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ABSTRACT

Humans can look at a static scene and instantly predict what happens next — will

moving this object cause a collision? We call this ability Causal Spatial Reasoning.
However, current multimodal large language models (MLLMs) cannot do this,
as they remain largely restricted to static spatial perception, struggling to answer
“what-if” questions in a 3D scene. We introduce CausalSpatial, a diagnostic
benchmark evaluating whether models can anticipate consequences of object mo-
tions across four tasks: Collision, Compatibility, Occlusion, and Trajectory. Results
expose a severe gap: humans score 84% while GPT-5 achieves only 54%. Why do
MLLMs fail? Our analysis uncovers a fundamental deficiency: models over-rely
on textual chain-of-thought reasoning that drifts from visual evidence, producing
fluent but spatially ungrounded hallucinations. To address this, we propose the
CAUSAL OBJECT WORLD MODEL (COW), a framework that externalizes the
simulation process by generating videos of hypothetical dynamics. With explicit
visual cues of causality, COW enables models to ground their reasoning in physical
reality rather than linguistic priors. Code and dataset will be publicly available.

1 INTRODUCTION

Humans can naturally perceive their surroundings and form a mental 3D model of the world. This
mental model enables us to simulate possible physical interactions between objects. For example, as
shown in Figure 1, in a static scene where a car faces a metal vase, we can use spatial cues such as
orientation to predict a potential collision if the car moves forward. We refer to the task of grounding
causal inference in spatial reasoning as Causal Spatial Reasoning.

This task requires three progressive spatial reasoning capabilities. As illustrated in Figure 1, the
process begins with 2D image understanding and 3D static spatial reasoning. In these paradigms,
models are tasked with recognizing objects and estimating spatial cues, such as camera perspective,
orientation, and distance. While these capabilities form the foundation for further reasoning, they are
inherently static—answering only “what/where is something” but failing to address “what will happen
if...”, which is critical for understanding the physical world. To reason about causality, models must
advance to 4D causal spatial reasoning, a comprehensive and dynamic paradigm that integrates spatial
understanding with temporal prediction. Rather than analyzing spatial cues in isolation, models must
synthesize this information to form coherent mental simulations. This requires first extracting 3D
spatial relationships from static images, then simulating hypothetical or counterfactual interactions
with temporal consistency (e.g., “The car will collide with the vase if it moves forward.”).

While humans perform causal spatial reasoning effortlessly, whether MLLMs possess this capability
remains largely underexplored. Current evaluation frameworks (as listed in Table 1) are limited to 2D

and 3D static reasoning or overlook object interactions, failing to assess whether models can reason
about how objects dynamically affect each other in the given spatial contexts.

To fill this gap, we propose CausalSpatial, a synthetic benchmark designed to diagnose causal
spatial reasoning capabilities from an object-centric perspective. Each evaluation item consists of an
image showing multiple objects in a scene, paired with a hypothetical object-level motion context
(e.g., If the car moves forward, a collision may occur.). This setup requires the model to move beyond
static recognition of the given static image, and simulate the future object interaction outcomes
according to the motion context. To provide a comprehensive diagnosis, we define four distinct forms
of causal anticipation under different spatial configurations: Collision, Occlusion, Compatibility,

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2026

and Trajectory. As the first diagnostic benchmark of its kind, CausalSpatial provides the necessary
testbed for advancing models toward more robust and causally grounded spatial understanding.

Does moving the car 
forward cause any 
collision risk? 

In the car’s view, both vases 
are in front of the car. 

No, there is nothing 
blocking the way

4D Causal Spatial Reasoning

Hallucination

There is nothing blocking the 
way; thus, there is no risk.

3D Static Spatial Reasoning

A red toy car 
A gray, ceramic vase 
A potted plant

2D Image Understanding

Figure 1: Causal spatial reasoning task. The task
requires models to progress from 2D image under-
standing to 3D spatial perception and ultimately to
causal spatial reasoning, predicting how actions af-
fect future spatial configurations. Current MLLMs
fail at this complex task due to hallucinations.

Extensive experiments on CausalSpatial ex-
pose a critical disparity between state-of-the-art
MLLMs and human capabilities. Our analy-
sis attributes this failure to a fundamental defi-
ciency: with recent improvements in reasoning
capability, MLLMs typically over-rely on a tex-
tual Chain-of-Thought (CoT) to infer dynamics
and reason about causality. However, such tex-
tual CoT struggles to maintain consistent align-
ment with the original visual input, resulting
in inaccurate spatial information during reason-
ing. Consequently, subsequent textual causal
reasoning often includes spatial illusion, mak-
ing models to generate seemingly plausible yet
spatially ungrounded predictions.

