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A. Proof of Standard Domain-Adaptation
Bound

This section provides the complete proof for the standard
domain-adaptation bound introduced in Sec. 3.1. We follow
the same notation as in the main text.

Let h* € H be the (ideal) hypothesis defined by

h* = arg hm€17r_tl (es(h) +er(h)), (7

and denote €geq = €s(h*) + er(h*). By the definition of
dy A, We have

les(h,h*) — ex(h,h*)

< iduan(Ds,Dr).  (8)
Then, by the triangle inequality and Eq. (8), we have:

er(h) < er(h*) + er(h,h¥)
er(h*) + es(h, h*) + (er(h,h*) — es(h, h*))
er(h*) +es(h,h*) + |€T(h h*) —es(h, h*)|
(h") +
(

\/\ I/\

er(h*) + [es(h )+€S( )] + 2dyan(Ds, Dr)
es(h) + €igeal + 5 duan(Ds, Dr),

©
The above proof refers to [6] and [19].

In the setting considered in this paper we examine gen-
eralisation from (i) formal geometry to broad spatial intel-
ligence and (ii) spatial sub-skills to broader spatial intelli-
gence. Given continued scaling of model capacity and data,
along with advances in training methodologies, it is reason-
able to anticipate the emergence of a sufficiently strong hy-
pothesis h* for which the source-target joint errors in both
regimes satisfy:

es(h*) ~ er(h*) ~ 0, (10)

i.e., the error magnitudes on geometry tasks and spatial-
intelligence tasks (and likewise on spatial sub-tasks and
full spatial intelligence) become simultaneously negligible.
When this asymptotic condition holds for both sides of our
comparisons, the corresponding ideal terms €jqe, in each
bound are effectively 0, making their omission justified.
Consequently, Eq. (9) simplifies to:

er(h) < es(h) + 2duan(Ds, Dr), (11)

Therefore, if dyy a3 (Ds, Dr) is sufficiently small, the pop-
ulation gap e (h) —eg(h) also becomes small, which allows
the source distribution to serve as a reliable surrogate for the
target distribution [1, 16, 17].

B. Evidence from Educational Psychology

Complementing the domain-adaptation view in the previous
subsection, we now present evidence from educational psy-
chology that echoes the cognitive-science perspective on the
generality of geometric knowledge in perception and rea-
soning [10, 14].

There is extensive evidence in educational psychology
that geometry problem solving is closely related to spatial
intelligence, can serve as an informative indicator of spa-
tial ability, and can be used to improve it through targeted
practice.

First, numerous correlational studies document a sub-
stantive link between geometric and spatial reasoning.
Kyaw and Viddkovich report a moderate positive corre-
lation between teachers’ geometric and spatial reasoning
(r = 0.47), with 3D matching and measurement tasks
predicting spatial scores [13]. In STEM and graphical
education, higher spatial ability is associated with bet-
ter problem-solving performance and more effective strate-
gies [7]. Newcombe and Frick emphasize that spatial rep-
resentations and transformations are central cognitive re-
sources that support reasoning in domains that are not obvi-



ously spatial—for example, through the use of graphs and
diagrams [21].

Second, several studies show that performance on geom-
etry tasks is a sensitive proxy for spatial ability. Analyses
of middle-school students reveal that geometry skills and
error patterns systematically vary with spatial-intelligence
levels [22, 23]. Differences in dominance between logical-
mathematical and visual-spatial intelligence yield distinct
pathways for geometric reasoning, further tying geometry
problem solving to spatial constructs [3]. These results sup-
port the use of geometry assessments as indicators of stu-
dents’ spatial proficiency.

Third, intervention studies demonstrate that provid-
ing structured geometric activities can improve spatial in-
telligence. Programmatic practice with polyhedra and
computer-generated spatial problems yields measurable
gains [2]. Geometrical-mechanical intelligence games, im-
plemented in quasi-experiments with pre/post testing, sig-
nificantly enhance spatial visualisation and spatial relations
skills [26]. Overall, the balance of evidence indicates that
well-designed geometric practice is an effective means to
cultivate spatial abilities.

Moreover, neuroscience research reveals that early ex-
posure to Euclidean geometric structures fundamentally
shapes spatial representations. Studies examining hip-
pocampal activity in rodents reared in spherical versus
cuboid environments demonstrate that experience with
canonical Euclidean features (edges, corners, planes) en-
riches the repertoire of preconfigured neuronal patterns and
enhances the brain’s ability to discriminate between distinct
spatial layouts [9]. While these findings originate from an-
imal models, they provide convergent biological evidence
that geometric experience during development can refine
spatial coding mechanisms—a principle that may extend to
learning systems more broadly.

Taken together, these findings motivate our surrogate-
task choice. Our results suggest that the same rela-
tionship generalises beyond human learners to large mul-
timodal models: training on formal geometry induces
domain-invariant structure that transfers to diverse spatial-
intelligence benchmarks. This observation is consistent
with the domain-adaptation analysis in the previous subsec-
tion and provides an educational-psychology rationale for
our geometry-first curriculum.

C. Detailed Experimental Setup

This section summarises the key hyperparameters, evalua-
tion settings, prompt templates, and datasets settings used
throughout the paper.

C.1. Training setup

In this paper, we follow the default settings of VeRL [25]
and EasyR1 [35] to train the Qwen2.5-VL series, Qwen3-

VL series, and the RoboBrain2.0 series. Specifically, we
train for 10 epochs in 64 NVIDIA H100 GPUs using Adam
optimizer with a learning rate of 1 x 107° and a weight
decay of 1 x 1072, In GRPO, we perform 8 rollouts per
question and set the default sampling temperature to 1. The
KL divergence coefficient 3 in Eq. 5 is setto 1 x 1072,

Unless stated otherwise, we fix the random seed at 1
to guarantee determinism. We adopt a context window of
1024 tokens for both the prompt and the response, and use
a rollout batch of 512 samples. The actor network updates
with a global batch size of 128 and a maximum gradient
norm of 1.0. Images are resized so that the total pixel count
lies between 512 x 512 and 2048 x 2048. All remain-
ing hyper-parameters, including PPO clip ratio, learning-
rate schedule, and parallelism settings, follow the default
EasyR1 recipe and can be found in the supplied supplemen-
tary material.

