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Figure 1. ESPIRE: a simulated physical world. Top: the spatial world of ESPIRE covers key factors of spatial reasoning like spatial aspects
(e.g., relationship and distance), reference frames, reference objects (§4.1). It features a tabletop scene for pick tasks and a shelf scene for
place tasks (§4.2) and supports reasoning at varying granularities (see Table 10 in Appendix A.2). Bottom: example ESPIRE tasks that all
inherently rely on spatial reasoning.

Abstract

A recent trend in vision-language models (VLMs) has
been to enhance their spatial cognition for embodied do-
mains. Despite progress, existing evaluations have been
limited both in paradigm and in coverage, hindering rapid,
iterative model development. To address these limitations,
we propose ESPIRE, a diagnostic benchmark for embodied
spatial reasoning. ESPIRE offers a simulated world that
physically grounds VLMs and evaluates them on spatial-
reasoning-centric robotic tasks, thus narrowing the gap
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between evaluation and real-world deployment. To adapt
VLMs to robotic tasks, we decompose each task into localiza-
tion and execution, and frame both as generative problems,
in stark contrast to predominant discriminative evaluations
(e.g., via visual-question answering) that rely on distractors
and discard execution. This decomposition further enables
a fine-grained analysis beyond passive spatial reasoning
toward reasoning to act. We systematically design ESPIRE
both at the instruction level and at the environment level,
ensuring broad coverage of spatial reasoning scenarios. We
use ESPIRE to diagnose a range of frontier VLMs and pro-
vide in-depth analysis of their spatial reasoning behaviors.
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1. Introduction
Spatial cognition goes beyond perception; it enables reason-
ing and interaction with the 3D physical world, forming the
foundation for embodied agents. While pivotal, current ma-
chine learning models—and in particular, vision-language
models (VLMs)—still lag behind humans in this capac-
ity [13, 23, 31], limiting applications in embodied domains
such as robotic navigation and manipulation [16, 18, 19]. To
bridge the gap, extensive efforts have been devoted to enhanc-
ing the spatial intelligence of VLMs [7, 9, 37, 40, 54, 56, 59].

Despite the remarkable progress, the evaluation of spa-
tially intelligent VLMs remains limited. First, most exist-
ing benchmarks are static, adopting multiple-choice visual-
question answering (VQA), though this facilitates automatic
evaluation, the reliance on distractors renders them prone
to biases. Moreover, VQA departs from practical scenar-
ios, where VLM agents must proactively act upon given
instructions in 3D rather than passively selecting an answer
from a predefined set. Though more reliable real-world
evaluations have been explored, the dependence on specific
hardware and handcrafted tasks hinders their scalability and
reproducibility [40, 54].

Recently, some have eschewed discriminative VQA and
proposed pointing, a generative evaluation methodology that
requires models to locate the target object/space by gener-
ating points in 2D pixel space [54, 59], but the execution
phase that typically follows localization in robotics tasks has
been overlooked or overly simplified. Others have attempted
to address execution while circumventing the limitations
of real-world evaluation using simulated environments [26,
30, 37, 51]. Yet, both directions lack a systematic design
of evaluation tasks that supports detailed analysis of spatial
reasoning across different aspects (e.g., relationships and dis-
tances) and granularities (e.g., relative vs. precise distance).

To address these limitations, we propose ESPIRE, a
simulation-based benchmark for embodied spatial reasoning
with physically-grounded VLMs. Since VLMs are inher-
ently not trained to act, to adapt them for robotics tasks,
we decompose each task into localization (which identifies
manipulable targets) and execution (which performs the cor-
responding actions), and frame them as goal position and
goal pose generation, respectively. This fully generative, uni-
fied evaluation paradigm extends passive spatial reasoning
toward acting upon understanding, thus reducing the gap
between evaluation and real-world deployment.

To serve our diagnostic purpose, we propose a systematic
task design that enables assessment and analysis of the na-
tive spatial reasoning of VLMs across varying spatial aspects
and granularities. We follow a hierarchical design philoso-
phy, ensuring that the evaluation is spatial-centric and has
a broad coverage. Specifically, we first identify three pri-
mary factors that characterize spatial reasoning: (1) spatial
aspects, including attributes, relationships, distances, and

orientations, (2) reference objects, including oriented and
non-oriented, and (3) reference frames, including relative,
intrinsic, and absolute. A particular configuration of these
factors defines a context for spatial reasoning. For example,
‘place the book behind the picture frame’ requires reasoning
about ‘positional relationship (behind)’ relative to an ‘ori-
ented reference (picture frame)’ using the ‘intrinsic frame
(attached to the picture frame)’. Within a given context, we
curate tasks to examine reasoning across different granu-
larities, e.g., fine-grained orientations in ‘grab a book to
the 2 o’clock of the picture frame’ and precise distances in
‘grab a book within 1.2 meters of you.’ To the best of our
knowledge, this systematic design supports the most compre-
hensive, fine-grained analysis that existing benchmarks lack.