To address the failure of text-based causal rea-
soning in maintaining spatial grounding, we
propose leveraging world models to provide ex-
plicit causality hints with consistent 4D trajec-
tory control. We propose CAUSAL OBJECT

WORLD MODEL (COW), an object-centric
world model that externalizes the simulation
process by rendering hypothetical object dynam-
ics into video. Unlike textual reasoning, which
drifts from reality, COW generates realistic fu-
ture frames based on extracted 4D trajectories.
This explicit visual evidence effectively com-
pensates for the models’ inability to perform
internal physical simulation, enabling grounded
causal inference and demonstrating significant
promise in complex spatial reasoning tasks.

In summary, our contribution is three-fold:

• We introduce CausalSpatial, the first object-centric causal spatial reasoning benchmark. It pro-
vides a comprehensive and diagnostic testbed for causal spatial reasoning.

• We conduct extensive experiments on CausalSpatial across a diverse set of MLLMs, revealing a
significant performance gap between machines and humans. Our analysis indicates that models
hallucinate in textual CoT, struggling to conduct consistent causal reasoning anchored to actual 3D
configurations.

• We propose CAUSAL OBJECT WORLD MODEL, an object-centric video generation framework
that maintains 3D consistency by fusing spatial cues and simulates cause–and–effect dynamics via
rendering videos, paving the way for leveraging WMs in advanced causal spatial reasoning.

2 CAUSALSPATIAL BENCHMARK

In this section, we formally present CausalSpatial, a diagnostic benchmark designed to assess the
capability of MLLMs in grounding causal inference within 3D spatial environments. We begin by
formulating the question of causal spatial reasoning (Section 2.1), followed by a detailed taxonomy of
the four proposed subtasks (Section 2.2). We then introduce the data collection pipeline (Section 2.3)
and conclude with a comprehensive evaluation of current state-of-the-art models (Section 3).

2.1 BENCHMARK DESIGN

The design of CausalSpatial aims to provide a diagnostic assessment of MLLMs’ causal spatial
reasoning capabilities. We simplify the analysis by focusing on scenarios where one object moves
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Figure 2: CausalSpatial tasks. CausalSpatial encompasses four causal reasoning tasks that
require models to anticipate physical outcomes in 3D scenes: Collision, Occlusion, Trajectory, and
Compatibility. The number of evaluation entries for each task is listed in the middle. Each task is
designed with two difficulty levels, denoted as “L1/L2”. All scenes are rendered in Blender to provide
realistic 3D environments for physics-grounded evaluation.

hypothetically, and examine how this motion might subsequently affect other objects in the scene.
We formalize each scenario as a state-transition problem: given an initial scene configuration, the
model must predict the outcome when a specific object undergoes motion. Each query explicitly
identifies the moving object to ensure the model performs object-grounded spatial reasoning rather
than superficial pattern matching.

Benchmark Evaluation Design
2D 3D TD CP OM RL

CLEVR-Count Johnson et al. (2017b)
CLEVR Johnson et al. (2017a) ✁
VQA Goyal et al. (2017) ✁ ✁
GQA Hudson & Manning (2019a) ✁ ✁
CV-Bench Tong et al. (2024a) ✁ ✁ ✁
SAT Ray et al. (2024) ✁ ✁ ✁ ✁
STI-Bench Li et al. (2025) ✁ ✁ ✁ ✁
Spatial457 Wang et al. (2025c) ✁ ✁ ✁
CausalVQA Foss et al. (2025) ✁ ✁ ✁ ✁
VSTI-Bench Fan et al. (2025) ✁ ✁ ✁ ✁
WM-Bench Gao et al. (2025) ✁ ✁ ✁
VSI-Super Yang et al. (2025) ✁ ✁ ✁ ✁

CausalSpatial ✁ ✁ ✁ ✁ ✁ ✁

Table 1: Comparison of benchmarks. 2D Per-
ception (2D), 3D Static Relation (3D), Temporal
Dynamics (TD), Causal Prediction (CP), Object
Manipulation (OM), and Realistic (RL).

