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Abstract

Multimodal large language models (MLLMs) have achieved remarkable progress
in vision—language tasks, but they continue to struggle with spatial understanding.
Existing spatial MLLMs often rely on explicit 3D inputs or architecture-specific
modifications, and remain constrained by large-scale datasets or sparse supervision.
To address these limitations, we introduce SPATIALTHINKER, a 3D-aware MLLM
trained with RL to integrate structured spatial grounding with multi-step reasoning.
The model simulates human-like spatial perception by constructing a scene graph
of task-relevant objects and spatial relations, and reasoning towards an answer via
dense spatial rewards. SPATIALTHINKER consists of two key contributions: (1)
a data synthesis pipeline that generates STVQA-7K, a high-quality spatial VQA
dataset, and (2) online RL with a multi-objective dense spatial reward enforcing
spatial grounding. SPATIALTHINKER-7B outperforms supervised fine-tuning and
the sparse RL baseline on spatial understanding and real-world VQA benchmarks,
nearly doubling the base-model gain compared to sparse RL, and surpassing GPT-
4o. These results showcase the effectiveness of combining spatial supervision with
reward-aligned reasoning in enabling robust 3D spatial understanding with limited
data and advancing MLLMs towards human-level visual reasoning.

1 Introduction

Spatial reasoning is central to human intelligence, enabling us to perceive, localize, and manipulate
objects in complex environments. This ability is critical for embodied Al tasks such as robotic
manipulation [40, 27, |61]], navigation [36], and augmented reality [43]], where spatial awareness
underpins real-world decision-making [23}73]]. While multimodal large language models (MLLMs)
excel at general vision—language tasks [39, /50 [21} (7,24} 52} 29], they continue to struggle with 3D
spatial understanding [/10, [75} 41} |89, (74} 56], which requires capturing geometry, structure, and
relations beyond 2D projections.

Existing approaches remain data-hungry or architecturally specialized. They rely on massive synthetic
datasets derived from 3D scene graphs (e.g., Spatial VLM was trained on 2B Spatial VQA samples,
SpatialRGPT on 700k) [[10, 19, [17]], architectural changes [35]], explicit 3D inputs such as point
clouds [34} 17, 8], or reinforcement learning (RL) with sparse rewards [ 58 [78l,/86, |87}, |68l 99].

We present SPATIALTHINKER, a 3D-aware MLLM that integrates scene graph grounding with
multi-step reasoning through online policy RL. The model builds question-focused scene subgraphs
consisting of objects, their relations, and localized coordinates, and reasons over them under a
lexicographically-ordered multi-objective reward: format rewards enforce structured reasoning,
count penalties regulate regional focus, accuracy rewards prioritize correctness, and CloU-based
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spatial rewards encourage precise localization. This design promotes human-like reasoning: observe,
localize, think, answer.

By training on only 7K samples with our synthesized STVQA-7K dataset, SPATIALTHINKER-7B
outperforms supervised fine-tuning (+6%) and conventional RL baselines (+3.2%) across twelve
spatial understanding, real-world and generic VQA benchmarks, surpassing GPT-40 (+3.4% avg.) and
Claude 3.5 Sonnet (+10.1% avg.) [39, 5], particularly a +12.1% gain over GPT-40 on 3DSRBench
[56]. While sparse RL improves the base model by +4% avg., our dense spatial reward design
yields +7.2%, nearly doubling the benefit. These results show that models can learn effective spatial
reasoning by focusing on relevant regions, constructing internal scene representations, and accurately
localizing objects through dense rewards, without relying on large-scale data alone [[10} 55].

Our contributions are:

* SPATIALTHINKER, a Spatial MLLM that integrates scene graph-based grounding with
online RL for spatial reasoning, achieving strong results with only 7K samples.

* STVQA-7K, a high-quality spatial VQA dataset grounded in scene graphs.

* A dense, lexicographically gated multi-objective reward that guides regionally focused
spatial reasoning, achieving superior generalization across six spatial benchmarks.

