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Abstract

Precise spatial reasoning is fundamental to
embodied intelligence, yet current Vision-
Language Models (VLMs) remain bottle-
necked by text-based Chain-of-Thought (CoT)
that relies solely on textual reasoning trajecto-
ries, often bypassing active engagement with
fine-grained visual details. To address this, we
present E-ViC (Embodied Visual Chain), a
framework that moves reasoning beyond text
and directly into the visual domain. By formu-
lating visual operations (e.g., zooming, mark-
ing) as executable primitives, E-ViC transforms
perception from static prediction into an active
verification process. Distinct from approaches
relying on supervised step-wise trajectories, E-
ViC is trained via an agentic reinforcement
learning paradigm. This enables the model to
autonomously discover optimal policies, lead-
ing to the emergence of human-like “look-and-
confirm” strategies driven solely by task-level
rewards. To facilitate this, we curate a compre-
hensive 24.4K-sample dataset covering diverse
embodied tasks. By grounding reasoning in
pixel-level interactions, E-ViC reframes spatial
intelligence as a verifiable, tool-using capabil-
ity. Extensive evaluations on external bench-
marks demonstrate that our approach consis-
tently outperforms strong VLM baselines with
an average gain of 10.1%.

1 Introduction

Vision-Language Models (VLMs) have achieved
remarkable progress in general visual question
answering (VQA) and 2D scene understand-
ing (Zhang et al., 2024, 2025b). However, deploy-
ing these models as an “Embodied Brain” necessi-
tates a fundamental paradigm shift: transitioning
from a passive observer that describes the world
to an active agent that interacts with it. While a
passive observer needs only to align visual features
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with semantic concepts (e.g., identifying a “mug”),
an embodied model faces the strictly more demand-
ing challenge of physical actionability. This re-
quirement exposes a critical semantic-spatial gap
in current VLMs (Zhang et al., 2025c). For a robot,
vague spatial awareness is insufficient; valid exe-
cution demands geometric precision—the rigorous
quantification of physical space. Consequently,
bridging this gap entails two fundamental capabili-
ties: relative spatial reasoning and absolute local-
ization.

To endow VLMs with genuine spatial percep-
tion, existing research has bifurcated into two pri-
mary paradigms. The first decomposes reasoning
into multi-stage pipelines (Zhang et al., 2025d),
producing intermediate artifacts like segmentation
masks. While interpretable, this modularity is brit-
tle, suffering from severe error propagation across
stages. Conversely, recent end-to-end frameworks
such as Embodied-R1 (Yuan et al., 2025b) and
From Seeing to Doing (FSD) (Yuan et al., 2025a)
attempt to internalize spatial reasoning via the tex-
tual Chain-of-Thought (CoT). However, we iden-
tify a fundamental modality mismatch in this ap-
proach: natural language is inherently designed
for semantic compression, not geometric precision.
Forcing fine-grained spatial reasoning into a pure
textual stream creates a severe information bot-
tleneck—abstracting away the pixel-level cues es-
sential for manipulation. Consequently, relying
solely on linguistic reasoning acts as a “blindfold”,
detaching the model’s decision-making from the
physical ground truth it must operate upon.

To dismantle this linguistic blindfold, we present
E-ViC (Embodied Visual Chain). Our core in-
sight is that spatial reasoning must remain visually
native to preserve geometric fidelity. Instead of
compressing visual observations into lossy textual
descriptions, E-ViC transforms perception from
a static prediction task into an active verification
process (see Figure 1). By formulating visual oper-
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Overview of the Embodied Visual Chain (E-ViC). The framework (left) categorizes embodied

challenges into cognitive and grounding tasks. The agentic VLM policy (top-right) utilizes multimodal reasoning
tokens and a Tool Executor for interactive task execution. To optimize performance, we introduce a Multi-
Task Gated Reward (bottom-center). Results (bottom-right) show that E-ViC achieves SOTA performance and
outperforms baseline model by an average of 10.1% in spatial perception and localization.

ations—such as dynamic zooming and point mark-
ing—as executable decision primitives, the model
engages in an iterative “look-and-confirm” loop.
This mechanism mirrors human cognitive strate-
gies: resolving spatial ambiguity not by guessing,
but by actively scrutinizing critical regions to ver-
ify hypotheses. Consequently, E-ViC circumvents
the abstraction bottleneck of language, grounding
reasoning directly in fine-grained visual feedback
to achieve sub-pixel precision.

Concretely, we instantiate E-ViC through an
agentic reinforcement learning paradigm akin to
the R1-Zero setting. Diverging from conventional
approaches that rely on Supervised Fine-Tuning
(SFT) to mimic human trajectories, our method
is unsupervised in the behavioral space. We do
not explicitly teach the model how to observe;
rather, we simply incentivize task success. Un-
der this outcome-driven objective, complex spa-
tial reasoning strategies spontaneously emerge: the
model autonomously discovers that proactively in-
voking visual tools to verify its predictions is the
optimal policy for precise grounding. This “think-
and-refine” process not only eliminates the depen-
dency on labor-intensive trajectory annotation but
also empowers the model to evolve robust percep-
tion strategies that transcend the limits of static
imitation. Our experimental results demonstrate

substantial improvements in spatial cognition and
grounding tasks. Our contributions are threefold:

* We propose E-ViC, a framework that shifts
reasoning from pure textual trajectories to
visual chain by formulating tool use as de-
cision primitives. Operating under an agen-
tic reinforcement learning paradigm with a
novel multi-task gated reward, the model
autonomously discovers effective strategies
without supervised reasoning data, preventing
degenerate behaviors.

* We curate a training mixture of 24.4K sam-
ples, categorized into grounding and cogni-
tive tasks, to facilitate tractable reinforcement
learning. Unlike standard aggregations, we ap-
ply verifiability-based filtering to ensure high-
quality supervision signals, spanning chal-
lenges from fine-grained localization to se-
mantic reasoning.

* Validating our approach across a suite of em-
bodied benchmarks, we report a 10.1% aver-
age gain over strong baselines, confirming the
superiority of pixel-level verification over lin-
guistic abstraction. Through a comprehensive
analysis of these results, we offer critical in-
sights to the community that shed light on the
future direction of verifiable visual reasoning.
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2 Related Work
2.1 Tool-Augmented VLMs

Recent advances in Vision-Language Models
(VLMs) have moved beyond single-pass image-to-
text prediction toward interactive perception with
explicit tool usage. Existing work in this paradigm
broadly falls into two categories.

One line of research focuses on programmatic
reasoning and sketch-based interfaces, where ex-
ternal tools are used to explicitly structure spatial
reasoning. Representative approaches include Vi-
sual Program Distillation (VPD) (Hu et al., 2024b),
which distills programmatic reasoning and tool us-
age into VLMs, and Visual Sketchpad (Hu et al.,
2024a), where models perform drawing operations
on a virtual canvas to support visual reasoning.

Another line emphasizes active perception, en-
couraging models to resolve perceptual ambiguities
through dynamic visual operations such as zoom-
ing or cropping. This includes high-level reasoning
systems such as OpenAl o01/03 (Jaech et al., 2024)
and GRIT (Fan et al., 2025), as well as RL-based
frameworks like DeepEyes (Zheng et al., 2025),
Pixel Reasoner (Wang et al., 2025a), and Reinforc-
ing Spatial Reasoning (Wu et al., 2025). While
these methods improve spatial understanding, they
typically rely on supervised reasoning trajectories,
handcrafted programs, or carefully designed cold-
start initializations to bootstrap learning.