Causality formulation. Each query in
CausalSpatial consists of an image I0 captur-
ing a 3D scene at initial state S0 and a tex-
tual motion context T describing a hypothetical
causal intervention. The model is tasked with
predicting the resulting future spatial state Sfuture
after this motion is applied. Unlike traditional
VQA, which queries existing static attributes in
an image, this task demands reasoning about
cause-and-effect relationships: understanding
how the described motion (cause) transforms
the initial spatial configuration (precondition)
into a new spatial arrangement (effect), purely
from initial visual and textual inputs and inter-
nalized physical world knowledge.

Object-level design. A key feature of
CausalSpatial is the object-level nature. In
CausalSpatial, each motion context focuses on
a specific target object and its potential inter-
action with the surrounding environment. This
setup decouples complex scene dynamics into manageable interaction units, requiring the model
to: (1) perceive the precise 3D spatial attributes of objects in the image (e.g., position, orientation,
geometry); (2) perform a mental simulation of the hypothetical motion m; and (3) reason about the
causal consequences (e.g., collision, occlusion) resulting from the interaction between the target and
other objects.

Improved realism. Unlike previous benchmarks Wang et al. (2025c); Johnson et al. (2017a); Li et al.
(2023), which focus on simple objects and synthetic scenes, our benchmark is built on realistic scene
settings with diverse object assets and lighting conditions. Notably, CausalSpatial includes a real-
world subset from manual curation to evaluate model performance on authentic images captured in
uncontrolled environments, providing a more challenging testbed specifically designed for real-world
causal spatial reasoning.
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2.2 TAXONOMY

To systematically evaluate the causal spatial reasoning capability, as shown in Figure 2, we design
four types of hypothetical anticipation tasks. Each task reflects a distinct ability.

Collision anticipation evaluates the capability to reason about object arrangement and conflicts. In
this task, models must predict: (1) whether a collision would occur if a target object moves forward,
and (2) whether the collision outcome would change if another specific object were removed from
the scene. Successfully addressing this task demands precise recognition of the spatial attributes of
the target object (e.g., orientation, size), and the spatial relationship among different objects (e.g.,
distance, relative position).

Occlusion anticipation evaluates the capability to reason about how object repositioning alters

the visible scene structure. In this task, objects are arranged in a 3D scene with complex depth
relationships. Models must predict how moving a target object affects the visibility of other objects.
Success requires understanding the camera perspective, analyzing spatial occlusion relationships
between objects, and predicting how spatial adjustments affect visibility.

Trajectory anticipation evaluates the ability to predict object motion under physical principles and

causal constraints. In this task, target objects move according to basic physical laws such as gravity,
bouncing, and momentum transfer. Models must predict how objects interact with the environment or
other objects (e.g., whether a moving billiard ball will collide with others and where it will travel).

Compatibility anticipation evaluates the capability to reason about geometric containment and

spatial constraints. In this task, models are given a hypothetical placement (e.g., “If I want to put
an apple into the bowl...”), and are required to assess containment feasibility. Specifically, models
must determine whether issues such as overflow, spatial overlap, geometric penetration, or physical
instability would occur. Success requires fine-grained understanding of object geometry, including
size, shape, and volume relationships.

Two levels of difficulty. For each category, we define two difficulty levels: (L1) One-to-one
reasoning, which focuses on reasoning about interactions between a single pair of objects, and
(L2) One-to-multiple reasoning, which requires comprehending how a target object simultaneously
relates to multiple others within the scene. This hierarchical formulation enables systematic evaluation
of both basic pairwise reasoning and the model’s ability to generalize towards more complex,
compositional multi-object interactions.

2.3 DATA COLLECTION AND ANNOTATION

To comprehensively evaluate the causal spatial reasoning capabilities of MLLMs, we construct
CausalSpatial using publicly available realistic 3D scenes and assets. Specifically, we curate a
diverse collection of 3D object assets spanning over 50 object categories. To ensure visual realism
and diversity, we manually refine the texture of each object asset. Each scene is accompanied by
thorough annotations, including RGB images, depth maps, and oriented bounding boxes, which
enable accurate question generation.

For each scene, we design multiple action prompts that specify hypothetical or counterfactual object
motions. These motion events are physically simulated and rendered using Blender’s physics engine,
ensuring all outcomes adhere to real-world dynamics and physical plausibility. Each evaluation
instance undergoes rigorous human verification to ensure causal correctness and quality. Full
construction details are provided in the Appendix D.

