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@ Question: which pedal is the smallest and where would you activate it?

One shot answer X

The smallest one in
s X ..
= your setup is the mini
= . tuner on the far right.

You’d activate it
using the footswitch
at its bottom.

N

Thinking model answer X

.., Analyze the image:

\ 1.Identify pedals: The setup includes a large “Chroma Console”
~* pedal, ....

2.Compare sizes: The “Lekato AT - 07 Tuner” is noticeably
smaller than all other pedals in the image.

activated by pressing that switch with the foot.

3. Activation location: This tuner pedal has a footswitch at its bottom, so it is

—." spatial relationships and see which

pedals are closer to the camera.

%< Use <depth estimator> to understand %% Next, I'll apply the <segmentation

= tool>to mask guitar pedals, isolating
each pedal from the other equipment

— " <3D bbox> to create a bounding box

around it and estimate their volume.

il

. indicate its switch, showing exactly
where to press to activate the pedal.

Tool calling answer l

%‘J Then, for each identified pedal, I'll use %—" Now I’ll use a <pointing tool> to

Figure 1. SpaceTools uses multiple computer vision tools to solve complex problems. Shown here is a motivating example.

Abstract

Vision Language Models (VLMs) demonstrate strong qual-
itative visual understanding, but struggle with metrically
precise spatial reasoning required for embodied applica-
tions. The agentic paradigm promises that VLMs can use a
wide variety of tools that could augment these capabilities,
such as depth estimators, segmentation models, and pose
estimators. Yet it remains an open challenge how to realize
this vision without solely relying on handcrafted prompting
strategies or enforcing fixed, predefined tool pipelines that
limit VLMs’ ability to discover optimal tool-use patterns.
Reinforcement Learning could overcome this gap, but has
so far been limited to reasoning with a single visual tool due
to the large search space in multi-tool reasoning. We intro-
duce Double Interactive Reinforcement Learning (DIRL),
a two-phase training framework where VLMSs learn to co-
ordinate multiple tools through interactive exploration and
feedback. In the teaching phase, we combine demonstra-
tions from a single tool specialist trained via interactive RL
with traces from a frontier model using all tools. In the ex-
ploration phase, the model further refines multi-tool coordi-

nation through continued RL. Our model, SpaceTools, with
tool-augmented spatial reasoning ability, achieves state-of-
the-art performance on spatial understanding benchmarks
(RoboSpatial-Home, BLINK, BOP-ASK) and demonstrates
reliable real-world manipulation using a 7-DOF robot as
a tool. DIRL provides substantial improvements over the
vanilla SFT (+12% on RoboSpatial) and RL (+16% on Ro-
boSpatial) baselines.

1. Introduction

Spatial reasoning—the ability to understand geometric rela-
tionships between objects and their environment—is an im-
portant capability for vision-language models (VLMs). It
enables models to answer geometric questions, such as rel-
ative positions, spatial configurations, and physical affor-
dances, which is vital to support the integration of VLMs
into embodied systems, such as robots. While recent VLMs
[3, 27, 28, 46] have achieved strong performance on open-
ended visual questions, their ability to do spatial under-
standing remains an active field of research [22, 40, 69, 75],
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particularly in settings that require diverse multi-step rea-
soning intertwined with precise geometric perception and
3D awareness (see Figure 1). These challenges are ampli-
fied in robotics, where perception must seamlessly translate
into decision-making and physical action [24].

The conventional approach to teach VLMs new capabili-
ties involves fine-tuning on task-specific datasets [8, 12, 20,
32,49, 81], an approach limited by the need for large-scale
annotations and extensive data engineering. We present a
scalable alternative: we empower VLMs to use tools, that is,
to call computer vision and robotics modules when needed,
and use their outputs to aid in solving the spatial reason-
ing task. Such tool use provides access to precise mea-
surements and intermediate geometric representations, can
leverage computer vision models from VLM-incompatible
settings (e.g., dense prediction), and allows combining the
strengths of heterogeneous models to augment base-model
capability. Recently, ViGoRL [50] demonstrated that re-
inforcement learning can enable a VLM to learn grounded
reasoning with a single visual tool, namely a cropping op-
eration, showing the promise of interactive RL for tool use.
However, naive application of RL to many tools creates a
prohibitively large search space where exploration fails to
discover effective policies.

