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Abstract

This paper explores agentic 3D spatial under-
standing, i.e., MLLM agents performing 3D
reasoning through tool use. Existing methods
often misuse tools and exhibit biased tool pref-
erences under 3D scenario, leaving the agen-
tic paradigm with only marginal gains over
non-agentic strategies. We reveal that 3D spa-
tial reasoning tasks are heterogeneous across
scenes, while these agents apply a uniform
tool-use strategy to all scenes rather than se-
lecting tools according to the specific scene
and task. To address this, we propose Skill-3D,
a framework that learns self-evolving scene-
aware skills. Specifically, Skill-3D identifies
the task scene and records the agent’s tool-use
trajectory into a Scene Memory, where suc-
cessful trajectories from similar scenes are ag-
gregated and distilled into a reusable scene-
aware skill, with failed ones attached to the
skill as lessons. During training, once a sim-
ilar scene recurs, the corresponding skill is in-
jected to guide the agent, producing new tra-
jectories whose successes and failures further
refine the skill, forming a loop in which the
memory and the skill library co-evolve. Ex-
periments show that Skill-3D substantially im-
proves tool utilization in 3D spatial reasoning
(from 39% to 78% on VSI-Bench), driving the
agent toward correct and sufficient tool use.
For instance, it improves Gemini-3-Flash by
67% on MMSI-Bench. Furthermore, we con-
duct agentic post-training over skill-guided tra-
jectories, which boosts Qwen3-VL-8B by 60%
on VSI-Bench.

1 Introduction

Agentic 3D spatial reasoning aims to enable mul-
timodal large language model (MLLM) agents to
solve indoor 3D understanding tasks through exter-
nal tool use, by which they can acquire spatial and
geometric evidence that is difficult to infer from
the MLLM alone (Wu et al., 2025a; Zhang et al.,
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2026d). Recent methods explore this paradigm by
iteratively invoking tools within a per-question rea-
soning loop, e.g., object detection and segmenta-
tion for 2D perception, depth estimation and 3D
reconstruction for geometric grounding (Zhang
et al., 2026d; Luo et al., 2026; Yuan et al., 2026;
Ropero et al., 2026). However, these methods of-
ten fail to realize the potential of tool use in 3D
reasoning and exhibit preferences toward a few
dominant tools, regardless of what each scene ac-
tually requires. As a result, adding tools to an
MLLM does not improve spatial reasoning, and
yields only marginal gains over non-agentic base-
lines under some scenarios.

We attribute this limitation to the scene hetero-
geneity of indoor 3D reasoning, where required
evidence and tool workflows vary across scenes.
As shown in Fig. 1(a), the “object-to-object dis-
tance estimation” question requires depth evi-
dence. However, existing methods often adopt
a uniform tool strategy and rely on object detec-
tion and 3D reconstruction, which mainly provide
relative spatial relationships rather than the depth
grounding needed for absolute distance estimation.
Sec. 4.3 confirms that this failure consistently oc-
curs across diverse 3D scenes.

In this work, we propose Skill-3D, a framework
that equips MLLM agents with reusable scene-
aware skills. As illustrated in Fig. 1(b), given the
same “object-to-object distance estimation” ques-
tion, Skill-3D identifies the scene-task context, re-
trieves a relevant skill, and invokes suitable per-
ception tools such as depth estimation. It learns
these skills by constructing a Scene Memory and
co-evolving a Skill Library on top of it.

During training, an MLLM agent identifies
each question’s scene and stores the correspond-
ing tool-use trajectory together with its outcome
into the Scene Memory. On top of this mem-
ory, the Skill Library aggregates successful trajec-
tories from similar scenes and distills them into

4273

https://skill-3d.github.io/


Tool Sets

Object 
Det.

Image 
Seg.

Depth
Est.

3D 
Recon.

“What is the distance between the 
table and the stove (in meters)?”

(a) Previous Methods

(b) Skill-3D (Ours)

(c) Quantitative Results

MLLM

MLLM

Tool Call

Tool Sets

Results

Answer

Analysis

Scene&Task AnswerTool Sets

Super
Res.

Orient.
Est.

Scene-Aware 
Skill

Retrieve

A”Approximately 5 m.”

Return

Scene&Task

Analysis

A”3 m.”

·····
·

Scene&Task

<think>…With only the 
frontal views, the 
depth and true 
distance are not fully 
clear….</think>

···

<think> This is a room-level 
object-to-object distance 
question…After retrieval, skill 
depth_distance best fits this 
question.  I could first 
use…then…</think>

3D Recon. Object Det.

Depth Est. 3D Recon.Object Det.

Figure 1: Motivation and overview of Skill-3D. (a) Scene-agnostic tool calls can yield mismatched evidence and
unreliable answers. (b) Skill-3D retrieves scene-aware skills to guide tool-use workflows, e.g., detection, depth, 3D
reconstruction. (c) Skill-3D improves over strong MLLM baselines across diverse spatial reasoning dimensions.

reusable scene-aware skills, with failed ones at-
tached to the corresponding skill as lessons. Crit-
ically, once a skill is formed, it is injected back
to guide the agent on subsequent questions from
similar scenes, producing new trajectories whose
successes and failures are updated back to refine
the same skill. Through this loop, the Scene Mem-
ory and the Skill Library co-evolve until the skills
are reliable enough to serve as scene-conditioned
tool-use priors at inference.

This design offers two practical benefits. 1)
Skills are dynamically updated: under a similar
scene, the agent’s new trajectories are written back
to broaden the skill’s coverage. This prevents the
skill from overfitting to a narrow slice of its scene
(e.g., kitchen depth-estimation vs. living room
depth-estimation). 2) The Scene Memory and the
Skill Library evolve together, with neither prede-
fined upfront, allowing both to become more dis-
criminative as the agent encounters more diverse
3D tasks.

Additionally, we further introduce skill-guided
agentic post-training. We first apply super-
vised fine-tuning on skill-guided trajectories to
teach the policy the format of skill retrieval,
tool invocation, and evidence accumulation. We
then perform Group Relative Policy Optimiza-
tion (GRPO) (DeepSeek-AI et al., 2025; Shao
et al., 2024b) with a composite reward that jointly
captures answer correctness, skill-guided tool-use
quality, and structured output, encouraging the pol-
icy to internalize the scene-aware tool-use behav-
ior that the skill library encodes.

We evaluate Skill-3D on multiple 3D spatial rea-
soning benchmarks. As shown in Fig. 1(c), Skill-

3D consistently outperforms strong MLLM base-
lines across representative 3D reasoning dimen-
sions, improving effective tool usage from 39% to
78%. It lifts Gemini-3-Flash by 67% on MMSI-
Bench, while skill-guided agentic post-training
further boosts Qwen3-VL-8B (QwenTeam, 2025)
by 43% on VSI-Bench (Yang et al., 2025a). Our
contributions are threefold:
• We propose Skill-3D, which constructs a Scene

Memory and co-evolves a Skill Library on top
of it during training, yielding scene-aware skills
that generalize across scene-internal variations.

