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Abstract

Vision Language Models (VLMs) exhibit a fundamental
semantic-to-geometric gap in spatial reasoning: they excel
at qualitative semantic inference but their reasoning oper-
ates within a lossy semantic space, misaligned with high-
fidelity geometry. Current paradigms fail to bridge this gap.
Training-based methods suffer from an “oracle paradox,”
learning flawed spatial logic from imperfect oracles. Tool-
integrated methods constrain the final computation but crit-
ically leave the VLM’s planning process unconstrained, re-
sulting in geometrically flawed plans. In this work, we pro-
pose Geometrically-Constrained Agent (GCA), a training-
free agentic paradigm that resolves this gap by introducing
a formal task constraint. Specifically, we strategically de-
couples the VLM’s role into two stages. First, acting as
a semantic analyst, the VLM translates the user’s ambigu-
ous query into the formal, verifiable task constraint, which
defines the reference frame and objective. Second, acting
as a task solver, the VLM generates and executes tool calls
strictly within the deterministic bounds defined by the con-
straint. This geometrically-constrained reasoning strategy
successfully resolve the semantic-to-geometric gap, yield-
ing a robust and verifiable reasoning pathway for spatial
reasoning. Comprehensive experiments demonstrate that
GCA achieves SOTA performance on multiple spatial rea-
soning benchmarks, surpassing existing training-based and
tool-integrated methods by ∼27%.

1. Introduction
Intelligent agents operating in real-world applications, such
as robotics [37, 49, 57], AR/VR [2, 9, 27], and autonomous
driving [7, 38, 46], demand a perceptual understanding of
the world akin to humans. Humans intuitively comprehend
their surroundings as a cohesive 3D environment, effort-
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lessly discerning object orientations and complex spatial re-
lationships. However, equipping Vision Language Models
(VLMs) into agents with this holistic spatial reasoning ca-
pability remains a critical challenge [16, 48, 50, 54, 55].

As shown in Figure 1 (a), current VLMs lossily trans-
late rich visual information into a textual semantic space,
leading fine-grained geometric details to be omitted or dis-
torted [21, 45]. This creates a fundamental semantic-to-
geometric gap: VLMs excel at probabilistic, qualitative se-
mantic inference, but their lossy semantic space required
for spatial reasoning fails to ground high-fidelity geome-
try. For example, a VLM may possess the spatial common-
sense (e.g., intuitively knowing that “sitting on a sofa” im-
plies a viewpoint aligned with the sofa’s orientation), yet
critically fail at high-precision geometric computation (e.g.,
determining the sofa’s orientation) and robust spatial imag-
ination (e.g., imagining the user’s egocentric perspective).
To reconcile this gap, robust constraints must be imposed,
guiding the VLM’s reasoning onto a geometrically sound
and verifiable pathway.

However, effectively applying these constraints remains
a formidable challenge. Recent approaches that apply im-
plicit constraints via end-to-end training [6, 20, 26, 29, 37,
43, 45, 47] attempt to embed geometric logic by fine-tuning
on massive datasets. These methods, however, face an “or-
acle paradox”: their data generation relies on oracles like
GPT-4o [15] which themselves struggle with spatial rea-
soning [16, 48, 50, 54, 55]. Consequently, the VLM is
often trained on flawed spatial logic rather than sound ge-
ometric principles. An alternative paradigm, tool integra-
tion [10, 44, 57], attempts to bridge this gap by adopting
an iterative plan-then-execute strategy, which offloads high-
precision geometric computation to deterministic external
tools. While this constrains the final computation process,
the VLM’s planning process remains unconstrained. To
plan next step, the VLM must still perform spatial imagi-
nation and further decision-making within its lossy seman-
tic space, inevitably producing geometrically flawed plans.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
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Figure 1. Overview. (a) Semantic-Geometric Gap. The geometric details required for spatial reasoning are lost when translating visual
information into textual space, leading to VLM’s flawed reasoning or unconstrained planning. (b) Geometrically-Constrained Spatial
Reasoning. We propose a formal task constraint that serves as a deterministic bridge between semantics and geometry in spatial reasoning.

For instance, when asked to reason from the perspective of
a user “sitting on the sofa” (see Figure 1), its unconstrained
plan may default to the camera’s viewpoint, compromising
the problem definition before any tool is even called.

