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Abstract

Accurate and robust spatial understanding is crucial for the
control and safety of embodied Al and robotic systems. Yet
current evaluation practices remain fragmented, where dif-
ferent tasks adopt distinct benchmarks and datasets. This
impedes a comprehensive evaluation of spatial understand-
ing models from a holistic scene-understanding perspective
and limits fine-grained analysis of their performance under
challenging out-of-distribution conditions. In this work we
present Unreal3DSpace, a unified and controllable frame-
work for comprehensive evaluation of spatial understand-
ing. Our Unreal3DSpace features controllable and proce-
dural generation of diverse and high-fidelity 3D scenes and
the availability of comprehensive 2D and 3D ground-truth
annotations. This enables the evaluation of a wide range
of spatial understanding models within a single, consistent
framework and allows systematic studies of model robust-
ness under varying degrees of scene- and object-level dis-
tribution shifts. Moreover, the comprehensive 3D ground
truths also support analysis of the inference trajectories of
spatial reasoning models, allowing us to pinpoint the under-
lying factors that lead to failure cases. Experimental results
on our Unreal3DSpace highlight key limitations of current
spatial understanding models, particularly in handling dis-
tant objects, partial occlusion, and questions with multi-
ple seemingly plausible answers. We further introduce an
agentic model that integrates multiple spatial understand-
ing modules to infer spatial relationships, which pinpoints
the primary bottlenecks contributing to errors in final pre-
dictions. Overall, evaluation results on our Unreal3DSpace
provide valuable insights into the weaknesses of existing
spatial understanding models and inform directions for fu-
ture research in this area. Our code and data is available
from our project page.

1. Introduction

Recent advancements of spatial understanding have driven
remarkable progress in embodied Al and robotics. The
capability to comprehend scene layouts, object relation-
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ships, and intrinsic physics of 3D world enables more
effective 3D-aware reasoning in large multi-modal mod-
els [20, 26, 34], as well as enhanced instruction following
and task planning prior to action execution [1, 52].

To systematically evaluate spatial understanding capabil-
ities and reveal limitations of current multi-modal systems,
a variety of spatial benchmarks have been proposed, target-
ing spatial reasoning from different modalities (e.g., single
image [19], multiple frames [43, 47, 49], and videos [25,
44]) or with different task formulations (e.g., question an-
swering [19, 22], grounding/localization [2, 6], and task
success rate [1, 51]). However, although these benchmarks
offer a high-level measurement of spatial understanding ca-
pabilities, they provide limited insight into the models’ fail-
ure modes, in particular, what causes these errors and which
components constitute the key bottlenecks.

Central to this challenge is the absence of comprehensive
2D and 3D ground-truth annotations that go beyond simple
evaluation labels, such as question—answer pairs or segmen-
tation masks, which hinders deeper diagnosis of model fail-
ures and prevent a unified understanding of how different
spatial understanding components interact within a scene.
Consequently, several recent spatial benchmarks were de-
veloped using synthetic data generated by simulation envi-
ronments [31, 38, 39]. Those benchmarks include detailed
2D and 3D information about the scene that are typically
hard to annotate, such as segmentation maps, 3D bounding
boxes, and object orientations, which can be easily obtained
from the simulation. However, these benchmarks remain
largely object-centric, lacking realistic backgrounds, light-
ing, and contextual interactions, and thus fail to support a
holistic, fine-grained evaluation of spatial understanding.

In this work, we introduce Unreal3DSpace, a unified
and controllable simulation suite for comprehensive evalua-
tion of spatial understanding. Notably, our Unreal3DSpace
features three key design choices: (1) A data engine that en-
ables fine-grained scene-level controllability, enabling di-
verse and procedural generation of object placements across
diverse scene contexts and sampling of key scene parame-
ters such as density, weather, lighting conditions, and visual
clutter; (2) Comprehensive 2D and 3D ground-truth anno-
tations: We obtain a range of annotations from the simula-
tion, including depth and surface normals, instance segmen-
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Figure 1. Overview of Unreal3DSpace. We present Unreal3DSpace, a unified evaluation suite for 3D spatial understanding. Un-
real3DSpace features controllable and procedural generation of 3D scenes, along with comprehensive 2D and 3D ground truth annotations.
With Unreal3DSpace, we evaluate both task-oriented spatial understanding models and multi-modal reasoning models within a unified
framework, enabling fine-grained analyses of their performance under varying scene- and object-level distribution shifts.