• We propose skill-guided agentic reinforcement
learning under a composite reward, internalizing
scene-aware tool-use behavior into the policy.

• Extensive experiments across closed- and open-
source MLLMs on multiple 3D spatial reasoning
benchmarks validate the effectiveness of Skill-
3D and its substantial improvement in tool us-
age.

2 Related Work

2.1 MLLMs for Spatial Reasoning
Multimodal Large Language Models (MLLMs)
have shown growing spatial reasoning capabili-
ties with stronger backbones (Yang et al., 2023;
Wake et al., 2024; Shao et al., 2024a; Liu et al.,
2025a; Lee et al., 2025b; Liu et al., 2026c; Fan
et al., 2023) and dedicated benchmarks (Yang
et al., 2025a; Wu et al., 2025b; Chow et al., 2025;
Cai et al., 2025; Majumdar et al., 2024; Liu et al.,
2026b; Zhang et al., 2026b; Wei et al., 2026). Re-
cent methods improve fine-grained spatial under-
standing through 3D reconstruction, depth cues,
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spatial VQA data, and explicit grounding (Cheng
et al., 2024; Chen et al., 2024; Fan et al., 2026b;
Roy et al., 2025; Qi et al., 2025; Huang et al., 2024;
Wang et al., 2023; Balazadeh et al., 2024; Zhang
et al., 2025a; Wu et al., 2025c; Fan et al., 2021,
2022; Zhang et al., 2026c). Others enhance reason-
ing via prompting, mental simulation, visual chain-
of-thought, reinforcement learning, code-driven
3D reasoning, and 3D imagination (Taguchi et al.,
2025; Marsili et al., 2025; Tang et al., 2025a; Lee
et al., 2025b; Fan et al., 2025; Wang et al., 2025c,d;
Chen et al., 2025c; Luo et al., 2026; Yang et al.,
2025c). These capabilities have also been ex-
tended to embodied and robotic settings (Ji et al.,
2025; Team et al., 2025a,b; Gemini Robotics Team
et al., 2025; Zhou et al., 2025a, 2024; Zhao et al.,
2026; Jian et al., 2026b).

2.2 MLLM Agents

Tool augmentation enables MLLMs to invoke
external modules through prompting, structured
APIs, or code generation, compensating for lim-
itations of end-to-end models (Shen et al., 2023;
Wu et al., 2023; Surís et al., 2023; Hu et al., 2026,
2023; Lu et al., 2026; Li et al., 2025). Tool-
augmented VLM agents have been applied to long-
video understanding, high-resolution image anal-
ysis, medical diagnosis, and general visual rea-
soning (Chen et al., 2025a; Zhang et al., 2025b;
Taguchi et al., 2025; Yang et al., 2025d; Zhu et al.,
2025; Lee et al., 2025a; Yang et al., 2025b; Lyu
et al., 2025; Liu et al., 2025b; Su et al., 2025; Jian
et al., 2026a; Liu et al., 2026b). Another line trains
VLMs to use tools via supervised fine-tuning or
reinforcement learning (Liu et al., 2024a; Wang
et al., 2025a; Han et al., 2025; Tang et al., 2025b;
Wu et al., 2024; Lin et al., 2025b; Wu et al., 2025d;
Zheng et al., 2025; Chen et al., 2025b; Dong et al.,
2025; Zhou et al., 2025b; Li et al., 2026b). Re-
cent 3D agents further introduce reconstruction-
based reasoning loops for limited-view spatial un-
derstanding (Zhang et al., 2026d), but often apply
uniform tool-use workflows across heterogeneous
scenes.

2.3 Agent Skills

Memory-based agents store trajectories for reflec-
tion or experience replay (Zhao et al., 2024; Shinn
et al., 2023), but raw trajectories can be long, re-
dundant, and noisy (Chhikara et al., 2025; Yan
et al., 2025). Recent work therefore studies skills,
reusable behavioral primitives distilled from his-

torical interactions (Xu and Yan, 2026; Li et al.,
2026a; He et al., 2026; Yang et al., 2026b). Skills
can provide procedural memory for decision-time
guidance (Li et al., 2026c; Liu et al., 2026a; Liang
et al., 2026; Jiang et al., 2026; Zhang et al., 2026a;
Ye et al., 2026) or high-level priors for reinforce-
ment learning (Xia et al., 2026; Wang et al., 2025b;
Jiao et al., 2026; Ouyang et al., 2026; Fan et al.,
2026a). Existing methods mainly focus on general
task automation, skill retrieval, or policy improve-
ment. In contrast, Skill-3D studies skills for 3D
spatial reasoning, encoding perception-grounded
tool workflows over objects, geometry, and multi-
view evidence.

3 Method

In this section, we present Skill-3D, a scene-
aware skill learning framework for agentic 3D
spatial reasoning. As shown in Fig. 2, Skill-3D
consists of three stages. First, it records com-
pleted rollouts into Scene Memory and evolves
a Skill Library from both successes and fail-
ures. The Scene Memory stores rollouts col-
lected across benchmarks, allowing dynamic skills
to be formed from heterogeneous spatial reason-
ing cases rather than being restricted to a sin-
gle benchmark. Second, Skill-3D retrieves scene-
task-relevant skills to guide inference-time tool-
use planning. Third, it uses skill-guided trajecto-
ries to post-train compact agents through agentic
Supervised Fine-Tuning (SFT) and Reinforcement
Learning (RL).

3.1 Scene-Aware Skill Extraction

Given a spatial question q and a set of visual ob-
servations O = {oi}Ni=1 from an indoor scene, an
MLLM agent predicts an answer ŷ by optionally
invoking tools from tool sets T . The tool sets in-
clude external perception and geometry modules,
e.g., object detection, segmentation, depth estima-
tion, orientation estimation, super-resolution, and
3D reconstruction. A rollout contains the question,
observations, reasoning trace, selected skills, tool
calls, tool outputs, and final answer. Skill-3D up-
dates the Skill Library after each completed roll-
out. Successful rollouts provide reusable tool-use
patterns, while failed rollouts provide diagnostic
signals for future correction.
Successes as Workflows. For each successful roll-
out, Skill-3D extracts a reusable tool-use routine,
including its trigger condition, required evidence,
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Figure 2: Overview of Skill-3D. (a) Skill-3D records scene-task rollouts into Scene Memory, which stores scene
context, tool evidence, and failure patterns. Successful rollouts are distilled into dynamic skills, while failed
rollouts are attached as lessons, enabling Scene Memory and the Skill Library to co-evolve. (b) Given a new
query, Skill-3D identifies the scene-task context, retrieves relevant static and dynamic skills, and selects a compact
skill set to guide tool-use workflow and evidence acquisition. (c) Skill-guided trajectories are used for agentic
SFT and GRPO, encouraging compact agents to internalize skill selection, tool use, and evidence-grounded spatial
reasoning.