2 SpatialThinker: Spatially-Aware Reasoning MLLMs

2.1 Multi-Objective Reward Design

SPATIALTHINKER is trained with a fine-grained, multi-objective reward that guides visually grounded
reasoning. Unlike prior RLVR methods relying on sparse correctness signals [[63}|99|69]], we combine
four complementary components, including: format, accuracy, count, and spatial rewards, aligned
with the reasoning stages: observe, localize, think, answer. We present reward ablation in

Format Reward. Responses must follow a structured template with <observe>, <scene>, <think>,
and <answer> tags. The scene JSON must be parseable, with valid object fields (ID, bbox) and
triplet relations. The format reward R¢ 2 f0; 1g (weight Weormat = 0:1) enforces this structure.

Accuracy Reward. To prioritize task performance, we assign R, = 1 if the predicted answer exactly
matches the ground truth, else 0. This component receives the highest weight (Wyccuracy = 0:5) to
prioritize task performance while the other rewards guide how the model arrives at correct answers.

Count Reward. The count reward encourages the model to predict the appropriate number of
objects and relations relevant to the spatial query. It penalizes both under- and over-generation,
using a weighted error term based on the deviation between predicted and ground-truth counts:
Rc = Weount  (0:7 obj-score + 0:3 rel-score), where Weount = 0:2. This guides the model to
stay focused on question-relevant regions. Without it, models tend to game the spatial reward by
generating excessive objects and relations to boost match likelihood.

Spatial Reward. To supervise object localization, we compute the spatial reward only when the final
answer is correct. Predicted and ground-truth objects are matched using the Hungarian algorithm

with a cost function that combines Complete IoU (CloU) and semantic similarity: C(0)"; Oft) =
spatial(1 ToUDi;05)) +  semanic(  sim(li; 1)), where b and | denote bounding boxes and labels,
respeigively. The reward is then computed as the average CloU across matched pairs: Rgpajar =

Wll (i) eM CloU(b"™; b;?");wspatia. = 0:2. CloU offers dense supervision over IoU, even for
non-overlapping boxes by incorporating distance and aspect ratio terms [97]].

Lexicographic Gating. To avoid reward gaming across objectives, we apply lexicographic ordering
with conditional gating [[70]], prioritizing format ~ {count, accuracy} spatial. The model must first
satisfy formatting, then jointly optimize count and accuracy, and receives spatial reward only when
the answer is correct. This ensures spatial grounding reinforces valid reasoning. Without accuracy
gating, we observe that models overfit to spatial localization while sacrificing task correctness. The
final reward is computed as the following with I[ ] as the indicator function:

Rtotal = I[Rformat = 0] (Wf R + WCRC + WaRa + I[Raccuracy > 0] WSRS)



2.2 Online RL Policy Optimization

To train SPATIALTHINKER with dense, lexicographically gated rewards, we adopt Group-Relative
Policy Optimization (GRPO) [20) 67]], an online RL method that avoids critic networks by esti-
mating advantages through intra-group comparisons. Given an input X, we sample N trajectories

Each response is scored via our dense spatial reward
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This objective balances learning from dense spatial rewards while constraining policy divergence to
ensure stability and generalization.

2.3 STVQA-7K: Dataset Construction

To facilitate reward-aligned spatial reasoning, we construct STVQA-7K, a synthetic visual question
answering (VQA) dataset built from human-annotated scene graphs in Visual Genome [44]]. STVQA-
7K comprises 7,587 spatially grounded multiple-choice VQA pairs spanning both 2D and 3D
spatial understanding. We augment the original VG150 predicate set with 34 additional spatial
relations—covering distance (e.g., near, far), size (e.g., bigger, taller), orientation (e.g., facing away),
and containment (e.g., inside, beneath)—to enrich the relational vocabulary beyond the standard 50
predicates. Each QA pair is generated from a scene graph using Claude Sonnet 4 [6], then verified
for semantic correctness using GPT-4o [39] through a consistency-based filtering pipeline. From an
initial pool of 56,224 questions, we retain the top 7.5K high-quality samples after automated rating,
difficulty estimation, and validation. Finally, we align each question with a subgraph of relevant
objects and relations, enabling localized scene graph supervision during training. This results in
a richly annotated, task-aligned dataset for developing and evaluating grounded spatial reasoning
models. Complete data construction details are provided in Appendix [C]