These challenges reveal the critical research question:
How do we bridge the VLM’s semantic-to-geometric gap?
We argue the solution is not to force the VLM to rea-
son about lossy geometric details directly, but to reframe
the problem into a task that leverages its spatial common-
sense to define a formal task constraint Ctask for subse-
quent computation. Specifically, this Ctask must be (1) gram-
matically rich enough to define complex spatial concepts,
such as viewpoints, which elude traditional state-based for-
malisms, (2) semantically clear enough for a VLM to gen-
erate using its qualitative strengths, and (3) geometrically
sound enough to provide a deterministic, verifiable con-
straint for subsequent computation.

To this end, we introduce Geometrically-Constrained
Agent (GCA), a training-free agentic paradigm for
geometrically-constrained spatial reasoning. As shown
in Figure 1 (b), this strategy leverages a formal task con-
straint, Ctask, to decouple the reasoning process into two
stages: (1) Task Formalization. The VLM, acting as a
semantic analyst, translates the ambiguous query and vi-
sual data into the formal, verifiable task constraint Ctask.
This stage defines what to solve, establishing immutable
sub-constraints: a reference frame constraint and an ob-
jective constraint. (2) Constrained Geometric Computa-
tion. The VLM then, acting as a task solver, generates
and executes tool calls to compute the final answer, operat-

ing strictly within the deterministic bounds defined by Ctask.
This two-stage decoupling directly bridges the semantic-to-
geometric gap. Through formulating a geometrically sound
constraint, we force the VLM to solve deterministic math-
ematical problems, thereby avoiding the demands for di-
rectly computing or imagining about high-fidelity geomet-
ric details that are lost in its semantic space. Extensive ex-
periments demonstrate the effectiveness and generalizabil-
ity of GCA paradigm. GCA yields substantial performance
gains when applied to several foundation VLMs (by an av-
erage of∼37%), establishing a new state-of-the-art across a
diverse suite of challenging spatial reasoning benchmarks.

2. Related Work

Spatial Reasoning with VLMs. Spatial reasoning, includ-
ing comprehension and mental manipulation of 3D spa-
tial relationships [16, 48, 50, 54, 55], remains a founda-
tional challenge for VLMs [15, 19, 32, 39]. To address
this deficit, recent research [4, 6, 20, 26, 29, 35, 43, 45, 47]
focuses on large-scale, end-to-end training on specialized
spatial datasets. These methods attempt to bridge the 2D-
3D cognitive gap by incorporating geometric priors, such
as 3D features [43], or depth maps [4], directly into the
VLM’s architecture, but they are often hindered by the re-
liance on high-quality datasets generated by flawed oracle.
Another line of research introduce tool-integrated reason-
ing [10, 22, 25, 44, 57] to offloads deterministic geomet-
ric computation to external modules. For example, Spa-
tialAgent [44] and TIGeR [10] focus on translating the in-
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Figure 2. Overall Paradigm of GCA. Given a spatial reasoning query, our GCA leverages a geometrically-constrained reasoning strat-
egy centered on the formal task constraint (Ctask). The VLM first translates the ambiguous query into this explicit Ctask, establishing a
non-negotiable reference frame (CR) and objective (CO). Strictly constrained by Ctask, the VLM then orchestrates a toolbox to perform
deterministic geometric computation and derive the final answer.

put query directly into an iterative sequence of tool execu-
tions. However, unconstrained planning process could lead
to geometrically-flawed results, causing the agent to con-
flate “what to solve” with “how to solve it”.

Constrained-Guided Reasoning. Constraint-guided rea-
soning involves restricting a search space by defining vari-
ables and the constraints governing them [34], which has
been adapted to manage the probabilistic nature of LLMs
and VLMs. A primary application is neuro-symbolic rea-
soning [1, 11, 12, 30, 36, 53], where LLM is constrained
to act as a translator, converting ambiguous natural lan-
guage into a formal, verifiable representation. For exam-
ple, LogicLM [30] leverage LLMs to translate NL problems
into task-specific formalisms. Constraint-guided reasoning
can also be extended to planning [3, 14, 23, 31, 51, 56].
LLM+P [23] uses an LLM to translate an NL problem into a
formal PDDL format and then applies an optimal planner to
generate the plan. ReKep [14] employs a VLM to translate a
free-form language into relational keypoint constraints and
solves the constraints to generate final robot actions.