C.2. Test setup

Inference is conducted with the Imms-eval toolkit [33] to
ensure consistent decoding across models. In the test, to
ensure the reproducibility of the results, we follow VSI-
Bench [29] and MindCube [32] to set the temperature to O.
Finally, to ensure that the model performs sufficient spatial
inference, we set the maximum generation length of model
responses at 1024 tokens. For reproducibility, detailed test-
ing scripts are provided in the supplementary materials.

C.3. Prompt templates

Euclid-tuned models. During both training and evalua-
tion, we use the following template:

Euclid-tuned Models Prompt Template

You FIRST think about the reasoning process as an
internal monologue and then provide the final an-
swer. The reasoning process MUST BE enclosed
within <think> </think> tags. The final answer
MUST BE put in \boxed{}.

J

Baseline variants. RoboBrain2.0 expects the answer in-
side < answer> < /answer> tags; we therefore replace the
last line with, like:

Vanilla RoboBrain2.0 Prompt Template

You FIRST think about the reasoning process as an
internal monologue and then provide the final an-
swer. The reasoning process MUST BE enclosed
within <think> </think> tags. The final answer
MUST BE put in <answer> </answer>.




Because Qwen2.5VL-Instruct and Qwen3VL-Instruct
was tuned with supervised instruction data that often begins
with phrases like “think step by step,” keeping the same cue
in your evaluation prompt aligns the test-time input with the
style encountered during training. This consistency helps
the model interpret the prompt as intended and reduces the
risk of unexpected formatting effects.

Vanilla QwenVL-Instruct Prompt Template

You FIRST think step by step and then provide the
final answer. The final answer MUST BE put in
\boxed{}.

During evaluation, to mitigate prompt-template bias, we
run each model with both its native instruction-style prompt
and the unified Euclid reasoning template, and report the
better-performing variant. When processing VSI-Bench
tasks, we make minor adjustments to the above templates to
follow the benchmark’s original settings as closely as possi-
ble and ensure consistent results—for example, we prepend
“These are frames of a video.” to every prompt.

C.4. Dataset Setup

In this subsection, we provide an introduction and configu-
ration details for the dataset used in the main page.

Setup in VSI-Bench. VSI-Bench [29] contains more
than 5,130 egocentric videos question-answer pairs sourced
from ARKitScenes[5], ScanNet [8], and ScanNet++ [31].
The task types are divided into numerical question tasks
(e.g., object counting, absolute distance estimation, ob-
ject size estimation, and room size estimation) and mul-
tiple choice tasks (e.g., relative distance estimation, rel-
ative direction reasoning, route planning, and spatiotem-
poral appearance-order). For the evaluation metrics, we
align with the VSIBench setting. In addition, for the
Qwen2.5VL-series and RoboBrain2.0-series, we use 32
frames uniformly sampled from the scene video as input
frames in the inference process.

Setup in Super-CLEVR and Omni3D-Bench.
Super-CLEVR [15] contains a 5,000-image test split
that probes how well a model handles changes in vi-
sual complexity, concept distribution, and composition,
making it a strong measure of two-dimensional spatial
reasoning. Omni3D-Bench [20] adds 500 questions to the
Omni3D dataset, each requiring a model to locate objects
in three-dimensional space and estimate their relative
distances and sizes. Together, these benchmarks test both
planar and volumetric aspects of spatial understanding,
providing complementary evidence of a model’s geometric
competence. For the evaluation metrics, we follow the
settings of VSIBench [29]. Specifically, we calculate mean
relative accuracy (MRA) across confidence thresholds

C = {0.5,0.55...,0.95} for the numerical question tasks
and report exact-match accuracy for multiple-choice tasks.

Setup in MindCube. MindCube [32] is a recent bench-
mark crafted to scrutinize the spatial-reasoning capabilities
of VLMs under partial observability and dynamic view-
points, challenging the VLM to maintain object consistency
across viewpoints and to reason about occluded or invisible
elements. MindCube defines three canonical camera trajec-
tories: Rotation (camera stays in place but rotates to look
around; 1,081 samples), Around (camera moves around ob-
jects in a circular path; 1,869 samples), and Among (cam-
era moves among objects in a circular path; 18,204 sam-
ples). Since all questions follow a multiple-choice format,
we evaluate models by exact-match accuracy between the
predicted option and the ground-truth answer.

D. More Experiment and Visualization

D.1. More experiment about main results

To present the quantitative gains more intuitively, Fig. 4
plots the base models and their Euclid30K-tuned counter-
parts side by side. The light bars show consistent ac-
curacy improvements on Super-CLEVR [15], Omni3D-
Bench [20], VSI-Bench [29], and MindCube [32], confirm-
ing that a compact geometry curriculum injects transfer-
able spatial priors across both Qwen2.5VL, Qwen3VL and
RoboBrain2.0 families. Additionally, we include results for
Qwen2.5VL-7B and Qwen2.5VL-32B in the Fig. 4, which
exhibit consistent improvements across all four benchmarks
following the same geometric surrogate-task training, reaf-
firming that geometry serves as an effective surrogate task
for spatial intelligence and further validating the robustness
and generality of this approach.