3 BENCHMARK EVALUATION

In this section, we detail the experiment setup in Section 3.1 and then report quantitative results and
key observations on CausalSpatial in Section 3.2 and Section 3.3. We discuss failure cases and
possible improvement directions in Section 3.4. Our analysis highlights the substantial gap between
current MLLMs and human intelligence.
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Model Level 1 Level 2 Avg. RankCol. Com. Occ. Traj. Avg. Col. Com. Occ. Traj. Avg.
Spatial Reasoning MLLMs
Spatial-VLMChen et al. (2024) 20.98 47.62 48.15 46.88 36.24 (3.83) 15.75 41.67 24.07 37.96 28.25 (7.17) 33.50 15
Spatial-MLLMWu et al. (2025a) 41.96 55.56 48.15 54.17 47.93 (1.91) 24.41 44.44 12.96 24.82 24.56 (0.72) 40.00 12

Open-source MLLMs
LLaVAOneVision1.5-8B-I. Li et al. (2024) 43.01 42.86 38.52 29.17 38.17 (15.91) 15.38 41.67 20.37 38.69 27.84 (23.30) 34.62 14
Qwen2.5-VL-7B-I.Team (2025c) 41.75 42.86 42.22 44.27 42.66 (2.21) 30.40 41.67 24.07 38.69 33.79 (5.73) 39.61 13
Qwen3-VL-2B-I.Team (2025c) 47.43 47.62 49.63 43.23 46.69 (0.88) 19.35 38.89 22.22 37.96 28.98 (1.79) 40.60 11
Qwen3-VL-4B-I.Team (2025c) 47.55 50.79 48.15 44.79 47.19 (6.92) 24.41 44.44 16.67 62.77 40.11 (10.39) 44.76 8
Qwen3-VL-8B-I.Team (2025c) 41.40 66.67 51.11 47.92 47.55 (2.95) 22.76 36.11 29.63 50.36 35.85 (7.89) 43.53 9
Qwen3-VL-8B-T.Team (2025c) 42.74 63.49 48.15 55.73 49.43 (1.03) 23.75 44.44 22.22 34.31 29.71 (1.79) 42.65 10
Qwen3-VL-30B-A3B-I.Team (2025c) 47.02 55.56 48.15 47.40 48.15 (1.47) 30.16 52.78 31.48 52.55 41.32 (1.08) 45.80 6
Qwen3-VL-30B-A3B-T.Team (2025c) 52.99 58.73 51.11 54.17 53.49 (0.00) 35.09 63.89 46.30 48.18 44.79 (0.36) 50.50 3

Closed-source MLLMs

GPT5OpenAI (2025a) 49.65 61.90 59.26 54.17 54.00 (1.47) 40.94 50.00 62.96 64.96 54.52 (1.08) 54.17 1
GPT5-miniOpenAI (2025a) 37.76 42.86 48.15 44.79 42.31 (6.19) 35.43 47.22 50.00 67.88 51.41 (3.94) 45.44 7
Gemini2.5 ProTeam (2025b) 43.62 63.49 60.00 53.12 51.44 (0.00) 30.65 52.78 48.15 64.96 48.85 (0.36) 50.55 2
Gemini2.5 FlashTeam (2025a) 46.21 50.79 48.89 56.25 50.02 (0.15) 42.31 58.33 25.93 55.47 46.53 (1.79) 48.82 4
Sonnet 3.7Anthropic (2025) 55.00 49.21 45.56 46.35 50.12 (5.04) 29.41 48.61 34.26 60.58 44.16 (17.29) 48.07 5

Human 86.84 80.00 92.50 82.50 85.44 78.57 97.22 97.50 62.50 83.54 84.49 -
Random 23.61 31.75 32.35 38.54 30.34 8.54 33.33 20.37 32.14 24.50 28.6 -

Table 2: The performance of MLLMs on CausalSpatial. Col. denotes Collision anticipation. Com.

denotes Compatibility anticipation. Occ. denotes Occlusion anticipation. Traj. denotes Trajectory
anticipation. Avg. denotes Average scores. Best & Second best . The gray figures denote the Not
Sure Rate (NSR) defined in §3.1. A clear performance gap between humans and MLLMs.

