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Abstract. Vision-language models (VLMs) achieve strong performance
on spatial reasoning benchmarks, yet it remains unclear whether this re-
flects structured 3D understanding or reliance on statistical shortcuts in
natural images. We introduce a representation-level analysis framework
that constructs minimal contrastive pairs to measure how spatial axes are
organized and disentangled within VLM embeddings. Our analysis across
multiple model families reveals a consistent vertical-distance entangle-
ment: models conflate vertical image position with distance, mirroring
the perspective bias of natural photographs. This bias produces a signif-
icant accuracy gap between perspective-consistent and counter-heuristic
examples, and intensifies under data scaling even as overall benchmark
accuracy improves. We further show that models with similar benchmark
scores can exhibit different internal representations, and that these dif-
ferences predict accuracy and robustness across diverse spatial reasoning
benchmarks. To isolate this bias from evaluation-set skew, we introduce
SpatialTunnel, a synthetic benchmark designed to expose spatial short-
cut biases by removing common correlations present in natural images.
Experiments suggest that the entanglement is model-intrinsic, and that
models with well-separated spatial axes exhibit greater robustness, indi-
cating that well-structured spatial representations lead to more reliable
spatial reasoning across diverse benchmarks. Code and benchmark are
available on the [project website.

Keywords: Vision-Language Models - Spatial Understanding - Repre-

sentation Analysis

1 Introduction

Spatial reasoning is a core capability for Vision-Language Models (VLMs), par-
ticularly as these systems are increasingly deployed in robotics [19}/22}26,(35],
embodied agents [1,/30,33], and multimodal assistants [2}/16,/27] that observe

! Co-corresponding author
! Project Lead


https://orcid.org/0009-0007-1495-2976
https://orcid.org/0009-0008-7229-4323
https://orcid.org/0009-0005-1839-1913
https://orcid.org/0009-0009-1771-9605
https://orcid.org/0000-0002-6649-4766
https://orcid.org/0009-0008-4183-6433
https://orcid.org/0009-0000-1805-251X
https://orcid.org/0000-0001-5541-409X
https://cheolhong0916.github.io/whyfarlooksup/

2 C. Min et al.

VLM

Spatial VQA examples hidden states Weak Spatial VLMs Responses
P, o~ I Vertical-Distance Entanglement + horizontal [ — :Tableis
[ A - o vertical closer.
2 B 2 o distance
S S
K] 3
5 5
£
t 4 c
2 s : Blue cube
w is farther.
&
Q. Is the table closer to or S . x
farther from the camera than the & @ | use ‘above’ as a proxy for ‘far’.
bookcase? 5
Strong Spatial VLMs Responses
= 2 —
] k<] ® horizontal — :Tableis
c ° “tar”| ® vertical
5 ¥ o distance closer.
g
:
Qo o\ ¥
) ) B 5 i
! “above” " : : Blue cube
‘above” * :
Q. Is the blue cube closer to or . is closer.
farther from the camera than the .
green sphere? ‘ @ | look for actual depth cues.

Fig.1: Many VLMs answer spatial questions via a perspective-driven shortcut, e.g.,
objects located higher in the image are further away in 3D. By confusing 2D verti-
cal position with 3D distance, models fail systematically on counter examples. Our
SpatialTunnel benchmark and contrastive probing expose this vertical-distance en-
tanglement. In contrast, strong spatial VLMs show disentangled axes and consistent
correctness across both real and synthetic settings.

and interact with physical environments. Although modern VLMs are primarily
trained on 2D image—text pairs , they achieve strong performance on
spatial reasoning benchmarks , and recent work continues to improve
these results through scaling and spatial training data @ These
advances suggest that current models possess meaningful spatial understanding.
However, it remains unclear whether strong benchmark accuracy reflects robust
spatial reasoning or the exploitation of statistical regularities in natural images.

Many spatial relations can be partially inferred from correlations that arise
naturally in photographic data rather than from explicit reasoning about 3D
spatial structure. For example, perspective in everyday photographs introduces
a consistent relationship between vertical image position and depth: objects ap-
pearing higher in the image are often farther from the camera, as in Figure [T}
Such correlations allow models to rely on shortcuts that substitute vertical cues
for depth reasoning, achieving high benchmark accuracy while internally con-
flating distinct spatial dimensions.

This limitation highlights a broader challenge in evaluating spatial under-
standing in VLMs. Behavioral benchmarks measure whether a model produces
correct answers, but they provide limited insight into how those answers are
obtained. Two models may achieve similar performance while relying on differ-
ent internal mechanisms: one encoding spatial relations in a structured, sep-
arable manner, and another depending on correlated cues present in natural
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imagery which become brittle under distribution shift. Distinguishing these pos-
sibilities requires examining how spatial information is represented inside the
model, rather than relying on output-level performance.