Beyond the aggregate accuracy gains, Figures5—12 qual-
itatively illustrate how geometry tuning alters intermediate
reasoning. After Euclid30K training the model produces
more coherent multi view descriptions (Fig.7), applies ge-
ometric similarity relations correctly (Fig.10), uses quad-
rant and cardinal directional cues with fewer ambiguities
(Fig.8, Fig.11), and leverages perspective driven size cues
(near—far size scaling) more systematically (Fig.12). It also
shows clearer distance estimation chains (Fig.5, Fig.9), im-
proved object size estimation (Fig.6, Fig.12), more reliable
counting with cross view consistency (Fig. 7), and fewer
heuristic shortcuts (e.g., premature guesses without spatial
justification). These qualitative traces are consistent with
the quantitative improvements: they suggest the model has
internalized foundational Euclidean principles (similarity,
proportionality, relative position, viewpoint coherence) and
can deploy them across distinct downstream spatial tasks.
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Figure 4. Performance improvement on SuperClevr [15], Omni3DBench [20], VSIBench [29], and MindCube [32] after the model has

been trained on Eculid30K.

D.2. More experiment about ablation study

Tab. 6 presents a detailed analyses of the ablation study re-
sults on VSI-Bench [29], complementing the summary in
Sec. 4.4. To isolate the contribution of Euclid30K from po-
tential confounds such as additional training data or GRPO-
induced generalization, we trained each model variant on a
30K-sample subset of the spatial-intelligence dataset Clevr-
CoGenT [12] using identical hyperparameters, rollout bud-
gets, and training epochs.

Overall Performance. Across all model families, Eu-
clid30K training consistently yields higher overall accuracy
than Clevr-CoGenT training. For instance, Qwen2.5VL-
3B improves from 29.2% (base) to 32.0% with Euclid30K
versus 31.3% with Clevr-CoGenT; Qwen3VL-30B-A3B
rises from 40.0% to 45.8% with Euclid30K versus 44.2%
with Clevr-CoGenT; and RoboBrain2.0-32B jumps from
43.1% to 49.6% with Euclid30K versus 46.7% with Clevr-
CoGenT. These results indicate that Euclid30K provides a
more transferable spatial foundation than an equal volume
of non-geometric spatial data.

Task-Specific Patterns. Clevr-CoGenT training yields tar-
geted improvements on tasks closely aligned with its origi-
nal design, such as object counting and relative direction.
For example, Qwen2.5VL-3B trained on Clevr-CoGenT
achieves 40.5% on object counting, slightly outperform-

ing Euclid30K training (38.3%), and similar patterns ap-
pear for relative direction in several variants. Conversely,
Euclid30K training produces broader gains across multiple
categories, particularly on size-estimation tasks (like object
size and absolute distance estimation), where geometric rea-
soning principles directly apply. Qwen2.5VL-32B trained
on Euclid30K reaches 55.8% on object size versus 44.3%
with Clevr-CoGenT, and 46.0% on room size versus 40.8%.

This ablation study reveals a fundamental trade-off:
task-specific spatial datasets enhance performance on re-
lated categories, whereas structured geometric datasets pro-
vide a more general-purpose spatial reasoning foundation
that transfers more uniformly across diverse task types. Eu-
clid30K’s strength lies in instilling first-principles geomet-
ric knowledge—distance, proportion, similarity, and spatial
relations—that applies broadly, even to tasks not explic-
itly represented in the training corpus. The pattern holds
across Qwen2.5VL, Qwen3VL, and RoboBrain2.0 families,
and across parameter scales ranging from 3B to 72B, from
dense to MoE. This consistency suggests that the advantage
conferred by geometric surrogate tasks is not an artifact of
a particular architecture or capacity regime, but reflects a
more general principle: formal Euclidean reasoning offers
a robust substrate for spatial intelligence.

In summary, Tab. 6 substantiates the claim that geometry
serves as an effective surrogate task for spatial intelligence,



\ Numerical Question \ Multiple-Choice Question \ Overall

| Obj. Cnt. Abs. Dist. Obj. Size Room Size | Rel. Dist. Rel. Dir. Route Plan Appr. Order |
QOwen2.5VL-series ‘ ‘ ‘

Methods

Qwen2.5VL-3B 35.6 23.4 34.9 16.6 34.4 40.7 26.3 21.8 29.2
Qwen2.5VL-Space-3B 40.5 24.5 30.1 29.8 33.9 43.0 29.9 18.8 31.3
Qwen2.5VL-Euclid-3B 38.3 26.8 354 222 37.0 43.2 36.6 16.3 32.0
Qwen2.5VL-7B 39.5 17.8 16.9 5.8 33.8 36.7 24.7 22.8 24.8
Qwen2.5VL-Space-7B 42.4 17.8 24.5 9.2 36.7 38.5 29.4 23.8 27.8
Qwen2.5VL-Euclid-7B 38.8 22.8 37.3 23.2 38.3 38.5 25.8 26.5 314
Qwen2.5VL-32B 22.4 27.0 37.9 38.0 39.4 40.1 33.5 41.3 34.9
Qwen2.5VL-Space-32B 45.6 25.9 443 40.8 42.0 39.3 28.4 353 37.7
Qwen2.5VL-Euclid-32B 38.7 30.9 55.8 46.0 43.7 37.1 34.0 33.2 39.9
Qwen2.5VL-72B 13.6 19.6 40.9 41.1 37.7 353 34.0 36.2 32.3
Qwen2.5VL-Space-72B 15.6 24.8 40.7 414 434 37.8 294 335 332
Qwen2.5VL-Euclid-72B 22.5 27.2 55.7 43.3 44.9 37.1 32.5 36.6 37.5
Owen3VL-series ‘ ‘
Qwen3VL-4B 28.5 33.0 32.6 435 40.3 40.0 33.0 33.2 35.5
Qwen3VL-Space-4B 32.1 37.1 44.7 51.0 49.3 43.8 37.6 38.5 41.8
Qwen3VL-Euclid-4B 333 374 49.5 48.3 46.5 46.3 34.0 42.9 42.3
Qwen3VL-30B-A3B 27.4 32.3 53.6 44.0 42.1 36.2 35.5 48.9 40.0
Qwen3VL-Space-30B-A3B 29.9 36.8 58.0 434 479 49.1 35.9 52.7 442
Qwen3VL-Euclid-30B-A3B | 33.5 37.5 64.1 43.1 48.7 49.6 35.6 54.4 45.8
RoboBrain2.0-series ‘

