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Abstract

Spatial reasoning is a critical capability for Vi-
sion–Language Models (VLMs), particularly when
deployed as Vision–Language–Action (VLA) agents in
real-world environments. However, existing benchmarks
predominantly focus on simple, single-hop spatial ques-
tions, falling short of capturing the multi-hop reasoning
and precise visual grounding required in practical scenar-
ios. To address this gap, we introduce MultihopSpatial, a
benchmark designed for multi-hop compositional spatial
reasoning with 1–3 hop questions across ego- and exo-
centric perspectives. Through extensive evaluation of 30
state-of-the-art VLMs, we demonstrate that compositional
spatial reasoning remains a significant challenge for
current VLMs.

1. Introduction
Recent interest in physical AI has accelerated the devel-
opment of embodied agents, particularly Vision-Language-
Action (VLA) models. These agents rely heavily on Vision-
Language Models (VLMs) for spatial reasoning in real-
world environments. However, current VLMs often lack
precise visual grounding, limiting their ability to support
accurate perception and action. In practice, agents must
perform multi-step spatial reasoning and accurately local-
ize target objects to complete tasks reliably. For example,
an instruction such as “Could you move the round cup on my
right—the one furthest away?” requires the agent to adopt
an ego-centric perspective, identify the relevant area(right),
filter objects by attributes(round), and compare spatial rela-
tions(furthest)—a process that closely resembles multi-hop
reasoning combined with precise bounding box prediction.
Ultimately, successful navigation and manipulation depend
on both correct reasoning and accurate visual grounding.

*Equal contribution

Figure 1. Example MultihopSpatial questions for 2-hop
(ego) and 3-hop (exo) reasoning. We omit the phrase “and
provide the bounding box coordinate of the
region related to your answer” for brevity.

VLM spatial reasoning benchmarks have rapidly evolved
from elementary relations [7, 9] to diverse dimensions, in-
cluding 3D properties [16], video [24], scale [23], real-
world complexity [22], fine-grained taxonomies [12], multi-
image contexts [26], and perspectives [15]. However,
these benchmarks predominantly rely on single-hop queries
without requiring explicit target localization. As a result,
they under-evaluate the compositional reasoning and visual
grounding essential for real-world embodied scenarios.

To bridge this gap, we introduce MultihopSpatial, a
comprehensive benchmark for evaluating multi-hop, com-
positional spatial reasoning paired with visual grounding. It
comprises 4,500 QA pairs spanning 1- to 3-hop complex-
ities across attribute, position, and relation conditions, en-
compassing both ego- and exo-centric perspectives to mir-
ror real-world interactions. Crucially, MultihopSpatial ad-
vances beyond standard multiple-choice evaluation by re-
quiring models to localize the target object via bounding
box prediction, thereby assessing whether a model truly



Figure 2. Comparison of existing benchmarks and MultihopSpatial benchmark. In the question text, colored spans denote the queried
reasoning components: Perspective, Attribute, Position, and Relation.

grounds its reasoning in the visual scene rather than arriving
at correct answers through superficial shortcuts. Through
extensive evaluation of 30 VLMs—including state-of-the-
art commercial, open-weight, and specialized spatial rea-
soning models—we reveal that compositional spatial rea-
soning remains a formidable challenge. For instance, even a
highly capable reasoning model such as GPT-5.2-Thinking
achieves only 45.8% accuracy on 3-hop questions, with per-
formance degrading substantially when grounding is taken
into account (Fig. 2). These findings underscore a major gap
between current VLM capabilities and the compositional
spatial understanding required for real-world applications.

2. MultihopSpatial

Data Source, Annotation and Verification. We curate
3,563 spatially complex images from COCO [14] and
PACO-Ego4D [20], ensuring diverse coverage of every-
day indoor/outdoor scenes and ego/exo perspectives. Upon
these images, we construct 4,500 multiple-choice questions
(MCQs), perfectly balanced across 1- to 3-hop reasoning
levels (1,500 per hop) and viewpoints (750 ego-centric and
750 exo-centric per hop).