To address this gap, we introduce Double Interactive
Reinforcement Learning (DIRL), a two-phase framework
where interactive RL is applied twice. The key insight is
that RL with a pointing tool is tractable and teaches ground-
ing, while multi-tool RL can refine diverse reasoning, but
requires good initialization for stable learning. DIRL uses a
two-phase training scheme with a teaching phase followed
by an exploration phase. In the teaching phase, the model
is trained with Supervised Fine-Tuning (SFT) on the basics
of tool usage—method signatures, outputs, and information
flow using a mix of single-tool Interactive Reinforcement
Learning (IRL) traces and multi-tool demonstrations. In
the exploration phase, we apply Interactive Reinforcement
Learning (IRL) with the full toolset, enabling the model to
refine tool coordination for spatial reasoning tasks.

Unlike prior work, DIRL allows the model to call tools
interactively during training, instead of relying on fixed
pipelines or precomputed contexts (Table 1), enabling this
behavior at scale requires addressing a key systems chal-
lenge: how to efficiently serve diverse, compute-intensive
tools during interactive training. To address this, we de-
velop Toolshed, a platform which hosts computationally in-
tensive computer vision tools such as SAM2 [48], Depth
Pro [6], RoboRefer [81], and GraspGen [42] as rapid on-
demand services during training, decoupling tool resource
management from RL or inference workloads, and achiev-
ing high tool throughput and utilization. By incorporating
real and stochastic tool outputs into the learning loop, DIRL
exposes models to actual tool behavior, encouraging reason-

Table 1. Comparison of related work for training supervision and
tool-call interactivity during training. ‘-’ indicates that only a sin-
gle tool is used.

Method SFT RL Use Non-.ﬁxe_d Interactive
tools tool pipeline tool call
Spatial VLM [10] v x X X x
RoboRefer [3 1] v v X X X
SpatialPIN [35] x x v X x
APC [25] x x v X x
ViGoRL [50] x v - v x
SpatialReasoner [37] x v x x x
TIGeR [18] v v v v x
SpaceTools (ours) v v v v v

ing about tool reliability and discovering improved ways to

query the tools.

We conduct extensive experiments on a diverse set of
spatial reasoning problems, such as determining object-
location fit, estimating distances between items, reasoning
about occlusions and orientations, pose estimation, and pre-
dicting grasping affordances. Our trained model, Space-
Tools, achieves state-of-the-art performance across multi-
ple spatial reasoning benchmarks, including RoboSpatial-
Home [55], BLINK [16], RefSpatial [81], CVBench [81],
and BOP-ASK [4]. By integrating a real robot as a tool,
SpaceTools completes pick-and-place tasks with an 86%
success rate, demonstrating effective transfer from spatial
reasoning to embodied control and outperforming frontier
models equipped with the same tools. In summary, our con-
tributions are:

1. DIRL: anovel training paradigm that enables interactive
training with a large set of tools.

2. Toolshed: an interactive platform for hosting diverse
computer vision tools, to be open-sourced.

3. SpaceTools: A VLM trained for spatial reasoning via
interactive multi-tool use, which achieves state-of-the-
art results across spatial reasoning benchmarks and per-
forms robot control via alternating perception and action
tool calls.