3. Methodology

As illustrated in Figure 2, we propose Geometrically-
Constrained Agent (GCA), a training-free agentic paradigm
designed for geometrically-constrained spatial reasoning.
The core of GCA is the introduction of a formal task
constraint Ctask that serves as a deterministic bridge be-
tween semantics and geometry. Section 3.1 defines this
geometrically-constrained paradigm. Section 3.2 details the
formal task constraint Ctask and its automated generation.
Section 3.3 describes the subsequent constrained computa-
tion stage, which is strictly governed by this constraint. Fi-
nally, Section 3.4 discusses how GCA resolves the VLM’s
semantic-to-geometric gap in spatial reasoning.

3.1. Geometrically-Constrained Spatial Reasoning
Contemporary agentic frameworks often model reasoning
as a generic, iterative policy. Those based on the ReAct
framework [52], for example, can be defined by:

rt = A(q,v, T , rt−1). (1)
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Figure 3. Reference Frame. Here, vsink→owen denotes a vector
calculated by “normalize (Centroid(owen) − Centroid(sink))”.

In this framework, an agentA produces a response rt based
on a query q, visual information v, a set of tools T , and its
past history rt−1. This generic policy A is unconstrained,
making it unreliable for high-stakes, deterministic domains
like spatial reasoning. Recent work [10, 44] attempts to mit-
igate this by using external tools to constrain the final com-
putation. However, they fail to constrain the VLM’s plan-
ning process. The VLM may still rely on its flawed spatial
imagination in lossy semantic space to formulate plan, con-
flating “what to solve” with “how to solve it”.

We solve this by replacing the generic policy A with a
two-stage process. This paradigm is built on the formal task
constraint Ctask, which functions as the architectural scaf-
folding to align the VLM’s asymmetric capabilities:

Ctask ← Fformalize(q,v),

rt = Fcompute(Ctask, T , rt−1).
(2)

In the Fformalize stage, the VLM acts as a semantic analyst,
translating the ambiguous query q and visual information v
into a formal, verifiable task constraint Ctask. This stage de-
fines what to solve by establishing the necessary geometric
scaffolding (e.g., the reference frame and target subjects).
In the Fcompute stage, the VLM’s role shifts to a task solver.
Governed by the constraint Ctask established in the Fformalize
stage, the VLM iteratively executes tool calls to acquire
necessary geometric data and perform final computations.

3.2. Task Constraint Formalization
3.2.1. Constraint for Spatial Reasoning
While existing constraint-guided reasoning paradigms
leverage formalisms such as PDDL [23] or relational key-
point constraints [14], these constraints are insufficient for
spatial reasoning. PDDL, for instance, excels at describing
discrete, symbolic object states (e.g., “is on(A, B)”) but
fundamentally lacks the geometric grammar to express the
continuous, relative, and perspective-dependent nature of
spatial queries (e.g., egocentric vs. allocentric viewpoints).
This gap necessitates a new formalism. We thus propose a
novel formal task constraint Ctask specifically designed to
capture the geometric nature of spatial reasoning. We define
Ctask as a tuple containing two key sub-constraints: a single,

non-negotiable Reference Frame Constraint (CR) that de-
fines the coordinate system for answering the query, and an
Objective Constraint (CO) that specify the objective to be
measured within that frame.
Reference Frame Constraint. Humans intuitively under-
stand spatial language (e.g., “north of”) by grounding it
within a specific coordinate system, namely a reference
frame (R). In contrast, VLM failures often stem from ambi-
guity in this crucial grounding step, causing them to adopt
flawed geometrically flawed plans [50] (e.g., defaulting to
the camera’s viewpoint). The Fformalize stage addresses this
ambiguity by requiring the VLM to first formally anchorR
to the scene’s geometry.

We model all spatial queries as requiring a 3D cartesian
coordinate system defined by an origin OR and three or-
thogonal basic vectors (xR,yR, zR). This system follows
the OpenCV convention, where +zR points forward, +yR
points down and +xR follows the right-hand rule. The
agent’s task is to anchorR to one of three geometric primi-
tives (see Figure 3) derived from the visual information:
• Object-based Frame. R is defined by an object’s intrin-

sic coordinate system. For example, the query “when the
user is washing hand” implies a reference frame defined
by +zR = −zsink (one must face a sink to wash hand).