To completely eliminate the reliability concerns and hal-
lucinations inherent in AI-generated data, all QA pairs and
bounding boxes were annotated by ten trained human ex-

perts. Each sample underwent a rigorous multi-stage ver-
ification process with three rounds of independent cross-
checking. Finally, three verifiers ensured that: (i) all option
entities exist in the image, (ii) the bounding-box annotation
precisely matches the referred target, and (iii) the labeled
answer is correct and uniquely supported by the question.
This protocol yields a high inter-annotator agreement (Krip-
pendorff’s α = 0.90), ensuring a high-quality and depend-
able benchmark for evaluating complex spatial reasoning.
Spatial Reasoning Categories. We define three spatial
reasoning categories: ATTRIBUTE (ATT), covering visual
properties; POSITION (POS), referring to spatial location
and orientation; and RELATION (REL), capturing spatial
relationships. Our benchmark composes them into multi-
hop questions (e.g., 2- and 3-hop) that require sequential
inferences. Higher hop counts introduce longer reason-
ing chains and greater difficulty, enabling fine-grained di-
agnosis across reasoning complexity levels. The distribu-
tion across hop counts and categories is summarized in the
upper-right panel of Fig. 2.
1-Hop. Single-step questions target a single spatial cate-
gory (POS or REL). We exclude ATT as a standalone cat-
egory, since attributes are mainly perceptual unless com-
bined with spatial metrics. Although prior work has ex-
plored 1-hop spatial reasoning [12, 15, 16, 22], we include
it as a controlled baseline for depth-wise comparison with



Table 1. Benchmark results across different hop counts and Ego/Exo perspectives. Blue cells indicate the best performance within
each model group.

Model Overall 3Hop-Ego 3Hop-Exo 2Hop-Ego 2Hop-Exo 1Hop-Ego 1Hop-Exo
Acc. Acc@50 avg. IoU Acc. Acc@50 Acc. Acc@50 Acc. Acc@50 Acc. Acc@50 Acc. Acc@50 Acc. Acc@50

Proprietary Models – Instant
Claude-Opus-4.5 [3] 45.1 3.2 13.3 25.7 2.0 48.5 3.6 33.7 2.0 58.1 4.8 43.2 3.5 61.1 3.1
Claude-Sonnet-4.5 [4] 20.9 0.5 4.2 6.4 0.4 18.5 0.9 12.3 0.0 34.7 1.6 13.5 0.0 40.0 0.1
GPT-5.2 [19] 19.3 2.0 11.8 5.3 0.7 18.0 4.9 10.8 0.1 30.4 5.9 8.1 0.0 43.3 0.4

Open-weight Models – Instant
Qwen3-VL-235B-Instruct [5] 41.3 34.8 71.1 14.8 12.3 42.9 37.6 21.9 18.5 58.5 52.7 30.7 23.5 79.2 64.4
Qwen3-VL-32B-Instruct [5] 40.9 33.4 69.6 13.9 9.7 43.9 36.4 21.9 17.2 59.2 53.1 30.4 22.3 76.4 61.6
Qwen3-VL-8B-Instruct [5] 38.0 31.3 69.5 12.3 8.8 42.1 36.1 18.8 15.2 55.3 49.1 26.7 20.8 72.8 58.0
InternVL-3.5-38B [21] 40.8 9.7 28.7 17.5 3.2 44.5 12.3 24.3 4.5 56.8 24.5 31.9 3.3 69.6 10.4
InternVL-3.5-14B [21] 39.7 7.9 26.2 17.1 2.5 44.5 10.1 22.0 2.8 56.1 14.4 30.4 3.3 68.0 14.0
Gemma-3-IT-27B [13] 33.1 0.4 5.4 18.1 0.1 30.8 0.5 22.0 0.1 45.7 1.1 28.1 0.3 53.9 0.3
Gemma-3-IT-12B [13] 29.8 0.4 5.9 16.9 0.3 31.6 0.5 22.1 0.4 40.8 0.5 22.9 0.1 44.5 0.5
GLM-4.6V [10] 43.2 35.2 69.5 15.9 12.3 46.7 39.3 22.7 18.4 61.6 53.2 32.4 24.3 80.1 63.7
Molmo2-8B [8] 41.8 0.3 8.8 15.9 0.3 44.4 0.4 21.6 0.3 60.4 0.1 32.4 0.4 76.4 0.3

Proprietary Models – Reasoning
Gemini-3-Pro [11] 64.7 40.6 55.0 39.7 18.8 71.1 45.3 36.8 20.5 81.2 55.5 71.1 41.1 88.4 62.3
GPT-5.2-Thinking [19] 57.9 11.5 29.0 36.1 8.5 55.7 10.4 49.7 7.6 63.6 18.0 65.6 12.5 76.4 11.7
Gemini-3-Flash [11] 57.2 40.2 61.2 6.9 4.3 61.2 46.9 42.3 25.3 80.0 63.7 66.0 38.9 86.8 62.1
Claude-Opus-4.5-Thinking [3] 47.0 4.7 16.7 25.5 3.5 49.7 4.7 35.2 3.1 60.0 8.8 45.1 5.2 66.5 2.9
Claude-Sonnet-4.5-Thinking [4] 32.2 4.3 19.2 14.7 1.9 29.9 3.6 22.1 2.3 45.7 8.1 31.3 3.9 49.3 6.1

