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Abstract

Vision-Language Models (VLMs) are increasingly deployed in embodied environ-
ments, where they must to produce numerical outputs such as action magnitudes
and spatial coordinates. Although these numbers appear meaningful, it remains
unclear whether these numerical outputs are genuinely grounded in spatial percep-
tion. Therefore, in this work, we revisit spatial numerical understanding through
SPACENUM, a unified framework that captures two complementary settings: num-
bers as dynamic transitions during spatial exploration, and numbers as static
layouts in spatial reasoning. We formulate two bidirectional tasks, NUM2SPACE
and SPACE2NUM, to evaluate how well VLMs map between vision-side spatial
structure and language-side numerical representations. We systematically study
whether current VLMs truly understand numerical values in spatial settings. Across
dynamic transitions and static layouts, we find that models largely fail to ground
numbers in spatial meaning and often perform close to random guess. Through
error analysis, reasoning trace analysis, and controlled interventions, we show
that current VLMs rely heavily on shallow spatial cues, struggle to build stable
coordinate-aware representations, and fail to abstract structured spatial layouts
from visual observations. We further show that explicit reasoning provides only
marginal gains, while tuning can partially improve spatial numerical understanding
and transfer to external spatial reasoning benchmarks.

1 Introduction

Vision-language models (VLMs) have recently progressed from describing what is directly visible
in images [6, 16, 22] to actively exploring and understanding complex spatial environments [24, 11,
30, 9, 19]. Two representative spatial task scenarios have emerged: (1) spatial exploration, where a
VLM-based agent navigates an environment by generating actions conditioned on its observations to
actively gather information; and (2) spatial understanding, where VLMs infer the global structure
of a scene and answer spatially grounded questions by constructing an internal representation of the
environment. As illustrated in Figure 1, despite their different objectives, both paradigms share a
common requirement: VLMs must produce explicit numerical values whose meanings are grounded
in spatial context.

In spatial exploration [31, 27], a VLM-based agent may output an action such as “rotate_left(20◦)”.
The value 20 does not describe the current observation, nor does it directly specify the next observa-
tion. Instead, it specifies the magnitude of a state change, serving as a transition quantity between
consecutive observations, where numbers naturally function as dynamic transition magnitudes.

In contrast, in spatial understanding, prior work has shown that constructing explicit spatial represen-
tations [32, 30, 10], often in the form of cognitive maps, improves performance on spatial reasoning
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Figure 1: Overview of SPACENUM. We study spatial numerical understanding under two settings:
numbers as dynamic transition in spatial exploration (left) and numbers as static layout in spatial
understanding (right). We further investigate the mapping between vision-side space and language-
side numbers via two tasks: NUM2SPACE, which maps numbers to visual outcomes (top), and
SPACE2NUM, which maps visual inputs to numbers (bottom).

tasks. Here, numbers encode relative spatial relationships and correspond to static relative spatial
layouts. A single object’s coordinates in isolation carry limited semantic meaning; spatial information
becomes interpretable only when multiple objects are considered within a shared coordinate system,
where numerical values define their relative positions and overall layout.

This naturally raises a key question: do VLMs genuinely understand numbers as metric quantities
in space and generate them grounded in metric properties of space? Across both spatial explo-
ration and spatial understanding, NUM2SPACE evaluates whether a language-side numerical value
can be correctly grounded in its corresponding spatial outcome, while SPACE2NUM tests whether
an appropriate numerical value can be inferred from a given spatial configuration. Together, these
two tasks assess numerical understanding from both directions, enabling a systematic examination of
whether VLMs merely generate plausible numbers or genuinely ground them in spatial meaning.