Recent work has revealed persistent spatial reasoning failures through con-
trolled benchmarks [20,/40,/41] and has begun probing internal model behavior
such as attention dynamics [8]. However, these efforts primarily assess individual
task performance or local mechanisms, leaving the global geometric organization
of spatial relations in representation space largely unexplored.

We address this gap from two complementary angles. First, we analyze how
spatial relations along three core 3D axes — horizontal (left / right), vertical
(above / below), and depth (close / far) — are organized within VLM internal
embeddings, using controlled contrastive examples that vary only the spatial
relation between objects while holding confounds such as object identity fixed.
Second, we introduce SpatialTunnel, a synthetic benchmark designed to remove
perspective-driven biases in spatial evaluation. Its tunnel geometry decouples
vertical image position from depth, enabling balanced assessment beyond the
correlations present in natural image benchmarks.

Across multiple VLM families, our experiments reveal that horizontal rela-
tions form stable, opposing directions in representation space, whereas vertical
and depth relations are frequently entangled, suggesting reliance on perspective-
driven cues. Moreover, models with more structured spatial representations per-
form better across diverse spatial reasoning benchmarks, including EmbSpatial-
Bench [14], CV-Bench [36], and BLINK [15]. Evaluations on SpatialTunnel
further expose biases hidden under standard benchmark settings, and models
with more structured representations exhibit greater robustness when these cor-
relations are removed. Together, these results suggest that benchmark accuracy
alone may overestimate the spatial reasoning capabilities of current VLMs. Our
contributions are threefold:

— Representation-level analysis of spatial reasoning. We introduce a
framework for analyzing how spatial relations are organized within VLM
embeddings, diagnosing whether models encode structured spatial reasoning
or rely on shortcut cues.

— Spatial representations predict robustness. We show that models with
similar benchmark performance can exhibit markedly different internal spa-
tial representations, and that models with more structured spatial represen-
tations exhibit greater robustness and generalization.

— A bias-controlled synthetic benchmark for spatial reasoning. We
construct a synthetic dataset that decouples vertical image position from
depth, revealing shortcut biases hidden under standard benchmark settings.

2 Related Work

Spatial Understanding Datasets and Benchmarks. Recent benchmarks
have revealed persistent weaknesses in VLM spatial reasoning despite strong se-
mantic performance. Controlled evaluations such as What’s Up |20] and COM-
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FORT [41] show that models frequently fail on basic positional distinctions
and frame-of-reference consistency. To probe deeper spatial competence, sub-
sequent work has expanded along several axes: egocentric and cross-video rea-
soning [14,36], 6DoF diagnostic tasks [37], and multi-step spatial referring [42].
In parallel, simulation-based datasets [28,/32,/35] provide large-scale supervision
for physical dynamics, yet spatial performance often plateaus with data scal-
ing [40]. While these efforts effectively measure whether models succeed or fail,
they do not examine what cues models rely on internally—in particular, none
isolate the entanglement between vertical image position and perceived depth
that arises from perspective projection. Our work targets this gap by construct-
ing controlled synthetic environments and contrastive splits that systematically
expose this bias.

Probing Internal Representations of Vision-Language Models. Recent
work has moved beyond behavioral evaluation to examine the internal states of
VLMs. Linear probing studies show that vision encoders inherently represent
monocular depth cues [11] and bind geometric coordinates to object activations
in early layers |21], while unified extraction frameworks [29] facilitate systematic
comparison across model families. On the mechanistic side, ADAPTVIS [8] an-
alyzes attention dynamics during spatial reasoning, and Spatial Forcing [23] ex-
plicitly aligns intermediate layers with 3D structure. However, these approaches
primarily detect the presence of individual spatial primitives or adjust local
attention behavior; they do not examine how different spatial dimensions are
jointly organized—in particular, whether depth and vertical cues occupy separa-
ble or entangled directions in representation space. We address this gap through
controlled contrastive analysis of internal embeddings, directly measuring the
geometric relationship between spatial axes to reveal entanglement that isolated
probing cannot detect.

3 Perspective Projection Bias in Spatial Understanding

Vision-language models are increasingly expected to reason about 3D spatial
relationships from a single RGB image, e.g., answering questions such as “Is
the chair closer to the camera than the table?” However, monocular images
provide only a 2D projection of the 3D scene, requiring models to infer spatial
structure from indirect visual cues. A central question is whether current VLMs
genuinely learn such 3D reasoning, or instead rely on the visual cues that happen
to correlate with depth in image space.