Open-weight Models – Reasoning
Qwen3-VL-235B-Thinking [5] 45.1 36.3 67.8 17.6 12.7 51.2 42.3 24.8 19.3 67.6 58.7 31.2 22.8 78.1 61.9
Qwen3-VL-32B-Thinking [5] 46.8 37.4 67.2 19.2 12.9 57.5 47.1 24.3 18.1 70.1 60.0 30.4 23.1 79.6 63.2
Qwen3-VL-8B-Thinking [5] 41.7 29.5 60.1 18.5 9.2 47.9 36.4 21.3 11.9 63.3 51.6 28.5 16.5 70.5 51.2
InternVL-3.5-38B-Thinking [21] 42.1 27.4 57.0 19.5 10.9 43.3 32.5 24.7 15.3 56.8 39.2 34.8 20.7 73.6 45.9
InternVL-3.5-14B-Thinking [21] 38.2 11.1 34.7 14.1 4.7 42.8 13.6 21.1 5.6 55.3 20.5 27.6 6.4 68.0 15.9
GLM-4.6V-Thinking [10] 42.0 34.7 70.1 14.1 10.7 46.3 40.0 19.5 15.3 63.1 56.1 31.2 23.3 77.6 62.7

Specialized Spatial Reasoning Models
SenseNova-InternVL3-8B [6] 42.3 17.3 38.8 20.4 9.1 45.2 19.7 25.2 9.2 55.5 27.2 34.5 11.2 73.2 27.2
Cosmos-Reason2-8B [18] 37.8 27.9 61.4 15.2 10.5 40.7 31.9 19.5 13.5 54.5 43.5 26.5 17.1 70.1 51.1
VST-7B-RL [25] 36.0 0.0 1.5 16.7 0.0 34.1 0.1 23.9 0.0 48.1 0.0 24.5 0.0 68.8 0.0
SpaceQwen3-VL-2B [7] 33.6 10.1 31.5 18.5 4.0 32.5 9.9 22.8 4.0 47.2 22.9 26.1 4.4 54.3 15.2
SpaceOm [1] 32.3 0.3 2.6 15.3 0.5 37.9 0.1 19.6 0.1 47.9 0.4 20.5 0.3 52.8 0.4
SpatialReasoner [17] 31.7 8.7 29.9 18.0 6.8 34.0 10.3 19.6 4.3 46.0 13.7 21.3 5.7 51.5 11.2
SpaceThinker-3B [2] 31.1 4.0 16.6 15.9 2.9 36.3 3.7 19.2 2.9 44.5 6.5 20.8 3.3 50.0 4.3

multi-hop compositions.

2-Hop. Questions combining two categories (ATT+POS,
ATT+REL, or POS+REL). As shown in Fig. 1, they typically
follow a two-stage structure: (i) restricting the candidate set
using one category and (ii) identifying the target using the
other. We define this as “2-hop” because both constraints
must be satisfied, regardless of inference order.

3-Hop. Questions incorporating all three categories
(ATT+POS+REL) in a single query. An ATT cue narrows
candidates, after which the model reasons over POS and
REL to identify the target (e.g., selecting the rightmost ob-
ject that is farthest/closest). This structure ( Fig. 1) mirrors
how humans refer to objects in cluttered scenes, testing the
disambiguation needed for embodied task execution.

3. Experiments

3.1. Experiment Setup

We benchmark 30 VLMs on MultihopSpatial, spanning
five categories: (i) Proprietary instant models: Claude-
Opus-4.5, Claude-Sonnet-4.5, and GPT-5.2; (ii) Propri-

etary reasoning models: Gemini-3-Pro1&-Flash, GPT-5.2-
Thinking (xhigh), Claude-Opus-4.5-Thinking, and Claude-
Sonnet-4.5-Thinking; (iii) Open-weight instant mod-
els: Qwen3-VL-Instruct (8B,32B,235B-A22B), InternVL-
3.5 (14B,38B), GLM-4.6V, Gemma-3-IT (12B,27B),
and Molmo2-8B; (iv) Open-weight reasoning models:
thinking-mode variants of Qwen3-VL (32B,235B-A22B),
InternVL-3.5 (14B,38B), and GLM-4.6V. (v) Spatial
reasoning model: SenseNova-SI-1.3-InternVL3-8B [6],
Cosmos-Reason2-8B [18], VST-7B-RL [25], SpaceQwen3-
VL-2B [7], SpaceOm [1], SpatialReasoner [17], and
SpaceThinker2.5VL-3B [2]. All models are prompted with
the same template and required to provide both a multiple-
choice answer and a bounding box prediction.