tation, visibility and occlusion from the z-buffer, 3D object
poses and spatial relationships, and additional scene-level
geometric and lighting properties; (3) high-fidelity simula-
tion from unreal engine: our Unreal3DSpace is built on re-
alistic simulation in Unreal Engine, as well as 3D scenes
and assets made by professional artists.

The fine-grained controllability and comprehensive 2D
and 3D ground truths in Unreal3DSpace address two key
limitations in previous benchmarks and datasets:

First, previous research evaluated spatial understanding
models on diverse datasets, each intended for unique do-
mains and data processing. For instance, depth estimation
models [45, 50] are commonly assessed on NYUv2 [23] and
SUN RGB-D [35], while segmentation models [14, 32] rely
on semantic datasets such as LVIS [11] and ADE20K [53].
Similarly, pose estimation models [17, 40] are analyzed us-
ing object-centric PASCAL3D+ [42] and ImageNet3D [18].
This fragmented evaluation hinders fair and coherent com-
parisons across models from a holistic spatial understanding
perspective. For example, it remains unclear which compo-
nent constitutes the key bottleneck when forming a com-
prehensive spatial interpretation of an image. In contrast,
our Unreal3DSpace addresses these limitations by adopting
a unified and comprehensive evaluation framework. With
various 2D and 3D ground truths, our framework further en-
ables fine-grained evaluation on different scene- and object-
level properties, such as assessing the robustness of depth
models under object partial occlusion or weather and scene
distribution shifts.

Moreover, comprehensive 2D and 3D ground truths en-
able a detailed analysis of spatial reasoning models, al-
lowing us to pinpoint the underlying causes of these fail-
ures. Rather than directly predicting the answers to spatial-
related questions, recent research explores chain-of-thought
reasoning in spatial-aware vision-language models [15, 20]
or agentic approaches that build on intermediate predic-
tions from task-specific models [3, 41]. Beyond evaluating
benchmark performance on the final predictions of reason-
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ing models, the comprehensive 2D and 3D ground truths
in our Unreal3DSpace offer valuable insights into their rea-
soning trajectories. This enables detailed analysis of where
and why failures occur, such as by pinpointing the specific
reasoning steps that lead to incorrect answers or identifying
which modules (e.g., depth estimation or pose estimation)
that contribute most to these errors. Besides spatial reason-
ing models, our Unreal3DSpace also sheds light on the de-
sign of multi-step training data generation methods [5, 21]
or reinforcement learning of multi-modal models with 3D-
aware rewards [20].

We evaluate a variety of spatial understanding models,
including scene-level visual foundation models for depth
estimation and instance segmentation, object-level visual
foundation models for pose estimation, and vision-language
models for spatial reasoning VQA. By varying data sam-
pling parameters during simulation, we study how models
behave under different camera viewpoints, scene density,
partial occlusion, and various weather and lighting condi-
tions. Our results highlight that both instance segmentation
and pose estimation models are highly susceptible to partial
occlusion, due to their reliance on 2D object semantics and
lack of 3D occlusion awareness. Meanwhile, pose estima-
tion models exhibit relatively stronger robustness to occlu-
sion by leveraging broader contextual cues. However, their
performance degrades sharply once the object distance ex-
ceeds a certain threshold, leading to a substantial increase
in absolute relative error.

With comprehensive 2D and 3D ground truths, we fur-
ther analyze the reasoning trajectories of an agentic model
built on a neural-symbolic reasoner [38, 48]. By iteratively
correcting the errors that arise in intermediate steps, we find
that pose estimation emerges as the primary bottleneck lim-
iting the final answer accuracy. This type of evaluation on
reasoning trajectories can be further extended to other rea-
soning models [4, 20], providing valuable insights into how
their spatial reasoning capabilities can be further improved.