tool order, key arguments, and evidence-to-answer
mapping. The routine is promoted to a new dy-
namic skill if no compatible skill exists; otherwise,
it is merged into an existing skill only when it
adds useful coverage, such as a new scene condi-
tion, stronger evidence source, or lower-cost work-
flow. If it provides no new information, Skill-3D
only updates the success statistics of the matched
skill. This keeps the Skill Library compact while
expanding the coverage of existing skills.
Failures as Lessons. Failed rollouts are not dis-
carded. Skill-3D diagnoses each failure from its
Scene Context and Tool Usage, with typical error
types including wrong tool selection, missing evi-
dence, invalid tool input, ignored tool output, and
redundant tool calls. Evidence-supported failures
are attached to the related skill as lessons. When
a failure suggests a reliable correction, the corre-
sponding dynamic skill is patched with a fallback
rule. When similar failures repeatedly occur un-
der a static skill, Skill-3D creates a failure-aware
dynamic skill to handle that recurring case.
Skill Maintenance. The Skill Manager keeps the
active Skill Library compact and reliable by filter-
ing noisy rollouts and deciding whether each can-
didate update should be inserted, merged, patched,
or rejected. An update is accepted only when it is
evidence-supported and consistent with previous

successful cases. Successful updates are promoted
to new dynamic skills or merged into compatible
ones, while failure updates are attached as lessons
or converted into fallback rules. Static skills re-
main fixed as task-level priors, whereas dynamic
skills evolve through validated merges and patches.
Thus, the library stores reusable scene-aware pro-
cedures rather than raw trajectories. Please see Ap-
pendix E for detailed prompt design.

3.2 Skill-Guided Inference

Given a new query, Skill-3D first identifies the
scene-task context, including the task category,
target entities, scene signature, and required evi-
dence. This context determines whether the agent
should seek object-level evidence, boundary evi-
dence, depth cues, orientation cues, multi-view ge-
ometry, or a combination of them.
Scene-Task Skill Retrieval. Skill-3D performs
top-k retrieval over the Skill Library to obtain can-
didate static and dynamic skills. Each skill is in-
dexed by its trigger condition, applicable scene
context, required evidence type, and historical
metadata. Given the current scene-task context,
we score each skill by its semantic alignment with
the query category, target entities, scene signa-
ture, and evidence requirement, e.g., whether the
task requires object boundaries, depth cues, ori-
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entation evidence, or multi-view geometry. The
ranking also incorporates metadata including his-
torical success rate, attached failure lessons, and
estimated tool cost. This retrieval step returns a
compact set of potentially useful skills without in-
jecting the entire Skill Library into the prompt.
Skill Selection. The candidate skills may con-
tain redundant or overlapping workflows. Skill-
3D therefore uses the policy to select a compact
subset of skills for the current query. The selected
skills are expected to cover the required evidence
while avoiding unnecessary tool calls. The selec-
tor also generates short fallback rules, e.g., switch-
ing from detection to segmentation when closest-
point boundaries are required, or using multi-view
evidence when single-view localization is ambigu-
ous.
Tool-Use Workflow. Conditioned on the selected
skill, the agent performs iterative tool reasoning.
At each step, the model decides whether to invoke
a tool, incorporate returned evidence, continue rea-
soning, or stop and answer. Tool outputs are ap-
pended to the reasoning history and used to up-
date the accumulated evidence. Compared with
direct tool invocation, skill-guided tool-use work-
flow constrains both evidence acquisition and ev-
idence usage. The agent is guided to collect the
evidence required by the scene-task context and to
ground the final answer in the returned tool out-
puts.

3.3 Skill-Guided Agentic Post-Training
Skill-3D further transfers scene-aware tool-use be-
havior into compact MLLM agents. During agen-
tic post-training, the Skill Library is frozen to
avoid non-stationarity. Each training sample con-
tains the question and observations, available skill
candidates, the selected skill sequence, tool calls
and outputs, intermediate evidence, and final an-
swer.
Agentic SFT. We first perform SFT on skill-
guided trajectories. This stage teaches the model
the complete structured interaction pattern. Impor-
tantly, the SFT target is not only to imitate tool
calls, but also to learn when and how to select suit-
able skills from the Skill Library according to the
scene-task context. This provides a stable initial-
ization so that the policy can execute skill selec-
tion, tool-use workflow, and evidence integration
before RL.
Agentic RL. We further optimize the skill-
augmented policy with Group Relative Policy Op-

timization (GRPO) (DeepSeek-AI et al., 2025;
Shao et al., 2024b). For each scene-task query,
the policy first observes the question, visual ob-
servations, and retrieved skill candidates. It
then samples a group of G complete trajectories
{τ (1), . . . , τ (G)}, where each trajectory contains
the model’s own skill choices, tool calls, tool out-
puts, reasoning steps, and final answer. Each tra-
jectory receives a scalar reward:

R(τ) = Rans(τ) +Rfmt(τ) +Rtool(τ), (1)

where Rans measures answer correctness, Rfmt

measures structured-format compliance, and Rtool

measures tool-use efficiency, i.e., whether the se-
lected tools provide useful evidence with minimal
redundant calls. Specifically, we define Rtool as:

Rtool(τ) = Rexec(τ)−
|A|
B

, (2)

where A is the set of tool calls in trajectory τ , B
is the maximum tool budget. In practice, Rexec is
a binary reward assigned to 1 only when the tra-
jectory obtains the required evidence specified by
the benchmark task type and the frozen scene-task
parser. The required evidence is not determined by
the model-selected skill, which prevents the policy
from selecting easier skills to obtain higher tool-
use reward. We provide additional objective de-
tails in Appendix C.3.

4 Experiments

4.1 Experimental Setup
Benchmarks and Metrics. We evaluate on VSI-
Bench (Yang et al., 2025a), BLINK (Fu et al.,
2024), CV-3D (Tong et al., 2024), and MMSI-
Bench (Yang et al., 2026a). VSI-Bench cov-
ers eight indoor spatial reasoning categories, in-
cluding object counting, distance estimation, size
estimation, route planning, and appearance or-
der. BLINK evaluates multi-view reasoning, CV-
3D evaluates depth ordering and relative distance,
and MMSI-Bench evaluates positional relation-
ship reasoning. As shown in Table C.3, we use
the scripts provided by Think3D (Zhang et al.,
2026d) to randomly sample 30% of the questions
from each category in each benchmark as the
training set, and use the remaining disjoint sam-
ples as the test set for fair comparison. For VSI-
Bench, we follow Think3D (Zhang et al., 2026d)
and uniformly sample seven frames from the full
scene video to serve as model input. More details
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Table 1: Comprehensive evaluation on VSI-Bench, BLINK, CV-3D, and MMSI-Bench. We report repre-
sentative spatial reasoning metrics across multiple benchmarks. MV denotes multi-view. PR denotes positional
relationship. Higher values indicate better performance. All reported metrics are obtained on the test set.