In this section, we analyze how VLMs perform spatial reasoning across mul-
tiple model families and benchmarks. Our analysis reveals a systematic bias
arising from perspective projection: models frequently use an object’s vertical
position in the image as a proxy for its distance from the camera. We term this
phenomenon vertical-distance entanglement, where image-plane vertical po-
sition becomes conflated with depth. Across multiple models and benchmarks,
we show that this bias consistently emerges and leads to systematic errors in
spatial reasoning.
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3.1 What is Vertical-Distance Entanglement?

Perspective projection and vertical position. From the observer’s view-
point, objects farther away on a common ground surface tend to appear higher
in the image. This phenomenon gives rise to the classical elevation cue: for
objects lying on the ground plane, those nearer to the horizon line are per-
ceived as being farther from the observer [11] (see Appendix A for details).

Entanglement as a shortcut. We hy- Consistent Counter
pothesize that VLMs exploit this correla- farna T
tion as a shortcut: when asked about the | aearshigher

relative depth, they partially rely on the
vertical positions of the objects rather than
robustly reasoning about 3D structure. We
refer to this phenomenon as vertical- —
distance entanglement, indicating the
tendency of a model to treat above = far
and below = close when answering depth-
related questions.

vs

|
farther object/ |

. | R
~ appears lower

Fig.2: Consistent vs. counter
examples. Consistent: Farther one
appears higher in image; Counter:
Farther one appears lower.

Consistent and counter-heuristic examples. To systematically analyze
this entanglement, we categorize depth-related samples into two groups, consis-
tent and counter (Figure . The classification is based on whether the ground-
truth spatial relationship aligns with the vertical-position heuristic. We imple-
ment this by comparing the vertical center coordinates of the two queried objects
in pixel space: if the farther object has a smaller y-coordinate (i.e., higher in the
image), the example is consistent; otherwise, it is counter. If a model exhibits no
entanglement, its accuracy should be comparable on both groups. Conversely, a
systematic accuracy gap between the two groups would constitute evidence that
the model relies on the vertical-position shortcut.

3.2 Experimental Setup

Models. We evaluate three VLM families spanning different architectures: Molmo-
7B-0-0924 [12], NVILA-Lite-2B [25], and Qwen2.5-VL-3B-Instruct [4]. To ana-
lyze how spatial fine-tuning affects entanglement, we train variants of each model
at multiple data scales (80k, 400k, 800k, and 2M samples); base models refer to
the original pretrained weights without additional fine-tuning. We also include
RoboRefer-2B-SFT [42], which shares the NVILA-Lite-2B base but is trained
on more than 20M samples including RGB and RGB-D images, and Qwen3-VL-
235B-A22B-Instruct 3] as a large-scale reference.

Training data. Recent work has attributed VLMs’ limited spatial understand-
ing to a lack of spatial reasoning data during training, motivating several spatial-
focused datasets [6,(13,[281132}/39,/42]. To study the effect of data scaling within
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Table 1: Distribution of consistent, counter, and ambiguous examples. Exist-
ing spatial benchmarks are skewed toward consistent examples, mirroring the natural
statistics of perspective projection in real-world images.

Type EmbSpatial-Bench CV-Bench-3D Definition

Consistent 976 (80.9%) 363 (60.5%) GT aligns with heuristic
Counter 129 (10.7%) 65 (10.8%)  GT contradicts heuristic
Ambiguous 101 (8.4%) 172 (28.7%) Ay < 5% of image height

and across model families, we uniformly mix five existing spatial understand-
ing datasets (i.e., SAT [28], RoboSpatial [32], SPAR-TM |39|, RefSpatial |42],
PRISM |[13]|) and subsample at four target scales (80k, 400k, 800k, and 2M) for
supervised fine-tuning (see Appendix B.2 and B.3 for details).

3.3 Evidence from Existing Benchmarks

We first examine whether vertical-distance entanglement is observable on es-
tablished spatial reasoning benchmarks that use real-world images: EmbSpatial-
Bench [14] and the 3D-spatial split of CV-Bench [36].

Data distribution is skewed toward consistent examples. We classify
all depth-related questions in both benchmarks into consistent, counter, and
ambiguous categories following the criteria defined in Section As shown
in Table [1} consistent examples account for 80.9% of EmbSpatial-Bench and
60.5% of CV-Bench-3D, while counter examples constitute only about 10% in
each. This heavy skew reflects the natural statistics of real-world photographs:
in most everyday scenes, farther objects do appear higher in the image.