We build ESPIRE on Isaac Sim [36] that provides realis-
tic physics simulation, and incorporate necessary measures
to reduce sim-to-real gaps. ESPIRE offers a total of 148
spatial-reasoning types for localization and covers typical
pick and place actions, enabling a focus on VLM-oriented,
embodied native spatial reasoning while maintaining suf-
ficient challenges in tool-free execution. Combined with
randomly sampled environments of varied clutter degrees,
this provides broad coverage of spatial-centric reasoning and
acting. To support scalable task generation, we represent
task instructions in functional programs that can be executed
on 3D scene graph representations of environment states and
yield ground-truth targets.

We use ESPIRE to evaluate a diverse suite of VLMs,
spanning proprietary, open-access, unified, and spatially-
enhanced models. We find that VLMs perform much better
in localization than in execution, indicating good passive spa-
tial understanding but limited capacity for acting-oriented
spatial reasoning. Among all spatial aspects, orientation rea-
soning poses the greatest challenge in both stages, suggesting
a critical deficiency in grounding 3D rotational geometry.
Overall, these findings highlight promising avenues for ad-
vancing the spatial cognition of VLMs. We emphasize that
ESPIRE is not intended to replace real-world evaluation, but
to complement it with a scalable, reproducible alternative
that facilitates rapid, iterative model improvement.

In summary, our contributions are the following:
• ESPIRE, a diagnostic benchmark for embodied spatial

reasoning of VLMs in physically-grounded photorealistic
environments.

• A generative evaluation paradigm that unifies 3D local-
ization and execution, bridging the gap between passive
spatial understanding and actional spatial reasoning

• A systematic robotic task design that enables fine-grained
diagnosis across diverse spatial reasoning contexts and
granularities.

• Experiments and analysis that quantify key bottlenecks in
3D rotational geometry and suggest future directions for
enhancement.



Table 1. Comparisons of spatial-reasoning benchmarks. ‘Text Gen.’ and ‘Point Gen.’ indicate that models produce answers in natural
language and 2D points, respectively. ‘Fully Gen.’ denotes that models generate positions and rotations in 3D. ‘Tool-Free’ means no external
tools are used, thus assessing the intrinsic spatial reasoning of VLMs.

Benchmark Localization
& Execution

Evaluation Systematicity Physically-
Grounded Diagnostic Clutter

LevelParadigm Tool-Free

image- and video-based

Blink [13] ✗ VQA ✓ ✗ ✗ ✗ high
CV-Bench [46] ✗ VQA ✓ ✗ ✗ ✗ high
VSI-Bench [50] ✗ VQA ✓ ✗ ✗ ✗ high
WHERE2PLACE [54] ✗ Point Gen. ✓ ✗ ✗ ✗ high
SpatialVQA [7] ✗ VQA, Text Gen. ✓ ✗ ✗ ✗ high
SpatialRGPT-Bench [9] ✗ Text Gen. ✗ ✗ ✗ ✗ high
RoboSpatial-Home [40] ✗ VQA, Point Gen. ✓ ✗ ✗ ✗ high
Point-Bench [10] ✗ Point Gen. ✓ ✗ ✗ ✗ high

simulation-based

Open6DOR [11] ✓ VQA ✗ ✗ ✓ ✗ low
EB-Manipulation [51] ✓ Fully Gen. ✗ ✗ ✓ ✗ low

ESPIRE (ours) ✓ Fully Gen. ✓ ✓ ✓ ✓ high

2. Related work
Spatial reasoning with vision-language models. Exten-
sive research has sought to boost the spatial intelligence
of VLMs. Some rely on enhanced prompting mechanisms
for improved 3D spatial reasoning [29, 33], while many
others adopt a data-centric method; in other words, they
integrate 3D scene representations (e.g., depth maps and
point clouds) into VLMs [37, 56]. Meanwhile, many
benchmarks have been proposed to evaluate their 2D and
3D spatial reasoning ability, including SpatialVQA [7],
RoboSpatial-Home [40], VSI-Bench [50], and many oth-
ers [6, 8, 9, 13, 23, 31, 46, 54, 56, 57]. But these bench-
marks are limited by their static nature and lack of systematic
spatial-centric design. In addition, they predominantly adopt
VQA-style evaluations, which are often prone to linguistic
biases. In contrast, we propose a systematic task design
and a unified generative paradigm, shifting the focus toward
active, embodied evaluation.

Simulation-based evaluation through robotic tasks. Un-
like human-assisted real-world evaluation, simulation-based
approaches allow for more scalable and reproducible evalua-
tion of robotics models, and have been widely used to assess
robot policies in domains such as navigation and manipula-
tion [11, 15, 21, 34, 39, 41, 43, 53, 55]. Due to the inherent
limitations of simulators, substantial discrepancies exist be-
tween simulated observations and real-world observations.
To bridge the gap, researchers have been improving physics
engines and enhancing synthesis mechanisms to approxi-
mate real-world perceptions [1, 36, 45, 48]. Though there
have been simulated environments, such as LIBERO [30],
CALVIN [34], SIMPLER [26], and EmbodiedBench [51] for
real-to-sim evaluation, they are limited in overly simplified
scenes and tasks or reliance on external tools. In addition,
none of them provides a systematic design of spatial-centric
reasoning tasks and supports comprehensive diagnoses.