3 Experiments

Implementation Details. We build SPATIALTHINKER upon two strong open-source multimodal
base models: Qwen2.5-VL-3B and Qwen2.5-VL-7B [7]. No supervised fine-tuning is performed
prior to RL training on our STVQA-7K dataset (Section [C). We employ GRPO [67] as the advantage
estimator as described in Section [2.2] using a rollout size of 8 samples per query and a sampling
temperature of 1:0. The models are trained with a maximum context length of 16,384 tokens. The
rollout batch size is set to 512, and the global batch size is 128. We train for 75 training steps i.e., 5
training episodes) on 4 NVIDIA H100 80GB GPUs. Training time totals around 13 hours for the
3B model and 15 hours for the 7B model. The models are trained on high-resolution image inputs
ranging from 512 512 to 2048 2048 pixels, to preserve fine-grained spatial information. All model
parameters, including the vision encoder, are updated during training. We use the AdamW optimizer
with bf16 precision, a learning rate of 1 1075, and a weight decay of 1 1072, The KL penalty
coefficient is set to 10~2 (Appendix . STVQA-7K is partitioned with a 90/10 train—validation split.

Experimental Setup. We evaluate SPATIALTHINKER on six spatial reasoning benchmarks span-
ning 2D and 3D understanding: CV-Bench [74], BLINK [25], 3DSRBench [56]], MMVP [75],
SpatialBench [8]], and RealWorldQA [|85]]. Comparisons include both proprietary (GPT-40 [39]])
and open-source models—Qwen2.5-VL [7], Cambrian-1 [74], LLaVA-Next [46]], VLAA-Thinker
[12]]—as well as spatially-specialized models such as SpatialRGPT [[17]], SpatialBot [_8], SpaceLLaVA
[10], SpaceThinker [3]], and RoboPoint [93]]. We also evaluate training variants including supervised
fine-tuning (SFT) and vanilla GRPO (using only format and accuracy rewards) to isolate the contri-
bution of dense spatial rewards. Detailed experimental setup, evaluation settings, and prompts are
shared in Appendix D}



BLINK, 5 [25]

3 CV-Bench [74]
Model 3DSRBench [56] Avg. Spatial Rolative Avg.
2D 3D Relation Depth
Proprietary Models
GPT-40 [39] 443 75.8 83.0 79.4 82.5 78.2 80.4
Claude 3.5 Sonnet [5] 48.2 60.2 71.5 65.9 58.7 67.7 63.2
Open-Source General MLLMs

Qwen2.5-VL-3B [7] 44.0 59.9 60.2 60.0 66.4 54.0 60.2
Qwen2.5-VL-7B |7] 48.4 69.1 68.0 63.6 84.0 524 68.2
VLAA-Thinker-Qwen2.5-VL-7B [12] 522 60.8 60.3 60.6 81.2 71.0 76.1
LLaVA-NeXT-8B [46] 48.4 62.2 65.3 63.8 - - -

Cambrian-1-8B [74] 422 72.3 72.0 722 69.9 734 71.7

Open-Source Spatial MLLMs
RoboPoint-13B 93] - - 61.2 - 60.8 61.3 61.1
SpatialBot-3B (8] 41.1 - 69.1 - 67.8 67.7 67.8
SpaceLLaVA-13B [T] 42.0 - 68.5 - 72.7 62.9 67.8
SATORI-R1 [68] 47.5 50.9 62.8 56.9 60.1 52.4 56.3
Spatial-RGPT-7B w/ depth [17| 48.4 - 60.7 - 65.7 82.3 74.0
SpaceThinker [3] 51.1 65.1 65.9 65.5 734 59.9 66.7
SpaceOm |2] 522 72.1 69.3 70.7 81.1 65.3 732
Method Comparison (Trained on STVQA-7K)