• Camera-based Frame. R is defined by a specific cam-
era’s viewpoint. For “from the viewpoint of Figure 1”,
the reference frame is defined by +zR = +zcam1.

• Direction-based Frame. R is defined by a vec-
tor connecting two locations. For “Owen is north
of sink”, the reference frame is defined by +zR =
normalize (Centroid(owen)− Centroid(sink)) = north.

The output of this step is a human-readable and machine-
parsable definition of R, which becomes a non-negotiable
constraint CR for all subsequent computation.
Objective Constraint. Concurrently, the agent identifies
the objective O from the query. This constraint CO defines
what must be measured relative to the established R. For
the query, “Is chair to the west of toaster?”, the toaster de-
fines CR, while the positional relationship between toaster
and chair is the objective constraint CO.

3.2.2. Automated Formalization via VLM

We exploit the VLM’s innate strength in semantic inter-
pretation to generate Ctask automatically. Acting as a se-
mantic analyst, the VLM performs qualitative interpreta-
tion, guided by the formal definitions of Ctask, to generate
the Ctask = (CR, CO). This formal task constraint, gener-
ated by the VLM but grounded in geometry, serves as the
geometrically sound contract for the Fcompute stage. In our
implementation, we enforce this architectural decoupling
procedurally. The VLM executes the Fformalize stage and
formalizes the Ctask before any computation begins.
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3.3. Constrained Geometric Computation

3.3.1. Tool Integration and Code Generation
Once the formal task constraint Ctask = (CR, CO) is estab-
lished, the VLM’s role shifts to a constrained task solver.
This Fcompute stage then operates as a ReAct-style frame-
work, consuming the Ctask as an immutable constraint. This
execution is not a one-shot generation but an iterative,
closed-loop process involving data acquisition, ambiguity
resolution, and augmented computation.
Data Acquisition. Ctask dictates a set of geometric ingre-
dients that the agent must acquire. For instance, as shown
in Figure 2, to instantiate an object-based frame R defined
by a sink, the agent must acquire the orientation of that sink.
The Fcompute stage begins by generating a sequence of tool
calls to parameterize the geometry, and acquire all variables
necessary to instantiate Ctask.
Tool Orchestration and Ambiguity Resolution. The
VLM is responsible for managing tool feedback and resolv-
ing ambiguity, ensuring the data acquired from tools cor-
rectly binds to the symbols in Ctask. For example, consid-
ering CO involves an object like “leftmost chair”, the per-
ception tool returns several “chair” detections. The VLM
analyzes this feedback (e.g., visualizing bounding boxes)
and resolves the ambiguity by determining which object in-
dex correctly corresponds to the context (“leftmost”) speci-
fied. This closed-loop mechanism allows the agent to han-
dle noisy tool outputs while ensuring the final computation
remains strictly grounded in the intent of Ctask.
Knowledge-Augmented Code Generation. Once all vari-
ables in Ctask are bound to concrete geometric data, the
agent invokes a code generator for the final computation.
To prevent the coder from hallucinating incorrect formulas,
we leverage a knowledge-augmented strategy, which func-
tions analogously to a static Retrieval-Augmented Genera-
tion (RAG) [8, 18] system. Specifically, when invoking the
code generator, the VLM specifies a high-level requirement
and the necessary bound variables (e.g., object’s orienta-
tion). Instead of expecting the coder to generate complex
geometric formulas from memory, our framework main-
tains a pre-prepared, fixed library of basic, verified geomet-
ric formulas. Based on the data types of the bound vari-
ables, the system automatically retrieves the relevant, fixed
set of formulas (e.g., object’s local-to-world transformation
formula) and injects them directly into the code generator’s
context. This ensures the computation steps do not produce
black-box guesses, but rather deterministic results, derived
from a formally structured task and sound geometric prin-
ciples. More details are provided in Appendix E.