2. Related Work

Spatial Reasoning with VLMs. Spatial reasoning with
VLMs [3, 27-29, 46] refers to understanding geometric
relationships among objects and their environment [2, 16,
26, 47, 54, 57, 67]. Recent progress shows that VLMs
can increasingly support robots in perceiving and inter-
acting with the physical world [7, 55, 81]. However,
VLM spatial reasoning remains insufficient for real-world
robotic demands, where multi-step reasoning, precise geo-
metric understanding, and strong 3D awareness are required
[44, 69, 75]. Conventional approaches teach VLMs spa-
tial understanding by fine-tuning on task-specific question-
answering datasets [9, 12, 31, 49, 50, 55, 65, 81]. Yet these
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methods require large-scale data collection and architecture
modifications even to introduce a single low-level percep-
tual capability such as depth [8], pointing [14, 55, 81], and
3D-awareness [36, 38]. Instead of baking all perceptual
skills into the model, we propose to enable VLMs to in-
voke external computer vision and robotics tools as needed,
allowing them to solve spatial reasoning tasks and perform
real-world manipulation.

Tool-augmented Reasoning. Tool-augmented reasoning
aims to enrich model capabilities by supplying additional
information from external modules [11, 21, 30, 74]. Typical
applications include integrating search engines [11, 15, 21],
calculators [43, 77], or code executors [56, 64] into LLMs,
and vision tools for VLMs [19, 39, 71]. In the context
of spatial reasoning, the community has explored equip-
ping VLMs with vision tools during intermediate reason-
ing steps. However, most approaches rely on handcrafted
prompting strategies [17, 19, 41, 68] or enforce a fixed,
predefined tool pipeline [25, 35] in a training-free way,
which limits their ability to handle diverse, precise, and 3D-
aware reasoning required for robotics. TIGeR [18] is a con-
current work we learned of during the preparation of this
manuscript. They focus more on problem-solving via code
generation and not interactive learning, deriving their super-
vision from a predefined synthetic tool pipeline with large-
model-based rewriting. In contrast, we enable the model to
learn to coordinate a diverse set of vision and robotic tools
through both teacher demonstrations involving real tool in-
teractions and self-exploration enabled by interactive RL.

Reinforcement Learning for Reasoning. Reinforcement
learning (RL) has been widely applied to enhance the rea-
soning capabilities of LLMs or VLMs on verifiable tasks
such as math [51], coding [13, 61], and general visual ques-
tion answering (VQA) [70, 73, 76, 78]. Recent work further
explores RL for spatial reasoning, enabling models to pro-
duce interpretable or grounded reasoning [23, 33, 52, 65,
66]. Some works adopt RL to stengthen chain-of-thought
style reasoning before predicting answers [44, 63], while
others focus on teaching grounded spatial understanding
[50, 65, 80]. Although prior works demonstrate that RL
can teach spatial reasoning with use of a single light-weight
tool (e.g., cropping), scaling to multiple heterogeneous tools
poses a fundamental challenge: with 10+ tools, the action
space grows combinatorially, causing naive RL exploration
to fail. Our training paradigm decomposes the problem
into progressive and tractable phases, enabling the model
to learn effective coordination strategies with diverse tools.

3. Problem Formulation

We formulate spatial reasoning as a sequential decision-
making problem where a VLM policy 7y interacts with ex-
ternal tools Qs to respond to a user query Z, which may

Algorithm 1 Spatial Reasoning with Tools

Require: VLM 7y, User Query Z, Max Turns Tmax
Ensure: Answer Afna
1:t<«1,h1 <71
2: while t < Ti,ax do
ap < 7T9(ht)
4 ht+1 < ht @D aq
5 if <answer> detected in a; then
6: Afina < Parse(at, <answer>, </answer>)
7
8
9

> Initialize dialogue history
> t is a counter
> Generate VLM response

(95}

break > Final turn: task is complete
else if detected in a: then

: Quools < Parse(ay, , )
10: for each g € Qo015 do
11: ht+1 < ht+1 @ CallTool(q) > Execute tool
12: end for
13: end if
14: t+—t+1
15: end while

16: return Agna

consist of an image-text pair or a robotic manipulation task.
The model can reason and interact with tools in multiple
turns until it produces a final answer Agp, or reaches a max-
imum of T}, interaction steps.

At each step t, the VLM receives the historical context
h¢, which contains the full dialogue between the user, the
VLM, and the tools (initialized as h; = Z). The model
then generates a response a; according to its policy: If a;
includes tool calls, tools are executed sequentially. Their
outputs, together with a;, are appended to the historical con-
text hy to form hyy;. The updated context is then used to
generate the next-step response.