3.2. Evaluation Metric
MCQ Accuracy. Measures the percentage of correct
multiple-choice predictions (ŷ = y∗). While standard, it
does not verify spatial localization.
Acc@50IoU. Our primary grounded metric requires correct

1Gemini-3-Pro&-Flash operate with thinking mode enabled by default. We there-
fore classify them as reasoning models.

https://ai.google.dev/gemini-api/docs/thinking
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Figure 3. Average Error Rates (↓,%) by tag combination across model categories. A, R, and P denote Attribute, Relation, and Position.

Figure 4. Average Performance by Hop Count. MCQ accu-
racy and Acc@50IoU across 1- to 3-hop queries for ego- and exo-
centric perspectives.

answer selection and precise localization. A prediction is
correct only if ŷ = y∗ and IoU(B̂, B∗) ≥ 0.5. This filters
out ungrounded predictions, ensuring genuine localization.

3.3. Main Results
Overall Performance Highlights. As shown in Tab. 1,
Gemini-3-Pro [11] achieves the highest MCQ accuracy and
Acc@50IoU, while Qwen3-VL-32B-Thinking [5] leads
among open-weight models. However, strong answer se-
lection does not necessarily correspond to accurate local-
ization, as evidenced by Qwen3-VL-235B [5] achieving the
highest Avg IoU. These results suggest that reasoning and
grounding remain imperfectly aligned in current VLMs.
Metric-dependent Rankings. This decoupling causes
rank reversals between metrics. Models like Claude-Opus-
4.5 [4] and Molmo2-8B [8] rank high in MCQ but plummet
in Acc@50IoU (e.g., Claude [4] drops from 7th to 29th),
indicating shortcut-based answers without genuine localiza-
tion. These shifts show MCQ alone is misleading, making
Acc@50IoU essential to verify true spatial understanding.
Benchmark Difficulty. With the best model peaking
at just 40.6% Acc@50IoU, MultihopSpatial remains far
from saturated. The difficulty peaks under 3-hop ego-
centric conditions, where only 3 of 37 models exceed
the 25% random MCQ baseline, and just 9 surpass 10%
Acc@50IoU. Strikingly, even advanced reasoning models

like GPT-5.2-Thinking [19] (8.5%) and Claude-Sonnet-4.5-
Thinking [4](1.9%) fail drastically here, confirming our
benchmark rigorously evaluates both compositional reason-
ing and spatial grounding capabilities of current VLMs.

3.4. Additional Analysis

Ego vs. Exo: Perspective-Taking as a Compounding
Bottleneck. As shown in Fig. 4, exo-centric queries con-
sistently outperform ego-centric ones across all hop counts
and metrics. In particular, ego-centric performance de-
grades more sharply with increasing hops, especially under
Acc@50IoU, where it drops to 5.8% at 3-Hop. These re-
sults suggest that ego-centric perspective-taking introduces
compounding errors across reasoning hops, making it a key
bottleneck for compositional spatial reasoning.
Error Analysis on Tag Compositions. As shown in Fig. 3,
reasoning models consistently outperform instant models,
yet multi-tag compositions remain a major bottleneck. In
particular, the POS-REL (P-R) setting yields much higher
error rates than single-tag cases, indicating the difficulty of
handling positional localization and relational comparison.
Even specialized spatial reasoning models still struggle on
these compositions, suggesting that compositional spatial
reasoning remains unresolved for current VLMs.

4. Conclusion
We introduce MultihopSpatial, a benchmark for evaluat-
ing multi-hop compositional spatial reasoning with visual
grounding in VLMs. Our benchmark requires models to
jointly perform compositional reasoning and precise target
localization via bounding box prediction. Through exten-
sive evaluation of 30 VLMs, we reveal that compositional
spatial reasoning remains a significant challenge for current
models. We hope our dataset will catalyze future research
on advancing spatial intelligence in VLMs.
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