Foundation models for robotics manipulation. Founda-
tion models, including pre-trained LLMs and VLMs, have
been applied to robotic manipulation. Early work focuses
primarily on task planning while relying on predefined prim-
itives to achieve robot control [12, 20, 28, 49, 58]. Recently,
many have attempted to generate trajectories, i.e., sequences
of poses, for motion planning [17–19, 37, 54] and devise
agentic frameworks for reasoning and acting [14]. Following
the unified design philosophy, more recent efforts have fo-
cused on developing integrated vision-language-action mod-
els (VLAs) that can directly generate low-level action se-
quences as control policies [3–5, 27, 35, 47, 52], but their
success hinges on the underlying spatial reasoning of their
vision-language components, we focus on diagnosing VLMs
to isolate and identify the specialized spatial inductive bi-
ases that are required to inform and improve future unified
architectures.

6-DoF object rearrangement. 6-DoF object rearrange-
ment involves predicting a goal state of an object that is
described in SE(3) and satisfies the given instruction. With a
motion planner, such a formulation enables zero-shot transfer
of foundation models from perception to execution [18, 24].
The approaches to 6-DoF tasks can be roughly divided into
generative- and discriminative-based. Generative methods
solve for a goal translation and rotation of a directional vec-
tor under certain constraints [17, 19], while discriminative
approaches generate random candidates and use a critic to
filter and select the best goal pose [11, 24]. We follow the
generative paradigm and prompt VLMs to generate a goal
pose and ground it in the simulated physical world.

3. Spatial-centric evaluation of embodied VLMs
We propose evaluating the spatial cognition of VLMs
through robotics tasks situated in a simulated physical world,
narrowing the gap between evaluation and real-world deploy-



ment. To adapt VLMs for robotics tasks, we decompose each
task into two sequential subtasks: localization and execution,
formulate them as generative tasks, and ensure that spatial
reasoning is the key factor.

• Localization refers to locating a target that is specified
in a given instruction from the paired scene, such as the
‘book’ in ‘pick up the farthest book’ and the ‘empty spot’
in ‘place the book in an empty spot’. We follow [54]
and [59] and formulate it as a pointing task that produces
2D coordinates on scene images.
Evaluation Metric. We measure model performance using
accuracy, defined as the fraction of correct localizations.
Unlike discriminative VQA-style evaluations that rely on
distractors for automatic metrics, our generative formu-
lation allows for directly comparing the predicted point
against the target segmentation mask.

• Execution follows the localization stage to execute actions
(e.g., pick or place) in the physically grounded environ-
ment. Since VLMs cannot directly produce low-level
control actions, we simplify execution as a 6-DoF task
that predicts the goal pose, including goal position and
orientation prediction, in SE(3). We again formulate goal
position prediction as a pointing task.
Evaluation Metric. We measure model performance us-
ing acceptance rate, defined as the fraction of physically
achieved poses. The acceptability of a predicted pose is
assessed by a motion planner like cuRobo [42], making
VLMs physically grounded.

In both tasks, native spatial reasoning is inherently needed
since VLMs are required to generate positions and orienta-
tions in 3D, without relying on external tools. The shared
pointing formulation between localization and execution
further bridges spatial reasoning for understanding and for
acting.

4. The ESPIRE benchmark

We propose ESPIRE, a simulated environment that provides
a suite of robotics tasks for diagnosing spatial-centric reason-
ing (see Figure 1). We design ESPIRE systematically both
in instructions (§4.1) and environments (§4.2), ensuring a
broad coverage of spatial reasoning scenarios, enabling scal-
able robotic task generation (§4.3), and supporting targeted
analysis across contexts and granularities.

4.1. Spatial reasoning tasks
Task specification. We group spatial reasoning tasks into
four broad classes by the spatial aspects they require to rea-
son about: relationships, distances, attributes (e.g., dimen-
sions and volumes), and orientations. A spatial reasoning
task typically involves describing an object in relation to
another (e.g., ‘grab the book to your left’), thus relying on
a frame of reference. Following [25], we consider three

types of reference frames: relative, intrinsic, and absolute
frames. The choice of reference frame depends on the ref-
erence object, e.g.. intrinsic-oriented objects like ‘picture
frame’ that have a clear front face naturally support intrinsic
frames, whereas non-oriented objects like ‘sphere ball’ do
not. Moreover, the reference frame may vary with linguistic
specifications, e.g., ‘pick up a book on the left of the picture
frame’ exhibits ambiguity since both a relative frame and an
intrinsic frame can be used, but attaching the clause ‘relative
to the picture frame’s front’ makes the intrinsic frame the
only valid interpretation.

