identifies when this prescription fails (binary perception tasks, where the visual
stream is already grounded) and when it succeeds (extremum tasks, where 2D recognition
was the bottleneck).

* A failure-mode analysis covering axis competence, yes-bias, and counting mode collapse,
which provides evidence that the bottleneck for these models is grounding, not signal.

2 RELATED WORK

Spatial reasoning as a weakness of VLMs. A range of benchmarks, including VSR (Liu et al.,
2023), What’s Up (Kamath et al.| 2023, BLINK (Fu et al., 2024), 3DSRBench (Ma et al. [2025),
ViewSpatial-Bench (Li et al., 2025)), and the recent OmniSpatial suite (Jia et al.| [2025)), report that
current VLMs perform far below humans and often near chance on perspective-sensitive spatial
questions. Mechanistic studies of these failures identify two recurring patterns. First, attention is
frequently mis-routed onto irrelevant regions during spatial reasoning, and an inference-time inter-
vention that re-shapes attention can recover much of the lost accuracy (Chen et al.,[2025b). Second,
accuracy degrades when a question requires re-anchoring from the camera viewpoint to an allocen-
tric or person-centred frame (L1 et al., 2025; Lee et al., [2025)). |Q1 et al.| (2025) trace one mechanism
behind these effects to the embedding norms of vision tokens, which overwhelm textual position
information and cause the visual stream to be consumed as a bag of semantic tokens rather than a
structured spatial layout. The shared conclusion is that current VLMs default to image-plane heuris-
tics rather than to a genuine 3D representation of the scene.

Adding spatial signal to the input. A line of recent work attempts to compensate for this repre-
sentational shortfall by enriching the input. SpatialBot (Cai et al.,2024) and SD-VLM (Chen et al.,



2025a) pair RGB with a depth image, either as an additional visual input or as a depth-encoded
positional signal inside the visual tokens. SSR translates depth into textual ratio-
nales that are distilled into latent embeddings. SpatialMind (Zhang et al.,[2025) compares structured
prompts that decompose the scene into 3D maps, 2D grids, and object-centric captions, and
and MINDCUBE study text-side scaffolds, including cognitive-map
prompting. Along an orthogonal axis, Spatial VLM (Chen et al 2024) and SpatialRGPT
[2024) train on large amounts of synthetic spatial QA derived from 3D-lifted images. The
common claim across these papers is that augmenting the input with explicit spatial information im-
proves spatial reasoning. The closest counterpoint is [Wang et al.| (2024), which finds that text-only
encodings of synthetic spatial scenes can match or exceed visual encodings for some tasks, and that
VLMs sometimes underperform their LLM backbones on the same spatial questions. Our study ex-
tends this controlled-comparison perspective by holding the model, scenes, and questions fixed and
asking whether the input augmentations that this literature has converged on actually move accuracy
in the expected direction.

Synthetic scenes for controlled evaluation. Procedural rendering provides a cheap source of
ground-truth geometry, segmentation, and scene metadata for arbitrary camera—object configura-
tions. We render our scenes directly through Blender’s bpy Python API and use the resulting ground
truth to derive matched RGB, depth, and description conditions for every question, which avoids
confounding the input representation we are testing with the noise of human annotation.

3 A CONTROLLED SYNTHETIC SPATIAL-QA BENCHMARK
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Figure 1: Pipeline. (1) A procedural sampler instantiates a 3-to-6 object scene under one of six
regimes. (2) Blender’s Cycles renderer, driven through bpy, produces RGB, depth, and instance
segmentation; full camera-frame geometry is dumped to JSON. (3) A deterministic serialiser pro-
duces a structured text description; templated QA generation produces up to ten balanced spatial
questions per scene. (4) For every QA pair we evaluate four matched input conditions against five
open-weights VLMs without further fine-tuning.

3.1 SCENE GENERATION

The full pipeline is summarised in Figure[I] We render approximately 2,000 scenes at 1024 x 1024
resolution with Blender’s Cycles renderer, driven directly through the bpy Python API. Generation
runs on a single RTX 4090 in roughly three hours. Each scene contains 3 to 6 simple primitives
(cube, sphere, cylinder) drawn from a 10-colour, 3-size palette. The scenes are sampled round-
robin from six regimes: sparse (3 objects), dense (5—6), depth_ambiguous (4-6 objects, with
at least one pair that is laterally close but depth-distant), size mixed (one small and one large
object), same_color_cluster (two objects forced to share a colour), and vertical (a tall cylinder
among shorter objects). Cameras are sampled on a hemispherical orbit at 30° elevation and 7-9 m



radius with a 60° field of view, fixing the egocentric viewpoint while varying the scene layout. For
each scene we save the RGB render, a Z-pass depth EXR normalised to a uint8 PNG, an instance
segmentation, the camera intrinsics and extrinsics, per-object world and camera-frame poses, and
the full pairwise spatial-relation table (Left_of, right_of, in_front_of, behind, closer_than,
farther_than) computed in the camera’s right/forward axes with 0.15 m lateral and 0.20 m depth
thresholds.