Models systematically fail on counter examples. We evaluate a range of
VLMs spanning different architectures and scales on the two benchmarks, re-
porting accuracy separately for consistent and counter subsets (Table . Across
all models and all training scales, accuracy on consistent examples significantly
exceeds that on counter examples. For instance, Qwen2.5-VL fine-tuned on 2M
samples achieves 60.9% on the consistent split of EmbSpatial-Bench but only
24% on counter examples, yielding a 36.9 percentage-point gap. This pattern
holds regardless of model family (Molmo, NVILA, or Qwen2.5-VL), model size,
or the amount of spatial fine-tuning data, suggesting that vertical-distance en-
tanglement is a widespread phenomenon rather than an artifact of any single
architecture, training recipe, or data scale.

4 Behavioral Analysis with a Synthetic Dataset

The accuracy gap in Section [3|indicates that VLMs systematically fail on counter
examples in real-world datasets. However, real photographs conflate multiple
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Table 2: Accuracy on consistent vs. counter examples across models and
benchmarks. All models exhibit a substantial accuracy gap, with consistent examples
outperforming counter examples. Results are reported on depth-related questions from
EmbSpatial-Bench and CV-Bench-3D. Indented rows denote fine-tuned variants at the
given spatial data scale.

EmbSpatial-Bench CV-Bench-3D

Model Consistent Counter Consistent Counter
Molmo-7B-0-0924 63.5  34.9 (-28.6) 93.1  75.4 (-17.7)
+ 80k 60.6  29.5 (-31.1) 802  56.9 (-23.3)
+ 400k 62.7 27.1 (-35.6) 89.5  56.9 (-32.6)
+ 800k 65.2  34.1 (-31.1) 887  70.8 (-17.9)
+2M 65.3  39.5 (-25.8)  90.6  72.3 (-18.3)
NVILA-Lite-2B 49.0  27.1 (-21.9) 744 40.0 (-34.4)
+ 80k 57.7 155 (-42.2)  71.6  50.8 (-20.8)
+ 400k 61.1  34.1 (-27.0) 813  58.5 (-22.8)
+ 800k 632 38.8 (-24.4) 84.6  67.7 (-16.9)
+2M 60.7 41.1 (-19.6) 972  93.8 (-3.4)
RoboRefer-2B-SFT 87.0  59.7 (-27.3)  98.9  95.4 (-3.5)
Qwen2.5-VL-3B-Instruct 54.7 326 (-22.1)  75.5  55.4 (-20.1)
+ 80k 50.6  30.2 (-20.4)  69.7  60.0 (-9.7)
+ 400k 52.6  27.1 (-25.5) 65.8  58.5 (-7.3)
+ 800k 55.8  26.4 (-29.4) 612 585 (-2.7)
+2M 60.9 24.0 (-36.9) 620  53.8 (-8.2)
Qwen3-VL-235B-A22B-Instruct \ 73.3  41.7 (-31.6)  98.1 90.8 (-7.3)

depth cues (e.g., vertical position, apparent size, and occlusion), making it dif-
ficult to isolate the contribution of any single cue. To enable controlled inter-
ventions, we introduce SpatialTunnel, a synthetic dataset that decouples an
object’s vertical image-plane position from its 3D depth by design, allowing the
two factors to be manipulated independently.

4.1 SpatialTunnel Benchmark

To evaluate spatial relations in a controlled manner, we require an environment
with two key properties: (i) objects can be positioned arbitrarily, enabling queries
over any spatial relation (e.g., left/right, above/below, near/far); and (ii) an
object’s vertical position can be adjusted independently of its depth, allowing us
to construct image groups that differ only in vertical placement while preserving
depth ordering.

To satisfy these requirements, we build a tunnel-shaped synthetic scene in
Blender [5] (Figure . Each scene consists of a single-point-perspective corridor
whose walls, ceiling, and floor are symmetric about the camera’s optical axis,
where objects are placed anywhere on the interior tunnel surfaces. Because ob-
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0 = 202.5°

Fig. 3: SpatialTunnel visualization. SpatialTunnel holds the two objects at fixed
depths while sweeping their angular positions around the tunnel cross-section, so that
2D image-plane layout varies independently of depth ordering.

jects near the top and bottom of the image can be equidistant from the camera,
the common heuristic “higher in the image = farther” no longer holds. We pa-
rameterize each object by its depth z and an angular position # on the tunnel
cross-section. Holding z fixed while varying 6 moves the object up/down and
left /right in the image without changing its depth ordering, enabling matched
counterfactual pairs that flip vertical arrangement while preserving depth.