To disentangle this complexity, we identify three
key factors that characterize spatial reasoning: spatial
aspect (S), reference frame (F ), and reference object
(O); we define their combination C = (S, F,O) as the
task specification. A particular configuration of these
factors specifies a context for spatial reasoning. For
example, c = (relationship, intrinsic, table) requires using
the intrinsic frame of the table to carry out relationship
reasoning; an instance of it can be ‘grab a book on the left of
the table.’ This disentanglement lets us focus on designing
tasks that target reasoning at varying granularities like left,
leftmost, second leftmost, and to your 11 o’clock.

Instruction representation. We associate each task in-
struction with a 3-tuple T = (C,A, P ), where C denotes
the task specification, A ∈ {pick, place} represents exe-
cution, and P indicates localization. We represent P as
a functional program [22] that can be evaluated on the
3D scene graph representation G of a given environment
state and produces a list of valid answers, i.e., objects
to be manipulated or spaces to be filled. Crucially, A
functional program is composed of atomic functions and
defines a reasoning chain, such as finding a specific ob-
ject unique(filter(O,G)) and querying the objects to
its left filterRel(left,unique(filter(O,G))). This
enables flexible control of the task complexity by varying
the number of reasoning hops.

Instruction families. We define an instruction family on
top of a task T = (C,A, P ) by associating it with a
set of task templates that represent different linguistic ex-
pressions of the functional program P . Supposing C =
(distance, viewer, intrinsic), A = ‘Pick’, and a template ‘[A]
a book among the books [R] you’, we can create an instruc-
tion, which queries the distance between a book and the
viewer, by binding the variable [R] with a type of distance
reasoning (e.g., Closest or Furthest). Using the same variable
[R], the functional program P can be formed as:

filterDist([R],filter(book, G), viewer)

We curate a total of 148 spatial-reasoning task types, dis-
tributed across 65 instruction families, including 31 ‘pick’



instruction families and 34 ‘place’ instruction families. For
each instruction family, we manually write 3-4 templates to
enhance linguistic diversity. Though functional programs en-
able multi-hop compositional reasoning, we limit reasoning
up to 3 hops, as our primary focus is on spatial rather than
compositional reasoning.1 In practice, we find that a small
number of spatial reasoning hops already poses challenges
for existing multimodal foundation models.

4.2. Simulation environment
We simulate two task environments in ESPIRE: tabletop and
shelf scenes. Both are constructed systematically using a
diverse array of photorealistic objects and various spatial
layouts and environmental factors like lighting and clutter.
This design ensures that our environments provide a com-
prehensive instantiation of the task specification C, yielding
diverse instances that challenge model reasoning across mul-
tiple levels of granularity (refer to Appendix A.2 for detailed
scene configurations).

Environment representation and generation. We initial-
ize each environment from a random state, which is repre-
sented by a 3D scene graph that consists of nodes as objects
and edges as spatial relationships. All objects are annotated
with ground-truth information, including sizes, dimensions,
and poses relative to a predefined absolute reference frame.
We generate the initial state of an environment by sampling
a random 3D scene graph and rendering it in Isaac Sim [36],
ensuring that the environment is physically valid. We adjust
the minimum margin of objects and the dimensions of shelf
slots; this mitigates the visual ambiguity of spatial aspects
and accommodates sufficient, physically feasible tasks in the
environment. The Franka robot is initialized in a random
pose. We equip it with an on-wrist camera that provides an
egocentric view and supplement it with two fixed-position
cameras that provide global views of the tabletop and shelf
scenes, respectively (referred to as world views). To increase
variety and realism, we add external lights. We randomly
sample and initialize the positions and orientations of all
cameras and external lights.

Reducing the real-to-sim visual gaps. Visual gaps mainly
arise from distribution shifts in texture, material, lighting,
and camera configurations. Instead of performing complex
visual-matching mitigation as in SimplerEnv [26], we em-
ploy a more scalable strategy that focuses on enhancing the
diversity of the environment: we use annotated 3D assets
with realistic textures and tune their sizes to reflect their real-
world counterparts. For essential background assets like the
tabletop and shelf, we randomly assign textures derived from

1Nonetheless, ESPIRE can be readily extended by increasing the number
of spatial reasoning hops.

real-world materials. Combined with randomization in light-
ing and camera poses, this produces a diverse and visually
realistic set of environments (see details in Appendix A.2
and a discussion on sim-to-real relevance in Appendix A.3).