To systematically study spatial numerical understanding, we investigate a series of progressively
deeper questions. We first evaluate 18 VLMs across dynamic transitions and static layouts, showing
that current models largely fail to ground numerical values in spatial meaning and often perform close
to random guess. We then analyze how these failures differ across scenarios and mapping directions,
revealing strong asymmetries between vision-to-number and number-to-vision grounding. To further
understand the source of these failures, we conduct structured error analysis, reasoning trace analysis,
and controlled interventions. Our results show that current VLMs often rely on shallow spatial cues,
fail to construct stable coordinate-aware representations, and struggle to abstract structured spatial
layouts from visual observations. Surprisingly, enabling explicit reasoning brings only marginal
improvements, suggesting that the main limitation is not the absence of reasoning traces, but the lack
of spatially calibrated reasoning operations. Finally, we show that spatial numerical understanding
can be partially improved through tuning and transfers to external spatial reasoning benchmarks.

2 SpaceNum Data Curation

Data Source and Platform. We setup simulator-based pipelines to enable controllable data genera-
tion. For dynamic transition, data is generated in AI2-THOR [13], which supports embodied agents
executing parameterized actions across diverse indoor environments. For static layout data, scenes
are built in NVIDIA Isaac Sim [21] using assets from BlenderKit [2], allowing controlled layout
generation with access to ground-truth spatial annotations for cognitive map construction.

2.1 Number as Dynamic Transition
Action Range Step

Move F/B 0.2–2.4 m 0.2
Move L/R 0.2–1.2 m 0.2
Rotate U/D 10–70° 10
Rotate L/R 10–70° 10

Table 1: Action parameter ranges.

Data Collection. We construct dataset with careful con-
trol over action coverage, transition continuity, visual an-
choring, and data validity. (i) Action coverage: We define
a set of primitive actions that induce spatial transitions, in-
cluding Move Forward (F) / Backward (B); Left (L)
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/ Right (R)) and rotations (Rotate Up (U) / Down (D);
Left (L) / Right (R). (ii) Transition continuity: The action magnitudes are chosen to ensure
sufficient overlap between consecutive observations, as summarized in Table 1, maintaining visual
continuity while introducing meaningful spatial changes and avoiding abrupt or ambiguous transitions.
(iii) Visual anchoring: To ensure transitions are visually identifiable, we filter out observations with
insufficient anchors by discarding frames containing fewer than 3 object instances. (iv) Data validity:
To avoid invalid transitions caused by random initialization or action execution (e.g., identical frames
or empty observations), we leverage occupancy maps to constrain both the initial agent state and the
post-action state to be valid, ensuring all collected samples correspond to informative transitions.

Task Definition. Let ot denote the initial observation, ot+1 the resulting observation, a the action
type, and n the numerical parameter representing the transition magnitude.

NUM2SPACE. The model is given (ot, a, n) and is required to select the correct resulting observation
ot+1 from a set of candidates. The distractor candidates are constructed by fixing the same initial
observation ot and action type a, while varying the numerical value n, resulting in alternative
observations õt+1 that correspond to different transition magnitudes.

SPACE2NUM. The model is given (ot, ot+1, a) and is required to infer the numerical value n that
explains the transition. This task requires grounding visual differences between ot and ot+1 to the
corresponding transition magnitude.

2.2 Number as Static Layout

Data Collection. We build the layout dataset with controlled generation, covering the reference
system, layout construction, scene scale, and representation. (i) Coordinate system construction.
Each scene uses a clear coordinate system defined by two anchor objects. One anchor sets the origin.
The relative position of the two anchors defines a consistent direction. This fixes the coordinate frame
(up to scale) and removes ambiguity. The anchors stay fixed across samples in the same scene. (ii)
Layout generation. Given the coordinate system, we place a third object with different positions and
sizes. We enforce simple constraints: objects do not overlap, and distances are within a reasonable
range. Under the same reference frame, we create three types of changes: (a) position only, (b) size
only, and (c) both position and size. This lets us study each factor in a controlled way. (iii) Scene
scale. We include both desktop-scale and room-scale scenes. This changes the spatial extent and
the distribution of objects, and adds diversity. (iv) Representation variation. For each layout, we
build multiple coordinate-based representations with different dimensions (1D, 2D, and 3D). These
representations describe the same layout in different forms, from simple to more complete ones. This
helps us study how models handle spatial information under different representations.