2.2 Embodied Reasoning and Perception

The integration of complex reasoning into embod-
ied tasks has emerged as a pivotal frontier, requir-
ing models to bridge the gap between high-level
semantic understanding and low-level motor con-
trol. Early efforts, such as CoT-VLA (Zhao et al.,
2025) and ThinkAct (Huang et al., 2025), estab-
lish the foundation for this by incorporating visual
chain-of-thought (CoT) structures to guide robotic
actions. Similarly, Embodied VSR (Zhang et al.,
2025d) focuses on enhancing the spatial reasoning
capabilities of agents within 3D environments.
Recent analyses further examine how multi-
modal models internally perceive, store, and recall
spatial layouts across views and time, revealing
persistent limitations in spatial memory and mental
map construction (Yang et al., 2025). To further
optimize these reasoning chains, recent works have
turned to reinforcement learning (RL) and fine-
tuning strategies. For instance, Reason-RFT (Tan
et al., 2025) introduces reinforcement fine-tuning

to bolster the visual reasoning of VLMs, while
Embodied-R1 (Yuan et al., 2025b) leverages rein-
forced embodied reasoning specifically for general
robotic manipulation tasks.

E-ViC follows this line of research by treating
visual tool use as a native component of the reason-
ing process. Under an R1-Zero-style agentic RL
paradigm, the model acquires multi-step perception
and deliberation behaviors directly from task-level
rewards, enabling it to iteratively inspect visual ev-
idence, focus on informative regions, and commit
to final predictions in a human-like reasoning loop.

3 Method

We present E-ViC, a framework designed to en-
able the use of visual tools for solving embodied
tasks. E-ViC projects the reasoning process into
the situated pixel space, enabling the system to
manifest spatial hypotheses through iterative visual
adjustments, such as adaptive zooming, directly
upon the visual input. This closed-loop process al-
lows the system to refine its spatial understanding
through continuous physical interaction with the
visual context.

We optimize E-ViC by applying an agentic re-
inforcement learning paradigm with sparse task-
level rewards. Section 3.1 introduces the task for-
mulation, modeling embodied spatial reasoning
as a multi-step decision process with visual tool
use. Section 3.2 presents the agentic reinforcement
learning framework used to train the model directly
from task-level rewards, without supervised reason-
ing trajectories. Finally, Section 3.3 outlines the
training infrastructure and system design enabling
scalable, high-throughput closed-loop reinforce-
ment learning.

3.1 Task Formulation

Given image [ and instruction [/, our goal is to pro-
duce a spatial output y (e.g., coordinates, bounding
boxes, or multiple-choice answers). We formu-
late this problem as a multi-turn reasoning pro-
cess, in which the model incrementally gathers
visual evidence and refines its prediction. For-
mally, the model generates a reasoning trajectory
7 = (01,09, ...,0r), Where each step o; belongs
to one of the following categories:

* Text reasoning: a textual reasoning step,
where the model reasons about the current
visual input and task instruction.
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* Visual tool call: a function calling step that
applies a predefined visual operation to the
image in order to acquire additional visual
evidence. Supported operations are listed in
Appendix E.

* Final answer: the terminal step that outputs
the spatial prediction y.

Turn Budget. We define a furn as one complete
perception-action-feedback cycle. Turn ¢ = 0
consists of the initial prompt ([, [) and model re-
sponse 0. For t > 1, turn ¢ comprises the tool’s
visual feedback I; and the model’s subsequent re-
sponse 0;41. The maximum turn budget T1,,,« thus
bounds the total number of perception-reasoning
cycles permitted per episode.

3.2 E-ViC Overall Pipeline

Overall Pipeline As shown in Algorithm 1 and
Figure 1, our method follows a multi-turn visual
reasoning pipeline for embodied tasks. Given an
initial image and a language instruction, the model
first constructs a unified context representation. At
each turn, the policy generates an output condi-
tioned on the current context, which can be one
of three types: text reasoning, visual tool call, or
final answer. Text reasoning updates the interme-
diate context state, while visual tool calls execute
corresponding operations on the image and return
visual feedback; both the action and the feedback
are appended to the context to support subsequent
reasoning. When the model produces a final an-
swer, the reasoning process terminates and outputs
the spatial prediction. By alternating between tex-
tual reasoning and visual interaction over multiple
turns, the model progressively incorporates visual
feedback to revise intermediate judgments, result-
ing in more stable and accurate spatial reasoning.

A key challenge in realizing such a closed-loop
visual reasoning process lies in how to train the
model to decide when and how to perform rea-
soning or invoke visual tools, without relying on
annotated multi-step trajectories. To address this
challenge, we formulate the training of E-ViC un-
der an R1-Zero agentic reinforcement learning
paradigm. This training strategy directly optimizes
multi-turn reasoning behaviors from task-level re-
wards, mirroring the human problem-solving pro-
cess of decomposing complex scenes, focusing at-
tention on critical regions, and verifying hypothe-
ses through active visual inspection.

Algorithm 1 E-ViC Overall Pipeline

Require: image(s) I, instruction [, policy 7, max turns 7'
Ensure: Spatial prediction y

I: C«+ (1,1)

2: fort =1toT do

3 op~mg(-|C)

4: if o, is final answer then

5 return PARSE(o:)

6: else if o; is visual tool call then
7: I + EXECUTE(o:) {See Appendix E}
8: C(—C@(Ot,[t)

9: else
10: C+C D o+
11: end if
12: end for

13: return PARSE(or)

To further stabilize learning across heteroge-
neous embodied tasks and prevent degenerate rea-
soning behaviors, we introduce a Gated Reward
Formulation. This mechanism selectively propa-
gates reward signals only when the reasoning tra-
jectory satisfies structural validity and perceptual
grounding constraints, ensuring that visual tools
are activated strategically rather than arbitrarily.

Multi-Task Gated Reward To optimize perfor-
mance across heterogeneous embodied tasks while
preventing degenerate reasoning behaviors, we in-
troduce a Multi-Task Gated Reward mechanism
that selectively propagates reward signals based on
trajectory quality. Our formulation decomposes the
total reward Ry, into task-specific accuracy and
structural validity components:

Rﬁnal(7_> = (05 : Rk’(T) +3- Rformat) : G(T)7 (D

where Ry (-) is a task-specific reward operator tai-
lored to task type k (detailed in Appendix D),
Ryormar enforces syntactic validity, and G(7) serves
as a gating coefficient that filters low-quality rea-
soning trajectories. Hyperparameters « and (3 bal-
ance task performance against format adherence.

Gating Mechanism. The coefficient G(7) imple-
ments a hierarchical filtering process that evaluates
reasoning trajectories across two critical dimen-
sions:

G(r) =1(C1) - (0.5+05-1(C)), (2

where 1(-) denotes the indicator function, and
{C;}2_, represent hierarchical constraints:

* C; (Behavioral Anti-Degeneracy): Prevents
trivial solutions by penalizing repetitive or
stationary behaviors. We enforce state pro-
gression by verifying that consecutive actions
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induce meaningful context updates: ¢(o;) #
®(0i+1), where ¢(-) encodes the semantic
state. The tool calling is in JSON format
and is compared by exact match. This con-
straint eliminates reward for trajectories ex-
hibiting action loops or redundant tool invoca-
tions—behaviors that exploit reward structure
without genuine spatial reasoning.

* Cs (Active Perceptual Grounding): Incen-
tivizes active visual engagement by reward-
ing trajectories that invoke visual tools (e.g.,
zoom_in, draw_point) to anchor reasoning
in pixel-level observations. Formally, Cy de-
notes |7 N Tyisual| > 0, where Tyisual denotes
the set of visual operations.

Hierarchical Credit Assignment. Under this
formulation, C; acts as a strict validity filter: vi-
olation results in zero reward (G = 0), elimi-
nating gradient signal from degenerate trajecto-
ries. In contrast, Co introduces differential scaling
for embodied reasoning. The agent receives par-
tial credit (G = 0.5) for text-only reasoning that
produces correct answers without visual ground-
ing—acknowledging linguistic capability while pe-
nalizing “blind” prediction. Full credit (G = 1.0)
is reserved for trajectories that actively engage with
the visual environment, thereby coupling task suc-
cess with perceptual verification. This design bi-
ases the policy toward human-like spatial problem-
solving: decomposing scenes through visual in-
spection rather than abstracting away spatial struc-
ture into language.