3.3.2. Toolbox
We equips the agent with perceptual and computation ca-
pabilities required to execute its geometrically-constrained

reasoning flow in Fcompute, as shown in Figure 2. Detailed
APIs for all tools are provided in Appendix C.
Geometry and Perception Tools. These tools are respon-
sible for parameterizing the visual world. “3D Reconstruc-
tion” tool leverages foundational models like VGGT [40] to
build a unified, high-fidelity 3D representation of the scene.
This provides the geometric context required for complex
scenarios. This category also contains a suite of 2D percep-
tion tools, such as “Object Detection” for open-vocabulary
object detection, “Segmentation” for instance segmentation.
Computation and Utility Tools. These tools operate on
the data extracted by the perception tools and executes the
final deterministic geometric computation. “Python Tool”
is the core computational engine, which prompts the VLM
to generate and execute Python code in a sandbox environ-
ment, using the knowledge-augmented strategy. This cate-
gory also includes essential utilities (“Utility Tool”). For ex-
ample, “project box to points” bridges 2D percep-
tion to 3D computation by converting 2D bounding boxes
into corresponding 3D point clouds.

3.4. Discussion
Our GCA decouples VLM’s spatial reasoning through the
formal constraint Ctask, jointly addressing two core deficien-
cies in spatial reasoning.
Fformalize Solves Flawed Planning and Imagination. Di-
rectly solving an ambiguous query forces the VLM to plan
and perform spatial imagination within its native lossy se-
mantic space. This is a primary failure mode, as uncon-
strained planning can lead to geometrically flawed assump-
tions before any computation even begins. Our paradigm
resolves this by reframing the problem. Leveraging VLM’s
strength in qualitative semantic interpretation, the Fformalize
stage transform the original spatial query into a determin-
istic mathematical problem with constraint, preventing the
VLM to solve the query in its lossy semantic space directly.
Fcompute Solves Flawed Execution and Computation. In
this stage, the VLM acting as the task solver, orchestrating
external tools to execute the plan. Crucially, its entire rea-
soning and execution process is bound by the formal task
constraint Ctask generated in Fformalize. This ensures that
all subsequent high-precision computations are executed
strictly within the deterministic, geometrically sound con-
straint, effectively bridging the semantic-to-geometric gap.

4. Experiments
4.1. Experimental Setup
Implementation Details. GCA is implemented as a
training-free agentic paradigm, requiring no model fine-
tuning. It centers on a VLM responsible for both stages
of our paradigm: acting as the semantic analyst to gener-
ate the Ctask in the Fformalize stage, and as the task solver
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Table 1. Experimental Results on Several Spatial Reasoning Benchmarks. The best and second best results are shown in bold and
underlined, respectively. “Avg.” denotes the average of overall accuracy across all benchmarks. More details about these benchmarks’
subcategory (e.g., “PR.”) are provided in Appendix.

MMSI-Bench MindCube-tiny OmniSpatial SPBench CV-Bench Avg.
PR. Attr. Mot. MSR All Rot. Ard. Amg. All Dyn. Pers. All SI MV All 2D 3D All

Baseline Foundation VLMs
Qwen3-VL-Thinking [32] 33.7 40.0 23.3 31.8 32.6 87.0 47.3 35.0 47.3 60.5 43.9 51.0 51.9 61.2 54.1 81.9 92.6 86.8 54.4
GLM-4.5V [13] 35.6 36.9 29.3 30.3 33.8 60.0 25.5 42.2 39.6 58.6 47.2 52.1 50.0 55.1 51.3 80.7 91.6 85.6 52.5
GPT-4o [15] 28.0 32.3 36.0 30.8 30.3 33.5 35.0 37.2 35.8 58.7 46.2 51.5 42.4 48.3 43.8 69.4 84.9 76.5 47.6
Gemini-2.5-Pro [5] 39.0 36.2 33.3 34.3 36.9 89.5 54.5 48.8 57.5 70.7 44.6 55.8 55.6 58.3 56.3 81.2 92.5 86.3 58.5