Qwen2.5-VL-3B + SFT 50.8 53.9 68.4 61.1 65.0 66.9 66.0
Qwen2.5-VL-3B + Vanilla GRPO 50.1 70.6 66.6 68.6 73.4 55.6 64.5
SpatialThinker-3B (Ours) 529 71.0 76.3 73.6 81.8 66.9 74.4
Qwen2.5-VL-7B + SFT 53.6 56.1 713 63.7 75.5 64.5 70.0
Qwen2.5-VL-7B + Vanilla GRPO 54.7 68.9 76.5 72.7 80.4 75.0 71.7
SpatialThinker-7B (Ours) 56.4 71.7 78.7 78.2 86.0 72.6 79.3

Table 1: Performance over 2D & 3D Spatial Understanding Benchnrarks across different model types.

3.1 Results

Performance across spatial benchmarks. As shown in Tables [T] and 2] SPATIALTHINKER-7B
achieves strong performance across all benchmarks: 78.2% on CV-Bench (vs. GPT-40’s 79.4%),
79.3% on BLINK tasks (vs. GPT-40’s 80.4%), 78.0% on MMVP (vs. GPT-40’s 70.7%), 56.4%
on 3DSRBench, outperforming GPT-40 by 12.1%, and 66.4% on SpatialBench (vs. GPT-40’s
67.0%). Our 7B model outperforms all baselines on MMVP, and all open-source baselines on
SpatialReasonerEval. Despite using only RGB inputs and 7K training samples, SPATIALTHINKER-
7B matches or surpasses larger proprietary and spatially-specialized open-source models, and further
enhances visual understanding on real-world VQA benchmarks (see Appendix [G.2] & [H).

RL Training with Dense Rewards Enables Stronger Generalization. Compared to SFT and vanilla
GRPO, SPATIALTHINKER-7B achieves +6% and +3.2% higher average accuracy, respectively over 6
spatial and 6 VQA tasks. Similarly, the 3B variant shows +5.5% and +4.1% avg. gains respectively.
Notably, while vanilla GRPO gives modest gains over base model (+4% for 7B, +4.9% for 3B),
training with our dense spatial reward nearly doubles 1:8 this gain (+7.2% for 7B, +9% for 3B),
underscoring the complementary learning signal provided by count and spatial objectives. The same
trend holds under out-of-distribution evaluation, with dense rewards enabling significantly better
real-world transfer (see Appendix [G.4).

4 Conclusion

Model ‘ MMVP |75] SpatialReasonerEval |58] SpatialBench [8]
Proprietary Models
. GPT-4o [39 70.7 85.8 67.0
We introduced SPATIALTHINKER, @ (e 33 Somet {5 m et o
3D_aware MLLM that achleves strong Open-Source General & Spatial MLLMs

spatial reasoning by combining scene =~ Qven25-VL-3B 7] 670 080 49.9
N J X Qwen2.5-VL-7B [7] 72.3 70.6 62.5
graph grounding with dense spatial re-  VLAA-Thinker-7512] 753 612 6622
. . . SpaceThinker 3 63.0 69.6 579
wards. Trained on just 7K samples, it S”A‘T“Smf',;ff(lg P 40 503
v ] _ SpaceOm [2] 66.3 68.9 58.6
Surpasses GPT 40 on spiatlal benCh SpatialReasoner |58] 64.0 76.4 59.2
marks while outperforming models  Visionary-R1 s6] 703 729 598

trained on larger datasets and spe- Method Comparison (Trained on STVQA-7K)
a1 . Qwen2.5-VL-3B + SFT 62.7 67.5 56.3
cialised spatial MLLMs. Dense spa- Qwen2.5-VL-3B + Vanilla GRPO 683 69.3 56.9
tial rewards nearly double the gains of ~ SpatialThinker-35 (Ours) 9.0 765 615
. Qwen2.5-VL-7B + SFT 68.3 70.8 63.5
standard RL, underscoring the value = Qwen25-VL-7B + Vanilla GRPO 743 79.6 64.2
SpatialThinker-7B (Ours) 78.0 82.7 66.4

of rich supervision signals. Future
work could explore implicit spatial
reasoning with latent tokens, and de-
sign unified multi-objective policies
covering diverse visual tasks.