In summary, we present Unreal3DSpace, a unified eval-



uation suite for spatial understanding. Our Unreal3DSpace
features high-fidelity simulation built on Unreal Engine
with professionally designed assets, and achieves enhanced
diversity through procedural generation and challenging
out-of-distribution sampling. With comprehensive 2D and
3D ground truths, our benchmark unifies the evaluation
of scene-level, object-level, and multi-modal spatial under-
standing models on a shared dataset. This unified frame-
work enables consistent comparison across tasks and offers
holistic perspectives that guide research toward general-
purpose spatial understanding.

2. Related Works

Spatial understanding and reasoning. A comprehen-
sive understanding of 3D scenes is a challenging yet fun-
damental research direction. It serves as the basis for
both generative world modeling, such as synthesizing novel
views while maintaining physical consistencies [7, 54] or
placing objects into physically plausible locations [13], and
a 3D-aware reasoning that is crucial for embodied agents
and robots. Prior efforts in this direction span a variety of
visual foundation models for segmentation [14, 30], depth
estimation [45, 46, 50], and object pose estimation [18, 40].
To advance toward reasoning about scene-level spatial in-
formation, such as static spatial relationships or temporal
spatial events [19, 38, 39], recent studies have post-trained
vision-language models for spatial reasoning [5, 8, 20, 21].

Evaluating spatial understanding models. Thoroughly
quantifying spatial understanding capabilities and pinpoint-
ing their limitations is difficult. Previous research often ex-
plored task-specific datasets, e.g., NYUv2 [23] and SUN
RGB-D [35] for depth estimation and PASCAL3D+ [42]
and ImageNet3D [18] for pose estimation. Moreover, the
lack of 3D ground truths in spatial VQA datasets hinders the
analysis of reasoning trajectories besides accuracy of the fi-
nal answer. Lastly, it is largely understudied how these spa-
tial understanding models perform in challenging, out-of-
distribution conditions, due to the limited availability of 3D
ground truths. Our Unreal3DSpace addressed these issues
by presenting a unified evaluation suite for spatial under-
standing, supporting the evaluation of various tasks on the
same data, and simulating diverse, controllable, and high-
fidelity data for evaluation on different weather conditions,
lighting conditions, scene density, etc.

Synthetic datasets from simulation. Synthetic datasets
offer accurate and valuable 2D and 3D ground truths that are
often unavailable in real-world image datasets [27, 28, 33].
However, generating 3D scenes with sufficient diversity,
controllability, and photorealism requires substantial ef-
forts. Previous synthetic datasets are often limited to spe-
cific domains [10, 29, 38], constrained by fixed scene lay-
outs [33, 37], or lacking realistic lighting and material ap-
pearance [9, 10]. Our Unreal3DSpace instead builds on Un-
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real Engine 5 and high-quality 3D scene assets created by
professional artists, enabling procedural generation of di-
verse, high-fidelity scenes that support a comprehensive and
fine-grained evaluation of spatial understanding models.

3. Unreal3DSpace

In this section, we introduce Unreal3DSpace, a unified eval-
uation suite for spatial understanding. We begin by outlin-
ing the 3D scene setup and procedural generation process in
Section 3.1. Building on this, we describe the collection of
2D and 3D ground-truth annotations derived from the data
generation pipeline in Section 3.2. Then in Section 3.3, we
discuss different generation parameters and sampling dis-
tributions used to diversify the data, ranging from unclut-
tered scenes under clear midday lighting to cluttered, foggy
environments at dawn. Finally, we summarize key dataset
statistics in Section 3.4 and refer the readers to Section B in
the supplementary materials for additional technical details
about our simulation pipeline.

3.1. Scene Simulation

Generating 3D scenes with diversity, controllability, and
high fidelity requires substantial efforts. Existing synthetic
scene datasets are often constrained to specific domains [ 10,
29, 38], rely on fixed scene layouts [33, 37], or suffer from
limited realism in lighting and appearances [9, 10]. To
overcome these limitations, we build upon Unreal Engine
and leverage high-quality 3D assets created by professional
artists. To enable controllable and procedural generation,
we further define a set of procedural rules that govern the
configuration and object placement within the 3D scenes.