3.1 EVALUATION SETUP

Evaluated MLLMs. Our evaluation spans a diverse set of state-of-the-art MLLMs, including spatial-
experts (Spatial-VLMChen et al. (2024) and Spatial-MLLMWu et al. (2025a)), as well as strongest
general MLLMs, including Qwen3-VL seriesTeam (2025c); Bai et al. (2025)), GPT-5 seriesOpenAI
(2025a), Gemini 2.5 seriesTeam (2025a), and ClaudeAnthropic (2025). Additionally, we recruited
three independent human evaluators to complete the CausalSpatial benchmark. We also report
random guessing scores to contextualize the difficulty of CausalSpatial.

Metrics. Standard binary evaluation paradigms often incentivize hallucinations by rewarding forced
guessing over acknowledging uncertainty OpenAI (2025c). In spatial reasoning, there exists an
inherent ambiguity in complex spatial dynamics, triggering the hallucination of MLLMs. To mitigate
this bias, we adopt two complementary metrics: (1) True Positive Rate (TPR), which measures
the proportion of correctly answered questions among all samples, reflecting the model’s grounded
reasoning accuracy; and (2) Not Sure Rate (NSR), which quantifies the proportion of responses
where the model chooses “Not Sure” option. This dual-metric setup allows us to decouple confident
errors from epistemic uncertainty, providing a clearer view of the model’s behavioral calibration.

Evaluation details. We prompt the models to reason over the question and put their answer in the
{“Reasoning”:..., “Answer”:...} JSON format. The maximum output length is 8192 tokens to ensure
completing reasoning traces. Each question is repeated five times to reduce randomness. More details
are presented in Appendix E.

3.2 RESULT ANALYSIS

Main results. The results demonstrate a critical disparity between MLLMs and humans. As detailed
in Table 2, humans maintain high accuracy across Level 1 (85.44%) and Level 2 (83.54%). However,
MLLMs struggle to bridge this gap. Even the state-of-the-art GPT5 only achieves 54.17%, indicating
causal spatial reasoning remains a significant challenge for current models.

In the open-source landscape, the Qwen3-VL series demonstrates superior efficiency. Qwen3-VL-
30B-A3B-T shows the best performance (53.49% on Level 1 and 50.50% on Level 2), narrowing the
gap with closed-source MLLMs. The compact Qwen3-VL-2B-I notably outperforms significantly
larger models from other families, such as Qwen2.5-VL-7B (39.61%) and LLaVA-OneVision-8B
(34.62%). Furthermore, specialized spatial reasoning MLLMs generally underperform compared to
general-purpose MLLMs, highlighting the unique difficulty of our causal spatial tasks.

Different model sizes. As detailed in Figure 4, we observe limited returns from model scaling within
the Qwen3-VL series. The instruction-tuned variants exhibit performance plateaus, with the 4B,
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Qwen3-VL-30B-A3B-Instruct
Reasoning: The wooden calendar is (✔ spatial 
perception) located inside the cabinet, on a 
lower shelf. The car is positioned on the floor 
near the cabinet, …, its movement is (❌ 
inaccurate indication) constrained by the floor 
and the cabinet's structure. (❌wrong 
causality) Therefore, there is no indication 
that the car’s movement would interfere with 
accessing the calendar. Therefore, it is 
possible to remove the calendar without being 
blocked by the car.”
Answer: (A) Yes
With a later frame as input:
The toy car is (✔ static perception) positioned 
immediately in front of the blocks, leaving no 
forward clearance for the blocks to be slid 
outward. (✔ correct causality) Because the 
blocks cannot move past the car and the 
cabinet sides restrict lateral movement, there 
is no unobstructed path for removal.
Answer: (B) No

Question:
If the car moves backward, can the 
wooden calendar be removed from 
the cabinet without being blocked by 
the car?
Answer by (A) Yes, (B) No or (C) Not sure.

Question:
If the banana falls freely from its 
current position, can it fit into the 
wooden box? 'Fit into' means it 
doesn't exceed the horizontal plane of 
the wooden box's opening.
Answer by (A) Yes, (B) No or (C) Not sure.