Model Method VSI BLINK CV-3D MMSI

Obj. Cnt. Abs. Dist. Obj. Size Room Size Rel. Dist. Rel. Dir. Route Plan Appr. Order MV Depth Order Rel. Dist. PR

G
PT

-4
o

w/o Tools 38.1 7.9 29.6 37.4 36.5 35.6 26.3 28.2 47.9 72.6 70.9 28.7
w/ Tools 48.7 12.1 47.0 40.9 41.6 44.0 34.3 29.7 60.8 86.6 84.9 34.6
Think3D 50.4 32.7 50.5 61.4 47.9 52.6 55.9 29.2 62.7 88.3 86.1 38.4
Skill-3D 56.8 42.6 58.1 69.5 53.4 59.2 62.7 35.4 72.4 92.0 90.5 43.2

G
PT

-5
.4

w/o Tools 55.8 43.6 67.3 55.7 48.4 50.5 49.1 73.2 73.4 91.6 89.8 42.7
w/ Tools 58.0 47.8 69.3 58.2 51.7 53.3 52.5 74.6 75.1 92.5 90.1 48.1
Think3D 61.1 55.0 70.8 69.9 58.3 61.8 66.5 73.8 78.3 93.0 91.7 53.4
Skill-3D 66.2 61.5 74.9 77.6 62.7 67.0 71.4 78.1 82.0 96.9 93.7 60.4

G
em

in
i-

2.
5-

Pr
o w/o Tools 45.9 37.6 62.2 42.8 60.5 45.9 42.7 70.4 70.6 90.7 90.3 36.9

w/ Tools 48.4 41.5 66.0 46.3 62.6 51.2 49.5 72.7 72.3 91.4 91.2 44.3
Think3D 58.2 53.1 69.5 66.4 64.8 59.5 65.8 72.2 76.0 92.7 91.6 51.0
Skill-3D 62.4 58.0 73.1 72.8 67.6 64.2 69.0 76.4 79.2 94.0 92.8 56.7

G
em

in
i-

3-
Fl

as
h w/o Tools 45.3 9.2 45.7 39.8 38.7 42.2 33.8 31.3 59.1 84.6 82.8 32.7

w/ Tools 48.2 13.7 48.8 42.1 42.3 44.2 36.4 32.8 61.3 86.2 83.7 36.8
Think3D 56.8 52.3 68.0 66.3 56.5 60.8 64.2 69.3 75.2 91.8 91.0 49.2
Skill-3D 60.9 56.1 71.2 71.8 60.4 63.0 67.5 73.4 77.6 93.2 92.1 54.8

about benchmarks and metrics can be found in Ap-
pendix C.1.
Models and Baselines. For closed-source agents,
we evaluate GPT-4o (Hurst et al., 2024), GPT-
5.4 (OpenAI, 2026), Gemini-2.5-Pro (Comanici
et al., 2025), and Gemini-3-Flash (Google, 2025).
Each backbone is tested under four settings: w/o
Tools, w/ Tools, Think3D (Zhang et al., 2026d),
and Skill-3D. For open-source agents, we evaluate
Qwen3-VL-4B (QwenTeam, 2025) and Qwen3-
VL-8B (QwenTeam, 2025) with the same settings,
where Skill-3D-4B and Skill-3D-8B denote skill-
guided post-trained models.
Implementation details. Skill-3D uses external
tools to help agents understand 3D scenes, e.g.,
Pi3 (Wang et al., 2026a), GroundingDINO (Liu
et al., 2024b), SAM3 (Carion et al., 2025), Orient
Anything v2 (Wang et al., 2026b), SwinIR (Liang
et al., 2021), and the indoor metric-depth variant
of Depth Anything 3 (Lin et al., 2025a). We use
Qwen3-VL-4B/8B as our base model and GPT-5.4
as the teacher model for skill distillation and SFT
data generation. The teacher model is used only
on training samples for skill distillation and SFT
data generation. The training set contains 500 sam-
ples for SFT and 1k samples for GRPO. We train
for one epoch with a composite reward consist-
ing of answer correctness, tool-use efficiency and
skill-tool format rewards with weights 0.6, 0.2 and
0.2, respectively. We conduct experiments on 4
NVIDIA RTX PRO 6000 Blackwell GPUs. We
construct a single global Scene Memory and Skill
Library by pooling the training splits of all bench-

marks, and freeze the resulting library during eval-
uation and post-training. The SFT stage takes ap-
proximately 3 hours. The RL stage takes approx-
imately 28 hours. More details can be found in
Appendix C.2.

4.2 Main Results

Closed-Source Agents. Table 1 shows that Skill-
3D consistently outperforms non-agentic, direct
tool-use, and Think3D baselines across all four
closed-source MLLM agents. Unlike benchmark-
specific memories, Skill-3D uses a single shared
Skill Library constructed from heterogeneous
spatial reasoning benchmarks, allowing reusable
skills learned from one benchmark to transfer to
other benchmarks when similar scene-task con-
texts are encountered. The gains are most pro-
nounced on VSI-Bench, where diverse tasks such
as counting, distance estimation, size estimation,
direction reasoning, and route planning require dif-
ferent evidence sources. Averaged over the four
closed-source agents, Skill-3D improves the VSI-
Bench average from 42.9 to 64.5, corresponding
to a 50.3% relative gain over the w/o Tools base-
line. Consistent improvements are also observed
on BLINK, CV-3D, and MMSI-Bench. Com-
pared with direct tool use and Think3D, these
results suggest that Skill-3D benefits not merely
from tool availability or generic 3D reconstruction,
but from retrieving scene-aware skills that specify
task-relevant evidence and tool workflows. Quali-
tative results are shown in Fig. E.1 in Appendix D.
Open-Source Agents. Table 2 further shows
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Table 2: Open-source evaluation on VSI-Bench, BLINK, CV-3D, and MMSI-Bench. We report representative
spatial reasoning metrics across multiple benchmarks. MV denotes multi-view. PR denotes positional relationship.
Higher values indicate better performance. All reported metrics are obtained on the test set.

Model Method VSI BLINK CV-3D MMSI

Obj. Cnt. Abs. Dist. Obj. Size Room Size Rel. Dist. Rel. Dir. Route Plan Appr. Order MV Depth Order Rel. Dist. PR

Q
w

en
3-

V
L

-4
B w/o Tools 26.6 19.1 22.8 35.2 34.8 35.0 29.4 40.1 35.6 59.7 58.6 26.3

w/ Tools 38.4 23.7 41.2 39.3 37.6 42.8 36.5 45.3 48.5 73.9 72.3 31.4
Think3D-4B 41.5 29.4 44.2 48.7 29.6 44.1 30.8 52.2 48.7 75.3 73.4 33.8
Skill-3D-4B 48.6 36.8 50.2 57.4 43.5 50.4 48.8 56.7 60.8 79.0 77.2 38.2

Q
w

en
3-

V
L

-8
B w/o Tools 32.5 24.3 30.8 41.6 40.2 41.6 35.5 47.3 43.8 68.8 66.5 31.0

w/ Tools 44.7 27.8 48.1 46.0 44.7 48.4 43.2 52.6 57.4 82.9 80.7 36.6
Think3D-8B 48.3 38.5 51.2 58.1 41.6 52.9 45.4 60.8 61.7 85.0 83.3 41.2
Skill-3D-8B 56.5 48.6 59.8 67.9 52.0 60.1 58.4 66.8 68.5 89.6 87.4 42.8

Figure 3: Effective tool usage analysis. We report
the percentage of tool calls that contribute valid, rel-
evant evidence to the final answer across VSI-Bench,
BLINK, CV-3D, and MMSI-Bench.

that Skill-3D transfers effectively to compact
open-source agents. On VSI-Bench, Skill-3D-4B
achieves a 59.7% relative gain over the w/o Tools
baseline, while Skill-3D-8B achieves a 60.3% rel-
ative gain. These improvements are achieved
across diverse spatial reasoning categories, indi-
cating that the learned skills are not tied to a sin-
gle task type. The stronger 8B results indicate
that larger base models can better exploit retrieved
skills and tool evidence, while the consistent 4B
improvements show that scene-aware skills can
still be learned by smaller agents through post-
training. Qualitative results are shown in Fig. E.2
in Appendix D.