Optimization via Trajectory GRPO. We instan-
tiate Agentic RL using Group Relative Policy Opti-
mization (Shao et al., 2024), which computes ad-
vantages from group statistics without requiring a
learned value function. For each input (I,1), we
sample G reasoning trajectories {7;}% ;. The ad-
vantage for trajectory 7; is computed as:

i Riinar(7:) — mean({ Reinal (75) }52,)
' std({ Rfinal (75) }?:1)

Training aims to maximize the following objec-
tive:

3)

=1 t=1

Jareo(0) = E; . p, {ri}& ~me,

1d

)

4

min (Pi,t(e)/lu clip (pi¢(0),1 — €,1+¢) Ai)

where the policy ratio p; () for step ¢ of trajectory
7; is defined as:

79(0it | hit)

it(0) = ———————.
P ’t( ) T4 (02}15 ‘ hi,t)

&)

3.3 Training Infrastructure

Training agentic policies introduces challenges
from variable episode lengths and blocking tool
execution. Episodes exhibit high length variabil-
ity during training—ranging from direct answers
(1 turn) to iterative refinement (up to Tiax = 5
turns)—creating load imbalance across workers
and complicating batch construction.

We employ an asynchronous actor-learner ar-
chitecture to maintain training efficiency. Dis-
tributed workers generate trajectories using local
policy copies and deposit completed episodes into a
shared buffer. The central learner samples batches
with priority weighting based on reward variance,
ensuring diverse gradient signals while handling
length heterogeneity. Policy parameters are syn-
chronized to workers periodically.

User Prompt }—) Text Reasoning ——> Answer

(a) Chain of Thought (CoT)

Token Type

Policy Tokens

Env Tokens

[j Input Tokens

Visual Agentic Loop

User Prompt }—» Text Reasoning — Tool Call —> Feedback —> Answer

1
C
(b) Embodied Visual Chain (E-ViC) < /‘

Perceive
[

Environment
(Tool Executor)

Figure 2: Token-level factorization for credit assign-
ment. Policy tokens (blue) include text reasoning, tool
calls, and answers. Environment tokens (green) repre-
sent deterministic tool responses. Importance sampling
applies only to policy tokens.

Deterministic tool execution. A key design prin-
ciple differentiates E-ViC from standard CoT RL:
tool responses constitute deterministic environment
transitions rather than stochastic policy samples.
This enables a factored objective (Figure 2) where
importance sampling applies exclusively to policy
tokens:

Vej(e) = ]ET

Zva logmg(os | he) - A(T) |,
t ©)

where h; includes all prior policy outputs
{01,...,0¢—1} and deterministic tool responses.
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Figure 3: Training data distribution.

This factorization provides clearer credit attribu-
tion for learning when and how to invoke visual
tools.

4 Experiments

We evaluate E-ViC on a comprehensive suite of
spatial understanding benchmarks, demonstrating
significant improvements over both open-source
and proprietary VLMs. Our experiments address
three key questions: (1) Does E-ViC improve spa-
tial reasoning over standard VLMs and text-only
CoT? (2) Is the gated reward mechanism necessary
for multi-turn reasoning to emerge? (3) How does
tool diversity affect learning dynamics and final
performance?

4.1 Data Collection

To endow our model with robust spatial reason-
ing and precise point-based grounding capabili-
ties, we curate a diverse training mixture from
multiple complementary data sources. We adopt
a verifiability-based filtering approach: for each
candidate sample, we independently query both
Gemini-2.5-Flash and Qwen2.5-VL with 8 rollouts
each, retaining only samples where at least one
rollout produces a correct answer. After filtering
and stratified subsampling to balance task diversity,
the final training mixture comprises approximately
24 4K examples spanning two complementary task
categories, as illustrated in Figure 3.

Cognitive Tasks. Cognitive tasks encompass
choice-based reasoning problems requiring discrete
answers, totaling 9.0K examples across two cate-
gories. Spatial Relation (8.7K) is aggregated from
RefSpatial (Zhou et al., 2025), SPAR-7M (Zhang
et al., 2025a), and ViLaSR (Wu et al., 2025), span-
ning diverse challenges including spatial relation
recognition, maze navigation, video-based reason-

ing, multi-view understanding, and viewpoint trans-
formation. Numerical Regression (0.3K) from Vi-
LaSR (Wu et al., 2025) requires precise numerical
outputs for spatial quantities such as counting and
measurement.

Grounding Tasks. Grounding tasks require the
model to produce precise spatial outputs such as
coordinates and bounding boxes, which can be di-
rectly verified against ground-truth annotations, to-
taling 15.4K examples. As shown in Figure 3, these
tasks primarily cover point prediction (13.7K),
depth and distance estimation (1.2K), and bound-
ing box localization (0.5K), drawn from multiple
established embodied and spatial reasoning bench-
marks, including RefSpatial, RoboPoint (Yuan
et al., 2024), ShareRobot (Ji et al., 2025), and
SPAR-7M.

4.2 TImplementation Details

Architecture and Infrastructure. We build our
codebase on Volcano Engine Reinforcement Learn-
ing (veRL) (Sheng et al., 2024). We instanti-
ate E-ViC using Qwen2.5-VL-7B-Instruct (Bai
et al., 2025) as the base model, optimized via
GRPO (Shao et al., 2024) on 64 NVIDIA A800
GPUs with FSDP (Zhao et al., 2023). Training em-
ploys mixed-precision (bfloat16), gradient check-
pointing, and flash attention (Dao et al., 2022) for
computational efficiency.

Optimization Protocol. We use learning rate 1 x
1079, batch size 128, sampling n = 16 trajectories
per prompt at 7 = 1.0. Clipping is e = 0.2 without
KL penalty. Maximum 7y, = 5 turns.

Controlled Comparisons. All trained meth-
ods—including ablation variants detailed in Sec-
tion 4.4—share identical GRPO hyperparameters
and training data (24.4K samples). External models
(GPT-40 (OpenAl et al., 2024), GPT-5 (OpenAl,
2025), InternVL3.5 (Wang et al., 2025b), Qwen2.5-
VL variants) are evaluated zero-shot without tool
access. Training stabilizes after 200 optimization
steps; we report results from the checkpoint maxi-
mizing held-out validation reward.

4.3 Main Results

Table 1 presents comprehensive comparisons on
five spatial understanding benchmarks. We eval-
uate against both open-source VLMs (Qwen2.5-
VL, InternVL3.5) and proprietary models (GPT-4o,
GPT-5).
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Table 1: Performance comparison on spatial understanding benchmarks. We compare our E-ViC method
against state-of-the-art open-source and proprietary vision-language models. Bold indicates the best performance
and underline indicates the second best performance per column. When multiple models tie for the best, all are

shown in bold without underline for second place.

Model Size Where2Place RefSpatial ERQA SparBench MMSI Avg.

Open-Source Vision-Language Models

Qwen2.5-VL-Instruct 7B 19.2 16.7 40.0 34.2 25.9 27.2

Cosmos-Reasonl(NVIDIA et al., 2025) 7B 19.0 49 38.3 31.1 11.6 21.0

InternVL3.5 8B 32.3 23.2 39.3 37.2 30.2 324

Qwen2.5-VL-Instruct 32B 21.6 16.4 43.5 38.6 28.4 29.7

Proprietary API Models

GPT-40 - 20.3 9.9 37.8 343 29.9 26.4

GPT-5 - 29.6 23.1 43.5 41.6 294 33.1

Ours

E-ViC 7B 47.0 28.2 433 37.7 30.2 37.3

A (vs Qwen2.5-VL-7B) - +27.8 +11.5 +3.3 +3.5 +4.3  +10.1
Comparison with Open-Source Models. E-ViC 4.4 Ablation Studies

achieves substantial improvements over its base
model Qwen2.5-VL-7B-Instruct across all bench-
marks, with an average gain of +10.1%. The
most pronounced improvements appear on tasks
requiring fine-grained localization: +27.8% on
Where2Place and +11.5% on RefSpatial. These
results validate our core hypothesis that ground-
ing reasoning directly in pixel-level interactions
through visual tool use enables more precise spa-
tial understanding than text-only deliberation. No-
tably, E-ViC outperforms InternVL3.5-8B (32.4%
avg.) despite using comparable model capacity, and
even surpasses Qwen2.5-VL-32B-Instruct (29.7%
avg.)—a model with 4x more parameters. This
demonstrates that E-ViC provides a more effective
approach than simply scaling model size for spatial
reasoning.