Gemini2.5-Pro
Reasoning: By visually comparing 
the length of the banana to the depth 
of the wooden box, (❌  wrong 
indication) the banana is noticeably 
longer than the box is deep. (❌ 
wrong causality) Therefore, when 
the banana falls and lands inside, its 
length will prevent it from fitting 
entirely below the plane of the 
opening; part of it will stick out 
above the rim.”
Answer: (B) No
With a later frame as input:
The entire banana is (✔spatial 
perception) well below the top rim 
(the horizontal plane of the wooden 
box's opening).  (✔ correct causality) 
Therefore, it fits into the box 
according to the given definition of 
‘fit into’.
Answer: (A) Yes
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Figure 3: Why do SoTA MLLMs fail in CausalSpatial? These examples illustrate how MLLMs
often produce lengthy and seemingly coherent explanations while failing to ground their reasoning
in the visual evidence. In the car–cabinet scenario (Left), the model ignores the visible placement
of the toy car directly blocking the wooden calendar and instead follows a generic linguistic pattern
about object removal. In the banana–box example (Right), the model asserts that the banana exceeds
the box depth—an inference inconsistent with the image. Across such failure modes, the reasoning
chains are verbose but inaccurate, revealing that current MLLMs fail to simulate the motion process
by solely relying on the textual reasoning.

Model TPR NSR
Qwen3-VL-2B-Instruct 57.76 3.45
Qwen3-VL-4B-Instruct 48.28 20.69
Qwen3-VL-8B-Instruct 56.90 5.17
Qwen3-VL-8B-Thinking 62.07 7.76
Qwen3-VL-30B-A3B-Instruct 63.79 2.59
Qwen3-VL-30B-A3B-Thinking 68.10 0.00

Human 93.10 -

Table 3: Model performance on real-world
subset. TPR (True Positive Rate), NSR (Not
Sure Rate). The results show a significant gap
between MLLMs and humans.

Figure 4: Statistics for model results. Larger
models exhibit significantly lower NSR.

8B, and 30B-A3B models achieving similar scores of 44.76%, 43.53%, and 45.80%, respectively.
This saturation reveals that model size scaling, though effective for general tasks, does not directly
translate to improvements in causal spatial reasoning.

At the same time, we observe a decoupling between model confidence and accuracy performance.
Larger models become increasingly decisive, often unwarranted. As shown in Figure 4, scaling
model parameters dramatically reduces uncertainty. The Not Sure Rate (NSR) falls from 18.77% on
Qwen3-4B-I to nearly zero (0.10%) on Qwen3-30B-A3B-T. This trend is further exacerbated by the
thinking mode, where the NSR drops even more aggressively (e.g., from 10.57% (I) to 2.37% (T)
on Qwen3-8B, from 2.84% (I) to 0.10% (T) on Qwen3-30B-A3B). However, this decisiveness is
deceptive. The sharp decrease in uncertainty is not accompanied by a corresponding leap in accuracy.

3.3 EXTENSION TO REAL-WORLD SUBSET

To validate generalization beyond synthetic data, we conduct evaluation on a manually curated
real-world subset. Results in Section 3.2 reveal that the challenges identified in controlled settings
transfer to authentic, noisy environments. While humans maintain strong performance at 93.10%
TPR, confirming that CausalSpatial tasks remain well-defined and solvable in real scenarios, the
leading model Qwen3-30B-A3B-Thinking falls short by 25%. This substantial gap highlights the
persistent difficulty MLLMs encounter when performing causal reasoning in real-world scenes.
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Figure 5: (Above) COW pipeline overview: COW is a 4D trajectory-controlled video generation
method that enhances spatial reasoning by explicitly rendering object dynamics through object-centric
video generation. (Below) Case demonstration: COW produces physically and visually plausible
simulation videos that offer clear visual cues for improved causal spatial inference.

We observe a correlation between model capability and confidence. Qwen3-VL-4B-I exhibits the
highest uncertainty with a Not Sure Rate of 20.69%. However, as capabilities scale, models become
increasingly decisive. The SOTA model, Qwen3-VL-30B-A3B-T, drops to 0, indicating that advanced
models can form definite conclusions even in complex real-world settings, although their reasoning
accuracy still requires improvement to match human levels.

3.4 FAILURE ANALYSIS & IMPROVE DIRECTIONS

Despite the challenging nature of causal spatial reasoning revealed by our benchmark, understanding
why current MLLMs fail and how to address these failures provides valuable insights for future
progress. We conduct a detailed failure analysis and discuss promising directions for improvement.