We construct a synthetic benchmark suite, SpatialTunnel, that enables con-
trolled spatial interventions in a single-point-perspective corridor. Specifically,
we place two objects at predetermined depths and sweep each object along the
tunnel cross-section, discretizing the interior into 16 angular positions (see Fig-
ure [3)). This yields a 16 x 16 Cartesian grid over (61, 6s), enabling heatmap-style
diagnostics of model behavior across configurations (see Figure [4). To increase
visual diversity and improve robustness, we randomize object appearance (color,
size, and shape) and scene lighting across renders. Additional synthetic variants
for other spatial cues (e.g., object size) and auxiliary analyses are provided in
the Appendix C.4.

4.2 Experimental Setup on SpatialTunnel

Given a rendered RGB image containing two objects, the model is asked a binary
depth-comparison question. In our setup, an object is always placed farther from
the camera than the other, and the VLM is asked to answer the questions like
“Is {obj } closer to / farther from the camera than {obj; }?” Following prior
work 7 we define a local probability by extracting the logits for Yes
and No at the first generated token. We then compute the predicted probability
as
b= U(eYes - 6N0)~

The correctness score for a single query is defined as v = p if the ground-truth
answer is Yes, and v = 1 — p if it is No. We report the following metrics for
all VLMs described in Section [3.2] Following the definition in Section [3.1] sam-
ples are partitioned into consistent and counter subsets. We report four metrics:
(1) Mean accuracy (v), the mean correctness score across all images and ques-
tions; (2) Consistent accuracy (veons), the mean correctness score on consistent
examples; (3) Counter accuracy (vctr), the mean correctness score on counter
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(a) Results on consistent samples (b) Results on counter samples.

Fig.4: Mean accuracy heatmaps on SpatialTunnel for Molmo-7B. Each cell
indexes a joint angular configuration (61, 62) of the two objects (red = higher accuracy;
blue = lower). Gray indicates configurations outside the subset. From base — 400k —
2M training samples, accuracy on (a) perspective-consistent cells improves steadily. In
contrast, (b) counter cells remain substantially harder, with the largest drop at 400k
and a partial recovery at 2M.

Table 3: Consistent vs. Counter accuracy on SpatialTunnel. v: mean correctness
score; Veons and vetr: scores on consistent and counter subsets; A = Veons — Vctr-

Model v Vecons Vetr A
Molmo-7B-0-0924 0.528 0.565 0.487 +0.078
+ 80k 0.496 0.507 0.486 +0.021
+ 400k 0.501 0.593 0.409 +0.184
+ 800k 0.531 0.628 0.430 +0.198
+ 2M 0.666 0.703 0.630 +0.073
NVILA-Lite-2B 0.488 0.504 0.471 +0.033
+ 80k 0.499 0.562 0.438 +0.124
+ 400k 0.669 0.804 0.538 +0.267
-+ 800k 0.646 0.728 0.571 +0.157
+ 2M 0.812 0.875 0.749 +0.127
RoboRefer-2B-SFT 0.793 0.816 0.770 +0.046
Qwen2.5-VL-3B-Instruct 0.570 0.776 0.360 +0.416
+ 80k 0.512 0.585 0.440 +0.145
-+ 400k 0.503 0.588 0.418 +0.171
+ 800k 0.499 0.600 0.398 +0.202
+ 2M 0.500 0.648 0.353 +0.295
Qwen3-VL-235B-A22B-Instruct 0.908 0.948 0.880 +0.068

examples; and (4) Accuracy gap (A = Veons — Uetr), the accuracy difference be-
tween the two subsets, quantifying the vertical-distance entanglement. A model
with no directional bias would yield A ~ 0.

4.3 Results on SpatialTunnel: Vertical-Distance Entanglement

Consistent with Section we observe that vertical-distance entanglement is
universal. Across all base and fine-tuned models, accuracy is consistently higher
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Fig. 5: Contrastive probing for representation-level spatial analysis. Given a
spatial-relation VQA, we construct a minimal question pair by swapping the object
order, which flips the ground-truth relation. We extract the final-token hidden state at
an intermediate layer for each question and compute a delta vector as their difference,
isolating the relational displacement in embedding space. Aggregated across samples,
these vectors summarize the model’s internal spatial representations and enable diag-
nosing systematic confounds among spatial cues.