3.2 QUESTION—ANSWER GENERATION

For each scene we generate up to ten spatial QA pairs drawn from eight templates, balanced for
yes/no parity and de-duplicated. Two of the eight types (same_side and id_extremum) score re-
liably at zero on the text-match scorer for reasons unrelated to model competence (§4) and are
dropped, leaving seven scored question types: binary relation (yes/no), existence (yes/no), count-
ing (integer), distance comparison (yes/no), directional extremum (object label), camera extremum
(closest or farthest, object label), and between (object label or none). Templates restrict referents
to objects whose (colour, shape) pair is unique within the scene, and extremum questions require a
top-2 gap of at least 0.3 m so that the gold label is unambiguous.

3.3 FOUR MATCHED INPUT REPRESENTATIONS
The same scene and question are presented to the model under four input conditions:

* RGB: the rendered image alone. This is the default VLM input.

* RGB + Depth: the RGB image together with a second image, the ground-truth depth map
normalised to grayscale, both passed as image tokens.

* RGB + Description: the RGB image together with a deterministic textual scene descrip-
tion, prepended to the question. The description lists per-object world position, camera-
frame (z,y, z) coordinates, and one binary relation per ordered pair.

* RGB + Depth + Description: both auxiliary signals, image and text.

The description is generated from the same ground truth used to score the question, so the text
contains the answer to every binary, existence, and extremum question in the scene. This choice is
intentional: it sets an upper bound on the benefit that a perfect spatial-text encoder could ever deliver
to the model, and the gap between that upper bound and the observed accuracy measures how well
the language side consumes the signal.

4 EXPERIMENTAL SETUP

Models. We evaluate five open-weights VLMs in the 2-4 B parameter range, without any task-
specific fine-tuning: Qwen2.5-VL-3B-Instruct (Bai et al.l |2025), Qwen3-VL-4B-Instruct (Qwen
Team, [2025), Gemma 3-4B-IT (Gemma Teaml 2025), PaliGemma 2-3B-mix-224 (Steiner et al.,
2024), and Cosmos-Reason2-2B (NVIDIA| 2025). PaliGemma 2 mix accepts only a single image
per prompt, so we evaluate it on the RGB and RGB + Description conditions.

Inference. For every (model, scene, question, modality) tuple, we issue a single prompt with the
system message “Answer with one word, a number, or a short phrase.” Decoding is greedy with
max_new_tokens=64 and do_sample=False. Non-PaliGemma models receive the standard chat
template; the user content interleaves {RGB, (DEPTH), TEXT} as available. Inference runs on a sin-
gle NVIDIA RTX PRO 6000 (Blackwell) GPU, takes roughly 16 hours, and amounts to about 360k
forward passes (5 models x 2,000 scenes x 10 questions x either 2 or 4 modalities). Responses are
appended to a JSONL with a resume index keyed on the tuple, so individual failures can be retried
without re-running successful rows.

Scoring. Predictions are scored with a type-dispatched lenient text-match. Yes/no types look for
the first yes/no token in the response. Counting extracts the first integer or number-word (zero
through ten, with none mapped to 0). Object-label types (extrema and between) tokenise the re-
sponse for colour and shape mentions, applying shape aliases (ball/orb — sphere; box/block —
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Figure 2: Overall results. (a) Qwen3-VL-4B leads the RGB-only ranking at 71.3 % and Gemma 3-
4B trails at 36.1 %. (b) Adding depth is uniformly harmful; adding description hurts every model
on average except Gemma 3, whose RGB-only baseline is driven by a degenerate yes-bias.

cube; can/tube — cylinder), and require either a strict colour-and-shape match against the gold
label, or that the scene’s objects filtered by the response’s mentions reduce to the unique gold object.
The between type accepts any no/none/nothing token when the gold answer is none. We drop
same_side and id_extremum: the former ends with “(left or right)?” and is read as multiple-choice
by every model, returning a side rather than yes/no, and the latter has a non-unique parenthetical
disambiguator that no colour-and-shape scorer can resolve. Both types score near zero across all
models and modalities, and we treat them as evaluation noise relative to the comparisons of interest.