Procedural generation. For each 3D scene, we define
four types of procedural rules: vehicle trajectories, pedes-
trian trajectories, road areas, and sidewalk areas. Vehi-
cle and pedestrian trajectories are used to simulate typi-
cal movement patterns, such as cars driving along streets
or pedestrians walking on sidewalks. On the other hand,
road and sidewalk areas specify where corresponding ob-
jects can be placed. For example, road areas may include
traffic barriers and bicycles, whereas sidewalk areas may
contain vending machines or hand carts. Our procedural
generation pipeline builds on these rules to achieve a bal-
ance between scene diversity and visual fidelity.

3.2. 2D and 3D Ground Truths

We obtain a range of 2D and 3D annotations by simulat-
ing realistic 3D scenes in Unreal Engine with the LychSim
plugin [16]. These include 2D ground truths, e.g., segmen-
tation masks, and 3D ground truths such as depth maps and
object 3D bounding boxes, which are also considered in
prior works [27, 28, 38]. We further consider the following
ground truths not available in previous studies yet critical
for the evaluation of spatial understanding models.
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Figure 2. Overview of the procedural generation pipeline for Unreal3DSpace. To enable controllable generation of 3D scenes and
evaluate 3D spatial understanding on data sampled from different distributions, we annotate procedural rules for object and camera sam-
pling, parameterize weather and lighting simulations, and draw random data samples from Gaussian mixtures. This enables a unified and
fine-grained evaluation of spatial understanding under different data distributions.

Visibility and occlusion from z-buffer. We extend the
LychSim plugin to extract z-buffer data from the rendering
pipeline. This enables analysis not only of the visible re-
gions from the camera viewpoint but also of areas occluded
by other objects. From the z-buffer data, we derive cru-
cial ground-truth information about the 3D scene, including
object occlusion ordering, amodal segmentation masks, as
well as object-level visibility and occlusion rates. These
data enable a fine-grained evaluation of spatial understand-
ing models under challenging conditions, such as model ro-
bustness to different levels of partial occlusion.

Spatial relationships. Previous spatial understanding
models have leveraged various visual foundation models
to infer object-level 3D information and derive spatial re-
lationships from 3D pseudo-labels [5, 21]. However, the
resulting spatial relationships are often noisy, as even mi-
nor errors at any stage of the data processing pipeline can
propagate and lead to highly inaccurate predictions. Mean-
while, the spatial relationships in our Unreal3DSpace are
constructed from accurate 3D ground truths directly ob-
tained from simulation. These accurate 3D ground truths
enable two key improvements crucial for evaluating spatial
understanding models: (1) object physical contact: In addi-
tion to the standard 3D and 6D spatial relationships studied
in prior works [19, 38], we further extract physical contact
information from the Unreal Engine simulation, which can-
not be reliably derived from noisy pseudo-labels or even
human annotations. (2) question difficulty: Besides binary
labels indicating the spatial relationships, e.g., whether “A
is on the left or right of B”, we further estimate a difficulty
metric for each spatial relationship, reflecting how challeng-
ing the question is to answer. For example, when compar-
ing whether “A” is closer to “B” or “C”, a low difficulty
indicates a large difference between the distances of “AB”
and “AC”, whereas a high difficulty suggests that the two
distances are similar and thus harder to distinguish. These
enhancements are made possible by the availability of accu-
rate 3D ground truths, which enables a more comprehensive
and fine-grained evaluation.

3.3. Sampling Distributions

A key feature of our Unreal3DSpace is its fine-grained
scene-level controllability. We parameterize the procedural

9719

Figure 3. Weather and lighting sampling. From left to right,
we show example images of fog, a clear day, dawn, and rain. As
discussed in Section 3.3, we parameterize the weather and lighting
simulations and draw random samples from Gaussian mixtures.

sampling with weather, camera, and lighting configurations.
By drawing samples from predefined Gaussian mixtures,
we largely enhance the diversity of the synthetic data and
enhance the diversity of the synthetic data and enable com-
prehensive, fine-grained evaluation of spatial understanding
models under diverse and challenging conditions. Please
refer to Section B.2, where we present qualitative results
sampled from different parameter distributions.