RoboBrain2.0-7B 46.0 32.7 58.9 359 45.9 41.5 30.9 55.2 43.0
RoboBrain2.0-Space-7B 66.4 34.4 65.8 41.0 46.6 46.5 36.6 52.3 48.7
RoboBrain2.0-Euclid-7B 66.4 36.9 66.3 40.5 48.3 453 35.6 57.8 49.6
RoboBrain2.0-32B 50.5 37.0 59.2 28.4 43.2 46.1 34.5 39.5 43.1
RoboBrain2.0-Space-32B 58.0 36.9 62.2 47.8 46.9 44.5 34.0 42.1 46.7
RoboBrain2.0-Euclid-32B 59.2 394 63.4 47.8 48.7 47.5 33.5 57.0 49.6

Table 6. Ablation experiment on VSI-Bench [29]. We compare training a model on a 30K subset of the spatial intelligence dataset
Clevr-CoGenT v.s. the geometric dataset Euclid30K to verify that the geometric dataset serves as a surrogate task to improve the spatial
intelligence capabilities of the model. Bolding indicates the best score within each model type.

Numerical Question \ Multiple-Choice Question

Methods ‘ ‘ Overall

| Obj. Cnt. Abs. Dist. Obj. Size Room Size | Rel. Dist. Rel. Dir. Route Plan Appr. Order |
Qwen2.5VL-7B 39.5 17.8 16.9 5.8 338 36.7 247 228 24.8
Spat1-SSRL-7B [18] 37.1 24.6 229 17.0 363 35.1 335 27.3 29.2
Qwen2.5VL-Euclid-7B | 38.8 2238 373 23.2 383 385 25.8 26.5 314

Table 7. Comparisons with Spat1-SSRL-7B on VSI-Bench. Bolding indicates the best score within each model type.

Methods SuperClevr Omni3DBench MindCube with Euclid30K training delivering superior overall perfor-
Qwen2.5VL-7B 76.1 283 0.0 mance and b.roader.generahzatlon compared to equal-sized
Spat1-SSRL-7B [18] 763 331 306 non-geometric spatial datasets.
Qwen2.5VL-Euclid-7B 86.2 31.1 31.1 . .
D.3. Comparison with Other Surrogate Tasks
Table 8. Comparisons with Spat1-SSRL-7B on SuperClevr, Beyond our geometry-first curriculum, several studies ex-
Omni3D Bench, and MindCube. Bolding indicates the best plore alternative surrogate tasks to strengthen spatial intel-

score within each model type. ligence. In this subsection, we compare against a repre-

sentative approach, Spatial-SSRL [18]. Spatial-SSRL pro-



\ Numerical Question

| Multiple-Choice Question | Overall

Methods

| Obj. Cnt. Abs. Dist. Obj. Size Room Size | Rel. Dist. Rel. Dir. Route Plan Appr. Order |
Qwen3VL-30B-A3B| 27.4 323 53.6 42.1 36.2 35.5 48.9 40.0
+ GeometricSFT 29.6 33.8 56.9 46.8 47.8 35.1 60.2 43.7

Table 9. Evaluation on VSI-Bench. + GeometricSFT indicate the Qwen3VL-30B-A3B trained with SFT on the Geol70K dataset [11].

Bolding indicates the best score within each model type.

\ Numerical Question

\ Multiple-Choice Question \ Overall

Methods

‘ Obj. Cnt. Abs. Dist. Obj. Size Room Size ‘ Rel. Dist. Rel. Dir. Route Plan Appr. Order‘
Qwen2.5VL-7B | 39.5 17.8 16.9 5.8 33.8 36.7 24.7 22.8 24.8
VST-7B [30] 56.5 35.1 69.0 533 50.1 11.7 28.4 50.3 443
VST-Euclid-7B 66.4 38.4 74.2 60.1 56.5 48.6 41.8 57.8 55.5

Table 10. Evaluation on VSI-Bench . VST-Euclid indicate the VST [30] trained with GRPO [24] on the Euclid30K dataset. Bolding

indicates the best score within each model type.

Methods ‘SuperClevr Omni3DBench MindCube
Qwen3VL-30B-A3B 64.1 36.7 39.8
+ GeometricSFT 66.5 40.5 38.3

Table 11. Evaluation on SuperClevr, Omni3D Bench, and
MindCube. + GeometricSFT indicate the Qwen3VL-30B-A3B
trained with SFT on the Geo170K dataset [11]. Bolding indicates
the best score within each model type.

Methods SuperClevr Omni3DBench MindCube
Qwen2.5VL-7B 76.1 28.3 30.0
VST-7B [30] 83.1 36.5 35.5
VST-Euclid-7B 86.3 37.1 34.8

Table 12. Comparisons with VST-7B on SuperClevr, Omni3D
Bench, and MindCube. VST-Euclid indicate the VST [30]
trained with GRPO [24] on the Euclid30K dataset. Bolding in-
dicates the best score within each model type.

poses a self-supervised pipeline that derives verifiable sig-
nals from ordinary RGB/RGB-D images via five pretext
tasks capturing 2D/3D spatial structure: shuffled patch re-
ordering, flipped patch recognition, cropped-patch inpaint-
ing, regional depth ordering, and relative 3D position pre-
diction. The released configuration uses 81K image-QA
pairs to train a 7B model with RLVR.