The complete workflow is outlined in Algorithm 1. The
model is required to follow a structured conversational for-
mat: reasoning is enclosed within tags, tool calls
within tags, and the final answer within
<answer> tags.

The goal of this work is to learn a policy 7y that ad-
dresses user queries through multi-turn interaction with vi-
sion and robotic tools. To achieve this, we propose a new
training paradigm accompanied by a novel tool platform.

4. Double Interactive Reinforcement Learning

Training a VLM to reason and act through external tools
benefits from both teacher-guided supervision and interac-
tive exploration. We introduce Double Interactive Rein-
forcement Learning (DIRL), a two-stage framework that
unifies these two forms of learning. Enabling DIRL requires
seamless communication between the VLM and a diverse
set of vision and robotic tools during both data collection
and training. We solve this challenging problem by de-
signing Toolshed, a distributed infrastructure that manages
large-scale tool interaction.
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4.1. DIRL

We introduce a new training paradigm that enables VLMs
to effectively use multiple tools. Our approach is motivated
by two observations: (i) naively applying IRL (interactive
RL) to all tools at once creates an extremely large search
space, resulting in weak optimization signals, and (ii) pure
SFT on tool-interaction traces yields models that struggle to
coordinate with tools effectively or to go beyond the train-
ing traces. Our method, DIRL, addresses these limitations
and improves the model’s ability to integrate and sequence
multiple tools effectively. DIRL is composed of two phases,
a teaching phase and an exploration phase.

Teaching phase. This phase establishes basic tool use ca-
pabilities without the exploration challenges of full multi-
tool RL. We build the teaching dataset from two comple-
mentary sources. First, we apply IRL to train the base
model to use a single pointing tool for spatial reasoning
tasks (e.g., spatial relationship, spatial compatibility, and
relative depth are trained together). This constrained search
space, allows IRL to reliably converge and produce com-
petent behavior. The resulting /IRL-trained teacher is then
used to generate supervised demonstrations of grounded
reasoning for the first portion of our teaching dataset. Sec-
ond, we prompt a universal teacher, which is a frontier
model, to solve spatial reasoning and robot manipulation
tasks with the full set of tools (e.g., pointing, segmentation,
3D bbox, etc.), retaining only trajectories that lead to correct
solutions. Finally, we combine both datasets—one part gen-
erated by the IRL-trained teacher and three parts from the
universal teacher—to form the complete teaching dataset.
We then perform supervised fine-tuning (SFT) on the base
model, yielding a policy with initial tool-usage behaviors.

Exploration phase. This phase refines multi-tool coor-
dination through interactive exploration. We resume IRL
training on all tasks from the SFT-initialized policy with ac-
cess to all available tools, allowing the model to enhance
tool chaining strategies. The strong initialization prevents
exploration collapse in the large multi-tool action space,
while interactive feedback offers additional refinement of
tool coordinations. These two rounds of IRL give our
method its name, as DIRL involves two IRL phases—one
for teaching and one for exploration.

Policy Update. We employ Group Relative Policy Op-
timization (GRPO) [51] as our RL training algorithm, as
visualized in Figure 2. For each input Z, in total N roll-
out procedures are launched asynchronously under the cur-
rent policy mp. Each rollout proceeds as Algorithm 1,
generating in total N multi-turn rollouts O;, O,, ...,
Op. Their rewards are calculated as rq, 7o, ..., ry, and

1
: Think Think Think
1

Rollout ( \
Module ! O 0, On :
| Think Think Think

: Tool call Toolcall ~ Tool call :

—>  Toolshed > Response Response Response :
1

1

1

1

1

[

€v )l b
i | /

Reward Model &
LGRPO (9) = Group Computation
| [kt |

= Tef

Figure 2. Interactive reinforcement learning (IRL) with Toolshed.
The rollout module executes multi-turn trajectories under policy
Ty, alternating between reasoning and tool use before answering.
Task rewards are aggregated and used to update 7y via GRPO with
KL regularization against 7rres.

the policy is updated by optimizing the GRPO objective

Lerpo(T1, - - -,7N), described in full in the Appendix.