Training-based Spatial VLMs
SpatialLLM [26] 24.5 23.1 22.7 30.8 25.3 34.0 26.8 33.0 31.1 59.6 42.9 49.5 32.2 26.4 30.7 51.3 78.6 64.5 40.2
Spatial-MLLM [43] 28.5 25.4 18.0 26.3 26.1 33.8 34.5 28.3 32.1 37.2 42.1 40.0 52.0 52.0 52.0 59.5 63.3 61.2 42.3
SpatialLadder [20] 30.3 23.3 16.0 21.2 25.4 30.5 39.8 47.8 42.3 46.5 43.1 44.5 70.2 70.9 70.3 72.4 74.9 73.7 51.2
SpaceR [29] 29.1 29.4 21.9 22.5 26.9 29.8 30.0 26.8 28.3 53.5 40.5 46.0 48.6 59.4 51.1 74.1 77.4 75.6 45.7
Video-R1 [6] 30.5 25.4 22.0 26.8 27.8 30.0 30.5 41.3 35.8 50.0 44.2 46.7 44.8 40.7 43.8 73.5 74.7 74.0 45.6
RoboBrain-2.0 [37] 28.9 28.8 22.5 28.0 28.9 29.7 35.8 45.2 39.6 49.4 42.2 45.2 49.1 46.8 48.5 77.1 90.7 83.4 49.1
VILASR [45] 35.9 26.0 21.0 23.2 29.8 34.4 25.7 29.4 29.1 37.5 42.2 40.2 50.2 57.6 51.9 75.7 77.7 76.6 45.5
VLaser [47] 29.8 26.9 26.0 18.9 27.3 31.5 24.8 38.2 32.6 39.1 42.6 41.1 53.2 69.2 56.9 79.9 87.8 83.6 48.3

Tool-Integrated Spatial Agents
TIGeR [10] 29.1 27.7 26.0 25.8 27.8 33.0 28.3 26.7 28.3 52.9 45.7 49.8 48.7 38.8 46.3 75.2 95.7 84.5 47.3

GCA (ours) 52.8 45.0 44.7 38.0 47.6 82.0 61.8 59.8 64.2 73.6 58.6 65.1 61.7 61.9 61.8 83.6 90.8 86.9 65.1

to manage a suite of off-the-shelf foundation models for
perception and computation [24, 33, 40–42]. For our pri-
mary experiments, we utilize Qwen3-VL-Thinking [32] as
the central VLM. To assess the paradigm’s generalizabil-
ity, we also evaluate other leading VLMs in our ablation
studies, including GLM-4.5V [13], GPT-4o [15], and etc.
All open-source VLMs are deployed using the vLLM in-
ference engine [17] for efficiency. The agent’s architecture
is built using Ray [28] for concurrent tool execution and
LangGraph for robust state management.

Evaluation Benchmarks and Counterparts. We con-
duct comprehensive experiments on several spatial reason-
ing benchmarks. As our current toolbox is primarily de-
signed for image-based inputs, we focus on evaluations that
test complex spatial logic from single and multiple images,
including MMSI-Bench [50], MindCube-tiny [54], OmniS-
patial (Perspective Taking + Dynamic Reasoning) [16], SP-
Bench [20] and CV-Bench [39]. For all benchmarks, we
report both overall accuracy (%) and subcategory accuracy
(%). We compare our paradigm against several counter-
parts, including baseline foundation VLMs [5, 13, 15, 32],
training-based methods [6, 20, 26, 29, 37, 43, 45, 47] and
tool-integrated agents [10].

4.2. Main Results

SOTA Performance. As shown in Table 1, GCA estab-
lishes a new state-of-the-art across a wide range of spa-
tial reasoning benchmarks, achieving an average accuracy
of 64.8%. Our geometrically-constrained paradigm sur-
passes the strongest foundation VLM baseline (Gemini-2.5-
Pro [5] by 12%) and demonstrates a massive lead over other
training-based (e.g., SpatialLadder [20] by 27%) or agen-

tic approaches (e.g., TIGeR [10] by 38%). These results
strongly validate that our strategy, centered on the Ctask, suc-
cessfully bridges the VLM’s semantic-to-geometric gap.

Effectiveness on Challenging Benchmarks. The advan-
tage of our constrained paradigm is most pronounced on
complex, multi-step spatial reasoning benchmarks. For ex-
ample, on MMSI-Bench, the performance of even SOTA
foundation VLMs remain severely limited. Considering
its 4-choice questions, most counterparts perform near the
25% random-guess threshold. In contrast, GCA achieves an
overall accuracy of 47.6%, surpassing the strongest VLM
baseline (Gemini-2.5-Pro) by a 28% relative improvement.
A similar trend is evident on other challenging benchmarks
like MindCube-tiny, where GCA (64.2%) also significantly
outperforms the top baselines. This superior performance
stems directly from our paradigm. The introduction of Ctask
prevents the VLM from defaulting to flawed semantic short-
cuts or falling into a lossy spatial imagination.