Task Definition. Let M denote a number-based cognitive map, o the layout observation, and p the
numerical coordinates of a target object under a given reference frame.

NUM2SPACE. The model is given a cognitive map M and is required to select the observation o
that is consistent with the specified layout. Distractor candidates are constructed by varying object
positions or sizes while preserving the same reference frame.

SPACE2NUM. The model is given an observation o and is required to infer the numerical coordinates
p of a target object under the reference coordinate system. This task requires grounding visual spatial
structure into numerical representations.

2.3 Statistics

Static Layout

Dynamic 
Transition
Num2Space: 400/8820

Space2Num: 400/8820

Move F/B: 100/1920

Move L/R: 100/2300

Rotate U/D: 100/2300

Rotate L/R: 100/2300

Num2Space: 1500/29886

Space2Num: 1500/29886

1D-Map (D): 100/1962

1D-Map (R): 400/8000

2D-Map (D): 100/1962

2D-Map (R): 400/8000

3D-Map (D): 100/19623D-Map (R): 400/8000

SPACENUM

Benchmark Total QA: 3800

Figure 2: Dataset statistics.

Figure 2 summarizes the benchmark composi-
tion that contains 3,800 samples. We further use
the same fully automatic pipeline to generate
an additional 77,412 training samples for later
training-based explorations. The detailed break-
down of this larger training set is also shown in
gray in Figure 2.
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DYNAMIC TRANSITION STATIC LAYOUT
NUM2SPACE SPACE2NUM NUM2SPACE SPACE2NUM

Move Rotate Move Rotate 1D-Map 2D-Map 3D-Map 1D-Map 2D-Map 3D-Map
Methods Rank Avg. F/B L/R U/D L/R F/B L/R U/D L/R D R D R D R D R D R D R

Random Guess 30.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 50.0 50.0 25.0 25.0 25.0 25.0 50.0 50.0 25.0 25.0 25.0 25.0
Qwen2.5-VL-72B 1 39.8 34.0 38.0 34.0 37.0 40.0 37.0 44.0 41.0 69.0 64.5 28.0 24.2 36.0 26.8 60.0 51.2 33.0 33.8 31.0 32.8
InternVL3.5-38B 2 39.5 38.0 27.0 30.0 29.0 42.0 38.0 47.0 42.0 69.0 52.8 31.0 24.2 35.0 23.2 53.0 54.5 43.0 32.5 40.0 38.2

Qwen2.5-VL-32B 3 38.5 32.0 30.0 36.0 22.0 37.0 33.0 41.0 38.0 71.0 67.0 25.0 23.2 37.0 25.2 63.0 55.8 38.0 28.5 34.0 33.2
InternVL3.5-14B 4 38.2 36.0 32.0 37.0 27.0 40.0 35.0 53.0 48.0 71.0 66.8 20.0 24.0 27.0 25.5 53.0 54.8 30.0 27.5 34.0 23.0
Qwen3-VL-32B 5 35.9 26.0 30.0 36.0 25.0 36.0 49.0 44.0 32.0 68.0 50.2 30.0 20.8 32.0 22.8 58.0 57.2 28.0 23.0 29.0 20.8
InternVL3.5-8B 6 34.8 30.0 28.0 35.0 29.0 45.0 30.0 38.0 28.0 64.0 64.8 21.0 22.5 31.0 22.0 53.0 52.8 36.0 19.2 25.0 20.8

Ovis2.5-9B 7 34.7 22.0 32.0 31.0 23.0 36.0 44.0 41.0 27.0 70.0 66.2 17.0 25.0 21.0 24.8 53.0 58.5 24.0 28.7 26.0 24.5
InternVL3.5-4B 8 34.5 26.0 29.0 25.0 21.0 35.0 29.0 34.0 36.0 70.0 61.0 30.0 23.2 30.0 22.8 56.0 58.2 30.0 18.8 38.0 18.0
Qwen3-VL-8B 9 33.4 26.0 33.0 30.0 25.0 35.0 33.0 43.0 30.0 37.0 43.8 26.0 30.0 24.0 26.0 57.0 49.5 39.0 22.0 35.0 22.8