Matched-modality comparison. A naive per-model average across modalities is biased against
any model evaluated on fewer modalities, and PaliGemma 2 sees only two of the four conditions. We
therefore report aggregate accuracies on the RGB subset, which contains 19,024 questions per model
and is identical across all five models. All representation-effect plots are reported as A accuracy
with respect to the same RGB baseline.

5 RESULTS

5.1 RGB-ONLY IS THE BEST INPUT ON AVERAGE FOR FOUR OF FIVE MODELS

Figure [2] reports the overall accuracies and the modality lift. On RGB-only inputs, Qwen3-
VL-4B leads at 71.3%, followed by Qwen2.5-VL-3B (66.0 %), Cosmos-Reason2-2B (59.8 %),
PaliGemma 2-3B (50.8 %), and Gemma 3-4B (36.1 %). The modality-lift heatmap in Figure
is the more informative panel: the depth-only column is negative for every model, ranging from
—1.1 points (Gemma 3) to —4.3 points (Qwen2.5), and the description-only and depth+description
columns are negative for four of the five models. The single positive row is Gemma 3, which gains
+13.1 points from description and +12.4 from description+depth. As we show in §5.4] this gain is
a direct consequence of Gemma 3’s RGB-only baseline being driven by an always-yes response on
the binary types.

Why depth as an image hurts. The depth render adds visual tokens that compete with the RGB
image for the context budget but carry no colour or shape information. For object-label questions,
the model still grounds identifiers in RGB while paying an attention cost on uninformative depth
tokens, yielding the uniform 1 to 4 point regression we observe.

Why a perfect description hurts on average but helps in places. The structured description
literally contains the gold answer for most binary and extremum questions, so a model that read it
carefully would score near ceiling. None do. We attribute the regression to two factors. First, the
description is long (25—60 tokens of pose plus pairwise relations) and re-orients the model toward
language-side reasoning, the weaker pathway for tasks the visual stream already solves. Second, the
description contains many distractor relations (every ordered pair), and locating the relevant one is
a needle-in-a-haystack task the visual input typically wins.
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Figure 4: (a) Lateral left/right is near ceiling for every model except Gemma 3, while depth ordering
is barely above chance for the weaker models. (b) Accuracy decays monotonically with object count
for every model.

5.2 THE DESCRIPTION IS A SUBSTITUTION, NOT AN ADDITION

Figure [3] resolves the average lift into per-question-type cells and tells a different story than Fig-
ure[Zb. Adding the description trades performance across question types in a consistent direction:

* Extremum tasks gain substantially. The largest single-cell jump in our study is Gemma 3
on camera_extremum, 0.187 — 0.659 (447.2 points), when the description is added.
Qwen3-VL-4B gains +21.6 points on the same task (0.653 — 0.869). Directional extrema
gain +35.9 points on Gemma 3 and +13.0 on Qwen3-VL.

* Binary perception tasks lose. On Qwen3-VL, binary relation falls —8.2 points
(0.866 — 0.784); counting falls —16.9 (0.771 — 0.602); and distance_comparison
falls —18.4 (0.754 — 0.570). The same direction holds for Qwen2.5 and PaliGemma.

* The exchange rate depends on the model’s RGB starting point. Where the RGB-only
accuracy is already strong (Qwen3 binary at 87 %), the description hurts; where it is weak
(Gemma 3 camera-extremum at 19 %), the description is a near-decisive aid.

We interpret this as a substitution effect: the description re-routes inference through the language
model’s text-comprehension capability, which helps when the visual stream was failing (extremum
tasks require a global 2D reasoning step that small VLMs perform poorly) and hurts when the visual
stream was already grounded (direct binary lookups). The gain is bounded by the model’s ability
to consume long structured text rather than by the information content of that text: the description
contains the answer to every binary question, yet binary accuracy still falls.

5.3 A SHARP AXIS-OF-COMPETENCE GRADIENT EXPLAINS WHERE MODELS BREAK

Aggregating accuracy by question-type alone hides a more telling pattern. Figure [da regroups
binary_relation by spatial axis: lateral (left_of, right_of), egocentric in/out (in_front_of,
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Figure 5: (a) Gemma3 says yes 99% of the time on binary relation and 100% on
distance_comparison; Cosmos collapses on distance comparisons, and PaliGemma is biased to-
ward yes on both binary types. (b) The same pattern is visible in the qtype heatmap as inflated
accuracy on yes-heavy types.

behind), and depth ordering (closer_than, farther_than). Lateral left/right is at or near ceil-
ing for every model except Gemma 3, with accuracies in the range 0.89 to 0.93 for the others.
Egocentric in/out accuracies are comparable for the strong models. Depth ordering, however, col-
lapses: Qwen3-VL holds 0.79, but Qwen2.5-VL sits at 0.64, PaliGemma at 0.59, Cosmos at 0.55,
and Gemma 3 at 0.50 (random). Depth ordering is the only axis that demands genuine 3D infer-
ence rather than image-plane comparison, and the drop matches the literature’s claim that VLMs
default to reasoning on the 2D projection (Yang et al., 2024} Wang et al., 2024} [Qi et al), 2023). It
also explains why a depth image alone fails to help: the bottleneck is fusing depth into a relational
judgement, not seeing depth.