Generalizability Across Benchmarks. Our training-free
paradigm also demonstrates superior generalizability com-
pared to training-based specialists, which often suffer from
biases inherent to their training data. For example, Spatial-
Ladder [20] is fine-tuned on data originating from the same
source as the SPBench, leading to a high in-domain score of
70.3%. However, its performance on out-of-domain bench-
marks is suboptimal, where GCA consistently outperforms
it, often by a margin of ∼20 points. A similar bias affects
TIGeR [10]. While its tools theoretically support multi-
view processing, the model is primarily trained on single-
image tasks. Consequently, it performs well on single-
image benchmarks like CV-Bench but fails on multi-view
benchmarks such as MMSI-Bench. GCA, in contrast, is not
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Figure 4. Ablation Study on Formalization. We compare our
method in against several baselines: (1) no tool integration (“Base-
line (CoT-Only)”), (2) unconstrained tool integration with (“Tool
(Prompt)”) or without (“Tool (Uncon.)”) hints, (3) using a human-
annotated Ctask (“Oracle (Anno.)”).

compromised by these training priors and leverages multi-
view tools as dictated by the problem. This demonstrates
that GCA, which forces the VLM to derive a geometri-
cally sound task constraint for each new problem, provides
a more generalizable pathway to spatial reasoning.

4.3. Ablation Study
In this section, we conduct extensive ablation studies to dis-
sect the GCA paradigm and validate its core design. Our
analysis aims to answer four critical questions. (1) How
essential is the formal task constraint Ctask? (2) How gener-
alizable is the GCA paradigm across different VLMs? (3)
What is the contribution of each system component?

4.3.1. Formalization Analysis
We first investigate the necessity and impact of our core
contribution, the Ctask constraint, by comparing our method
against different reasoning strategies in Figure 4. The
results strongly confirm our central hypothesis. Simply
prompting the VLM to “pay attention to the reference frame
and objective in the query” (“Tool (Prompt)”) only yields a
negligible improvement on unconstrained tool integration.
This empirically suggests that the VLM’s unconstrained
planning process remains fundamentally flawed and unre-
liable, even when weakly guided by hints. In comparison,
the introduction of our formal Ctask constraint (“Ours”) de-
livers a substantial performance boost, far surpassing all un-
constrained methods. This demonstrates that a determin-
istic and verifiable constraint is essential for bridging the
VLM’s semantic-to-geometric gap, as it forces the VLM
to first establish what to solve before determining how to
solve it. Furthermore, we explore the theoretical upper
bound using a human-annotated oracle formalization (“Or-
acle (Anno.)”). The gap between our method (47.6%) and

+19%
+34%

+46%

+49%

Figure 5. Ablation Study on Generalizability across Different
VLMs. Our GCA achieves an average of 37% relative perfor-
mance improvement across all tested foundation VLMs.

oracle (49.5%) is relative small. As revealed in Section 4.4,
the Fformalize stage achieves ∼70% accuracy, confirming the
formalization task is well within the VLM’s capabilities.

4.3.2. Generalizability Across VLMs
We assess the generalizability of our GCA paradigm by
applying it to several leading foundation VLMs, including
GLM-4.5V [13], GPT-4o [15], and Gemini-2.5-Pro [5]. As
shown in Figure 5, GCA proves to be a highly generaliz-
able architectural solution, substantially enhancing the spa-
tial reasoning capabilities of every VLM tested compared
to their CoT-only baselines. We observe that the mag-
nitude of this enhancement appears to correlate strongly
with the VLM’s inherent agentic proficiency and their base-
line spatial reasoning capability. It is most evident that
Gemini-2.5-Pro, which holds the strongest CoT-only base-
line on MMSI-Bench (36.9%), also achieves the most dra-
matic gain (+49%), rising to 55.0%. On the other hand, the
improvement on GPT-4o, while significant, is more modest
(+19%). We attribute it to its suboptimal agentic reasoning
capability and coding skills. Through introduction of for-
mal task constraint Ctask, our paradigm serves as a catalyst,
successfully unlocking and guiding the VLM’s powerful ex-
ecution engine towards the robust spatial reasoning across a
diverse set of SOTA models.