Ovis2.5-2B 10 33.2 26.0 22.0 29.0 31.0 27.0 27.0 23.0 24.0 71.0 67.0 28.0 22.0 27.0 24.5 51.0 49.5 28.0 26.2 33.0 27.8
Cosmos-Reason2-8B 11 33.1 24.0 37.0 29.0 25.0 31.0 26.0 27.0 33.0 57.0 53.5 20.0 28.0 20.0 27.0 58.0 50.7 34.0 23.8 30.0 27.3

Qwen2.5-VL-7B 12 33.0 37.0 22.0 30.0 32.0 29.0 29.0 27.0 30.0 71.0 67.0 21.0 26.0 25.0 27.5 46.0 47.5 29.0 23.5 20.0 20.5
Qwen3-VL-4B 13 32.1 22.0 29.0 26.0 26.0 31.0 35.0 29.0 32.0 41.0 55.2 28.0 23.5 23.0 24.5 57.0 56.0 33.0 20.2 31.0 19.5

Qwen2.5-VL-3B 14 31.9 24.0 20.0 23.0 29.0 26.0 16.0 25.0 20.0 71.0 67.0 19.0 24.8 30.0 28.0 55.0 41.5 34.0 25.5 41.0 17.8
Cosmos-Reason2-2B 15 31.6 28.0 22.0 23.0 25.0 23.0 26.0 24.0 26.0 71.0 67.0 13.0 27.0 13.0 23.5 48.0 55.2 25.0 27.0 39.0 27.3

Gemma-3-27B 16 31.2 27.0 25.0 34.0 16.0 24.0 29.0 25.0 27.0 50.0 43.2 25.0 23.8 22.0 22.8 54.0 49.0 32.0 24.5 41.0 29.0
Gemma-3-12B 17 30.6 21.0 26.0 35.0 21.0 28.0 29.0 27.0 21.0 67.0 55.8 27.0 22.5 24.0 22.0 48.0 42.2 25.0 19.5 25.0 25.8

Gemma-3-4B 18 28.5 38.0 19.0 25.0 21.0 20.0 25.0 24.0 26.0 35.0 34.0 24.0 23.2 22.0 21.2 56.0 45.8 28.0 27.8 30.0 24.5

Table 2: Results on SPACENUM benchmark. Accuracy (%) is reported under two major categories:
Dynamic Transition and Static Layout. Each category contains both NUM2SPACE and SPACE2NUM.
Avg. denotes the macro-average. Bold and underline denote best and second best, and gray values
indicate performances that even below random guess.

3 Experiments

Experimental Setup. We evaluate 18 VLMs from 6 model families on SPACENUM, ranging from
2B to 72B [1, 25, 26, 17, 20, 8]. All models are evaluated with the same prompt format, where they
are instructed to directly output the option letter without explanations or intermediate reasoning. We
run inference in bfloat16 precision with Flash Attention 2 for efficient evaluation, with temperature to
0.7, top-p to 0.9, top-k to 50. All experiments are run on 4 NVIDIA H100 (80GB) GPUs.

3.1 Overall Results

Do VLMs possess spatial numerical understanding? As shown in Table 2, current VLMs struggle
to genuinely understand numerical values in spatial settings. Their performance remains close to
random guess (30.0%), with the best model reaching only 39.8% on average, and several models even
falling below the random baseline. These results suggest that current models only capture shallow
spatial-number correlations instead of truly grounding numerical values in spatial meaning.

What patterns emerge across different spatial scenarios? Dynamic transitions and static layouts
exhibit fundamentally different difficulty structures. In dynamic transitions, performance remains
consistently low across all action types, with strong models achieving only around 40.0%, just 10
points above the random baseline (30.0%). Models show little preference or specialization across
actions, suggesting a broad failure to model transition dynamics. In contrast, static layouts exhibit
much clearer structural patterns: models perform relatively well in simpler settings such as 1D layouts
and desk-scale scenes, but degrade substantially in higher-dimensional and room-scale settings, often
only marginally above the 25.0% random baseline. This suggests that layout reasoning difficulty
grows systematically with spatial complexity and scene scale.