Weather conditions. The safety of autonomous vehicles,
robots, and embodied Al systems under extreme weather
conditions remains a critical challenge for real-world de-
ployment. To examine how spatial understanding models
perform under different weather conditions, we simulate
rain and fog within our environment. Unlike image-level
corruptions and perturbations explored in prior works [12],
our simulations operate directly in 3D, providing enhanced
3D-related fidelity. For instance, nearby objects remain
relatively unaffected by the fog, while distant objects ap-
pear progressively less visible. We parameterize fog by
its density and rain by the droplet spawn rate and quantity.
By sampling these parameters from Gaussian mixtures, we
generate synthetic data exhibiting varying levels of fog and
rain intensity.

Camera parameters. Spatial understanding models are
fundamental to a wide range of embodied systems, includ-
ing quadruped robots, humanoid robots, and unmanned
aerial vehicles (UAV), where accurate perception of 3D



environments is essential for safe and effective operation.
We sample diverse camera parameters to facilitate a thor-
ough evaluation aligned with potential downstream deploy-
ments. In particular, our sampling covers different camera
heights, corresponding to quadruped, humanoid, and UAV
platforms, and varying fields-of-view (FoV) that simulates
different sensing configurations and perceptual ranges.

Lighting sampling. Our Unreal3DSpace also samples
from different lighting conditions that simulate the lighting
during different times of the day. We parameterize light-
ing by the elevation and azimuth angles of the directional
sunlight, as well as the color temperature that controls its
warmth. We sample these parameters from Gaussian mix-
tures that simulates dawn/dusk, noon, and night.

Scene density and visual clutter. Lastly, we sample 3D
scenes with varying levels of scene density and visual clut-
ter, characterized by a different numbers of vehicles and ob-
jects in each scene, as well as whether objects are standing
upright or have fallen over.

3.4. Dataset Statistics

Our Unreal3DSpace comprises 24 high-quality 3D scenes
created by professional artists. We further populate the 3D
scenes with 217 3D objects spanning 72 categories, cre-
ate diverse lighting conditions by varying sun height and
color temperature, and sample random yet plausible cam-
era extrinsics. In total, we generate 19,200 samples with
paired renderings and corresponding 2D and 3D ground
truths. The generated data cover diverse distributions of
lighting, scene density, object placement, and partial occlu-
sion. Please refer to Section B for more technical details
about the synthetic data in our Unreal3DSpace.

Scalability. We note that our Unreal3DSpace is built on a
semi-automatic and highly scalable data engine. For each
3D scene, minimal efforts are necessary to specify procedu-
ral rules. Afterwards, abundant and diverse synthetic data
with comprehensive 2D and 3D ground truths can be gen-
erated without any human intervention. Although beyond
the scope of this work, our Unreal3DSpace can be adopted
as a scalable approach to create synthetic training data to
improve the robustness and generalization ability of visual
foundation models or vision-language systems.

4. Experiments

Our Unreal3DSpace presents a unified and controllable
evaluation suite that enables fine-grained evaluation of dif-
ferent spatial understanding models on the same data sam-
pled from different distributions. We begin in Section 4.1
with a fine-grained evaluation of task-oriented spatial un-
derstanding, studying their behavior under levels of partial
occlusion and distribution shifts. Then, in Section 4.2, we
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focus on spatial reasoning models, particularly their perfor-
mance on different levels of problem difficulties due to ob-
ject occlusion and ambiguity between answer choices. Fi-
nally in Section D, informed by the insights from both task-
level and reasoning-level evaluations, we analyze the failure
cases of an agentic method to pinpoint which module serves
as the primary bottleneck hindering holistic scene under-
standing.