Table 2: Performance on additional spatial benchmarks.
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Appendix

A Related Work

3D Spatial Reasoning in MLLMs. While multimodal large language models have achieved notable
success in fundamental visual tasks [39, 50, 21, 51], their ability to perform complex spatial reasoning
remains limited. Multiple evaluations have highlighted persistent shortcomings in this domain [60, 75,
41, 88, 45, 89, 56], which can be partially attributed to the predominance of datasets centered around
visual perception rather than explicit spatial or relational grounding [38]. In response, considerable
research has focused on incorporating 3D spatial information into MLLMs. Early approaches embed
explicit representations such as point clouds or multi-view reconstructions [34, 33], while others
generate structured spatial states or world models guided by physical priors [80, 81]. More recent
systems have trained large-scale models with 3D-enhanced VQA datasets, such as SpatialVLM with
2B samples [10], and extensions like SpatialPIN [55] or SpatialBot [8], which inject 3D priors or
auxiliary depth signals. SpatialRGPT [17] builds 3D scene graphs from RGB-depth data to produce a
large 700k-sample spatial QA dataset for training, improving performance but requiring extensive
pre-processing and data. Similarly, MM-Spatial [19], SpatialLLM [57], and SpaRE [62] address
spatial reasoning with hundreds of thousands to millions of synthetic or reconstructed samples.
Despite this progress, existing methods are either data-heavy, reliant on specialized 3D inputs, or
restricted in modeling structured relational understanding. In con8ea&tJALTHINKER achieves

robust 3D spatial reasoning including object localization, and relational and regional understanding,
using only 7K high-quality structured QA samples combined with reinforcement learning over dense
spatial rewards.

Structured Visual Grounding in MLLMs.  Scene graphs provide a structured representation of
objects and their relations and have been widely explored for visual reasoning [32, 77, 30]. Classical
scene graph generation builds on detection-relation pipelines [9, 18], but often struggles with multi-
role or open-vocabulary reasoning. With the advent of LLMs, text-augmented approaches such as
LLM4SGG and GPT4SGG convert captions into structured graphs [42, 16], while more advanced
open-vocabulary SGG methods leverage VLMs or MLLMs to generalize beyond xed ontologies
[11, 48]. Recent RL-driven frameworks, such as R1-SGG and Relation-R1, train models to construct
scene graphs directly with dense structural or cognitive rewards [15, 47], highlighting the utility of
structured supervision. In parallel, region-aware MLLMs like KOSMOS-2 [64], Ferret [91], and
GLaMM [66] improve spatial grounding by integrating region information through bounding boxes
and textual region descriptions, enabling more precise localization within inSsesALTHINKER

builds on these advances by explicitly grounding reasoning on scene subgraphs focused on the
guestion-speci ¢ region of interest, combining structured scene understanding with interpretable,
reward-guided spatial reasoning.

Multimodal Reinforcement Learning. Reinforcement learning (RL) has been widely adopted to
enhance reasoning in MLLMs, extending chain-of-thought prompting [83] and ne-grained veri able
rewards to multimodal reasoning tasks. Recent works have applied RL for math reasoning [90,
59], classi cation and grounding [54], semantic segmentation [53], structured reasoning pipelines
[68] or referring expressions comprehension and open vocabulary detection [69, 65, 54]. Spatial
RL strategies have emerged as well: SVQA-R1 incorporates view-consistency rewards [78], while
SpatialReasoner adds coordinate-aware supervision in reasoning [69, 58]. Despite these efforts, most
existing methods rely on relatively simple or sparse reward signals, such as nal answer accuracy
or coarse coordinate supervision, which provide limited guidance for detailed spatial relational
reasoning SPATIALTHINKER advances this space with a ne-grained multi-objective reward design
covering regional subgraph construction, comprising object localisation and relational grounding,
and nal correctness. The model predicts these structured representations rst, then reasons over
them for detailed and interpretable spatial inference.