Tab. 7 compares a 7B backbone trained on our 30K
Euclid30K geometry corpus (RLVR, identical decoding as
Sec. C) with Spatial-SSRL-7B on VSI-Bench. Euclid30K
achieves a higher overall score (31.4 vs. 29.2) with substan-
tially fewer training samples (30K vs. 81K; 63% fewer).
Gains concentrate on size- and distance-estimation cate-

Category | Parameter Value
Dataset image max pixels 262144
Dataset video max pixels 16384
Dataset cutoff len 8192
Method finetuning type lora
Method lora rank 8
Method lora target all

Train per device train batch size 4
Train gradient accumulation steps 4
Train learning rate le-4
Train num train epochs 1
Train Ir scheduler type cosine
Train weight decay 0.01
Train warmup ratio 0.1
Train bfl6 true

Table 13. Supervised Fine-tuning (SFT) configuration in LLa-
MAFactory framework [34].

gories where geometric constraints are directly applicable,
while Spatial-SSRL shows stronger performance on route
planning and appearance order. Cross-benchmark results in
Tab. 8 show that Euclid30K improves Super-CLEVR and
remains competitive on Omni3D-Bench and MindCube un-
der the same inference protocol.

E. More Discussion

E.1. Supervised Fine-tuning (SFT).

For mathematical problems, collecting step by step solution
annotations is substantially more expensive than answer
only labels. Accordingly, Euclid30K does not currently



include process annotations, which makes it less suited to
SFT routines that rely on explicit reasoning traces. Never-
theless, geometry QA can still serve as a surrogate task for
spatial intelligence under SFT. In this subsection, in order
to show that geometry can as a surrogate task for spatial
intelligence not only under reinforcement learning but also
under supervised fine tuning, we conduct SFT on Geo170K,
a dataset that supplies explicit reasoning trajectories. Pro-
viding these intermediate steps helps the model internalize
Euclidean principles.

As shown in Tab. 9, Qwen3VL-30B-A3B improves on
VSI Bench from 40.0 to 43.7 overall after Geol70K SFT
(the gain is smaller than the 40.0 to 45.8 increase achieved
with Euclid30K RL). In Tab. 11, cross benchmark results
also rise on SuperCLEVR (64.1 to 66.5) and Omni3D
Bench (36.7 to 40.5), while MindCube shows a modest de-
crease (39.8 to 38.3). The decline on MindCube is plausi-
bly due to the composition of Geol70K: most problems are
plane geometry items and provide little direct supervision
for viewpoint change or three dimensional mental imagery.
Even with this limitation, the consistent gains on the major-
ity of spatial benchmarks reinforce our claim that solving
geometry problems is an effective surrogate task for spatial
intelligence.

E.2. Model-Specific Performance Variations

As noted in Sec. 5.2, we hypothesize that the performance
gains after geometry tuning are model specific and depend
on capabilities inherited from earlier training data. In this
subsection, we use VST-7B-RL [30] as a representative case
to test this hypothesis. VST-7B first applies supervised fine-
tuning on VST-P dataset with 4.1M samples that cover 19
spatial skills across single-image, multi-image, and video.
It then uses reinforcement learning on VST-R dataset with
135K reasoning samples. We start from the released VST-
7B-RL checkpoint, add Euclid30K training with GRPO and
keep decoding and evaluation identical those to used in the
rest of this appendix. Results in Tab. 10 show clear gains
on VSI Bench. The overall score moves from 44.3 to 55.5.
Tab. 12 shows small improvements on SuperCLEVR and
Omni3DBench, and a small decrease on MindCube from
35.5t0 34.8.

A reasonable explanation is that the VST dataset has
limited coverage of viewpoint changes and spatiotempo-
ral consistency. The samples of “camera motion” and
”camera-camera” combined account for only about 3% of
the total dataset. However, MindCube heavily relies on
these patterns. Meanwhile, the plane geometry problems
in Euclid30K do not include explicit supervision signals for
viewpoint transformations. This suggests that the role of
Euclid30K is to formalize and reinforce the spatial concepts
already present in the model, leading to significant improve-
ments in tasks such as metric estimation and relational rea-

soning. However, when certain key concepts (such as robust
viewpoint transformation ability) are weakly represented in
the pretraining, geometric fine-tuning may offer little bene-
fit and might even slightly interfere with the model’s exist-
ing heuristic strategies. These support our hypothesis that
models with richer prior spatial concepts obtain larger gains
from Euclid30K, while gaps in prior coverage limit or oc-
casionally reduce transfer.

F. More Visualization about Euclid30K

Fig. 13—15 provide additional Euclid30K examples, illus-
trating diversity in problem types, diagram styles, and rea-
soning complexity. These samples complement the main
paper by showing the range of geometric configurations and
textual formulations present in the Euclid30K dataset.
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Question: Which object is closer to the camera: the washing machine or
the kettle?

Options: Washing Machine, Kettle
GT: Washing Machine

Qwen2.5VL Response:

To determine which object is closer to the camera, let's analyze the image step by step:

1. Identify the washing machine: It is located in the lower part of the image, partially under the counter.
2. Identify the kettle: It is located on the counter, to the right of the washing machine.

3. Compare the positions: The kettle is positioned on the counter, which is closer to the camera
than the washing machine, which is partially hidden under the counter.

Therefore, the object closer to the camera is the kettle.

Qwen2.5VL Answer: Kettle

Qwen2.5VL -Eculid Response:

To determine which object is closer to the camera, let's analyze the image:

1. The washing machine is positioned in the foreground, directly in front of the camera.

2. The kettle is placed on the countertop, behind the washing machine.

Since the washing machine is in front of the kettle and closer to the camera, it is the object that is
closer to the camera.

Final answer: washing machine

Qwen2.5VL Answer: Washing Machine

Figure 5. The response and final answer for Qwen2.5VL-7B [4] and Qwen2.5VL-Eculid-7B in Omni3DBech [20].
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Question: How many objects of the volume of the bedside table can you
fitin an o Jjec

t with the volume of the bed?

GT: 15.407

Qwen2.5VL Response:

To determine how many objects of the volume of the bedside table can fit in an object with the volume
of the bed, we need to compare the volumes of the two objects.