Comparison with Proprietary Models. E-ViC
achieves the highest average performance (37.3%)
among all evaluated models, surpassing GPT-5
(33.1%) by +4.2 points. The performance gap is
particularly pronounced on Where2Place (+26.7%
vs. GPT-40, +17.4% vs. GPT-5) , a benchmark re-
quiring precise placement predictions in cluttered
scenes. This suggests that proprietary models, de-
spite their general capabilities, lack the iterative
visual refinement that E-ViC acquires through agen-
tic RL. On ERQA, E-ViC achieves comparable per-
formance to GPT-5 (43.3% vs. 43.5%), demonstrat-
ing competitive embodied reasoning capabilities.

We conduct systematic ablations to isolate the con-
tribution of each design choice in E-ViC. All vari-
ants share identical training data, hyperparameters,
and computational budget. We evaluate on three
complementary benchmarks: Where2Place (fine-
grained placement), ERQA Action (embodied ac-
tion reasoning), and ERQA Point (point localiza-
tion).

Experimental Setup. We compare E-ViC
against three ablated configurations:

* CoT RL: Text-only Chain-of-Thought with
identical GRPO optimization but no visual
tool access. This isolates the contribution of
visual reasoning from general RL-based im-
provements.

* w/o Gate: Removes gated mechanism (Eq. 2),
retaining only the task accuracy term and for-
mat term. This tests whether explicit incen-
tivization is necessary for tool-use emergence.

* w/o Other Tools: Restricts the tool suite to
draw_point only. This examines whether
tool diversity is necessary or if a single domi-
nant tool suffices.

Finding 1: Visual Tool Use Provides Substantial
Gains Over Text-Only Reasoning. Comparing
E-ViC against CoT RL in Figure 4(b—d) reveals
the fundamental advantage of grounding reason-
ing in pixel space. At convergence, E-ViC outper-
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Figure 4: Ablation study results. (a) Average turns across training steps for different variants. (b-d) Performance
comparison on Where2Place, ERQA Action, and ERQA Point benchmarks. Gated rewards are essential for multi-
turn reasoning emergence, visual tools consistently outperform text-only CoT, and tool diversity prevents overfitting
and stabilizes training. Dashed line indicates the baseline performance.

forms CoT RL by +8.3% on ERQA Action and
+11.8% on ERQA Point , while achieving notable
gains on Where2Place . These improvements are
particularly striking given that both methods use
identical GRPO optimization—the only difference
is access to visual tools. The results demonstrate
that certain spatial information cannot be recov-
ered through text-only reasoning, regardless of how
sophisticated the language-based deliberation be-
comes. Visual operations like zooming and point
annotation provide direct pixel-level evidence that
text descriptions can only approximate.

Finding 2: Gated Rewards Are Essential for
Multi-Turn Emergence. Figure 4(a) reveals fun-
damentally different learning dynamics between
E-ViC and w/o Gate. E-ViC exhibits three dis-
tinct phases: exploration (steps 1-30, peaking at
3.2 turns), where the model experiments with di-
verse tool invocation patterns; consolidation (steps
30-90), where ineffective strategies are pruned;
and stabilization (~2.7 turns), representing learned
task-adaptive reasoning depth.

In stark contrast, w/o Gate collapses to single-
turn behavior within 20 training steps. Without
gate, the model discovers a degenerate but locally
optimal strategy: immediate commitment without
visual deliberation. This manifests clearly in the
benchmark results: while w/o Gate achieves rea-
sonable Where2Place performance, it suffers se-
vere degradation on ERQA Action—an 18.1% gap.
The accuracy-only reward creates a shallow local
optimum corresponding to direct prediction; the
gated mechanism reshapes this landscape by re-
quiring tool engagement for full credit, enabling
escape from the single-turn attractor.

Finding 3: Tool Diversity Prevents Overfitting
and Stabilizes Learning. The w/o Other Tools
variant reveals a subtle but critical failure mode
best observed in Figure 4(c—d). On Where2Place,
this configuration achieves competitive final perfor-
mance (47.0%). However, the ERQA benchmarks
expose severe instability.

On ERQA Action, w/o Other Tools exhibits clas-
sic overfitting: performance peaks at 56.9% (step
150)—temporarily exceeding all other methods—
then crashes to 38.9% by step 200, a 18.0 point
degradation. On ERQA Point, accuracy oscillates
wildly between 26.5% and 44.1% across check-
points, with final performance falling 14.7 points
below E-ViC. In contrast, E-ViC shows monotonic
improvement on Where2Place and maintains sta-
ble, high performance (>50%) on ERQA Point
from step 100 onward.

We attribute this instability to gradient homo-
geneity: with only draw_point available, the
model receives narrow feedback that leads to
overfitting on specific reasoning patterns. The
full tool suite—zoom_in, draw_point, draw_box,
draw_trajectory, draw_3d_bbox—provides di-
verse supervision signals that regularize learning
and prevent memorization of task-specific short-
cuts.

5 Conclusion

In this paper, we presented E-ViC, a framework that
shifts spatial reasoning from linguistic abstraction
to active visual interaction. By formulating visual
tools as decision primitives, E-ViC enables VLMs
to iteratively refine perception through direct pixel-
level feedback. Our agentic reinforcement learning
paradigm facilitates the autonomous emergence of
deliberation strategies from task-level rewards, by-
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passing the need for supervised expert trajectories.
Training on our curated 24.4K-sample dataset leads
to a 10.1% average performance gain over strong
baselines. Ultimately, E-ViC reframes spatial intel-
ligence as a verifiable, tool-mediated process for
robust embodied systems.

6 Limitations

While E-ViC demonstrates consistent improve-
ments across diverse spatial reasoning benchmarks,
we acknowledge that its multi-turn visual reasoning
paradigm incurs additional computational overhead
compared to single-pass baselines. This reflects an
inherent trade-off in deliberative reasoning frame-
works that prioritize spatial precision over infer-
ence latency, and may limit applicability in real-
time or resource-constrained settings.

Additionally, although our evaluation focuses on
established benchmarks to ensure reproducibility
and fair comparison, effectively deploying such rea-
soning capabilities in real-world environments re-
quires addressing practical challenges such as sen-
sor noise, partial observability, and environmental
dynamics. Ensuring robustness under these condi-
tions remains a non-trivial challenge shared across
the embodied Al community.

Accordingly, we view our work as establishing
foundational spatial reasoning capabilities that are
intended to support and enhance real-world embod-
ied systems, rather than as a complete end-to-end
solution for direct deployment in physical environ-
ments.
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A Qualitative Case Studies

To illustrate the visual chain reasoning process en-
abled by E-ViC, we present three representative
case studies demonstrating how the model lever-
ages visual tools for spatial reasoning tasks. These
examples showcase the iterative, tool-augmented
reasoning that distinguishes our approach from
purely text-based methods.

A.1 Case 1: Moving Trajectory

Task Description. Given an image containing a
red target object, the model must determine the tra-
jectory that an end effector should follow to reach
the target. The answer should be formatted as an
ordered list of waypoints.

E-ViC Process. As shown in Figure 5, the model
employs a three-step visual reasoning strategy:

1. Target Identification: The model first in-
vokes draw_point to mark the center of the
red object at coordinates (73, 129), establish-
ing the goal position.

2. Start Position Marking: A second
draw_point call places a marker at the
current end effector position (25, 90).

3. Trajectory Visualization: Finally, the model
uses draw_trajectory to render the path
connecting these waypoints, enabling visual
verification of the planned motion.

Final Answer. The trajectory is determined as
\boxed{[ (25, 90), (73, 129)1}.