4.1. Task-Oriented Spatial Understanding

Experimental setup. In this section, we focus on three
spatial understanding tasks: instance segmentation, depth
estimation, and object pose estimation. We choose a state-
of-the-art visual foundation model for each task, i.e., SAM
2 [30], Depth Anything v2 [46], and Orient Anything [40],
and study their performance under different data distribu-
tions. In terms of evaluation metrics, we use Intersection
over Union (IoU) for segmentation, absolute relative error
(AbsRel) for depth estimation, and pose accuracy under 7/6
threshold (Acc@7/6) for pose estimation. For quantitative
comparisons with parallel methods, we refer the readers to
Section C of the supplementary materials.

Object distance and partial occlusion. We evaluate vi-
sual foundation models on instance segmentation, depth es-
timation, and pose estimation tasks using data that varies
in object distance, degree of occlusion, and weather and
lighting conditions. From the results illustrated in Figure 4,
we draw the following conclusions. (1) All visual foun-
dation models maintain a relatively stable performance
across a moderate range of object distances, but their
performance drops sharply once the distance exceeds this
range. (2) Model performance begins to degrade even
under low levels of partial occlusion. Notably, low levels
of partial occlusion are common in the training data of these
visual foundation models. This highlights that, despite the
success of data-driven approaches, current visual founda-
tion models still lack intrinsic knowledge of the 3D world.
As a result, they remain largely constrained to 2D appear-
ance cues rather than reasoning about occlusion ordering in
3D space. (3) Depth estimation is generally more robust
to occlusion than instance segmentation. We hypothe-
size that this is because segmentation models rely heavily
on semantic cues and are hence more sensitive to the degree
of partial occlusion. In contrast, depth estimation models
can often remain reliable, as the depth of partially occluded
objects can be inferred from surrounding contextual infor-
mation. (4) Pose estimation models also show better ro-
bustness to object distance, whereas performance drops
significantly even when the partial occlusion rate is below
0.25. We attribute this to the feed-forward ViT backbone
of Orient Anything [40], which struggles to infer full-body
orientation when only partial observations are available.

Distribution shifts of weather and lighting conditions.
In Figure 4, we report task-oriented spatial understanding
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Figure 4. The comprehensive 3D annotations in Unreal3DSpace enables fine-grained task-oriented spatial understanding on data
varying in object distances, levels of partial occlusion, and weather and lighting conditions. Results show that depth estimation
models struggle to estimate accurate depth as object distances increase, while instance segmentation and pose estimation models are more
adversely affected by partial occlusions. Please refer to the detailed discussions in Section 4.1.

results under different semantic distribution shifts, includ-
ing clear day, fog level 1, fog level 2, rainy, and night-
time. Results show that visual foundation models exhibit
relatively robust performance under different weather and
lighting conditions. However, we note that when gener-
ating scenes under these less common conditions, we pri-
marily vary the semantic attributes of the environment, e.g.,
from “day” to “night” or from “clear day” to “raining”, and
our simulation engine still guarantees sufficient illumina-
tion and object visibility. Thanks to the large-scale im-
age pretraining, e.g., with DINOv2 [24], these visual foun-
dation demonstrate robustness to the scene-level semantic
changes.

4.2. Spatial Reasoning

Experimental setup. We follow the 3D spatial question
types in [19] and generate about 22,500 spatial reasoning
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QA pairs. Using this data, we benchmark the spatial reason-
ing performance of state-of-the-art vision-language models
and conduct fine-grained analyses of spatial reasoning ca-
pabilities under various scene- and object-level distribution
shifts, as well as across different levels of question difficulty
(see Section 3.2).

Baselines VLMs. We evaluate a collection of VLMs, in-
cluding open-weight Cambrian-1 [36] and Qwen2.5VL [4],
SpatialReasoner [20] with spatial-aware post-training, and
proprietary GPT-5.

Spatial reasoning under distribution shifts. Similar to
the results in Figure 4, we find that spatial reasoning models
also struggle with increasing object distances and partial oc-
clusion, while being robust to semantic changes of weather
and lighting conditions.
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Question difficulty. From the bottom plots in Figure 5,
we find that: (1) Consistent with prior findings [19], all
VLMs struggle with questions involving object orientations
or multi-object spatial reasoning; (2) Spatial reasoning per-
formance drop substantially, from over 80% to 40%, as
question difficulty increases. This degradation arises be-
cause VLMs can often rely on shortcuts or other 2D cues to
answer simpler questions, whereas more challenging ques-
tions with multiple seemingly plausible answers require
genuinely 3D-aware reasoning. Overall the fine-grained
spatial reasoning evaluation enabled by Unreal3DSpace
highlights the limited 3D awareness of current multi-modal
models and their frequent failures on spatial VQA tasks that
demand higher levels of precision.