4.3. Simulation tasks
A simulation task is defined by a pair of an environment state
and a task instruction. We generate ‘pick’ and ‘place’ tasks
sequentially. First, we sample and render an environment.
The Franka robot is always initialized in a position suitable
for performing ‘pick’ tasks, so we start with ‘pick’ task
generation, and ‘place’ task generation follows the same
procedure. For each variable in a given instruction family,
after sampling a random type, we perform value filtering.
This is particularly useful for the reference-object variable, as
not all reference objects appear in the task space visible from
the world view. Once all variables are bound and instantiated,
we obtain the final functional program and execute it on the
3D scene graph representation of the visible portion of the
environment state. The yielded answers are further verified
using a motion planner. We only retain those that correspond
to feasible manipulations.2 Finally, we randomly select a
task template from the given task family and instantiate it
into a natural language instruction.

5. Experiments

5.1. Experimental setups
Evaluated models. We consider a diverse range of mul-
timodal foundation models, including proprietary VLMs
like Gemini2.5-Pro [44], public general-purpose VLMs like
instruction-tuned Qwen3-VL [2] and InternVL3 [60], and
spatial-reasoning enhanced VLMs like RoboBrain2.0 [38].

Evaluation tasks. Each task family is paired with at least
15 different scenes, leading to around 15 trials on average.
We define the difficulty of a task as the complexity of the
accompanying scene. Specifically, we categorize the table-
top and shelf tasks into three difficulty levels: easy, medium,
and hard. For tabletop tasks, the three levels correspond
to scenes that contain 1-2, 3-5, and 6-8 books on the table,
respectively.3 For shelf tasks, difficulty is defined as the
fullness of the associated shelf: easy, medium, and hard cor-
respond to shelves where one-third, two-thirds, and all slots
are occupied, respectively (refer to Table 14 in Appendix A.5
for illustrations).

2We assume the robot can move freely in 3D, with both locomotion
across the ground plane and vertical motion along the global up-axis. This
relaxation facilitates reliable execution when using VLMs and a large task
space that broadens the coverage of spatial reasoning scenarios.

3The book number best correlates with task complexity, but overall
complexity is driven by instructions and environmental factors like object
number and pose, light, and texture.



Table 2. The localization accuracy (%), acceptance rate (%) in
execution, and overall task success rate (%) across different VLMs.

Models Pick Place

accuracy acceptance success accuracy acceptance success

w/o reflection

Gemini2.5-Pro 57.72 63.93 34.06 50.61 28.36 5.68
InternVL3-78B 28.31 63.01 17.26 23.66 40.94 9.67
RoboBrain2.0-7B 57.72 18.81 10.87 50.70 15.68 8.64
Qwen3-VL-30B-A3B 54.43 62.56 32.15 45.54 43.47 20.00
Qwen3-VL-8B 47.03 63.20 29.32 35.71 37.31 12.41
Qwen3-VL-235B-A22B 51.96 52.79 26.76 47.42 41.22 19.34

w/ reflection

Qwen3-VL-30B-A3B 54.52 27.85 17.08 51.92 23.94 13.80
Qwen3-VL-8B 58.63 24.38 15.07 54.08 12.02 6.67
Qwen3-VL-235B-A22B 64.29 36.71 23.20 59.72 25.45 15.40

Evaluation settings. Our evaluation suite offers a total of
2,220 tasks, consisting of 1,095 pick tasks and 1,125 place
tasks. We limit the number of attempts to 3 for localization
and 5 for execution. If localization fails, we randomly select
a gold target for execution; otherwise, we use the target local-
ized by the model for execution. We consider non-reflection
and reflection settings. In the non-reflection setting, the
initial observation is provided by the world-view, while all
subsequent observations are obtained from the ego-view. In
the reflection setting, the model additionally receives as in-
put its reflections from the previous failed attempt (refer
to Algorithms 2 and 3 in Appendix A.4). To enhance re-
flection in execution, both the world-view and the ego-view
are provided. We prompt models to output a 2D point in
pixel space while providing them with ground-truth depth.
Depending on the settings, we may provide ground-truth ro-
tations of pitch, yaw, and roll or prompt models to generate
them directly.

5.2. Main results
In general, proprietary VLMs like Gemini2.5-Pro show the
strongest performance under most metrics, while public
VLMs like the Qwen3-VL series is narrowing the gaps and
even outperform Gemini2.4-Pro in execution on place tasks.
Interestingly, larger models do not necessarily lead to bet-
ter performance, e.g., Qwen3-VL-30B with 3B activated
parameters outperforms Qwen3-VL-8B and Qwen3-VL-
235B (w/ 22B activated parameters). Moreover, all models
demonstrate decent localization accuracy except InternVL3-
78B, which has an accuracy below 30% (see Table 2), pos-
sibly because the native multimodal pre-training adopted
by InternVL3-78B for aligning vision and language is not
as effective as widely-used stage-by-stage alignment learn-
ing [32]. Despite that, it is surprising to see that InternVL3-
78B performs much better (e.g., >40%) in execution than
in localization. While RoboBrain2.0-7B achieves impres-
sive localization performance, it is mostly because its post-
training involves extensive generic spatial reasoning tasks,
but, unfortunately, this does not transfer to improved perfor-
mance in execution (e.g., <20%) that requires acting-oriented
spatial reasoning about 3D rotational geometry.