A.2 Case 2: Spatial Relation Recognition

Task Description. Given an image with multiple
objects, the model must estimate real-world dis-
tances and determine which object is farther from
a reference object (a white fluffy pillow at lower
right). The options include: (A) black plastic mir-
ror at left, (B) black glossy window at lower right,
and (C) metallic silver bolt at lower right.

E-ViC Process. As depicted in Figure 6, the
model employs spatial reasoning through visual
annotation:

1. Multi-Point Localization: The model in-
vokes draw_point with coordinates for all

Project page: https://evic-joy.github.io

objects of interest: the black plastic mir-
ror at (103, 242), the black glossy window
at (423,344), and the metallic silver bolt at
(341, 349).

2. Distance Estimation: With the visual mark-
ers rendered, the model reasons about the spa-
tial arrangement and estimates relative dis-
tances from the reference pillow.

Final Answer. Based on the visual analysis, the
black plastic mirror (option A) is determined to be
the farthest: \boxed{A}.

A.3 Case 3: Iterative Refinement for
Localization

Task Description. The model must identify the
2D pixel location of a silver metallic laptop at the
center of the image, with coordinates rounded to
three decimal places.

E-ViC Process. As shown in Figure 7, the model
employs a two-stage refinement strategy:

1. Bounding Box Detection: The model first
invokes draw_box to render a bounding box
around the target laptop with coordinates
[324, 183,525, 389]. This establishes the re-
gion of interest and provides visual confirma-
tion of object identification.

2. Center Point Estimation: The model cal-
culates the midpoint of the bounding box
and uses draw_point to mark the center at
(427, 289). This visual feedback enables veri-
fication of the localization accuracy.

Final Answer. The 2D location of the sil-
ver metallic laptop center is \boxed{(427.0,
289.0) 7.

A.4 Discussion

These case studies highlight several key aspects of
the E-ViC framework:

* Adaptive Tool Selection: The model
autonomously selects appropriate  vi-
sual tools based on task requirements—
draw_trajectory for motion planning,
draw_point for spatial reasoning, and
draw_box followed by draw_point for
precise localization.

* Iterative Refinement: Rather than produc-
ing answers in a single forward pass, E-ViC
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Input Context

The task is move towards the red object. What is
the trajectory that the end effector should take?
Your answer should be formatted as a list of
tuples, i.e. [(x1. y1), (x2, y2), ...]. where each tuple
contains the x and y coordinates of a point.

Think step by step, calling tools as needed.
Reason and act in any order until done. Final
answer in \boxed{}.

Original Input Image (image 0)

Case 1: Moving Trajectory

E-ViC Process

To determine the trajectory for the end
effector, | need to identify key points to
qguide the movement. Il start bydraw a
point at the center of the red object for

reference.

{"name": "draw_paint",
“arguments™: {
“image_idx™ 0,
“paints”: [[73, 129]]
}

lTDDl Respanse

Drew 1 point(s) on image 0.

Now that | have a paoint at the center of
the red object, | should also indicate the
starting position of the end effector. I'l
place a point at the current position of
the end effectar.

{"name": "draw_point",
“arguments™: {
"image_idx™ 0,
“points": [[25, 90]]
}

l Tool Response

Drew 1 point(s) on image 0.

|

| now have two points that represent the
starting position of the end effector and
the center of the red object To
determing the trajectory, Il draw a
trajectory connecting these two points.

!

{"name": "draw_trajectory",
“arguments”: {
"image_idx™ 0,
“trajectories™: [[[25. 90].
[73, 129]]]

l Tool Response

Drew 1 trajectory(ies) on image 0.

!

The trajectory drawn indicales the line
path the end effector should follow to
reach the red object. The trajectory is
represented by the red arrow.

The ftrajectory that the end effector
should take is ‘boxed{](25 90), (73,
129)1

Figure 5: Moving Trajectory (Case 1). The model iteratively marks the start position, target location, and visualizes
the trajectory using visual tool invocations.
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Case 2: Spatial Relation Recognition

Input Context

Estimate the real-world distances between objects
in this image. Which object is farther from the
white fluffy pillow at lower right?

(A) black plastic mirror at left
(B) black glossy window at lower right
(C) metallic silver bolt at lower right

Think step by step, calling tools as needed.
Reason and act in any order until done. Final
answer in ‘\boxed{}.

Original Input Image (image 0)

E-ViC Process

To determine which object is farther, |
will use the "draw_point" tool to place
paints on each object of interast.

|

{"name": "draw_point",
“arguments”: {
“image_idx": 0,
“points™: [[103, 242],
[423, 344,
[341, 349]]

i Tool Response

Drew 3 point(s) on image 0.

|

Mow | have the positions of the objects. |
can now determine the distances and
provide the answer in ‘boxed{}.

\boxed{A}

Figure 6: Spatial Relation Recognition (Case 2). The model places point markers on all relevant objects to facilitate

distance comparison and spatial reasoning.

engages in multi-step visual reasoning, pro-
gressively refining its spatial understanding
through tool feedback.

* Visual Grounding: By rendering annotations
directly on the image, the model grounds its
reasoning in fine-grained visual information
rather than relying solely on linguistic abstrac-
tion.

These emergent behaviors arise naturally from
the agentic RL training paradigm, without explicit
supervision on tool-use trajectories.
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Case 3: Iterative Refinement for Localization

Input Context E-ViC Process

What is the 2D location of silver metallic laptop at
center? Your answer should be formatted as a

tuple, i.e. [(x, y)], where the tuple contains the x To find the 2D location of the silver
and y coordinates of a point satisfying the metalicilaptopfatithefcenierjliniliise
conditions above. The coordinates should be the “draw_box" function to render ab‘_ﬂ
rounded to three decimal places, indicating the around the laptop and then estimate its
absolute pixel location of the point in the image. center.

Think step by step, calling tools as needed. i

Reason and act in any order until done. Final

answer in \boxed{}.

{"name": "draw_box",
“arguments”: {
“image_idx": 0,
"boxes": [[324, 183, 525, 389]]
}
}

i Tool Response

Drew 1 box(es) on image 0.

Original Input Image (image 0) i

The silver metallic laptop at the center is
marked by the red box. The center of
this box can be approximated as the
midpoint of its boundaries, which is a
good representative point for its location.
Mow, | will use the "draw_point’ tool fo
place a point at this midpoint for
accurate coordinates.

|

{"name": "draw_paint",
“arguments”: {
“image_idx™: 0,
"points": [[427, 289]]

i Tool Response

Drew 1 point(s) on image 0.

|

The red dot indicates the approximate
center of the silver metallic laptop. Now,
| can provide the 2D location of this
point, which is \boxed{(427.0, 289.0)}
precise to the decimal places provided.

Figure 7: Iterative Refinement for Localization (Case 3). The model first draws a bounding box to localize the
object, then refines the estimate by marking the center point.
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Prompt Design for E-ViC

system

You are a helpful assistant. You can call functions to assist with the user query. Important: You must call only
one function at a time. After each function call, wait for the execution result before making the next function
call if needed.

# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:
<tools>

{"type": "function”, "function”: {"name": "image_zoom_in" "description": "Crop and enlarge a specified
rectangular region of the image for detailed inspection. Th 'coordinate origi 0,0)is at the top-left corner.

target image (starting from 0)"}, "bb ‘type": "array", "description”: "Region coordinates as [x1, y1, x2,
vz, where (x1, y) is the top-left coner a y2) is the bottom-right corner. Requires x1 < x2 and y1 <
i iption": "Optional descriptive annotation for the cropped region"}},

name’: "draw_point","description’: "Place visible point markers at specified
sitions, objects, or areas of interest.”, "parameters":
"integer”, "description” "Index of the target image (starting from 0)"},
it of point Louldmd{es each formatted as [x, y]"}}, "required”:

"type": "function”, "function": {"name": "draw_box", "description": "Render rectangular houndmg boxes on
the image to hlghhght localize, or annotate specific regions or objects.”, "parameters": {"type": "object",
i ", "description”: "Index of the target image (starting from 0)},
List of bounding boxes, each formatted as [x1, y1, x2, y2] where (x1,
e bottom-right corner"}}, "required": ["boxes" 11}
-aw connected paths on the
n, flow, or ordered spatial
": {"type": "object", "properties : {'type”: "integer”, "description’:

"Index e e (slarlmg from 0)"}, "trajectories": {"type": "array”, "description”: "List of

‘here each trajectory is an ordered sequence of at o waypoints formatted as [x, y]"}},
rajectories"}}}

", "function": {"name": "draw. 3d Dbbox", "description”: "Render 3D hnundmglmxe< on the
image using 8 projected corner points per oni and
connecting edges in green.", "parameters”: {"
"description”: "Index of the target image (starting fro ‘type
of 3D boxes, each defined by 8 corner points as [x, y]. Corners 0-3 define the front e 4-7 define the
back face. Corner order per face: top-left, top-right, bottom-right, bottom-left."}}, "required": ["boxes_3d"I}}}
</tools>

"boxes": {"type": "array", "des

y1) is the top-left corner and (

{'type’: "function”, "function’
1

oints w|(h|lncs Suitabl

For each function call, return a json object with function name and arguments within <tool_call></tool_call>
XML tags:

<tool_call>

i ok e, )

</tool_call>
user

{Query}
Think step by step, calling tools as needed. Reason and act in any order until done. Final answer in \boxed{}.

Figure 8: Prompt design for agentic Think-with-Image
reasoning. The system prompt defines the visual tool
suite via JSON schemas and enforces the single-tool-
per-turn constraint. User messages embed images via
<|image_pad|> tokens. Tool responses inject visual
feedback directly into the conversation context, enabling
iterative refinement.

B Prompt Design

This section specifies the prompt architecture en-
abling agentic visual reasoning. Our design phi-
losophy centers on minimal intervention: we pro-
vide tool affordances and let reinforcement learn-
ing discover effective usage patterns. The complete
prompt is shown in Figure 8.

B.1 Chat Template Architecture

We extend the Qwen-VL chat template with native
tool-calling capabilities. Table 2 summarizes the
key tokens.

Token Function

<|im_start|> <|im_end|>
<|vision_start|>, <|vision_end|>
<|image_pad|>

<tool_call> </tool_call>
<tool_response>, </tool_response>

Message boundary

Image embedding
Tool invocation
Tool output

Visual content scope

Table 2: Special tokens in the chat template.

The conversation follows strict role alterna-

tion: system — user — assistant — tool —
assistant — ---, where tool responses are for-
matted as user messages for template compatibility.

B.2 System Prompt

The system prompt establishes the single-tool-per-
turn constraint critical for interpretable reasoning:
<|im_start|>system

You are a helpful assistant. You can call
functions to assist with the user query.
Important: You must call only one function

at a time. After each function call, wait

for the execution result before making the
next function call if needed.

# Tools

You are provided with function signatures
within <tools></tools> XML tags:

<tools>

{tool_schemas_in_json}

</tools>

For each function call, return a json object
within <tool_call></tool_call> XML tags:
<tool_call>
{"name": <function-name>,

"arguments”: <args-json-object>}
</tool_call><|im_end|>

B.3 Visual Context Accumulation

A key feature enabling Think-with-Image is the
native embedding of tool outputs as images. Each
tool response appends a new image to the visual
context:
It+1 =7;U {Itool} (7

Tool responses are injected with both textual
feedback and visual output:
<|im_start|>user
<tool_response>
Zoomed in on image @ to region [120,80,350,240].
<|vision_start|><|image_pad|><|vision_end|>
</tool_response><|im_end|>

This enables the model to see what the tool pro-
duced, supporting visual verification and iterative

refinement—the core of agentic visual reasoning.

B.4 Multi-Turn Interaction Example

Algorithm 2 illustrates the Think-Act-Observe loop
with actual token structure.

The visual context grows as |Z| : 1 — 2 — 3,
enabling the model to compare annotations against
the original image for verification.

B.5 Design Principles

Our design specifies tool availability without pre-
scribing usage, enabling RL-discovered strate-
gies. Tool outputs are embedded as images for
closed-loop visual verification, while sequential
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Algorithm 2 Agentic Think-with-Image Interac-
tion Protocol

Require: Image set 7o, instruction [, tool suite 7, max turns
71Inax
Ensure: Final answer y
1: /* Context Initialization */
2: H <+ [<|im_start|>systemo o (7)o <|im_end|>]
3: H + H o [<|im_start|>user o EMBED(Zy) ol o

<|im_end|>]
4:
5: fort = 1to Trmax do
6:  /*Think: Generate reasoning and action */
7. <|]im_start|>assistant
8 o ~me(-|H) > Reasoning + optional tool call
90 H<+ Holoro<|im_end|>]
10:
11:  if HASBOXEDANSWER(0;) then
12: return EXTRACT (o) > Terminal action
13: end if
14:
15:  if HASTOOLCALL(0;) then
16: /* Act: Execute visual tool */
17: (fx,args) < PARSETOOLCALL(o¢)
18: Tou, msg < fr(Z¢,args)
19:
20: /* Observe: Inject visual feedback */
21: <|im_start|>user
22: <tool_response>
23: H <+ H o [msg o EMBED(Iou)]
24 </tool_response><|im_end|>
25: Tit1 < Ty U {Lou} > Visual context growth
26: end if
27: end for

28: return EXTRACT(oT,,,. )

single-tool execution ensures interpretable reason-
ing chain.

C Comparison with Spatial VLMs

Table 3 compares E-ViC against representative spa-
tial VLM baselines: Cosmos-Reasonl (NVIDIA
et al., 2025), RoboPoint-13B (Yuan et al., 2024),
and FSD-13B (Yuan et al., 2025a), evaluated on
five benchmarks: Where2Place, RefSpatial-Bench,
ERQA, SparBench, and MMSI. Our model (high-
lighted in blue) achieves the best average score de-
spite using a smaller backbone than the 13B-scale
baselines.

D Task-Specific Accuracy Rewards

In Eq. 1, we set « = 1.0, § = 1.0 . This sec-
tion provides detailed formulations for each task-
specific accuracy reward Ry (-) used in our multi-
task reward framework.

D.1 Choice Reward

For multiple-choice questions, we employ a binary
accuracy metric. Given a predicted answer ¢ and

Model W2P RSB ERQA SpB MMSI Avg

E-ViC (7B) 47.0 282 433 377 302 373

Cosmos-Reasonl  19.0 4.9 383 31.1 11.6 21.0
RoboPoint-13B 46.0 169 293 229 208 272
FSD-13B 458 86 273 197 229 289

Table 3: Comparison with spatial VLM baselines. Our
method E-ViC (highlighted in blue) achieves the best
average score. Abbreviations: W2P = Where2Place,
RSB = RefSpatial-Bench, SpB = SparBench; ERQA
and MMSI keep their original names. Avg is the mean
across the five benchmarks.

ground truth g, the choice reward is defined as:
Rchoice = ]]-[norm(g) = norm(y)] (8)

where norm(-) converts answers to uppercase and
removes trailing punctuation (e.g., parentheses, pe-
riods).

D.2 MRA Reward

For regression and numerical prediction tasks, we
adopt the Mean Relative Accuracy (MRA) met-
ric (Eigen et al., 2014). Given a predicted value
© and ground truth value v, the relative error is

computed as:

[0 — v
€ =

€))

|v]
For the special case where v = 0, we define
Rvmra = 1if |0 < €, and Ryra = 0 other-
wise. The MRA reward evaluates accuracy across

K confidence thresholds © = {01, 60,...,0k}:
| K
Rvra = e Z Ife < 1 — 0] (10)

k=1

The continuous MRA value is directly used as the
accuracy reward:

R& = Rmra (11)
In our experiments, we set g = 1076, K = 10,
and © = {0.50,0.55,0.60,0.65,0.70,0.75,
0.80,0.85,0.90,0.95}.