on the consistent subset than on the counter subset, yielding a positive accuracy
gap A. Table 3] and Figure [f] summarize model behavior on SpatialTunnel.
For example, base Qwen2.5-VL-3B-Instruct achieves veons = 0.776 but only
vetr = 0.360, indicating strong reliance on the vertical-position shortcut. While
base NVILA-Lite-2B produces a narrower gap, its sub-0.5 overall accuracy sug-
gests near-random performance rather than meaningful depth understanding.
Figure [ visualizes positional bias at the cell level for Molmo variants. If pre-
dictions were insensitive to 2D placement, accuracy would be approximately
uniform across the grid. Instead, most models show pronounced contrast be-
tween consistent and counter regions. The results suggest that large-scale spatial
training reduces this reliance. RoboRefer , trained on more than 20M QA
pairs, achieves the smallest gap (A = +0.046) among models performing above
chance. Qwen3-VL-235B attains the highest mean accuracy (v = 0.908) with a
similarly small gap (A = +0.068), indicating that very large-scale pretraining
can substantially alleviate this bias even without targeted spatial fine-tuning.

5 Representation Analysis via Contrastive Probing

Sections [3H4] established vertical-distance entanglement as a model-intrinsic phe-
nomenon through behavioral evaluation. We now turn to internal representations
to examine how spatial axes are encoded and what distinguishes models that ex-
hibit robust spatial reasoning.

5.1 Beyond Benchmark Accuracy

Behavioral accuracy alone can be a misleading indicator of spatial understanding.
Table[dreports performance across five spatial reasoning tasks spanning different
formats, dimensionalities, and difficulty levels. Beyond EmbSpatial-Bench and
the 3D-spatial split of CV-Bench (CV-3D) used in Table [2| we additionally
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Table 4: Performance comparison across spatial understanding benchmarks.
Fine-tuned variants of Molmo, NVILA, and Qwen2.5-VL exhibit inconsistent perfor-
mance fluctuations depending on the benchmark, while RoboRefer and Qwen3-VL-
235B, which show strong representation structure under our probing framework (Sec-
tion , achieve consistently high performance across all evaluated tasks. Bold de-
notes best. BLINK confidence intervals are reported in Appendix B.5.

EmbSpatial CV-2D CV-3D BLINK
Model Overall Relation Depth Distance Rel. Depth Spat. Rel.
Molmo-7B-0-0924 [12| 60.7 76.3 84.5 68.5 78.2 70.6
+ 80k 52.9 62.3 71.0 67.5 72.6 60.8
+ 400k 64.9 84.3 80.0 70.8 72.6 68.5
+ 800k 69.1 90.0 82.0 70.8 75.0 61.5
+ 2M 74.3 93.7 87.3 81.3 71.0 69.2
NVILA-Lite-2B |25| 54.0 58.6 69.2 52.3 64.5 67.1
+ 80k 65.1 78.9 66.2 60.8 53.2 74.1
+ 400k 62.1 83.2 74.3 67.0 71.8 63.6
+ 800k 69.7 85.5 78.2 71.3 57.3 65.0
+ 2M 69.4 91.4 93.8 87.2 70.2 62.9
RoboRefer-2B-SFT [42] 92.0 96.5 95.7 90.5 84.7 79.7
Qwen2.5-VL-3B-
Instruct [4] 62.3 67.4 70.3 60.2 68.6 83.9
+ 80k 57.3 59.7 64.7 61.5 58.1 79.7
+ 400k 58.6 58.2 62.0 54.5 58.9 78.3
+ 800k 60.9 59.4 58.7 51.2 58.1 79.0
+ 2M 65.7 68.8 58.5 52.2 53.2 78.3
Qwen3-VL-235B-
A22B-Instruct |3] 82.0 96.5 93.3 91.0 84.7 90.2

include the 2D-spatial split of CV-Bench (CV-2D) and the spatial relationship
and relative depth splits of BLINK [15|. Detailed task descriptions are provided
in the Appendix B.4.