How does spatial numerical mapping differ across scenarios? The preferred mapping direction
differs substantially across scenarios. In dynamic transitions, models consistently perform better
in SPACE2NUM than in NUM2SPACE, suggesting that dynamic transitions are more vision-
dependent: models benefit from observing spatial changes directly, but struggle to predict future
visual outcomes from numerical actions alone. In contrast, static layouts show the opposite trend,
where NUM2SPACE consistently outperforms SPACE2NUM. This suggests that static layouts rely
more on language-side spatial priors, where models can project numerical structures into space
more easily than recovering structured numerical representations from visual scenes.

3.2 Structured Analysis of Output Patterns

Are larger models making better mistakes? Beyond standard multiple-choice accuracy,
SPACENUM enables a more structured analysis of model behavior by leveraging the semantic
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(a) Error proximity in dynamic transitions. (b) Error decomposition in static layouts.

Figure 3: Structured analysis of model errors across spatial scenarios. Left: larger models tend to
make numerically closer mistakes in dynamic transitions. Right: static layout failures are dominated
by coupled position-and-size errors rather than isolated attribute errors.

relations among answer choices in different spatial scenarios. For dynamic transitions, we analyze
not only exact-match accuracy but also the semantic proximity between the selected answer and the
ground truth. Specifically, we assign scores of {100, 70, 40, 0} to exact, near, moderate, and far
errors according to the numerical distance between the predicted and correct transition magnitudes.
Figure 3a shows a clear trend: as model size increases, predictions become progressively closer to
the correct answer even when exact-match accuracy changes only slightly. Larger models make
less severe transition errors, suggesting that scaling improves coarse spatial sensitivity even when
precise numerical grounding remains difficult.

Do spatial errors decompose across attributes? For static layouts, we categorize errors according
to whether the predicted layout contains incorrect position, incorrect size, or both. Surprisingly,
models consistently favor joint position-and-size errors over single-factor errors across model families,
as shown in Figure 3b. Static layout failures are strongly coupled across spatial attributes: once
models fail to establish a coherent layout, errors tend to propagate jointly across position and scale
rather than remain isolated. This suggests that current VLMs rely more on coarse holistic matching
than disentangled spatial reasoning.

3.3 Does Reasoning Help Spatial Numerical Understanding?

To answer this question, we compare reasoning-enabled (think) and standard (non-think) inference
across InternVL3.5-4B/8B/14B and Qwen3-VL-4B/8B/32B. Surprisingly, enabling reasoning pro-
duces only marginal changes on SPACENUM, with performance differences typically remaining
within 1%. This suggests that simply generating longer reasoning traces does not substantially
improve spatial numerical understanding. We therefore further analyze model traces and identify
several recurring failure patterns that explain why reasoning often fails.

Models stop at coarse spatial cues instead of performing fine-grained comparison. A common
failure is that models identify a plausible spatial cue and terminate reasoning too early. For example,
in dynamic transition tasks, a model may observe that “a new wooden sculpture becomes visible on
the left” and immediately select the corresponding candidate. However, the correct solution requires
one more step: comparing how far objects shift across candidates to determine the correct transition
magnitude. Similarly, in static layout tasks, models often correctly identify cues such as “the sofa is
left of the tree,” but fail to compare object size across candidates. In both settings, the model performs
coarse cue matching but misses the finer comparison needed to disambiguate similar options.

Models fail to reason counterfactually about motion magnitude. Successful SPACE2NUM
reasoning often depends on counterfactual magnitude comparison. Correct traces do not only check
what changed, but also whether the observed change is large enough to support a candidate magnitude.
For example, when estimating a small rotation, correct models explicitly reason that “most objects

5



(a) Blind testing. (b) Per-action mapping asymmetry.