D.3 Point Localization Rewards

We employ two distinct reward formulations for
point prediction tasks, depending on the ground-
truth annotation structure.
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D.3.1 Region-Based Gaussian Reward

For affordance prediction tasks such as Robo-
Point (Yuan et al., 2024), where the ground truth
specifies a target region via multiple bounding
points G = {g1,...,9m} (M > 4), we employ
a Gaussian reward that provides continuous feed-
back based on proximity to the region center. We
first compute the region center and variance:

_ min; g; + max; 9;

Cy = 9 )
12
min; gf + max; g7 (12)
Cy = 5
0, = a- (maxg? — ming?),
j j (13)

oy = - (max gy — ming?)
J J

where o controls the Gaussian width relative to the
region extent.

For each predicted point p; = (p¥, p} ), the Gaus-
sian reward is:
1 <(pf - C:Jc)2

Rgauss (pz) = €xp ( - 5 2
z

(p! — cy)?
+ o2y>>
)
(14)

The final region-based point reward averages over
all predictions P = {p1,...,pn}:

N
1
Rregion = N E Rgauss(pi) (15)
=1

We set o = 0.5 in our experiments.

D.3.2 Single-Point Gaussian Reward

For tasks requiring prediction of a single precise
coordinate (e.g., object center localization), where
the ground truth is a single point g = (g%, ¢¥), we
employ a sharper isotropic Gaussian reward. Given
predicted points P = {p1,...,pn}, we select the
closest prediction to the ground truth:

p" = arg min ||p; — g||2 (16)
=

pq

The single-point reward is then computed as:

* 2
Ryingle = €xp (—”pg'|2> (17)

2
205

where oy, (in normalized [0, 1] coordinates) con-
trols the sharpness. We set o, = 0.1, which yields
rewards of approximately 0.61 at distance 0.1 and
0.14 at distance 0.2, providing strong gradients to-
ward the exact target.

D.4 Trajectory Reward

For trajectory prediction tasks, we design a re-
ward function that evaluates both endpoint accu-
racy and path coverage. Given a predicted trajec-
tory P = {p1,...,pn} and ground truth trajec-
tory G = {g1,...,9m}, coordinates are scaled
from normalized [0, 1] space to pixel coordinates
by multiplying with image width W. The maxi-
mum distance is defined as dpax = WV/2.

Bidirectional Path Distance. To prevent degen-
erate solutions where predictions collapse to few
points (e.g., only start and end), we compute a
bidirectional average distance that penalizes incom-
plete coverage. The GT-to-prediction distance mea-
sures coverage:

M

dorp = 77 ) min[lg; —pilla (18)

M = i€[N]

while the prediction-to-GT distance measures ac-
curacy:

N
1

dpocr =~ 3 min p; —g; 19

PGT Ni:1jfél[lj\f41] lpi — gjll2 (19)

The bidirectional distance combines both terms
symmetrically:

1

dvi = = (dgT—P + dp—crT)

5 (20)

The trajectory component reward uses exponential
decay with scaling factor 3:

dyi
Riraj = exp <_ﬂ-;>

where [ controls the sensitivity to path deviations.

21

Endpoint Reward. We emphasize accurate start
and endpoint prediction, with higher weight on
the endpoint reflecting its importance for action
completion:

P1— g1li2
Rgoal = )\s - €Xp <_HH)

dmax
H A
A exp (_ PNd gM 2)

where \; and A\, denote the weights for start and
endpoint accuracy, respectively, with A; + Ae = 1.
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Combined Trajectory Reward. The final tra-
jectory reward combines these components with
weighted coefficients:

Rtrajectory = Wgoal * Rgoal + Wrraj - Rtraj (23)

where wgoa1 and wy,j balance the contribution of
endpoint accuracy and path quality. The result is
clipped to [0, 1].

In our experiments, we set W = 256, 5 = 0.1,
As = 0.4, Ae = 0.6, wgoa = 0.3, and wyyj = 0.7.

D.5 1IoU Reward

For 2D bounding box detection tasks, we employ
the Intersection over Union (IoU) metric (Ever-
ingham et al., 2010). Given a predicted bound-
ing box B = (Z1, 71,22, Y2) and ground truth box
B = (x1,y1, x2,y2) in normalized coordinates:

|BN B

IoU(B, B) = 5UB

(24)

where the intersection area is computed as:

| BN B| = max(0, 23" — 21") - max(0, y5" — y")

(25
with 2" = max (&1, z1), 5" = min(Z2, z2), and
similarly for y coordinates. The IoU reward di-
rectly uses the continuous IoU value:

Riou = IoU(B, B) (26)

E Visual Tool Suite Specification

This appendix provides formal specifications for
the visual tool suite employed in our agentic frame-
work. Each tool operates on pixel-coordinate in-
puts and returns modified images that augment the
agent’s evolving visual context. We first present
an overview of the tool suite architecture (§E.1),
followed by detailed algorithmic specifications for
each tool (§E.2—§E.06).

E.1 Overview

Our framework equips the agent with five visual
tools that collectively enable hierarchical spatial
reasoning across multiple levels of abstraction. Ta-
ble 4 summarizes the input-output specifications
for each tool.

Design Principles. The tool suite is designed
around four core principles:

Tool Input Specification  Output
ZooMIN b c R* Cropped region
DRAWPOINT P C R? Marked image
DRAWBOX BcCR* Boxed image
DRAWTRAJ T C (R?)* Path overlay
DRAW3D Bsp C (R?)® 3D wireframe

Table 4: Visual tool specifications. All coordinates
are defined in pixel space with origin (0, 0) at the top-
left corner. Notation: (R?)* denotes variable-length
sequences of 2D points.

1. Multi-image support:  All tools oper-
ate over an indexed image collection
Z = {ly, I1,...,Ix_1}, enabling reasoning
across multiple views, frames, or scene
perspectives. Target images are selected via
an explicit image_idx parameter.

2. Single-tool-per-turn execution: Each reason-
ing turn permits at most one tool invocation,
enforcing deliberate and interpretable reason-
ing steps rather than parallel tool execution.

3. Compositionality: Tools can be chained across
turns to perform complex multi-step visual
reasoning.

4. Reversibility: Original images are preserved
in the context, enabling the agent to reference
unmodified observations alongside annotated
versions.

Multi-Image Indexing. For tasks involving mul-
tiple input images (e.g., multi-view reasoning,
video understanding, or comparative analysis),
the agent maintains an ordered image collection
Z. Each tool accepts an optional image_idx €
{0,1,...,|Z| — 1} parameter specifying the target
image. When omitted, the default index is 0. This
design enables:

* Cross-view spatial reasoning by annotating
corresponding regions across different view-
points

* Temporal analysis by marking motion trajec-
tories across video frames

* Comparative inspection by zooming into anal-
ogous regions in paired images

Turn-Based Execution Model. To promote
structured reasoning and ensure interpretability,
our framework enforces a single-tool-per-turn con-
straint. At each reasoning step t, the policy mg
generates exactly one of:
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Algorithm 3 IMAGEZOOMIN(Ij, b, ¢)

Algorithm 4 DRAWPOINT(j, P)

Require: Image Ij, € RTXW X3 selected by index k, bound-

ing box b = (x1,y1, %2, y2), optional label ¢
Ensure: Cropped image I’ € R/ *W'x3
: // Coordinate validation and clamping
: (w1,91) < (max(0, z1), max(0,y1))
t (2,y2) = (min(W, z2), min(H, y2))
s ifz1 > 22 Vy1 > yo then
return ERROR(“Invalid bounding box: requires 1 <
o Ay1 < y2”)
: end if

6
7. // Minimum dimension enforcement
8
9

Or error message

DN W =

: if min(x2 — z1,¥2 — y1) < dmin then
: b+ EXPANDTOMINIMUM (b, dmin, W, H)
10: end if
11: // Aspect ratio validation
12: ifmax(z2—x1,y2—y1)/ min(r2—1,Y2—Y1) > Pmax
then

13:  return ERROR(“Aspect ratio exceeds maximum
threshold pmax”)
14: end if

15: return I[y: : y2, 21 : 2]

» A single tool invocation (fx,args) where

kaT

* A terminal action producing the final answer

ye A

This constraint prevents degenerate behaviors such
as redundant parallel annotations and encourages
the agent to develop purposeful, sequential reason-
ing strategies. The maximum number of turns is
bounded by T},,.x to ensure computational tractabil-

ity.
E.2 Image Zoom-In

The ZOOMIN tool enables multi-scale visual anal-
ysis by extracting and enlarging specified image
regions. This operation is fundamental for fine-
grained spatial reasoning where global context pro-
vides insufficient resolution.