4.3 Ablation Study

Effective Tool Usage. We further examine
whether Skill-3D improves tool-use quality rather
than merely increasing the number of tool calls.
We report effective tool usage (ETU), which mea-
sures the fraction of invoked tools that return valid

evidence and are actually used by the agent:

ETU =
1

|A|
∑

a∈A
I [Valid(a) ∧Used(a)] , (3)

where A denotes the set of tool calls in a com-
pleted rollout. Valid(a) is determined from tool
execution logs and indicates that tool call a re-
turns non-empty and usable evidence. Used(a) in-
dicates that the returned evidence is substantively
consumed in the subsequent workflow, i.e., it is ref-
erenced in later reasoning, passed to downstream
tools, or used to support the final answer. We com-
pute ETU after the full rollout is completed, so that
both tool execution validity and downstream evi-
dence usage can be assessed. As shown in Fig. 3,
Skill-3D substantially improves ETU over the di-
rect Tool-Use setting, from 39.2% to 78.7% on
VSI-Bench, 36.4% to 79.2% on BLINK, 31.8% to
87.5% on CV-3D, and 30.5% to 80.3% on MMSI-
Bench. Since ETU is normalized by the total
number of tool calls, these gains show that Skill-
3D does not simply invoke more tools. Instead,
it guides the agent to select evidence-producing
tools and integrate the returned evidence into spa-
tial reasoning.
Tool Usage Statistics. Fig. 4 compares the tool
usage distribution across two task groups. Both
GPT-5.4 and Think3D exhibit clear tool-selection
bias. For depth-, distance-, and size-related tasks,
Think3D heavily relies on Pi3 , while GPT-5.4
mostly calls GroundingDINO. A similar pattern
appears in spatial relation and direction reasoning,
where Think3D again prefers Pi3 and GPT-5.4
overuses GroundingDINO. These results suggest
that existing tool-augmented agents tend to select
general-purpose tools instead of adapting the tool
workflow to the specific scene-task requirement.
In contrast, Skill-3D produces a more task-aligned
tool distribution. For depth-, distance-, and size-
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Figure 4: Tool usage distribution analysis. We illus-
trate the tool usage distributions of GPT-5.4, Think3D,
and Skill-3D across two different kinds of problems on
VSI-Bench.
Table 3: Module ablation of Skill-3D on VSI-Bench.
∆ Avg. denotes the performance drop compared with
the full Skill-3D pipeline. All experiments are con-
ducted using GPT-5.4. All reported metrics are ob-
tained on the test set.

Setting Obj. Cnt. Abs. Dist. Obj. Size Room Size Avg. ∆ Avg.

Ours - Full Pipeline 66.2 61.5 74.9 77.6 69.9 –
w/o Failure Lessons 65.0 59.4 72.9 75.9 68.1 -1.8
w/o Dynamic Skills 64.1 59.2 72.7 75.8 67.8 -2.1
w/o Static Skills 62.8 56.8 70.9 74.2 65.6 -4.3

w/o MLLM Skill Selection 62.5 56.4 70.2 73.5 65.5 -4.4
w/o Skill Retrieval 60.8 54.9 68.7 72.1 64.1 -5.8

related tasks, it substantially increases the use of
Depth Anything 3, which directly provides metric
and depth cues required by these questions. For
spatial relation and direction reasoning, it shifts to-
ward Orient Anything v2, reflecting the need for
orientation and directional evidence. Meanwhile,
Skill-3D still keeps moderate use of Pi3, Ground-
ingDINO, and SAM3 for layout grounding, object
localization, and boundary verification. This indi-
cates that scene-aware skills help the agent route
each query to the most relevant functional tools,
rather than defaulting to generic reconstruction or
detection tools.
Static, Dynamic Skills, and Failure Lessons. Ta-
ble 3 ablates key components of the Skill Li-
brary on VSI-Bench. Removing failure lessons
decreases the average score from 69.9 to 68.1,
showing that failed rollouts provide useful correc-
tive signals beyond successful workflow distilla-
tion. Removing dynamic skills further lowers the
score to 67.8, indicating the importance of scene-
aware workflow adaptation. Removing static skills
causes a larger drop to 65.6, suggesting that stable
task-level priors are also essential. These results

Figure 5: Effect of skill updating and cold start dur-
ing GRPO training. Experiments are conducted using
Qwen3-VL-8B as the base model.

show that static skills, dynamic workflows, and
failure lessons play complementary roles: static
skills provide general tool-use priors, dynamic
skills adapt them to scene-specific contexts, and
failure lessons help avoid previously observed er-
ror modes.

Skill Retrieval and Selection. Table 3 further ab-
lates the two key steps in Skill-Guided Inference.
Removing MLLM skill selection reduces the aver-
age score from 69.9 to 65.5, suggesting that top-k
retrieval alone may include redundant or partially
matched skills. Removing skill retrieval further
drops the score to 64.1, showing that scene-task-
relevant skills are crucial for effective tool plan-
ning. These results indicate that retrieval and se-
lection are complementary: retrieval recalls use-
ful static and dynamic skills, while selection filters
them into a compact set that matches the required
evidence and avoids unnecessary tool calls.

Effect of Skill Updating and Cold Start. Fig. 5
studies how skill-library updating and SFT cold
start affect GRPO training. We compare three
variants: Offline, which freezes the dynamic Skill
Library during GRPO; Online, which updates dy-
namic skills during training; and Offline w/o Cold
Start, which removes the agentic SFT warm-up
and directly applies GRPO. Shaded regions denote
training variance. The offline variant with SFT
cold start achieves the most stable and highest re-
ward trajectory. In contrast, online updating in-
troduces non-stationarity because the policy and
retrieved skills change simultaneously, while re-
moving cold start leads to early degradation and
slower convergence. These results suggest that
a frozen Skill Library and agentic SFT initializa-
tion are both important for stable skill-guided post-
training.
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5 Conclusion

This paper presents Skill-3D, a framework for
agentic 3D spatial reasoning with reusable scene-
aware skills. Existing tool-augmented MLLM
agents often apply uniform tool-use strategies
across heterogeneous 3D scenes, leading to biased
tool preferences and insufficient evidence acqui-
sition. Skill-3D addresses this by constructing a
Scene Memory of tool-use trajectories and evolv-
ing a Skill Library, where successful trajectories
are distilled into reusable skills and failed ones are
retained as lessons. At inference, retrieved skills
guide tool planning, evidence collection, and an-
swer grounding. We further introduce skill-guided
agentic post-training to transfer this behavior into
compact agents. Experiments show that Skill-
3D consistently improves accuracy and effective
tool usage, validating scene-aware skills for tool-
augmented 3D understanding.