Figure 2. Localization performance across spatial aspects and
granularities on pick tasks.

‘Place’ is generally harder than ‘pick.’ Compared with
pick tasks, place tasks impose much stricter acceptance con-
ditions. Specifically, when predicting a pose for the place-
ment of a book, the model needs to consider additional con-
straints of the target space, especially when the target space
is partially occupied. Moreover, the model usually suffers
much more from occlusion when it gets closer to the target
space, making it harder to predict a relatively-center point
of the space or recover from a non-ideal position, whereas
in pick tasks, the model only needs to align with any one
of all graspable faces (e.g., the spine or the top edge), and
it can optionally move to a better position to facilitate pose
prediction (refer to our qualitative studies in Table 8).

Reflection is helpful for localization but does not nec-
essarily help with execution. While reflection improves
localization performance of all Qwen3-VL models (see Table
1), it does not yield a comparable improvement in execution;
conversely, it degrades execution performance. This is likely
because strong 3D rotation understanding is the key factor
for execution and forms the foundation for reflection; how-
ever, as we will see in an analysis of rotation predictions (see
Table 6), current VLMs are weak in this capacity, suggesting
that future work is well-suited for curating rotation-reasoning
data for fine-tuning.

5.3. Analysis Table 3. Localization accuracy (%)
across four primary spatial aspects.

Models Accuracy

attribute distance orientation relationship

Pick

Gemini2.5-Pro 56.00 53.89 63.81 56.52
InternVL3-78B 29.33 21.67 33.65 30.14
RoboBrain2.0-7B 61.33 56.11 60.95 55.65
Qwen3-VL-30B-A3B 57.33 50.83 57.14 55.07
Qwen3-VL-8B 42.67 40.28 53.97 48.70
Qwen3-VL-235B-A22B 49.33 49.44 54.60 52.75
AVERAGE 49.33 45.37 54.02 49.81

Place

Gemini2.5-Pro 53.33 46.09 48.75 55.06
InternVL3-78B 28.00 16.23 21.25 30.62
RoboBrain2.0-7B 69.33 45.80 47.08 53.58
Qwen3-VL-30B-A3B 48.00 38.55 39.58 54.57
Qwen3-VL-8B 44.00 28.41 31.67 42.82
Qwen3-VL-235B-A22B 62.67 37.68 46.26 53.58
AVERAGE 47.20 33.33 37.17 47.03

The systematic de-
sign of ESPIRE en-
ables fine-grained
analysis of model
behavior. We
demonstrate this
by examining spa-
tial reasoning per-
formance across
spatial aspects and
task difficulty lev-
els, and by analyzing model behavior during successful task
execution.



Table 5. The average number of attempts to succeed in localization
and execution, and average distance (meter) between the target and
end-effector upon execution success and before execution success.
‘Rank’ indicates model ranking in execution.

Models #Localization #Move
Dist. at
success

Dist. before
success Rank

Pick

Gemini2.5-Pro 1.20 2.54 0.07 0.47 1
InternVL3-78B 1.05 2.56 0.05 0.48 3
RoboBrain2.0-7B 1.36 2.54 0.05 0.50 6
Qwen3-VL-30B-A3B 1.16 2.49 0.06 0.38 4
Qwen3-VL-8B 1.17 2.41 0.05 0.42 2
Qwen3-VL-235B-A22B 1.18 2.53 0.05 0.40 5

Place

Gemini2.5-Pro 1.42 3.27 0.26 0.75 5
InternVL3-78B 1.08 2.07 0.24 0.97 3
RoboBrain2.0-7B 1.59 2.98 0.24 0.85 6
Qwen3-VL-30B-A3B 1.33 2.12 0.24 0.95 1
Qwen3-VL-8B 1.30 2.10 0.24 0.97 4
Qwen3-VL-235B-A22B 1.28 2.16 0.23 0.91 2

Localization performance across spatial aspects. We
group results by spatial aspects (see Table 3 and Figure 2).
Overall, all models perform worse on ‘distance’ than on
the other spatial aspects, across pick and place tasks, in-
dicating that current VLMs lack the capacity for precise
distance understanding. Among them, Gemini2.5-Pro and
RoboBrain2.0-7B exhibit relatively stronger overall perfor-
mance while showing smaller performance variations across
spatial aspects, likely because they have been specifically
fine-tuned on related spatial reasoning tasks; this is explicitly
the case for RoboBrain2.0-7B.

Table 4. Performance across difficulty
levels.