1. Volume of the Bed: The bed appears to be a standard double bed, which typically has dimensions of
approximately 1.5 meters by 2 meters. Assuming the height of the bed is about (.2 meters, the
volume of the bed can be calculated as: Volume of the bed=1.5m X2 m X 0.2 m = 0.6 m?

2. Volume of the Bedside Table: The bedside table appears to be a standard nightstand, which typically
has dimensions of approximately 0.5 meters by 0.5 meters by 0.5 meters. The volume of the bedside
table can be calculated as: Volume of the bedside table = 0.5 m X 0.5 m X 0.5 m =0.125 m3

3. Comparison: To find out how many bedside tables can fit into the bed, we divide the volume of the
bed by the volume of the bedside table:

Volume of the bed 0.6 m3

Volume of the bedside table T 0125 m
Since we are looking for a whole number of bedside tables that can fit, we round down to the nearest

whole number.
Qwen2.5VL Answer: 4 (MRA:0)

4.8

Qwen2.5VL -Eculid Response:

To determine how many objects of the volume of the bedside table can fit in an object with the volume
of the bed, we need to compare the volumes of the two objects.

1. Volume of the Bed: The bed appears to be a standard double bed, which typically has a volume
of around 1.5 cubic meters (assuming standard dimensions and a thickness of the mattress).

2. Volume of the Bedside Table: The bedside table appears to be a small, rectangular table. Estimating
its dimensions, it might be about 0.5 meters in length, 0.4 meters in width, and 0.5 meters in height,
giving it a volume of approximately 0.1 cubic meters.

3. Comparison: To find out how many bedside tables can fit into the bed, we divide the volume of the
bed by the volume of the bedside table:

1.5 cubic meters

0.1 cubic meters
Therefore, the number of bedside tables that can fit into the bed is 15.

Qwen2.5VL Answer: 15 (MRA:1)

Figure 6. The response and final answer for Qwen2.5VL-7B [4] and Qwen2.5VL-Eculid-7B in Omni3DBech [20].



Question: How many table(s) are in this room?

om o e e e e e e e e e e e e e ey,

Qwen3VL Response:

Looking at the frames, I can identify several tables:

1. In the initial frames, there is a small wooden table next to a doorway, with a lamp and a phone
on it.

2. Later, in the living room, there is a larger wooden coffee table in the center of the room.

3. Also in the living room, there is a small wooden side table next to the brown leather ottoman,
which has a lamp and a phone on it.

4. There is also a small wooden side table next to the Christmas tree, which has a phone on it.
Therefore, there are 4 tables visible in the room.

Qwen3VL Answer: 4

Qwen3VL-Eculid Response:

Looking at the frames, I can identify several tables:

1. In the initial frames, there is a small wooden table next to the doorway, with a lamp and a phone on
it.

2. Later, in the living room, there is a larger wooden coffee table in the center of the room.

3. Also in the living room, there is a small wooden side table next to the brown leather ottoman,
which has a lamp and a phone on it (this is the same table seen earlier near the doorway).

4. There is also a small wooden side table next to the Christmas tree, which has a small item on
it.\n\nTherefore, there are at least 3 distinct tables visible in the room: the coffee table, the side table
next to the ottoman, and the side table next to the Christmas tree.

Qwen3VL-Eculid Answer: 3

Figure 7. The response and final answer for Qwen3VL-4B [28] and Qwen3VL-Eculid-4B in VSIBench [29].
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Question:

Options:

Qwen3VL Response:

Let's analyze the scene step by step:

1. Identify the starting position: You are standing by the door. From the frames, the door is on the
right side of the room, near the red wall and the window. So, you are on the right side of the room.

2. Determine the direction you are facing: You are facing the TV. The TV is mounted on the white
wall, which is opposite the red wall where the door is. Therefore, you are facing the white wall.

3. Locate the trash bin: The trash bin is visible in the frames near the window, which is on the far
side of the room, next to the door. It is positioned in the corner where the red wall and the window/wall
meet.

4. Determine the relative position: Since you are standing by the door (on the right side of the
room) and facing the TV (which is on the opposite wall), you are facing the white wall. The trash
bin is in the corner on the far side of the room, which is to your left and behind you. From your
perspective, it is in the back-left quadrant.

Therefore, the trash bin is to your back-left. The correct option is C.

Qwen3VL Answer: C

Qwen3VL-Eculid Response:

Let's analyze the scene step by step:

1. Identify the door and the TV: The door is visible in the frame, and the TV is mounted on the wall.
The person is standing by the door.\n2.

Determine the facing direction: The question asks what is to the front-left, front-right, etc., when
facing the TV. So, we need to determine the position of the trash bin relative to the TV from the
perspective of someone standing at the door and facing the TV.

3. Locate the trash bin: The trash bin is visible in the frame, positioned near the wall, to the left of the
TV from the viewer‘s perspective.

4. Determine the relative position: If a person is standing by the door and facing the TV, they are
facing the wall where the TV is mounted. The trash bin is located to the left of the TV. Therefore,
from the person's perspective, the trash bin is in the front-left direction. The final answer is D.
Qwen3VL-Eculid Answer: D
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Figure 8. The response and final answer for Qwen3VL-30B-A3B [28] and Qwen3VL-Eculid-30B-A3B in VSIBench [29].



Question: Measuring from the closest point of each object, which of these objects (heater, trash can,
door, cup) is the closest to the microwave?

Options: A. heater, B. trash can, C. door, D. Cup

RoboBrain2.0 Response:

In the visual input, the microwave is positioned on the countertop, slightly to the right of the center.
The heater is located on the left side of the countertop, near the sink. The trash can is not visible in the
image, suggesting it is not in the immediate vicinity of the microwave. The door is visible on the far
left side of the frame, indicating it is not near the microwave. The cup is on the countertop, closer to
the microwave than the heater, but not as close as the heater itself.