B Preliminaries

Scene Graph Generation. A scene graph provides a structured representation of an imaga
directed grapl = (V; E). Each nodey; 2 V denotes an object with a category labeand a 2D
bounding boxa = ( xi;yi;w;i; hi); each edge; 2 E is a relationship triplekv;; rjj ; vj i capturing



spatial or interactive relations (e.¢eft of, on, unden [32, 77]. Classical SGG decomposes prediction
into object detection and relation recognition [9, 18], while open-vocabulary methods leverage
languagel/vision priors to generalize beyond xed ontologies [11, 48]. We refgrdstion-focused
scene subgraphssGq = (Vy; Eq) G that retain only objects and relations relevant to a given

queryaq.

Reasoning in Multimodal Large Language Models. Multimodal large language models (MLLMs)
de ne autoregressive policies over sequences of interleaved visual and textual tokens. Given an

where eacla; represents a token from intermediate reasoning steps or the nal answer. This policy is
factorized as:
Y

(Y ] Ximgs Xtext) = (8t J Ximg: Xtext: A<t ) 1)
t=1
While supervised ne-tuning enables models to imitate reasoning traces observed during training,
reinforcement learning offers a principled way to optimize generation using explicit reward signals,
often resulting in better generalization to out-of-distribution inputs and improved adherence to task-
speci ¢ structure [26, 20, 37]. The reinforcement learning objective seeks to maximize expected

reward over trajectories:
max Eqp ;y (jq) [R(Q;y)] 2)

whereQ = fXimg; Xtexd is the input queryD is the dataset distribution, amlis a veri able reward
function evaluating task correctness, formatting, and spatial grounding.

Task Formulation We cast spatial reasoning in MLLMs as the task of producing a visually
grounded responseto a queryQ = Ximg; Xtext. Unlike generic reasoning, our formulation explicitly
requires constructing question-focused scene subg@phsid reasoning over objects, bounding
boxes, and relations. The policy is trained on spatially grounded VQA samples from STVQA-7K
C using our multi-objective spatial rewaRI(Section 2.1), which enforces structural validity, count
delity, answer accuracy, and precise spatial grounding.

C STVQA-7K: Dataset Construction

High-quality spatial VQA datasets remain scarce, as most existing benchmarks either lack grounded
scene-graph annotations (i.e., explicit spatial coordinates for objects and relations) or fail to compre-
hensively cover both 2D and 3D spatial reasoning categories. Visual Genome [44] provides dense,
human-annotated scene graphs that support strict grounding of both question generation and answer
veri cation within a uni ed representational framework. Using Visual Genome, we synthetically
constructed a spatial visual question answering dataset @#edALTHINKER Visual Question
Answering dataset i.e., STVQA-7K comprising 7,587 samples, fully grounded in human-annotated
scene graphs [44], which we employed for post-training3heTIALTHINKER models. Importantly,

our pipeline is scalable and can be extended to generate up to 108K samples, the maximum supported
by Visual Genome, enabling future large-scale post-training or RL ne-tuning.

The original VG150 predicate set is limited to 50 relations, missing several important categories
such as positional relations (e.g., left, right, beside), distance-based relations (e.g., near, far, next
to), comparative size (e.g., smaller, taller, bigger), orientation (e.g., facing towards/away), and
containment (e.g., inside, beneath). To address this gap, we extended the scene graph relation space
with an additional 34 predicates, ensuring richer spatial coverage in both 2D and 3D reasoning.
Bounding box coordinates are retained in absolute pixel space, rather than normalized values, to
preserve real-world scale and spatial alignment, to enable both improved spatial reasoning and
effective use of CloU-based supervision during reward optimization. The dataset construction
pipeline proceeds in three stages: (1) synthetic question generation from ground-truth scene graphs,
(2) automated quality Itering with external veri cation, and (3) scene graph adaptation for regional
alignment with individual questions.