Parameters.

* image_idx: Index k € {0,...,|Z| — 1} se-
lecting the target image from the collection
(default: 0).

* bbox_2d: Region coordinates (z1, y1, 2, y2)
specifying top-left and bottom-right corners.

* label: Optional semantic annotation for the
cropped region.

Geometric Constraints. The tool enforces sev-
eral validity constraints: (i) proper ordering x; <
xo N y1 < y2; (i) bounds containment within
[0, W] x [0, H]; (iii) minimum dimension dpi, =

Require: Image [, € R7*Wx3

set P = {(z, y:) it
Ensure: Annotated image I, or error message
: I, «+ CopY(Iy)
: for (z,y) € P do
ifx ¢ [0,W]Vy ¢ [0, H] then
return ERROR(“Point (z,y) exceeds image
bounds”)
end if
RENDERCIRCLE(I}, (z,y),, color = red, fill =
True)
end for
return I,

selected by index k, point

Sl e

AR

Algorithm 5 DRAWBOX(1, B)

Require: Image I, € R7*W>3 selected by index k, box set
B = {b;};L,
Ensure: Annotated image I}, or error message
: I, «+ CopY(Iy)
: for b = (z1,y1,%2,y2) € Bdo
if “-ISVALIDBBOX (b, W, H) then
return ERROR(“Invalid bounding box coordi-
nates”)
end if
RENDERRECTANGLE(/},, b, color = red,width =
3)
end for
return I,

b

AR

i

28 pixels to ensure visual interpretability; and (iv)
maximum aspect ratio pyax = 100 to prevent de-
generate crops.

E.3 Draw Point

The DRAWPOINT tool renders visible markers at
specified locations, enabling keypoint annotation
and spatial hypothesis externalization.

Parameters.

* image_idx: Index k selecting the target im-
age (default: 0).

e points: List of 2D coordinates

[(z1,91),-- -, (&N, yN)]-

Rendering. Points are rendered as filled circles
with radius » = 5 pixels in red (#FF0000), pro-
viding sufficient visibility against diverse back-
grounds.

E.4 Draw Bounding Box

The DRAWBOX tool renders rectangular annota-
tions for region-level spatial reasoning, supporting
object localization and area demarcation.
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Algorithm 6 DRAWTRAJECTORY (I, T)

Algorithm 7 DRAW3DBBOX (I, Bsp)

Require: Image I, € RE*Wx3

tory set 7 = {7}/,
Ensure: Annotated image I, or error message
1: I}, «+ CoprY(Iy)

selected by index k, trajec-

2: C « [red, blue, green, yellow, orange, purple, cyan, magenta]

forj=1,...,Jdo
if |7;| < 2 then
return ERROR(“Trajectory requires > 2 way-
points™)
end if
¢+ C[j mod |C|]
fork=1,...,|7;] —1do
RENDERLINE(I}, 7;[k], 7j[k + 1],color =
¢, width = 3)
10:  end for
11: end for
12: return I,

N

VeI

Parameters.

* image_idx: Index k selecting the target im-
age (default: 0).

* boxes: List of bounding boxes, each as
(21, Y1, 22, Y2).

Coordinate Convention. Bounding boxes fol-
low the (Zmin, Ymin, Tmax; Ymax) format. Boxes
are rendered as red outlines with stroke width of 3
pixels.

E.5 Draw Trajectory

The DRAWTRAJECTORY tool visualizes motion
paths by connecting sequential waypoints, support-
ing action planning and temporal-spatial relation-
ship reasoning.

Parameters.

* image_idx: Index k selecting the target im-
age (default: 0).

* trajectories: List of trajectories, each an
ordered sequence of > 2 waypoints.

Multi-Trajectory Support. Multiple trajectories
are rendered with distinct colors via cyclic indexing
over an 8-color palette, enabling visualization of
alternative motion hypotheses.

E.6 Draw 3D Bounding Box

The DRAW3DBBOX tool renders volumetric anno-
tations using 8-corner wireframe projections, en-
abling spatial reasoning about object extent and
orientation in three-dimensional space.

Require: Image I;, € R *W >3 selected by index k, 3D box
set Bsp = {Bg}éi1
Ensure: Annotated image I, or error message
1: I, « CoprY(I})
2: for B = [(z0,¥0), - -, (x7,y7)] € Bsp do
3:  if |B| # 8 then
4: return ERROR(“3D box requires exactly 8 cor-
ners”)
5 end if
6: // Front face: corners 0-3 (red)
7:  fori=0,1,2,3do
8: RENDERLINE(I},, B[i], B[(i + 1) mod 4], red)
9:  end for
10: // Back face: corners 4—7 (blue)
11: fori =0,1,2,3do

12: RENDERLINE(I}, B[4 + 4|,B[4 + (i + 1)
mod 4], blue)

13: end for

14: // Depth edges: front-to-back connections (green)

15: fori =0,1,2,3 do

16: RENDERLINE(I},, B[i], B[i + 4], green)

17: end for

18: end for

19: return I,

Parameters.

* image_idx: Index k selecting the target im-
age (default: 0).

* boxes_3d: List of 3D boxes, each containing
exactly 8 corner points.

Corner Ordering Convention. Each 3D bound-
ing box is defined by 8 projected corner points:

* Front face (indices 0-3): Closer to camera,
rendered in red. Order: top-left — top-right
— bottom-right — bottom-left.

e Back face (indices 4-7): Farther from camera,
rendered in blue. Same clockwise ordering.

* Depth edges: Connections 0 <> 4, 1 <> 5,
2 <> 6,3 < 7, rendered in

E.7 Execution Semantics

Image Index Validation. All tools validate the
image_idx parameter against the current image
collection size. An out-of-bounds index k& > |Z|
returns an error message specifying the valid range
[0, |Z| — 1], enabling the agent to recover and retry
with a corrected index.

Single-Tool Constraint Enforcement. The exe-
cution environment parses model outputs for tool
invocations and enforces the single-tool-per-turn
constraint at the infrastructure level. If multiple
<tool_call> blocks are detected within a single
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turn, only the first is executed; subsequent invoca-
tions are ignored with a warning logged for analy-
sis.

Error Handling. All tools implement compre-
hensive input validation following a hierarchical
scheme:

1. Index validation: image_idx
€{0,...,|Z| - 1}

2. Type checking: Input arrays validated for cor-
rect dimensionality

3. Cardinality constraints: Minimum element
counts enforced

4. Bounds checking: Coordinates validated
against [0, W] x [0, H]

5. Geometric validity: Tool-specific constraints
verified

Failed executions return descriptive error messages
and incur a small negative reward (r = —0.05) to
discourage malformed invocations while preserv-
ing gradient signal.

E.8 Tool Invocation Protocol

Tools are invoked via structured JSON within XML
delimiters. Each turn permits at most one tool call:

<tool_call>
{"name": "draw_point",
"arguments”: {"image_idx": 2,

"points”: [[156, 2347, [312, 189111}
</tool_call>
In this example, the agent annotates the third image
(k = 2) in a multi-image collection. The resulting
annotated image is appended to the visual context,
enabling the agent to condition subsequent reason-
ing on the feedback. This closed-loop, turn-based
interaction continues until the model produces a
terminal action or reaches Ty ax.
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