To determine which object is closest to the microwave, I focus on the spatial arrangement of the
heater and the cup. The heater is positioned directly adjacent to the microwave, with no visible
gap between them. The cup, while also on the countertop, is further away from the microwave
compared to the heater.

Therefore, based on the visual analysis, the heater is the closest object to the microwave. The heater is
directly adjacent to the microwave, making it the closest object in terms of proximity.

Thus, the answer is A. heater

RoboBrain2.0 Answer: A. heater

RoboBrain2.0-Eculid Response:

In the visual scene, the microwave is positioned on the countertop, slightly to the right of the center.
The heater is located on the left side of the countertop, near the sink. The trash can is not visible in the
image, suggesting it is not in the immediate vicinity of the microwave. The door is visible in the
background, slightly to the right of the microwave. The cup is on the countertop, near the microwave,
and appears to be the closest object to the microwave.

To determine which object is closest to the microwave, I focus on the spatial arrangement of these
objects. The cup is directly on the countertop, adjacent to the microwave, indicating it is the
closest object to the microwave. The heater is on the left side of the countertop, further away
from the microwave. The door is in the background, suggesting it is not the closest. The trash can, if
present, would be further away from the microwave than the cup.

Therefore, based on the visual analysis of the scene and the spatial proximity of the objects to the
microwave, the object closest to the microwave is the cup. This aligns with option D.

Thus, the answer is: D.

e e o o o e o e e e o e e e e e S e S S M e e e e e e e e

\ RoboBrain2.0 Answer: D. Cup

Figure 9. The response and final answer for RoboBrain2.0-7B [27] and RoboBrain2.0-Eculid-7B in VSIBench [29].
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Question: What is the length of the longest dimension (length, width, or height) of the pillow,
measured in centimeters?

RoboBrain2.0 Response:
In the visual input, the pillow is prominently visible on the bed, positioned towards the center of the
frame. The pillow is covered with a striped duvet, which provides a clear visual cue for its approximate

size. The pillow appears to be elongated, with a noticeable length extending horizontally across the bed.

To determine the length of the pillow, I focus on its visible dimensions relative to the bed and other
objects in the scene. The pillow's length is visually estimated by comparing it to the bed's width and
the visible portion of the bed's length. The pillow's length seems to be approximately 100 c¢m, as it
spans a significant portion of the bed's width. This estimation is based on the pillow's apparent
size relative to the bed's dimensions and the visible length of the bed itself. Therefore, the length of
the pillow, measured in centimeters, is approximately 100 cm.

RoboBrain2.0 Answer: 100 (MRA: 0.3)

RoboBrain2.0-Eculid Response:

From the visual input, the pillow is prominently placed on the bed, with its distinct rectangular shape
and soft texture. The pillow's dimensions are visually apparent, with its length extending horizontally
across the bed. The pillow's height is relatively low, typical of a standard pillow, and its width spans a
significant portion of the bed's surface.

To determine the pillow's length, I focus on its horizontal span across the bed. The pillow's length is
visually estimated by comparing it to the bed's width and the visible portion of the bed's surface. The
pillow appears to extend approximately 70 centimeters along the bed's length, which is consistent
with the typical dimensions of a standard pillow.

The pillow's length is the primary dimension of interest, as the task specifies measuring the longest
dimension. The pillow's width and height are not the focus here, as the task specifies the length.
Therefore, based on the visual analysis of the pillow's dimensions in the scene, the pillow's length is
approximately 70 centimeters. This conclusion is supported by the pillow's visible horizontal span
across the bed, which aligns with the typical dimensions of a standard pillow.

RoboBrain2.0 Answer: 70 (MRA: 1.0)
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Figure 10. The response and final answer for RoboBrain2.0-7B [27] and RoboBrain2.0-Eculid-7B in VSIBench [29].
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Question: Is the number of big yellow objects to the left of the rubber
car the same as the number of motorbikes that are right of the
regular bus? True or False.

GT: False

RoboBrain2.0 Response:

In the visual input, I focus on identifying the big yellow objects to the left of the rubber car. The rubber
car is a prominent yellow vehicle located centrally in the scene. To its left, there is a large yellow
bicycle, which is a big yellow object. This bicycle is positioned prominently to the left of the rubber
car.

Next, | identify the motorbikes in the scene. There are two motorbikes visible: one is a red motorbike
located to the left of the yellow bicycle, and the other is a gold motorbike positioned to the right of the
yellow bicycle. The gold motorbike is the one that is right of the regular bus, which is a blue bus
located on the far right side of the scene.

Now, I compare the number of big yellow objects to the left of the rubber car with the number of
motorbikes to the right of the regular bus. There is one big yellow object (the bicycle) to the left of the
rubber car, and there is one motorbike (the gold one) to the right of the regular bus.

Therefore, the number of big yellow objects to the left of the rubber car is equal to the number of
motorbikes to the right of the regular bus. This leads to the conclusion that the statement is True.

RoboBrain2.0 Answer: True

RoboBrain2.0-Eculid Response:

To determine the number of big yellow objects to the left of the rubber car, I first identify the rubber
car, which is a yellow minivan located centrally in the image. To its left, I observe a large yellow
bicycle. This bicycle is a prominent, big yellow object.

Next, | focus on the motorbikes in the scene. There are two motorbikes visible: one is a large yellow
motorcycle positioned to the right of the minivan, and the other is a smaller red motorbike located to
the left of the minivan.

Now, I compare the number of big yellow objects to the left of the rubber car with the number of

motorbikes to the right of the regular bus. The big yellow object to the left of the minivan is the bicycle.

The motorbikes are positioned to the left of the minivan, not to the right of the bus.

Therefore, the number of big yellow objects to the left of the rubber car (the bicycle) is not the same as
the number of motorbikes to the right of the regular bus. The bicycle is not on the right side of the
bus, and the motorbikes are not on the right side of the bus either. Thus, the answer is: False.