Limitations

Our current evaluation focuses on indoor 3D spa-
tial reasoning; transferring the framework to out-
door scenes, embodied navigation, or real-time
robotic interaction may require new tool interfaces,
scene signatures, and safety constraints.
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A LLM Usage Claim

We used large language models only for language
polishing, grammar correction, and improving the
clarity of the manuscript. All method design, ex-
perimental settings, data analysis, and final claims
were developed, verified, and approved by the au-
thors.

B More Experimental Results

B.1 Efficiency Analysis.

Table B.1 compares inference cost and tool-use
quality on VSI-Bench. Direct tool use only
slightly improves the average score from 55.4 to
58.2, with 39.2% effective tool usage. Think3D
improves the score to 64.7 but incurs higher infer-
ence cost, requiring 35.1s per query on average. In
contrast, Skill-3D achieves the best score of 70.0,
raises effective tool usage to 78.7%, and reduces
average inference time to 20.8s, with only 0.5s re-
trieval overhead. This gain is partly explained by
the different costs of individual tools: Pi3 takes
about 21.35s on seven sampled frames, while seg-
mentation, depth estimation, and orientation esti-
mation take only about 0.77s, 1.51s, and 0.88s. By
using scene-aware skills to select task-relevant ev-
idence sources and avoid unnecessary reliance on
expensive 3D reconstruction, Skill-3D achieves a
substantially better accuracy–efficiency trade-off
than both direct tool use and Think3D.

Table B.1: Efficiency analysis on VSI-Bench. We re-
port the average number of tool calls, effective tool us-
age, average inference time per query, and performance
gain. All experiments are conducted using the GPT-5.4.

Method Avg. Calls Eff. Usage (%) Retr. Time (s) Avg. Runtime (s) VSI Avg.

w/o Tools 0.0 – 0.0 0.0 52.1
w/ Tools 1.2 39.2 0.0 13.2 58.2
Think3D 1.8 58.5 0.0 35.1 64.7
Skill-3D 2.6 78.7 0.5 20.8 70.0

B.2 Cross-Benchmark Skill Transfer.

Table B.2 evaluates the generalization ability of
dynamic skills across benchmarks. Skills learned
from VSI-Bench transfer effectively to MMSI-
Bench and CV-3D, while MMSI-Bench skills also
improve VSI-Bench, suggesting that related spa-
tial reasoning tasks share reusable tool-use pro-
cedures. Pooling all training benchmarks consis-
tently achieves the best results, showing that the
Skill Library benefits from complementary scene-
task knowledge across datasets.

Table B.2: Cross-benchmark skill transfer. We build
the dynamic skills from one source benchmark and
evaluate it on other target benchmarks. All settings use
the same static skills and GPT-5.4.

Dynamic Skills Source VSI Avg. BLINK CV-3D Avg. MMSI-PR

w/o Dynamic Skills 63.4 77.2 92.2 52.6

VSI-Bench 68.7 78.5 93.7 57.8
BLINK 63.9 80.6 92.8 53.4
CV-3D 64.8 77.5 94.2 55.7
MMSI-Bench 67.3 78.3 93.2 57.2

All Benchmarks 69.9 82.0 95.3 60.4

C Experimental Details

C.1 Dataset Details

We evaluate Skill-3D on four 3D spatial reasoning
benchmarks: VSI-Bench, BLINK, CV-3D, and
MMSI-Bench. Since these benchmarks do not pro-
vide official training splits for skill construction or
post-training, we follow a category-wise random
split for fair comparison and ensure question-level
disjointness, as shown in Table C.3.

• VSI-Bench (Yang et al., 2025a) evaluates indoor
visual spatial intelligence from egocentric obser-
vations, covering counting, distance, size, direc-
tion, route planning, and appearance-order rea-
soning.

• BLINK (Fu et al., 2024) evaluates challenging
multimodal reasoning. We use its multi-view
spatial reasoning subset, which tests spatial in-
ference from multiple visual observations.

• CV-3D (Tong et al., 2024) focuses on geomet-
ric spatial reasoning, including depth ordering,
relative distance, spatial layout, and multi-view
consistency.

• MMSI-Bench (Yang et al., 2026a) evaluates
multimodal spatial intelligence, mainly focus-
ing on positional relationship reasoning under
diverse scene configurations.

Table C.3: Dataset statistics and train/test split. The train-
ing set is used for skill construction and post-training, while
all reported results are computed on the held-out test set.

Dataset #Tasks #Total #Train #Test

VSI-Bench 8 2362 708 1654
MMSI-Bench 1 502 157 345
CV-3D 2 1200 360 840
BLINK 1 133 40 93
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C.2 Hyperparameters

We provide hyperparameters used for Skill-3D
post-training, as shown in Table C.4.

Table C.4: Hyperparameter settings of Skill-3D.

Parameter Setting Parameter Setting

Foundation model Qwen3-VL-4B/8B SFT learning rate 1× 10−5

Number of GPUs 4 SFT batch size 16
Max sequence length 4096 SFT epochs 1
Training precision bfloat16 SFT warmup ratio 0.03
Flash Attention True GRPO learning rate 1× 10−6

Gradient checkpointing True GRPO batch size 16
Optimizer AdamW GRPO group size 8
Clipping epsilon 0.2 Gradient accumulation steps 4
GRPO training epochs 1 KL coefficient 0.05

C.3 More Details about GRPO Objective

We provide the full GRPO objective used in Skill-
3D post-training. For each scene-task query,
the policy observes the question q, visual obser-
vations O, and retrieved skill candidates Scand.
It samples a group of G complete trajectories
{τ (1), . . . , τ (G)} from the current policy. Each tra-
jectory contains the model-generated skill choices,
tool calls, tool outputs, intermediate reasoning
steps, and final answer. Each trajectory receives
the scalar reward defined in Sec. 3:

R(τ) = Rans(τ) +Rfmt(τ) +Rtool(τ), (C.1)

where Rans measures answer correctness, Rfmt

measures structured-format compliance, and Rtool

measures tool-use efficiency. The tool-use reward
is computed as:

Rtool(τ) = Rexec(τ)−
|A|
B

, (C.2)

where A is the set of tool calls in trajectory τ ,
B is the maximum tool budget, and Rexec mea-
sures whether the invoked tools are successfully
executed and return non-empty outputs. Rexec is
set to zero when no required tool evidence is ob-
tained.