(c) Rotational symmetry analysis.

Figure 4: Additional analyses under dynamic transitions. Top left: blind testing by masking visual
inputs. Top right: per-action comparison between NUM2SPACE and SPACE2NUM. Bottom: rotational
symmetry analysis under equivalent transformations.

remain aligned across the two views,” and therefore “a 70◦ rotation would produce much larger layout
changes.” In contrast, incorrect traces often map any noticeable visual change directly to a large
number, e.g., “the perspective changes noticeably, suggesting a large right rotation.” These traces
focus only on changed evidence while ignoring stable evidence.

Models reason in image space instead of the defined coordinate system. Another recurring
failure is that models rely on generic image-space priors rather than constructing the coordinate
system defined by the anchor objects. For instance, some traces directly map “left in the image” to a
smaller x value, reasoning that “the piano is positioned on the left side of the image, so it should have
a smaller x-coordinate.” However, the correct solution requires first establishing the coordinate frame
using the provided anchors and then reasoning relative to that frame. Similarly, models may correctly
describe an object as “behind” another object but still assign the wrong depth direction because they
fail to align the scene with the task-defined coordinate system.

3.4 Modality Asymmetry in Spatial Numerical Understanding

How much do models rely on visual information? To examine whether models truly depend
on visual grounding, we conduct a blind testing study by replacing images with fully black inputs
while keeping the task format unchanged. As shown in Figure 4a, masking visual inputs causes a
substantial performance drop for number as dynamic transition, while the effect is much smaller for
number as static layout. Dynamic transitions are significantly more vision-dependent, whereas
static layouts can often be partially solved through language-side priors or shortcut patterns without
fully grounding the visual scene.
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Model
Add Anchor
(Transition)

Reduce Objects
(Layout)

InternVL3.5-4B -0.3% -1.6%
InternVL3.5-8B -1.3% -0.0%
InternVL3.5-14B -2.3% -0.6%
InternVL3.5-38B +0.9% +0.1%

Qwen3-VL-4B +0.5% -1.1%
Qwen3-VL-8B -2.5% -0.1%
Qwen3-VL-32B -1.0% -0.3%

Figure 5: Visual-side interventions. Left: adding anchors for dynamic transitions and reducing objects
for static layouts. Right: both interventions lead to only minor and inconsistent performance changes.

Model
NL ∆

(Trans.)
Int. ∆

(Trans.)
Int. ∆

(Layout)

InternVL3.5-4B -0.3% +0.7% -0.9%
InternVL3.5-8B -1.0% +0.8% +1.6%
InternVL3.5-14B -1.3% -0.6% -1.3%
InternVL3.5-38B -1.8% +4.5% -1.8%

Qwen3-VL-4B -1.2% -1.7% +0.2%
Qwen3-VL-8B +2.0% -2.0% +0.5%
Qwen3-VL-32B -1.2% +3.3% +1.3%

(a) Numerical representation changes. (b) Visual abstraction for layouts.

Figure 6: Representation-side interventions. Left: changing numerical representations in dynamic
transitions and layouts. Right: simplifying layouts into structured visual abstractions.

Is spatial numerical mapping balanced across actions? We further compare NUM2SPACE and
SPACE2NUM at the level of individual actions. Figure 4b shows that, for almost every action type,
Space2Num consistently outperforms Num2Space. The asymmetry between the two mapping
directions persists even under the same underlying action dynamics, suggesting that models
are systematically better at grounding numbers from observed visual changes than predicting future
visual outcomes from numerical actions.

Do models learn geometrically consistent spatial mappings? Finally, we probe Space2Num
under rotational symmetry transformations. Ideally, equivalent actions such as rotating left by 20◦

and rotating right by 340◦ should lead to consistent numerical predictions. However, Figure 4c shows
substantial performance drops under these symmetric transformations. The mapping from vision to
numbers lacks geometric consistency and invariance, suggesting that models fail to build stable
numerical representations from visual spatial changes.