Fine-tuned variants of Molmo, NVILA, and Qwen2.5-VL show inconsistent
patterns across benchmarks. For example, NVILA (2M) achieves 93.8% on CV-
3D Depth but only 62.9% on BLINK Spatial Relation, while Qwen2.5-VL (2M)
scores 78.3% on BLINK Spatial Relation but drops to 52.2% on CV-3D Dis-
tance. No single accuracy figure reliably indicates how well these models have
internalized 3D spatial concepts. In contrast, RoboRefer and Qwen3-VL-235B-
A22B-Instruct achieve consistently high performance across all benchmarks. As
we show in Section [5.4] these models also exhibit the most structured inter-
nal representations under our probing framework, including high axis coherence,
well-separated PCA clusters, and low entanglement. This suggests that represen-
tation quality underlies robust spatial reasoning across benchmarks, motivating
us to look beyond accuracy and analyze model-internal representations directly.
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5.2 Contrastive Probing

Given an image, we construct a pair of questions that differ only in the ordering
of the queried objects, such as swapping “Is A to the left or right of B?” with
“Is B to the left or right of A?”. Consequently, the ground-truth answer for
the swapped query becomes the spatial inverse of the original; for instance, a
left relationship is inverted to right. For probing, we extract hidden states at a
fixed intermediate layer L* per model family. Let h, € R? denote the final-token
hidden state at layer L* for question ¢. For a question pair (¢1,¢g2), we define
delta vector § = hg, —hg, as the representation-space displacement induced by
the swap. By repeating this across many images, we obtain a set of delta vectors
per spatial category (e.g., above, below, far, close, left, right). This procedure
aims to isolate the latent encoding of spatial directions by neutralizing common
visual components. We define two metrics over these delta vectors:

Awzis coherence. For each spatial axis (horizontal, vertical, distance), we pool
the delta vectors from both opposing categories (e.g., far and close for the dis-
tance axis). To align directions, we negate the deltas from the opposing category
so that all vectors point toward the canonical direction:
50 {6“) ‘ if category is canonical (e.g., far) (1)
—6(® if category is opposite (e.g., close)

Axis coherence is the mean pairwise cosine similarity over the sign-corrected set:

) <y
e R (5@ §()
Cohpyis = NN D) Zcos(é , 6O, (2)
1<J
High coherence indicates that the model encodes the axis as a stable, consistent
direction in representation space.

VD-Entanglement Index. To quantify the degree of vertical-distance entan-
glement at the representation level, we compute the mean delta vector u. for
each category ¢ € {above, below, far, close} and define the VD-Entanglement
Index (VD-EI):

VD‘EI - % [Cos(ﬂabovca //Jfar) + COS(,LLbclowy ,uclosc)

- COS(,U/abovea Nclose) - COS(Mbelowa ,U/far)] .

(3)

The first two terms measure the similarity between perspective-aligned pairs
(above«>far, below<>close); the last two measure perspective-opposing pairs. A
positive value indicates that vertical and distance representations are direction-
ally coupled in the manner predicted by perspective projection; zero indicates
independence. We extract hidden states from EmbSpatial-Bench [14] images at a
fixed intermediate layer per model family, following previous approaches [7)17,31]
(see Appendix D.3 and D.4 for details of layer selection).
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5.3 Distance Coherence and Counter Accuracy

Distance coherence is the weakest axis. Across all models and training
scales in Table [f] Cohp is the lowest among the three axes. Fine-tuning sub-
stantially increases vertical coherence (e.g., Molmo: 0.23 — 0.57; Qwen2.5-VL:
0.29 — 0.59), but Cohp grows by a comparatively smaller margin.

Distance coherence growth accompanies counter accuracy improve-
ment. Figure [6a] plots Cohp against counter accuracy on EmbSpatial-Bench,
the same dataset from which the coherence values are derived. At early scaling
steps (e.g., 80k), counter accuracy sometimes drops before Cohp has meaning-
fully increased. However, once spatial fine-tuning data reaches sufficient scale, a
consistent pattern emerges across NVILA (from 80k onward) and Molmo (from
400k onward): as Cohp increases, counter accuracy rises in tandem, tracing
an upward trajectory in Figure [6al In contrast, Qwen2.5-VL’s Cohp remains
nearly flat throughout scaling (0.043 — 0.052), and its counter accuracy de-
clines, widening the consistent-counter gap. This suggests that as models form
a more coherent distance representation through spatial data scaling, they be-
come more robust to the vertical-position shortcut. Conversely, when distance
coherence stagnates, continued scaling does not resolve the entanglement.

Cross-domain validity of distance coherence. To examine whether Cohp
reflects a reusable representation rather than a benchmark-specific artifact, we
measure Cohp on SpatialTunnel and compare it against counter accuracy
on two other benchmarks. Cohp computed on SpatialTunnel correlates with
counter accuracy on both EmbSpatial-Bench and CV-Bench-3D (p = 0.759 and
0.804, respectively; both p < 1073). This cross-domain alignment supports the
view that Cohp captures predictive signal beyond in-domain computation arti-
facts (see Appendix D.5 for additional details).