Why do SoTA MLLMs fail in CausalSpatial? Figure 3 illustrates representative failure cases from
Qwen3-VL-30B-A3B-Instruct Team (2025c) and Gemini2.5-Pro Team (2025b). Initially, MLLMs
generally succeed at identifying static object positions and spatial relationships. However, a critical
disconnect occurs during the subsequent reasoning phase. These visual cues are either diluted or
misinterpreted as the textual chain progresses. In the car–cabinet example, the model produces a
coherent explanation but does not consider the car’s visible position in front of the wooden calendar,
resulting in an incorrect answer. In the banana–box example, the model concludes that the banana is
longer than the depth of the box, which is not supported by the image.

Consistent with prior studies Chen et al. (2025); OpenAI (2025c), we observe that MLLMs prefer to
reason based on linguistic priors rather than grounding their logic in the image. Consequently, when
conducting causal spatial reasoning, models tend to drift toward generic textual CoT, which includes
remarkable hallucinations, neglecting the specific geometric constraints present in the visual input.

This analysis reveals that: MLLMs fail to ground their reasoning in the geometry evidence, drifting

toward linguistically plausible but spatially inaccurate explanations with inaccurate prediction.

How to anchor reasoning in 3D constraints? World Models (WMs) offer a promising solution,
as they are fundamentally designed to capture causal outcomes and temporally consistent dynamics
given hypothetical actions. However, existing world models Lu et al. (2025); Wan et al. (2025) are
limited to scene exploration, primarily generating static environments with moving viewpoints, and
thus overlook object-level spatial consistency critical for causal reasoning. Accordingly, we argue
that a world model maintaining strict object-level spatial consistency can serve as a reliable visual
grounding mechanism, enabling MLLMs to perform accurate causal spatial reasoning.
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4 COW: CAUSAL OBJECT WORLD MODEL

Based on the above discussions, we propose CAUSAL OBJECT WORLD MODEL, a framework
designed for fine-grained control over 4D object trajectories. The pipeline design is described in
Section 4.1. We evaluate the effectiveness on CausalSpatial and discuss the future direction in
Section 4.2. Further details are available in Appendix G.

4.1 COW PIPELINE

The queries from CausalSpatial consist of an image representing the initial state and a motion
context implying an intervention. COW processes this information, externalizes causality modeling
by trajectory simulation and trajectory-conditioned video generation, providing rich visual cues for
MLLM reasoning. The pipeline includes three key steps.

4D trajectory simulation. We extend the spatial state into a 4D representation using a 6-dimensional
vector Obji = {x, y, z, vx, vy, vz}. The initial position {(x, y, z} (predict the bounding box) and
ωv = {vx, vy, vz} (predict the object orientation or direction indicator in images) are estimated via
prompting MLLMs. We then construct the synthetic trajectory ε by iteratively updating the object’s
position, modulated by external physical factors, such as gravity.

Controllable video generation. We employ ATI Wang et al. (2025a) as the world model to render
physically consistent dynamics. The predicted trajectories εi and motion descriptions mi serve as
control signals to condition a diffusion-based generator, synthesizing coherent frames: Flater =
Wω(Finit|ε ti , di). This design uses rich priors of large-scale video models, effectively bridging
physical modeling with data-driven imagination for realistic simulation.

Assist MLLMs in reasoning. We integrate COW with an MLLM to enable temporally grounded
reasoning. The MLLM jointly interprets the simulated video and the text query to generate informed
answers, effectively moving beyond static perception to support motion process prediction.

4.2 EVALUATION WITH COW

Experiment setup. We test the representative model, Qwen3-VL-30B-A3B-Instruct, to evaluate
the effectiveness of COW. Our evaluation also includes a subset of Spatial 457Wang et al. (2025c)
that is associated with causal spatial reasoning. We use three initial frames from generated videos as
additional visual cues for subsequent reasoning. All images are resized to 512 pixels. Experiments
are repeated three times to ensure robustness.

External 
Benchmark

Figure 6: Quantative results of COW. The vi-
sual simulation leads to performance gains in
CausalSpatial, highlighting the potential of ex-
plicit vision simulation. The improvement on
an external benchmark (Spatial457 Wang et al.
(2025c)) further validates the effectiveness and gen-
eralization ability.

Main results. Figure 6 demonstrates a consis-
tent performance boost on CausalSpatial. In-
troducing merely three frames from the gener-
ated video yields a notable accuracy improve-
ment, 2.40% on Collision and 2.20% on Trajec-
tory. Crucially, COW only provides a limited
number of simulated frames to MLLMs, which
can already improve the model’s performance in
spatial reasoning without requiring extra train-
ing or datasets.