Models Accuracy (%) Acceptance (%)

easy medium hard easy medium hard

Pick

Gemini2.5-Pro 60.78 60.98 52.04 70.96 60.98 60.71
InternVL3-78B 24.85 29.00 30.61 60.78 65.85 62.24
RoboBrain2.0-7B 62.57 56.10 55.10 21.56 15.72 19.39
Qwen3-VL-30B-A3B 62.57 53.39 48.87 65.87 66.67 55.87
Qwen3-VL-8B 58.08 42.82 41.58 64.97 63.96 60.97
Qwen3-VL-235B-A22B 59.58 52.57 44.90 58.68 55.56 45.15

Place

Gemini2.5-Pro 57.46 48.21 46.11 36.06 28.37 20.46
InternVL3-78B 25.35 22.31 23.34 51.55 39.12 31.99
RoboBrain2.0-7B 52.68 52.62 46.69 18.31 16.80 11.82
Qwen3-VL-30B-A3B 47.61 44.08 44.96 52.39 43.80 34.01
Qwen3-VL-8B 37.18 36.74 33.14 42.25 40.06 29.39
Qwen3-VL-235B-A22B 51.83 48.48 41.79 48.17 43.53 31.70

Model perfor-
mance across
task difficulty
levels. We
further group
results by task
difficulty levels
(see Table 4).
Unsurprisingly,
on pick tasks,
most models
demonstrate a
decrease in both localization execution with increasing task
difficulty, except InternVL3-78B and RoboBrain2.0-7B
that, in some cases, perform slightly better on harder tasks.
Similarly, on place tasks, both the localization performance
and the execution performance negatively correlate with the
task difficulty. Still, there are exceptions like InternVL3-78B
and Qwen3-VL-30B-A3B.

Prerequisites for successful execution. Next, we analyze
the prerequisites that are strongly associated with successful
execution. To this end, we compute the average number of
attempts used to achieve successful localization and execu-
tion, and the average distances between the target and the
end-effector upon execution success and before execution
success (see Table 5). Though there is no clear correlation

between execution success and pre-success distance, we find
that InternVL3-78B and Qwen3-VL-30B-A3B, which are
relatively better at execution, tend to be far-sighted (e.g., w/
an average distance of 48cm) and near-sighted (e.g., w/ an
average distance of 38cm), respectively. Interestingly, the
pre-success distance in place tasks is usually twice that in
pick tasks, presumably because, in place tasks, the robot
needs to stay reasonably far away from the target space to
mitigate occlusion. Moreover, in place tasks, strong models
like the Qwen3-VL series often require a moderate number
of moves; that is, they tend to try multiple times (i.e., around
2.1) before making the final successful execution. In con-
trast, models that try much more times (i.e., around 3) are
usually weaker in execution, e.g., RoboBrain2.0-7B fails
spectacularly because it struggles in acting-oriented spatial
reasoning.

Apart from the above quantitative analysis, we present
qualitative analysis of both successful runs and failed runs
in Table 8, Appendix A.4.

5.4. Ablation of rotation prediction

Table 6. Acceptance rate with ro-
tation axes generated by Qwen3-
VL-235B-A22B. Unchecked axes
indicate that ground-truth rota-
tions are used. For place tasks,
results are reported on tasks with
and without explicit pose con-
straints (C).

Pitch Yaw Roll Pick (%)
Place (%)

w/o C w/ C

52.73 37.74 43.33
✓ 20.91 26.42 26.67

✓ 28.18 29.25 25.00
✓ 30.91 35.85 23.33

✓ ✓ 4.55 23.58 25.00
✓ ✓ 13.64 33.02 16.67

✓ ✓ 11.82 32.08 10.00
✓ ✓ ✓ 3.64 24.53 16.00

At the core of execu-
tion lies the prediction
of rotations along the
pitch, roll, and yaw axes.
This reflects the model’s
capability for 3D ge-
ometric reasoning and
its understanding of ob-
ject affordances, as the
predicted rotations are
further composed into
a goal pose for execu-
tion. To better under-
stand the intrinsic capa-
bility of VLMs for rota-
tion prediction, we ab-
late the set of rotation axes to be predicted using Qwen3-VL-
235B-A22B.

Specifically, rather than using the ground-truth angles
derived from the predicted grasping face of the target
book/space, we instruct the VLM to directly generate ro-
tation angles for pitch, yaw, and roll. We randomly sam-
ple 110 pick and 106 place tasks from the test suite for
this ablation study. Since most place tasks impose no con-
straints on the final pose, we additionally include 60 place
tasks with explicit pose constraints (e.g., ‘place the book at
a tilt of 60 degrees.’).

Interestingly, pitch and roll appear to be the key factors
for pick tasks and constrained place tasks, respectively (see
Table 6). We conjecture that pick tasks require the model to
select a feasible grasping face, which largely depends on the
pitch axis, whereas constrained place tasks require the model



to determine a deviation from the upright direction, primarily
governed by the roll axis. As expected, execution becomes
harder as more axes need to be predicted. In particular, the
pitch-yaw combination adversely affects pick the most, while
yaw-roll has the largest impact on constrained place tasks.