Following GRPO, we normalize the rewards
within each sampled group to compute the relative
advantage:

Ai =
R(τ (i))−mean

(
{R(τ (j))}Gj=1

)

std
(
{R(τ (j))}Gj=1

) . (C.3)

The policy is optimized with the clipped surrogate

objective:

J (θ) = E

[
1

G

G∑

i=1

min
(
ρiAi,

clip(ρi, 1− ϵ, 1 + ϵ)Ai

)
− βKLDKL(πθ||πref)

]
,

(C.4)
where the importance ratio is:

ρi =
πθ(τ

(i) | q,O,Scand)

πold(τ (i) | q,O,Scand)
. (C.5)

Here, πold denotes the policy used to sample the
trajectories, and πref is initialized from the agentic
SFT policy. The KL term preserves SFT-learned
skill-selection and tool-use behavior, while the
group-relative advantage favors trajectories with
higher task success, better tool-use efficiency, and
valid outputs.

D Qualitative Results

We show two representative cases on metric dis-
tance estimation and room-level object counting
in Fig. E.1 and Fig. E.2.

In Fig. E.1, Think3D calls Pi3 reconstruction
and object detection, but remains reconstruction-
centric. Since the table and bathtub appear in dif-
ferent partial views and their closest boundaries
are not explicitly grounded, it gives only a coarse
estimate and overestimates the distance as 1.5m.
In contrast, Skill-3D retrieves a depth-distance
skill and combines Pi3 reconstruction for room-
level alignment, object detection for target local-
ization, and depth estimation for dense geomet-
ric cues. This evidence-specific workflow grounds
the closest object boundaries and predicts the cor-
rect distance of 0.9m.

In Fig. E.2, Think3D mainly relies on Pi3 recon-
struction and coarse cross-view matching to count
chairs. Repeated observations of the same chair
across adjacent views lead to duplicate counting,
producing an incorrect answer of five. Skill-3D
retrieves a detection-counting skill and combines
Pi3 layout consistency with object detection evi-
dence. By grounding chair instances across views
and suppressing duplicates, Skill-3D obtains the
correct count of four.

E Prompt Design

Detailed prompt design for each phrase/stage of
the framework provided in Fig E.3, Fig. E.4,
Fig. E.5 and Fig. E.6.
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Question: Measuring from the closest point of each object, what is the distance between the table and the bathtub (in
meters)? GT:0.9 m.

Think3D (GPT-5.4)

Skill-3D (GPT-5.4)

Iteration 1

 <think>This is a bathroom-closest-point-metric-distance problem, so I should not answer from 
 layout intuition alone... I first retrieve the depth\_distance skill with boundary-aware evidence 
and multi-view evidence .... Following the skill, I call three tools: Pi3 for room-level 3D reconstruction, object
detection to identify the table and bathtub boundary regions, and depth estimation to obtain dense geometric cues
around the targets.</think><skill_choice>depth_distance_dd41a3f105</skill_choice><tool_call>
{"name":"pi3_tool", ...},{"name:"object_detection_tool",...},{"name":"depth_estimation_tool",...}</tool_call>

Answer

Iteration 1

 <think>...First, I need to identify the table and the bathtub across the sampled views. The question asks for the
closest-point distance, so a direct RGB estimate from one frontal frame is not reliable. The table and bathtub are
visible in different partial views, suggesting that multi-view geometric evidence is needed. </think>
<tool_call>  {"name":"pi3_tool", "arguments:{"image_path":...]," ...}}</tool_call>

Iteration 2
 <think>...After comparing the panning trajectory, the bathtub appears fixed against the bathroom wall, while the
table is located outside or near the bathroom entrance area...Since neither object can be clearly visible
simultaneously, and their nearest boundary is difficult to determine, I should further confirm their positions by
using an object detection tool.</think<tool_call>  {"name": "object_detection_tool", "arguments:
{"image_path":...]," ...}}</tool_call>

Answer
<think>The available views suggest that
the table and bathtub are in neighboring
regions, but the closest-point boundary is
not fully clear. A rough estimate is about
1.5 meters.</think><answer>1.5 m.
</answer>

<think>The Pi3 reconstruction aligns the table and
bathtub in the same room-level geometry, while the
localization result marks the closest object regions and the
depth map provides depth evidence. Combining these
outputs gives a closest distance of 0.9 meters.</think>
<answer>0.9 m.</answer>

Obj. Det.3D Reconstruction Depth Est.

Obj. Det. Obj. Det. Obj. Det.3D Reconstruction

Figure E.1: Case study on boundary-aware metric distance reasoning. We use colored highlights to indicate
different reasoning elements: red marks the question and incorrect answer, green marks the ground-truth or

correct answer, teal marks invoked tools, purple marks retrieved skills, and yellow marks iteration or answer
labels. Think3D relies on coarse reconstruction and object detection, but lacks boundary-aware depth evidence
and overestimates the distance as 1.5m. Skill-3D retrieves a depth-distance skill and combines Pi3 reconstruction,
object detection, and depth estimation, enabling the agent to align room-level geometry with local depth cues and
output the correct 0.9m answer.
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Question: How many chair(s) are there in this room? GT:4.

Think3D (Qwen3-VL-8B)

Iteration 1

 <think>...This is a room-level object-counting question over multiple sampled frames. I need to understand the
global room layout rather than count chairs from a single image. Since..., I first use the pi3\_tool to reconstruct the
room-level geometry and identify chair-like objects across the sequence.</think><tool_call>  {"name":"pi3_tool",
"arguments:{"image_path":...]," ...}}</tool_call>

Answer

Skill-3D (Qwen3-VL-8B)

Iteration 1
 <think>This is a room-level counting task. I retrieve the detection\_counting skill, which requires instance
detection, multi-view de-duplication, and Pi3 layout consistency... .</think>
<skill_choice>detection_couting_b317640296</skill_choice><tool_call>{"name":"pi3_tool", ...},
{"name:"object_detection_tool",...}</tool_call>

Answer
<think>The Pi3 reconstruction provides the
global room layout, while detection provide
instance-level evidence. After suppressing
duplicated chair appearances across views, the
final count is four chairs</think>
<answer>4</answer> 

 <think>...After inspecting the Pi3 reconstruction and the sampled frames, I see...However,
this reasoning mainly relies on coarse Pi3 layout and cross-view visual matching...Based on
the visible chair-like regions across the sequence, I estimate that there are five chairs in the
room.</think><answer>5</answer>

3D Reconstruction

3D Reconstruction Object Detection

Figure E.2: Case study on multi-view object counting. We use colored highlights to indicate different reasoning
elements: red marks the question and incorrect answer, green marks the ground-truth or correct answer, teal

marks invoked tools, purple marks retrieved skills, and yellow marks iteration or answer labels. Think3D mainly
relies on Pi3 reconstruction and coarse cross-view matching, causing repeated chair appearances across sampled
views to be counted as distinct instances and leading to an over-count of five chairs. Skill-3D retrieves a detection-
counting skill and combines Pi3 layout consistency with object detection, enabling instance-level grounding and
cross-view de-duplication to produce the correct count of four chairs.
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E Prompt Design 1189

Detailed prompt design for each phrase of the framework provieded here. 1190

System_Prompt

You are Skill-3D, a scene-aware multimodal spatial reasoning agent.
Your goal is to answer visual spatial reasoning questions accurately by combining:
1. scene context memory,
2. static and dynamic skills,
3. external perception or geometry tools,
4. careful final reasoning grounded in tool evidence.