However, there is a slight decrease in the Occlu-
sion task. A possible reason lies in the continu-
ous nature of the Occlusion task (e.g., the target
object may be occluded during the initial stages,
yet eventually revealed in later frames.) Since
the first few video frames only simulate the im-
mediate future, they provide limited visual cues
for subsequent reasoning required by MLLMs.

For Spatial457 Wang et al. (2025c), which is an
external benchmark for evaluation, introducing simulated frames from COW leads to an accuracy
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improvement of 4.11%. This improvement confirms that COW is effective and generalizable under
various data distributions.

Overall, the results demonstrate that COW provides a robust visual grounding mechanism that helps
models move beyond linguistic priors and ground their reasoning in actual 3D constraints of a scene.

4.3 DISCUSSION

As illustrated in Figure 3, the additional simulated images play a pivotal role in anchoring the initial
state implied by the question image, thus facilitating reasoning about the subsequent dynamics.
In the car-cabinet example, the model correctly interprets the spatial arrangement, identifying the
visible blocking between the car and the wooden cabinet. Similarly, in the banana-box example,
COW successfully simulates the future state where the banana lies in the box, enabling the model
to accurately assess their size relationship and avoid the previous erroneous conclusion about depth
incompatibility. These cases demonstrate a clear pattern: when equipped with simulated future
states, the model effectively suppresses hallucinations by grounding its reasoning in accurate visual
dynamics rather than unreliable linguistic priors. This visual grounding mechanism proves crucial for
maintaining reasoning accuracy.

Consequently, the quality and physical plausibility of generated videos are critical to reasoning
accuracy. COW maintains precise geometric consistency by grounding video generation in explicit
object trajectories, ensuring that simulated dynamics remain spatially coherent throughout the
temporal sequence. However, how to guarantee this consistency in additional geometric attributes
such as volume, shape deformation, and inter-object collision dynamics remains a challenging open
question for future exploration.

5 RELATED WORK

Causal Spatial Reasoning. Existing benchmarks largely focus on static 3D relations Johnson et al.
(2017c); Li et al. (2023); Hudson & Manning (2019b); Tong et al. (2024b); Liu et al. (2023); Ma et al.
(2025) or passive motion tracking Li et al. (2025); Zhou et al. (2025b;a); Parmar et al. (2025); Lin
et al. (2025), often relying on unrealistic scenes Wang et al. (2025c); Qi et al. (2025); Liu et al. (2025);
Wu et al. (2025b). However, true spatial intelligence demands causal reasoning, predicting “what
will happen” rather than merely observing the state. To this end, we propose CausalSpatial. Unlike
prior descriptive tasks, CausalSpatial emphasizes causal prediction from object-level manipulations,
requiring MLLMs to simulate physical dynamics.

Video Generation & World Models. While world models demonstrate strong simulation capa-
bilities in robotics and driving Ha & Schmidhuber (2018); Wan et al. (2025); Wang et al. (2025a);
Cui et al. (2025); OpenAI (2025b); Deepmind (2025), they predominantly prioritize global dynam-
ics Alonso et al. (2024); Yu et al. (2025b) or ego-motion Du et al. (2023); Ko et al. (2023); Yang
et al. (2023), lacking fine-grained object controllability. Current object-centric approaches Wu et al.
(2023b); Locatello et al. (2020); Didolkar et al. (2025) are typically limited to synthetic settings.
We introduce CAUSAL OBJECT WORLD MODEL (COW), an object-centric pipeline enabling
trajectory-controlled motion generation to support precise causal reasoning.

6 CONCLUSION

In this paper, we define a higher-level spatial reasoning paradigm, Causal Spatial Reasoning, a
significant step to bridge the virtual reasoning and the physical world. To better investigate this
question, we present CausalSpatial, the first-of-this-kind benchmark designed to evaluate causal
spatial reasoning capabilities. Extensive experiments reveal that current models struggle to form
coherent mental simulations for advanced reasoning. To address this, we introduced COW, a
world-model-based framework that generates controllable object-level motion simulation to support
temporally grounded reasoning. The experimental improvements highlight the potential of explicit
causal imaginations, pointing the direction for future exploration.
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