5.4 What Characterizes Strong Spatial Representations

We compare the NVILA-Lite-2B scaling series and RoboRefer-2B-SFT [42],
which share the same base architecture, to identify what representation pro-
file accompanies robust spatial reasoning. Figure [7] visualizes the delta vectors
via PCA. In the base model (i.e., NVILA-Lite-2B), distance delta vectors are
collapsed near the origin without forming a distinguishable axis. Fine-tuning
with 2M samples initiates directional spreading, but vertical and distance clus-
ters remain overlapped. RoboRefer exhibits three cleanly separated clusters, each
aligned with a distinct principal component. Figure [6b] quantifies this contrast.
The NVILA scaling trajectory yields only marginal gains in Cohp while VD-EI
remains high (0.54-0.64). RoboRefer occupies a distinct region: the highest Cohp
(0.182) and the lowest VD-EI (0.362) in the family, corresponding to 59.7%
counter accuracy on EmbSpatial-Bench versus 41.1% for NVILA (2M).

These results suggest that high Cohp, together with low VD-EI as a comple-
mentary signal, accompanies robust spatial reasoning across benchmarks. Within
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Fig. 6: Internal probing analysis of spatial representations. (a) Positive correla-
tion between behavioral accuracy on counter examples and internal distance coherence
(Cohp). (b) Comparing distance coherence (Cohp) against geometric entanglement
(VD-EI) within the NVILA family; RoboRefer occupies a unique region of high coher-
ence and low entanglement. Unlabeled points denote base models, and numeric labels
(e.g., 80k) indicate data-mix fine-tuned variants.

Table 5: Axis coherence and VD-Entanglement Index. Axis coherence measures
directional consistency within axes. Distance coherence (i.e., Cohp) is consistently the
lowest among the three axes across all models. Bold denotes best.

Model Cohy Cohvy Cohp VD-EI
Molmo-7B-0-0924 0.143 0.228 0.075 0.279
+ 80k 0.122 0.332 0.072 0.388
+ 400k 0.236 0.597 0.096 0.459
+ 800k 0.247 0.559 0.107 0.514
+ 2M 0.239 0.574 0.112 0.474
NVILA-Lite-2B 0.323 0.289 0.052 0.539
+ 80k 0.295 0.497 0.070 0.606
+ 400k 0.242 0.574 0.095 0.589
+ 800k 0.278 0.498 0.089 0.591
+ 2M 0.241 0.553 0.104 0.550
RoboRefer-2B-SFT 0.649 0.830 0.182 0.362
Qwen2.5-VL-3B-Instruct 0.367 0.293 0.043 0.457
+ 80k 0.386 0.315 0.040 0.456
+ 400k 0.450 0.452 0.042 0.451
+ 800k 0.473 0.538 0.045 0.429
+ 2M 0.485 0.586 0.052 0.472

the NVILA scaling series, incremental increases in fine-tuning scale yield only
modest gains in Cohp. In contrast, RoboRefer and Qwen3 exhibit well-separated
axes and strong overall performance, showing such structure can emerge un-
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Molmo-7B (2M) NVILA-2B (2M) Qwen2.5-3B (2M) RoboRefer-2B Qwen3-VL-235B

Fig. 7: PCA of delta vectors across models. Each point is a delta vector colored by
axis (orange: horizontal, green: vertical, purple: distance), with darker/lighter shades
distinguishing opposing categories within each axis (e.g., left vs. right). Molmo (2M),
NVILA (2M), and Qwen2.5 (2M) show separation along horizontal and vertical axes,
but distance delta vectors remain poorly distinguished. RoboRefer and Qwen3 exhibit
three clearly separated clusters, each aligned with a distinct principal component.

der substantially richer training regimes. RoboRefer reflects a different training
regime (e.g., additional supervision and much larger training), so we treat it
as an illustrative reference rather than attributing its gains to a single factor.
Overall, Cohp can serve as a practical diagnostic for whether training improves
spatial representations.

6 Conclusion

We introduced a representation-level diagnostic framework that reveals vertical-
distance entanglement as a pervasive, model-intrinsic bias across VLM families
and scales. Our analysis shows that models with more structured spatial repre-
sentations — characterized by high distance coherence and low VD-Entanglement
Index — not only exhibit stronger counter-heuristic robustness but also achieve
higher accuracy across diverse spatial reasoning benchmarks. To isolate this
bias from evaluation-set confounds, we introduced the synthetic benchmark
SpatialTunnel, which removes perspective-driven correlations present in natu-
ral images. Together, these results demonstrate that representational structure,
rather than benchmark accuracy alone, provides a reliable indicator of robust
spatial reasoning in vision-language models.
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