3.5 Disentangling Factors in Spatial Numerical Understanding

Can simple visual interventions improve spatial grounding? We first modify visual inputs in
both scenarios. For dynamic transitions, we add explicit visual anchors to help models measure spatial
changes. For static layouts, we reduce irrelevant objects to simplify visual grounding. However,
Figure 5 shows that both interventions lead to only minor and inconsistent improvements. The core
limitation is not caused by missing visual references or cluttered scenes.

Does the numerical representation itself matter? We then vary how numerical values are ex-
pressed. Converting numbers into natural language yields negligible gains, while integer-scaled
representations (e.g., meters to centimeters) provide only limited improvements for larger models in
transition tasks. As shown in Figure 6(a), performance in layout reasoning remains largely unchanged.
The bottleneck does not primarily lie in the surface form of numerical representations.
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(a) Cross-dimension tuning transfer. (b) Training data mixture and scaling.

Figure 7: Tuning analysis for spatial numerical understanding. Left: transfer patterns across different
spatial dimensions. Right: effects of data mixture ratios and training scale.

Do models struggle to abstract spatial structure from images? Since neither visual simplifica-
tion nor numerical reformulation resolves the issue, we further investigate whether models fail to
extract structured spatial representations from raw images. We therefore replace layout images with
progressively more structured abstractions, including points, 2D boxes, and 3D boxes. Figure 6(b)
shows that this substantially improves SPACE2NUM, while providing less effects for NUM2SPACE.
The main bottleneck lies in vision-to-structure abstraction: current VLMs struggle to transform
raw visual observations into structured spatial representations suitable for numerical reasoning.

3.6 Tuning Spatial Numerical Understanding

Can spatial reasoning transfer across dimensions? We fine-tune Qwen3-VL-4B and Qwen3-VL-
8B with LoRA using a learning rate of 1 × 10−4, cosine decay with a 0.1 warmup ratio, bfloat16
precision, a maximum sequence length of 2048, LoRA rank 8 and alpha 16, and an effective batch
size of 128 for 3 epochs. Figure 7(a) shows a clear diagonal pattern: tuning on a particular dimension
yields the largest improvement on the same dimension, suggesting that different dimensions encode
distinct spatial structures. At the same time, tuning on 1D data also improves performance on 2D
and 3D settings, especially for larger models and more clearly in NUM2SPACE. Lower-dimensional
spatial reasoning can partially transfer to higher-dimensional settings, although the transfer
remains limited.

What data recipe leads to the best spatial reasoning ability? We next vary the ratio between
transition and layout data. As shown in Figure 7(b), the best overall performance consistently
emerges when transition data accounts for roughly 25% and layout data accounts for roughly 75%.
Increasing the total amount of training data further improves performance under the same ratio. Both
data composition and training scale substantially affect spatial numerical understanding, with
layout-heavy mixtures producing the strongest overall capability.

Metric Strict Graded

Transition +6.38 +6.88
Layout +6.64 +7.60

Num2Space +8.10 +9.37
Space2Num +5.05 +5.52

Table 3: Performance improvement under
two different reward designs.

Does RL help, and does reward design matter? We
further study RL tuning on the 4B model using GRPO
with LoRA rank 64 and alpha 64, a learning rate of
1×10−5, rollout batch size 128, actor batch size 64, and
5 rollouts per prompt. We compare a strict exact-match
reward and a graded reward based on error magnitude.
As shown in Table 3, RL brings only limited gains
overall, while graded rewards perform slightly better
than strict rewards.

Metric 4B ∆ 8B ∆

OS-Motion +5.5 +4.5
SAT-AC +8.1 +18.9
SAT-OM +34.8 +43.5

Table 4: Transfered performance.