Synthetic Question Generation. Visual Genome scene graphs serve as our foundational ground
truth, providing object categories, bounding boxes, and relational triplets for over 150,000 images.
We synthetically generate question-answer pairs for a given scene graph data using Claude Sonnet
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4 [6], synthesizing multiple-choice questions based on the salient objects and meaningful spatial
relations explicitly present in each graph. Each question-answer pair is accompanied with a rating
generated out of 10 and the dif culty level. Our question generation encompasses nine distinct spatial
reasoning categories: spatial relations (above, behind, near, etc.), physical reach and interaction
(holding, touching), comparative size, orientation from speci ¢ viewpoints, instance location within
image frames, depth ordering relative to the camera, distance comparisons to reference objects, object
counting, and existence veri cation. This comprehensive taxonomy spans both 2D and 3D spatial
understanding, providing a broad coverage of visual-spatial reasoning capabilities. To promote robust
perception, we also include questions involving objects that are partially visible or occluded in the
scene, encouraging the model to reason about spatial arrangements and ne-grained details. For each
guestion, we generate a rating out of 10.

Quality Filtering and Validation. To en-
sure semantic correctness at scale, we im-
plement a consistency-based veri cation
procedure using GPT-40 [39] as an exter-
nal validation model. For each generated
guestion-answer pair, we assess agreement
between the external model and our syn-
thetic ground truth label using a pass@?2
criterion. Questions that fail this initial
consistency check undergo additional eval-
uation with two supplementary model re-
sponses. Items for which all four collected
responses disagree with the generated la-
bel are discarded as potentially incorrect
or ambiguous. This ltering process be-
gins with 56,224 initially generated ques-
tions by Claude Sonnet 4 [6]. We select the
10,000 highest-rated samples based on the

uestions complexity and rating towards its. o :
gontribution to F;nhaﬁce spatialgintelligenig'gure 1: Distribution of QA types in STVQA-7K. The

as judged by Claude Sonnet 4. Follo Jataset spans a diverse range of spatial reasoning skills,
ing consistency Itering, we retain 6 895with an emphasis on spatial relations while also balanc-

training samples and 692 validation san9 other categories such as localization, depth, distance,

ples ( 75%), indicating high label reliability.52€ @nd orientation.

The nal set consists of 50% samples from the relation category, and the remaining 50% distributed
across the eight other categories. To prevent positional bias, answers are uniformly distributed across
options A, B, C, and D. Figure Figure 1 illustrates the distribution of QA types in STVQA-7K,
highlighting the emphasis on spatial relations while maintaining balanced coverage across the re-
maining reasoning categories. Representative examples of generated QA pairs across the nine spatial
reasoning categories are shown in Figure 2, illustrating the diversity of question types in STVQA-7K.

Scene Graph Adaptation. Since each question focuses on speci ¢ objects and relationships within

the broader scene, we derive question-aligned scene subgraphs that capture only the relevant spatial
context. For each question, we extract content words through tokenization and lemmatization to
obtain both singular and plural word forms. We then Iter the original scene graph to retain only object
nodes whose labels appear in the extracted question vocabulary. Relational triplets are preserved
when both the subject and object entities are retained and the predicate appears in the question
context. The resulting focused scene graph representations enable training the model to generate
guestion-aligned region-of-interest subgraphs, encouraging it to localize attention, ground reasoning
in relevant entities and relations, and ultimately learn where to focus within complex visual scenes.
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Figure 2: Examples of generated QA pairs across the nine spatial reasoning categories in STVQA-7K.
Each category highlights distinct reasoning skills, ranging from relative spatial relations and depth
ordering to distance, size, orientation, reach, location, count and existence.
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