You must not answer metric, boundary-sensitive, counting, localization, or
orientation questions from RGB intuition alone when a relevant tool or skill is
available.
## Core Procedure
For each user question, follow this internal loop:
1. Scene understanding

- Identify the scene type, target objects, visible views, and whether the input is
single-view or multi-view.

- Classify the task type: object distance, absolute depth, relative depth, spatial
relation, object counting, object localization, orientation, object size,
affordance, occlusion, reconstruction, or view selection.

- Decide whether the question requires metric evidence, object boundaries, precise
points, multi-view geometry, OCR, or detection.

2. Skill retrieval
- Retrieve relevant dynamic skills from scene-aware memory when available.
- Retrieve static seed skills when no suitable dynamic skill exists.
- Prefer skills whose trigger condition matches the task type and whose historical
tool usage matches the needed evidence.

- If multiple similar skills are retrieved, choose the most specific skill and
ignore redundant ones.

3. Tool planning
- Use the selected skill to plan the minimum sufficient tool calls.
- For object identity or localization, use detection or grounding tools.
- For closest-point or boundary-sensitive questions, use segmentation and pointing
tools.

- For metric depth or distance, use depth estimation and, when needed, 3D
reconstruction.

- For multi-view or room-level geometry, use Pi3 or the available reconstruction
tool.

- For orientation questions, use orientation estimation tools.
- Avoid duplicate tool calls unless they verify a genuinely uncertain result.

4. Tool execution and adoption
- Execute planned tools when they are necessary.
- Treat a tool call as useful only if it successfully returns relevant evidence.
- Use tool outputs explicitly in reasoning. Do not ignore tool evidence after
calling a tool.

- If a tool result conflicts with RGB intuition, prefer the tool-backed evidence
unless the tool result is clearly invalid.

5. Final answer
- Answer the original question directly.
- For metric answers, provide the best approximate value and the unit requested by
the question.

- For multiple-choice answers, output the selected option and a short reason.
- Mention uncertainty only when the evidence is genuinely insufficient.
- Do not expose irrelevant implementation details.

## Skill Selection Rules
<skill_json>
## Required Reasoning Style
Think in this order:
1. What is the question asking for?
2. What scene memory or retrieved skill applies?
3. What evidence is missing from raw images?
4. Which tool calls fill that evidence gap?
5. What answer follows from the tool evidence?
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2. Detect invalid or low-confidence outputs.
3. Track whether the evidence supports the current reasoning trajectory.
4. Record failures for future skill refinement.
## Output Format
<tool_evidence>
Tool: ...
Raw Output: ...
Visualization: ...
Interpretation: ...
Uncertainty: ...
</tool_evidence>

1197

Final_Answer_Prompt

Use the scene context, retrieved skills, and tool evidence to answer the question.
## Answering Rules
- Do not answer metric questions from RGB intuition alone.
- Prioritize geometric evidence over appearance cues.
- Cite the relevant tool evidence.
- Avoid overclaiming precision.
- If uncertainty exists, provide the best approximate range.
## Objectives
1. Integrate multi-tool evidence consistently.
2. Produce a spatially grounded answer.
3. Ensure that the reasoning matches the selected skill workflow.
## Output Format
<answer>...</answer>

1198
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Figure E.4: System Prompt and Scene Context Prompt
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Never skip tool use when:
- the question asks for precise or approximate physical distance,
- the answer depends on closest object boundaries,
- the target objects appear in different views,
- object identity or location is ambiguous,
- the required answer is not directly visible from one image.
## Output Format
When tools are available, use this format internally:
<think>
Task type: ...
Scene context: ...
Final reasoning: ...
</think>
<skill_choice>
...
</skill_choice>
<tool_call>
...
</tool_call>
<answer>
...
</answer>

If the runtime does not allow visible chain-of-thought, keep the same reasoning
internal and only output:
<answer>
...
</answer>

1192

Scene_Context_Prompt

You are given a 3D indoor scene and a spatial reasoning question.
Your task is to analyze the scene before any tool selection.
## Inputs
- Multi-view RGB frames
- Key frames sampled from the trajectory
- User question
## Objectives
1. Identify the scene type and visible target objects.
2. Determine the reasoning scope:

- single-view
- multi-view
- room-level
- object-to-object

3. Identify the required evidence types:
- object detection
- segmentation
- depth estimation
- orientation estimation
- 3D reconstruction

4. Determine whether RGB-only reasoning is sufficient.
5. Infer the expected geometric constraints of the question.
## Output Format
<scene_context>
Scene Type: ...
Reasoning Scope: ...
Target Objects: ...
Required Evidence: ...
RGB Sufficiency: ...
Spatial Constraints: ...
</scene_context>
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Figure E.5: Skill Retrieval Prompt, Tool Planning Prompt and Tool Exclusion Prompt
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Skill_Retrieval_Prompt

You are given the scene context and the user question.
Your task is to retrieve the most relevant scene-aware skills for tool orchestration.
## Available Static Skills
- seed::object_counting
- seed::metric_distance_estimation
- seed::relative_depth_ordering
- seed::view_selection
- seed::detection_depth_fusion
- seed::detection_segmentation_fusion
- seed::orientation_estimation
- seed::3d_reconstruction
## Retrieval Rules
- Prefer dynamic skills if a matched scene-aware workflow exists.
- Otherwise, fallback to the corresponding static skill.
## Objectives
1. Match the current scene-task pair with relevant skills.
2. Select the minimum sufficient workflow.
3. Explain why the selected skills are relevant.
## Output Format
<skill_choice>
Selected Skills: ...
Rationale: ...
</skill_choice>
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Tool_Planning_Prompt

You are given the retrieved skills and the scene context.
Your task is to generate the minimum sufficient tool workflow.
## Planning Principles
- Avoid redundant tool calls.
- Prefer geometric evidence over RGB intuition for metric reasoning.
- Reuse previous evidence whenever possible.
- Use segmentation when boundary precision matters.
- Use 3D reconstruction for cross-view or room-level reasoning
## Available Tools
- detect_objects_tool
- segment_image_tool
- depth_estimation_tool
- orientation_estimation_tool
- pi3_tool
- super_resolution_tool
## Objectives
1. Generate an ordered tool plan.
2. Specify the purpose of each tool call.
3. Ensure that the workflow satisfies the selected skills.
## Output Format
<tool_call>
1. Tool_1: ...
2. Tool_2: ...
</tool_call>
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Tool_Exclusion_Prompt

Execute the planned tools and store all returned evidence.
## For Each Tool Call
Record:
- raw structured outputs
- visualization paths
- concise interpretation
- uncertainty or failure notes
## Objectives
1. Preserve all geometric evidence.
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