Does the learned ability generalize beyond SPACENUM?
Finally, we evaluate tuned models on external spatial rea-
soning benchmarks. Table 4 shows consistent improvements
across all tasks. Gains on OmniSpatial Motion [11] indicate
better understanding of camera movement, while improve-
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ments on SAT Action Consequence and Object Movement [24] demonstrate stronger reasoning about
action outcomes and object dynamics. The improvements are particularly large for the 8B model.
The learned capability transfers beyond our benchmark, suggesting that tuning improves general
spatial reasoning ability rather than merely overfitting in our settings.

4 Related Works

Spatial reasoning in dynamic and embodied environments. Recent works study whether VLMs
can reason about spatial changes caused by actions, motion, and embodied interactions. SAT evaluates
dynamic spatial aptitude through action consequence prediction, object movement, perspective taking,
and spatial aiming tasks [24]. OmniSpatial provides a comprehensive benchmark for spatial reasoning
over camera motion, object motion, perspective transformation, and interaction-centered scenar-
ios [11]. VSI-Bench evaluates whether MLLMs can see, remember, and recall spatial environments
from sequential visual observations [30]. MVoT improves spatial reasoning by encouraging models
to imagine intermediate visual states during reasoning [14]. SpaceTools studies tool-augmented
spatial reasoning through interactive reinforcement learning with external spatial tools [4]. These
works show that current VLMs struggle with dynamic spatial reasoning and spatial transformations.
However, they mainly focus on whether models understand spatial changes themselves, rather than
whether the numerical values parameterizing these transitions are truly grounded in spatial meaning.

Spatial understanding and structured spatial reasoning. Another line of work studies whether
VLMs can infer spatial relations, metric structure, and 3D layouts from visual observations. Early
benchmarks evaluate relations such as left/right, above/below, and object-centric configurations,
showing that VLMs often struggle with spatial prepositions despite strong object recognition abil-
ity [16, 12, 23, 9]. More recent works extend this evaluation to metric reasoning, geometric reasoning,
open-space understanding, and domain-specific 3D reasoning [7, 33, 28, 29]. Beyond evaluation,
several works inject explicit spatial structures into VLMs through spatial annotations, region-level
grounding, coordinates, distances, layouts, and 3D priors [3, 5, 18, 15, 7, 10]. More recently,
SpatialReasoner studies explicit and generalizable 3D spatial reasoning through structured spatial
representations [19]. Together, these works improve structured spatial understanding and reasoning
ability in VLMs, but they mainly treat numbers as auxiliary labels or outputs, rather than directly
studying whether numerical values themselves are grounded as meaningful spatial quantities.

In contrast to prior work, SPACENUM directly studies spatial numerical understanding: whether
VLMs can ground numerical values as meaningful spatial quantities across both dynamic transitions
and static layouts. Beyond benchmark evaluation, we further analyze the asymmetry, failure patterns,
reasoning behaviors, and tuning characteristics of spatial numerical grounding in current VLMs.

5 Conclusion

In this work, we study whether current Vision Language Models (VLMs) truly understand numerical
values in spatial settings through SPACENUM, a unified benchmark covering both dynamic transitions
and static layouts. Our experiments show that current VLMs largely fail to ground numbers in spatial
meaning, often relying on shallow spatial cues instead of stable spatial reasoning. Through systematic
analyses, we further show that these failures arise from weak spatial abstraction, asymmetric vision-
number mappings, and the inability to build structured coordinate-aware representations. Although
tuning partially improves performance and transfers to related benchmarks, substantial gaps still
remain. We hope SPACENUM can serve as a useful benchmark and diagnostic framework for future
research on spatial numerical understanding in VLMs.

Limitations and future work. Our study mainly focuses on controlled spatial settings with discrete
candidate-based evaluation and simulated environments. Extending spatial numerical understanding
to more open-ended real-world scenes, embodied interactions, and continuous spatial prediction
settings remains an important direction for future work. We also mainly analyze failures from the
vision and language sides, while how VLMs internally perform spatial reasoning remains largely
unexplored. Although we conduct preliminary attention-based analyses, severe attention collapse in
current VLMs makes it difficult to obtain clear conclusions. Understanding the internal mechanisms
behind spatial numerical reasoning therefore remains an important future direction.
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