5.5. Human study
As discussed in Section 4.1, spatial reasoning tasks may
exhibit ambiguity when the intended reference frame is not
explicitly specified and must be inferred. For example, given
the instruction ‘grab a book to the left of the picture frame,’
an agent must determine whether to interpret the relation
using the intrinsic frame or the relative frame. To investigate
to what extent VLMs exhibit frame preferences similar to
humans, we use near oriented objects, distant oriented ob-
jects, and the table as the reference, construct 91 pick tasks
involving ambiguous frames, and collect responses from
five human participants. Then, we measure human-model
agreement by computing the Spearman’s rank correlation.

Table 7. Agreement of humans and models
on reference frames. References are catego-
rized into table, near, and distant objects.

Model Near Obj. Distant Obj. Table

Gemini2.5-Pro -0.573 ± 0.634 0.8 ± 0.274 1.0 ± 0.0
RoboBrain2.0-7B -0.674 ± 0.242 0.8 ± 0.274 1.0 ± 0.0
Qwen3-VL-30B-A3B -0.100 ± 0.652 0.8 ± 0.274 1.0 ± 0.0
Qwen3-VL-8B -0.674 ± 0.242 0.8 ± 0.274 1.0 ± 0.0
Qwen3-VL-235B-A22B -0.573 ± 0.634 0.8 ± 0.274 1.0 ± 0.0

Among the
three types
of oriented
reference ob-
jects, humans
and models
show strong
agreement
when the table or distant objects are used as references (i.e.,
w/ high positive correlations above 0.8) but disagree (i.e., w/
negative correlations) when the reference is a near object
such as an alarm clock. In such cases, we find that humans
tend to prefer the intrinsic frame of the reference object
while models favor the relative frame. We hypothesize
that when the reference and target objects (i.e., books) are
of comparable size, humans perceive the reference as an
oriented object with salient geometric cues, making its
intrinsic frame more accessible. In contrast, VLMs appear
to struggle with object-centric orientation inference and
therefore default to the relative frame.

5.6. Efficiency of ESPIRE

Our analysis regarding the running time of ESPIRE reveals
two primary sources of latency: API calls and model in-
ference. API response time is largely affected by network
stability, whereas the model inference time is determined by
the model size and the hardware used for deployment. Tak-
ing RoboBrain2.0-7B [38], when running on an RTX 4090
machine, a single inference takes an average of 9.25 sec-
onds. Another source of latency comes from execution that
involves motion planning and environment update. Specifi-
cally, the average time for executing a move request is about
18.12 seconds in our experiments on a workstation equipped
with an NVIDIA RTX 4090 GPU.

6. Discussion and future work

ESPIRE is the first simulated physical environment designed
for the diagnostic evaluation of spatial cognition in VLMs,
featuring spatial-centric robotic tasks that are explicitly de-
signed to be scalable and diverse. To evaluate VLMs that
cannot directly produce low-level control actions, we have
reformulated robotic tasks into localization and execution.
While future VLAs are supposed to integrate the two phases,
we deliberately prioritize diagnosis over integration. This
design choice is further motivated by existing agentic frame-
works that decouple reasoning and acting, using VLMs for
high-level spatial reasoning and VLAs or controllers for ac-
tion execution [14]. By isolating the reasoning stage, our
framework provides a ‘microscope’ to identify where spatial
reasoning chains break, offering a concrete roadmap for the
specialized spatial inductive biases that future architectures
will require.

A limitation of ESPIRE is: it is restricted to indoor scenes.
Despite our systematic design, it does not cover spatial rea-
soning scenarios that arise only outdoors, such as reasoning
with larger units of measure (e.g., kilometer), reasoning with
larger-sized reference objects (e.g., trees), and reasoning us-
ing the global reference frame (e.g., south or east). Nonethe-
less, ESPIRE readily supports such extensions, for example,
by making outdoor reference objects visible through glass
walls.

Beyond that, ESPIRE opens several new avenues for the
development and analysis of spatially intelligent VLMs. For
example, ESPIRE allows for designing long-horizon tasks
that require multi-step spatial reasoning, leading to many
interesting model analyses, including the modeling of de-
pendencies between reasoning steps and the role of memory
in long-horizon spatial reasoning. Moreover, since ‘pick’
and ‘place’ tasks typically occur sequentially in robotics,
but are performed in different workspaces in ESPIRE, it is
well-suited for extending it to evaluate mobile manipulation.

7. Conclusion

We have presented ESPIRE, a simulated environment that
provides an evaluation suite for embodied spatial reasoning
with vision-language models. ESPIRE evaluates VLMs on
robotic tasks in a physically grounded setting, thus mitigat-
ing the gap between evaluation and practical deployment.
By breaking down each task into localization and execu-
tion, ESPIRE provides a unified evaluation of passive spatial
reasoning and action-oriented spatial reasoning. We sys-
tematically design ESPIRE to simulate a diverse range of
spatial reasoning scenarios, enabling a comprehensive analy-
sis across spatial aspects and at multiple levels of granularity.
Our experimental results and analysis reveal future directions
for enhancing VLMs in spatial reasoning.
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