4.3. Evaluating Reasoning Trajectory

In this section, we analyze the reasoning trajectories when
answering questions about spatial relationships. In particu-
lar, we focus on identifying which components of the rea-
soning process most often lead to incorrect final answers.

Baseline agentic model for spatial reasoning. We con-
sider a baseline agentic model composed of two parts: (1)
spatial understanding tools, including various state-of-the-
art visual foundation models such as for metric depth esti-
mation and pose estimation, and (2) neural-symbolic rea-
soner [38, 48] which parses questions into executable pro-
grams and aggregates intermediate predictions to produce
the final answer. The overall pipeline of this agentic model
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is illustrated in Figure 6. We note that this design effectively
abstracts away linguistic reasoning, allowing us to isolate
and evaluate holistic scene understanding and the effective-
ness of visual foundation models.

Experimental setup. Given the baseline agentic model,
we aim to identify the key bottlenecks that lead to errors in
the final prediction and limit the effectiveness of the overall
system. Our assumption is that “improving” the predictions
of the key bottleneck would lead to a significant increase in
the final performance. Therefore, with the comprehensive
3D ground truth in Unreal3DSpace, we iteratively correct
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Figure 7. Analyzing reasoning failures of an agentic model.

a certain percentage of the prediction errors made by the
visual foundation models, in particular, object depth from
Metric3D [50] and pose error from Orient Anything [40].
Then we re-evaluate the neural symbolic model and observe
the change in final answer accuracy.

Results. With the comprehensive 3D ground truths in Un-
real3DSpace, we iteratively refine the metric depth predic-
tions and object poses by reducing the errors by 25%, 50%,
75%, and 100%. After each refinement stage, we re-run
the neural symbolic reasoner with the updated intermediate
results. From Figure 7, we conclude that pose estimation
is the primary bottleneck limiting the spatial reasoning per-
formance of the agentic model. Analyses of the model’s
intermediate spatial reasoning trajectories offer valuable in-
sights into its underlying mechanisms and inform effective
strategies for further improving its performance.

Extensibility. Beyond agentic methods built on neu-
ral-symbolic models, our Unreal3DSpace can be readily
extended to evaluate inference trajectories of other reason-
ing models, such as SpatialReasoner [20] that predicts ex-
plicit 3D measurements before producing the final answer,
or agentic models equipped with a reasoning LLM [41].
This is made possible by the comprehensive 2D and 3D
ground truths in Unreal3DSpace, which support unified and
fine-grained evaluation of spatial reasoning models.

5. Conclusions

Accurate and robust spatial understanding is essential for
improving the control and safety of embodied AI and
robotic systems. However, existing spatial understand-
ing evaluation remain fragmented, where different tasks
adopted distinct benchmarks and datasets. This hinders
comprehensive evaluation of spatial understanding models
from a holistic scene-understanding perspective and makes
it difficult to pinpoint the key bottlenecks in reasoning mod-
els that must perform multiple spatial tasks. In this work,
we introduce Unreal3DSpace, a unified evaluation suite for
spatial understanding. Our benchmark provides a high-
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fidelity Unreal Engine simulation and a controllable, proce-
dural data engine. This framework enables systematic eval-
uation of spatial understanding models across diverse data
distributions, including variations in scene density, partial
occlusion, and weather conditions. Our simulation engine
further generates comprehensive 3D ground truth data, en-
abling fine-grained analysis of model behavior and evalu-
ation of the intermediate trajectories produced by reason-
ing models. Evaluation results on our Unreal3DSpace shed
new light on the current limitations of spatial understanding
models and open new directions for advancing models that
achieve unified, holistic spatial understanding.
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