RoboBrain2.0 Answer: False

Figure 11. The response and final answer for RoboBrain2.0-7B [27] and RoboBrain2.0-Eculid-7B in SuperCLEVR [15].
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Question: What number of objects are tiny cyan rubber things or
metallic objects that are on the left side of the bus?

GT: 3

RoboBrain2.0 Response:

In the visual input, I observe several objects, including motorcycles, a bus, and airplanes. The task
requires identifying objects that are either tiny cyan rubber things or metallic objects located on the left
side of the bus.

First, I focus on the metallic objects on the left side of the bus. The bus is positioned towards the upper
center of the scene. To its left, there are two prominent metallic objects: a gold-colored motorcycle and
a gold-colored scooter. These objects are clearly metallic and positioned to the left of the bus.

Next, I consider the tiny cyan rubber things. Upon examining the scene, there are no objects that
appear to be tiny and distinctly cyan rubber. The bus itself is not a tiny object, and the other objects,
such as the motorcycles and airplanes, are not tiny either.

Based on this analysis, the metallic objects on the left side of the bus are the gold-colored motorcycle
and scooter. These are the only objects that meet the criteria of being metallic and positioned to the left
of the bus.

Therefore, the answer is that there are two objects that are metallic and on the left side of the bus

RoboBrain2.0 Answer: 2

RoboBrain2.0-Eculid Response:

In the visual scene before me, I observe several metallic objects, including a blue airplane, a yellow
scooter, and a yellow motorcycle. The blue airplane is positioned prominently in the foreground, while
the yellow scooter and motorcycle are situated towards the left side of the scene. The bus, which is a
metallic object, is located further back in the scene, behind the motorcycle.

To determine the number of metallic objects on the left side of the bus, I focus on the objects that are
positioned to the left of the bus. The yellow scooter and the yellow motorcycle are both on the left side
of the bus. The blue airplane, although not directly to the left of the bus, is also considered as part
of the left side due to its position relative to the bus.

The blue airplane, being a metallic object, is included in the count. The yellow scooter and motorcycle
are also metallic and are positioned to the left of the bus. Therefore, the metallic objects on the left
side of the bus are the blue airplane, the yellow scooter, and the yellow motorcycle.

Thus, based on the visual analysis of the scene and the spatial arrangement of the objects, the number
of metallic objects on the left side of the bus is three. Therefore, the answer is: 3.

RoboBrain2.0 Answer: 3
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Figure 12. The response and final answer for RoboBrain2.0-7B [27] and RoboBrain2.0-Eculid-7B in SuperCLEVR [15].



Problem: As shown in the figure, it is the three - view
drawings of a part. Then the surface area of this part is?

e
. $15\pi \mathrm{cm}"{2}$ ////\\\\ ///f\\\\4
$24 \mathrm{cm}~{2}$ : : J,i.

\pi
. $51\pi \mathrm{cm}"*{2}$%
. $66\pi \mathrm{cm}~{2}$%

ON w >

Answer: B ol (R

Problem: As shown in the figure, six small cubes are placed
as shown. If a small cube with a label is removed, and both
its front view and top view change, the label of this small
cube is?

@ @

A. (1) B. (2) C. (3) D. (4)

@@
Answer: C :;i

Problem: The geometric solids in the figure are all
stacked by cubes with a side length of 1. The surface area
of the 1-th geometric solid is 6. Then the surface area of
the 20-th geometric solid is?

A. 1320 B. 1260
C. 1200 D. 1140

Answer: B (1) 2) (3) )

Figure 13. More examples from the Euclid30K dataset.



Problem: As shown in the figure, a rectangular iron sheet can
be folded into an uncovered cuboid box after cutting off four
corners. According to

the data marked in the figure, —2 k" .
find the base area of this box e S
(unit: centimeter). E : a
. [ pp—_—
! :
Answer: $a“2+ab - 8a - 4b + 16% e——— gip ——>

Problem: As shown in the figure, in the triangular prism $ABC
- A 1B 1C_1%, both the side - lengths

of the base and the length of the lateral i 3
edge are equal to $1%, and angle $BAA 1%

= angle $ CAA 1 $ = $60~{\circ}$. Find the

cosine value of the angle formed by the skew

lines $AB_1% and $BC_1%."

Ay

Answer: $\sqrt{2}$

Problem: As shown in the figure, in the cube $ABCD -

A {1}B {1}C {1}D {1}%$, $P$ is an equal - dividing point of
the diagonal $BD {1}$ into three parts. The number of
different values of the distances from $P$ to each surface
of the cube is?

Dl Cl
l\\
. ) ‘41 ! ‘\ B
A. 2 pieces B. 3 pieces ¥ ;
C. 4 pieces D. 6 pieces ' ‘\
- P Je
Answer: A 4 b4
A B

Figure 14. More examples from the Euclid30K dataset.



Problem: As shown in the figure, it is the lateral expansion

diagram of a food packaging box. Please calculate the surface
area of this packaging box

according to the dimensions
marked in the figure."

«— a —>

| o |

Answer: $2b~{2}+4ab$%

—>

Problem: As shown in the figure, in triangle $ABC$, $AB \perp
AC$. If $AD \perp BC$, then $AB~{2}=BD \cdot BC$. Similarly,
there is a proposition: In the triangular pyramid $A-BCD$, AD
$\perp$ the plane $ABC$. If the projection of point $A$ inside
\triangle $BCD$ is $M$, then $S_{triangle ABC}"*{2}=S_{triangle
BCM} \cdot S {triangle BCD}$. The above - mentioned
proposition is?

A. True proposition

B. Adding the condition “$AB \perp AC$”
it a true proposition.

C. Adding the condition “$M$ is the
orthocenter of triangle $BCD$” makes it
true proposition.

D. Adding the condition "The triangular
pyramid $A-BCD$ is a regular triangular
pyramid"” makes the proposition true."

Answer: A

Figure 15. More examples from the Euclid30K dataset.
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