Figure [b] shows the second structural pattern: accuracy decays monotonically with object count
for every model. Qwen3-VL drops —11.1 points from 3-object scenes (0.745) to 6-object scenes
(0.634); Gemma 3 drops —9.4 points (0.472 — 0.378). The decay rates are roughly parallel across
models, suggesting a shared scaling problem rather than a model-specific artifact: every additional
object adds candidates, distractors, and disambiguation steps to the same visual encoder.

5.4 YES-BIAS AND COUNTING MODE COLLAPSE INFLATE RAW ACCURACY

Three of the five models exhibit a degenerate response distribution on binary question types, visible
in Figure Gemma 3 says yes 98.9 % of the time on binary_relation and 99.9 % of the time
on distance_comparison; Cosmos says yes 98.8 % of the time on distance_comparison; and
PaliGemma sits at 63 % on both types. Because the gold yes-rate is approximately 50 %, an always-
yes responder achieves roughly 50 % accuracy on these types from the prior alone, so much of
Gemma 3’s RGB-only score reflects a constant baseline rather than spatial reasoning. This effect
also explains why Gemma 3 alone gains so much from the description: the description re-anchors its
responses, replacing the always-yes prior with text-matched extraction, which is harder to collapse
onto a single token. By contrast, Qwen3-VL-4B and Qwen2.5-VL-3B are well-calibrated, with yes
rates within 4 points of gold.

Counting mode collapse. Counting confusion (Appendix Figure 8] reveals the same phenomenon
on a non-binary axis. Gemma 3’s predictions concentrate almost entirely on {1, 2} regardless of the
gold count: when the answer is 0 it predicts 1 on 57 % of cases and never predicts 0; when the
answer is 4 it predicts 2 on 56 % of cases. The Qwen models are sharply diagonal (Qwen3-VL
achieves at least 0.62 on the diagonal for every gold count from 0 to 4), and PaliGemma is strongly
biased toward 1.

5.5 SCENE-REGIME EFFECTS ARE SMALL AND CONSISTENT

Across scene regimes (Appendix Figure[7), the accuracy ranking is preserved, every model peaks on
sparse scenes, and the depth_ambiguous regime sits within £2 points of dense for every model,
suggesting that depth confusions are pervasive rather than layout-triggered.



5.6 THE HARDEST TASK IS THE NON-RECOGNITION TASK: BETWEEN

Every model scores below 20 % on between under every modality condition (Qwen3-VL tops at
18.9 % on RGB, Gemma 3 bottoms at 3.4 %). Approximately 90 % of between questions have gold
none, yet the models almost never reply “none”. between is the only template that requires the
model to deny the existence of a satisfying object, and the failure is a recognition-bias mismatch
rather than a perception failure.

6 DISCUSSION

The bottleneck is grounding, not signal. If the input-representation thesis were correct, the
depth-augmented and description-augmented conditions should both lift accuracy. Neither does
on average. The single case in which an auxiliary signal helps a single model (the description for
Gemma 3) does so by suppressing a degenerate language prior rather than by delivering new spatial
information. The strong models lose accuracy when spatial signal is added because their language
side cannot integrate it without disturbing the visual pathway that was already solving the task.

When does a structured spatial input pay off? Structured text helps when the task requires
a global 2D or 3D summary the visual encoder cannot produce within its token budget (extremum
tasks), and hurts on localised perceptual lookups the visual stream already grounds (binary relations,
existence, counting). A useful spatial preprocessor should be task-conditioned rather than dumped
wholesale into the prompt.

Implications for VLA perception design. VLA systems commonly attach a spatial preprocessor
that emits depth or 3D scene structure into the action policy’s prompt (Qu et al.l 2025)). Our results
suggest that for 2—4 B-parameter backbones this is at best neutral and at worst a regression, unless
(1) the spatial output is a summary rather than a full pose dump, and (ii) the policy is calibrated
against the yes-bias and mode-collapse failure modes that small VLMs exhibit even when the input
is correct.