4.3.3. Component Contribution
We quantify the importance of each component in the
GCA, as presented in Table 2. This analysis reveals im-
provements in two distinct parts. First, building a stan-
dard tool-integrated agent by adding tool integration (+4.2
points), knowledge-augmented code generation (KACG,
+1.9 points), and visual feedback (+1.4 points) provides
a cumulative +7.5 points gain over the CoT-only baseline.
The second part, the introduction of Fformalize, brings an ad-
ditional massive improvement, increasing the overall accu-
racy by +7.5 points. This result strongly validates that con-
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Figure 6. Error Attribution and Failure Cases. We provide a detailed error attribution analysis to identify the main failure modes within
the VLM’s reasoning trajectory.

Table 2. Ablation Study on Each Component in GCA. Here,
“KACG” denotes applying knowledge-augmented code genera-
tion, and “Feedback” denotes applying the VLM to manage tool
feedback and resolve ambiguity.

Tool Integration KACG Feedback Ctask MMSI-Bench

32.6
✓ 36.8
✓ ✓ 38.7
✓ ✓ ✓ 40.1

✓ ✓ ✓ ✓ 47.6

straining the VLM’s planning via a formal Ctask is essential
to prevent flawed reasoning within its lossy semantic space.

4.4. Error Attribution and Failure Cases
A key advantage of GCA paradigm is its verifiable and in-
terpretable nature, which allows us to trace the reasoning
pathway and perform detailed error attribution. As shown in
Figure 6 (a), this analysis pinpoints the current bottlenecks,
attributing failures to either the VLM’s initial formalization
or the subsequent tool orchestration.
Errors inFformalize. Failures in the initialFformalize stage ac-
count for 30% of all errors. Given this is the first step of the
paradigm, it indicates the VLM achieves ∼70% accuracy
in correctly formalizing the task constraint Ctask. A deeper
analysis reveals these failures primarily lie in challenging
cases involving complex semantics, ambiguity in multiple
images, or ignored implications. For instance, as shown
in Figure 6 (b), when asked about a top-down view, the
VLM fails to grasp the query’s implication that “down” re-
ferred to the direction of gravity, defaulting instead to “cam-
era down” and establishing an incorrect reference frame.
Errors inFcompute. The remaining 70% of errors occur dur-
ing Fcompute stage. Perception failures (∼24%) are a major
bottleneck, particularly in “Reconstruction” and “Orienta-
tion”. A typical reconstruction failure, shown in Figure 6
(e), is caused by the inability of the underlying VGGT [40]

to accept textual input. The query’s textual input, “each
shot after rotating 60 degrees” provides a deterministic rota-
tional sequence. However, the VGGT model, which cannot
accept this textual input, parameterize the scene incorrectly,
resulting in the “wrong order” of cameras and a flawed ge-
ometric foundation. Errors from “Python Tool” (25%) are
also significant, often stemming from forgotten coordinate
transformations or lacking nuanced problem-solving logic,
such as identifying a principal direction. Besides, “Other”
(21%) errors capture issues like incorrect parameter pass-
ing between tools, exhausting the predefined budget (e.g., a
maximum of 15 turns), and etc.

5. Conclusion

In this work, we introduce GCA, a training-free agen-
tic paradigm designed to bridge the VLM’s semantic-to-
geometric gap in spatial reasoning. We address it through
leveraging a formal task constraint, transforming the am-
biguous spatial query into a deterministic mathematic prob-
lem with constraints, preventing the VLM reasoning about
the geometric details within its lossy semantic space. As
demonstrated experimentally, GCA establishes a new state-
of-the-art on multiple challenging spatial reasoning bench-
marks, showcasing a effective and generalizable pathway
for robust spatial reasoning.
Limitations and Future Prospects. The GCA paradigm,
involving iterative tool calls and VLM interactions, is com-
putationally more costly than simple end-to-end CoT rea-
soning. However, this trade off yields a more robust and
verifiable reasoning pathway. Furthermore, we believe the
structured outputs from Fformalize and Fcompute stages can
serve as a valuable source of supervision for training more
efficient end-to-end spatial VLMs in the future. Besides,
current toolbox is primarily designed for image-based spa-
tial reasoning. A key direction for future work is to extend
this geometrically-constrained framework by incorporating
tools for temporal reasoning, thereby addressing a broader
range of spatial intelligence tasks.
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