7 LIMITATIONS

Our scenes use a deliberately simple visual vocabulary (10 colours, 3 shapes, 3 sizes) on a uniform
ground plane, which isolates spatial reasoning from semantic perception but means absolute accu-
racy numbers should not be compared with natural-image benchmarks. Our model range (2-4 B)
was constrained by single-GPU inference, and our negative result for the description condition may
invert at larger scales where long-context reasoning is more reliable. The system prompt is a single
short sentence; a modality-specific prompt could plausibly reduce yes-bias without changing what
the model sees, but we leave it out of scope to keep the representation comparison clean. Finally,
the structured description is noiseless; a preprocessor-derived description in a real system would be
lossier and would likely yield a smaller, possibly opposite, effect.

8 CONCLUSION

Holding the model, scenes, and questions fixed, we found that adding ground-truth spatial signal
at the input, whether as a depth image or as a perfect structured description, degrades the average
accuracy of 2-4 B open-weights VLMs on a controlled synthetic spatial-QA benchmark. The excep-
tion is task-conditioned: a structured description helps extremum questions, where the bottleneck
is 2D global reasoning rather than perception, and hurts binary perception tasks, where the visual
stream was already grounded. Underneath this modality comparison, the models display a sharp
axis-of-competence asymmetry, with near-perfect lateral left/right accuracy and near-chance ego-
centric depth ordering, and weaker models fall back on degenerate language priors that inflate raw
accuracy on yes/no types. These findings push back on the prevailing prescription that VLMs need
richer spatial inputs: at this scale of model, the bottleneck is the language side’s ability to ground
onto signal that is already present in the image, and adding more signal to the prompt does not solve
it.
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A APPENDIX

A.1 SUPPLEMENTARY PLOTS

Accuracy by question type (RGB only)
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Figure 6: Accuracy by question type (RGB only). The between type is the hardest for every model,
while binary_relation and existence are the easiest.

Accuracy by scene regime (RGB only)
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Figure 7: Accuracy by scene regime (RGB only). Sparse scenes are easiest for every model, and
the depth_ambiguous regime is comparable to dense, indicating that depth confusion is pervasive
rather than layout-specific.

Counting: predicted vs gold (RGB only) — row-normalized
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Figure 8: Counting confusion (RGB-only), row-normalised. Gemma 3 collapses onto {1, 2} regard-
less of gold; PaliGemma is biased toward 1; the Qwen models are sharply diagonal.
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A.2 PER-MODALITY OVERALL ACCURACY (FULL TABLE)

Table 1: Full per-modality accuracy. Cross-model comparisons require the same modality column
across all models, and PaliGemma 2 supports only rgb and rgb+description. Bold indicates the
best modality for each model.

Model RGB RGB+Depth RGB+Desc RGB+Depth+Desc
qwen3_vl_4b 0.713 0.699 0.661 0.660
qwen25_vl_3b 0.660 0.617 0.619 0.603
cosmos_reason2_2b  0.598 0.583 0.577 0.569
paligemma2_3b 0.508 - 0.409 -
gemma3_4b 0.361 0.350 0.492 0.485

A.3 SELECTED PER-QUESTION-TYPE MODALITY DELTAS

Table 2: A accuracy versus the RGB-only baseline, for question types where representation matters
most. The structured description exhibits a clear substitution pattern: it lifts extremum tasks at the
cost of binary perception tasks.

Camera extremum Binary relation
Model RGB +Desc RGB +Desc
gwen3_vl_4b 0.653 0.869 (+0.22) 0.866 0.784 (—0.08)
qwen25_vl_3b 0.495 0.503 (+0.01) 0.828 0.749 (—0.08)
cosmos_reason2_2b  0.593  0.662 (4+0.07) 0.763  0.681 (—0.08)
paligemma2_3b 0.363 0.308 (—0.06) 0.739 0.540 (—0.20)
gemma3_4b 0.187 0.659 (+0.47) 0.499 0.558 (4+0.06)

A.4 INFERENCE LATENCY

Per-question wall-clock latency on the inference GPU (RTX PRO 6000 Blackwell), including all
four modality conditions. PaliGemma is fastest because it accepts only one image per prompt;
Qwen2.5-VL-3B is slowest due to a longer visual-token sequence. These numbers contextualise but
do not affect accuracy comparisons.

Table 3: Mean / median per-question latency in seconds.

Model Mean (s) Median (s)
paligemma2_3b 0.023 0.022
gemma3_4b 0.091 0.095
cosmos_reason2_2b 0.116 0.130
qwen3_vl 4b 0.171 0.192
qwen25_vl_3b 0.262 0.276
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