4.2. Toolshed

Our method, DIRL, assumes access to an efficient system
for invoking tools during training. In prior work, tool us-
age is either tightly coupled with the training loop, limiting
to simple tools (e.g., cropping [50]), or in case of text-only
tools (e.g., search [21]), highly decoupled via web APIs that
lack the throughput needed for VLM interactive learning
with images. Others side-step the issue altogether by us-
ing pre-computed tool outputs [ 18], preventing models from
learning interactive, state-dependent tool use.

We introduce Toolshed, a scalable framework for de-
ploying multiple compute-heavy tools alongside training
or inference workloads that mitigates these bottlenecks
through: (1) resource and environment isolation for each
tool instance; (2) decoupled scaling and execution from the
policy’s main inference loop; and (3) asynchronous paral-
lel workers per tool, allowing scaling tool resources inde-
pendently from training resources. Toolshed hosts modular
vision tools (e.g., segmentation, pointing, monocular depth,
3D box fitting, grasp prediction, and various image opera-
tions) and robotic tools (e.g., image capture, grasp execu-
tion, object placement). Implementation details and com-
plete tool APIs are provided in the Appendix.

4.3. Rewards

Reinforcement learning covers spatial reasoning tasks such
as multiple choice question answering, 2D bounding box
localization, pointing, pose, and grasp estimation. We de-
sign normalized, task-specific rewards based on the cor-
rectness of the final answer Ag,,. Each reward measures
the accuracy or geometric consistency of Ag, against the
ground-truth label or annotation. We additionally experi-
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Table 2. Performance comparison across spatial reasoning benchmarks. All values are normalized accuracy (%). Bold indicates the best
performance within each column, and underline denotes the second-best result. Values of 0 indicate the model either fails to produce valid
responses, outputs answers in wrong formats, or produces entirely incorrect predictions, reflecting an inability to handle that task type.

Model RoboSpatial BLINK RefSpatial CVBench BOP-ASK
VQA  Vacant  Overall Depth 2D Rel. 3D Depth Pose Grasp-MACE  Grasp-SR
Proprietary Models
Claude Sonnet 4.5 75.44 23.77 57.43 78.23 7.49 89.85 78.50 1.67 40.12 48.33
GPT-40 61.61 25.10 48.88 63.71 8.48 88.77 75.50 0.00 5.50 1.67
GPT-5 76.50 22.17 58.39 66.13 23.10 95.54 91.33 9.03 39.59 41.67
Gemini-ER 1.5 79.30 31.10 62.50 69.23 41.72 95.54 90.50 0.00 30.06 23.33
General Open-Source Models
LLaVA-NeXT-8B 69.31 0.00 45.15 53.23 0.78 72.15 73.67 0.00 5.04 1.67
Qwen2.5-VL-32B 61.84 3.28 4143 70.16 7.28 90.46 86.67 0.00 29.86 23.33
Qwen2.5-VL-3B 53.07 0.00 35.71 70.98 0.00 70.62 65.33 0.00 6.06 0.00
Spatial VLMs
SpaceLLaVA-13B 61.00 2.50 40.61 51.61 3.25 61.08 62.83 0.00 0.00 0.00
RoboPoint-13B 70.18 19.70 52.58 54.84 15.59 74.00 76.50 0.00 0.00 0.00
Molmo-7B 39.92 0.82 26.29 54.03 0.00 72.15 73.33 0.00 36.74 18.33
RoboBrain2.0-7B 59.64 44.35 54.31 84.68 32.50 87.23 90.00 0.00 0.00 0.00
RoboRefer-8B-SFT 58.33 61.48 59.43 88.71 48.37 96.31 96.50 0.00 0.00 0.00
Tool-free Fine-tuning

Qwen2.5-VL-3B-Tool-free SFT ~ 66.66 41.80 58.00 80.65 20.22 91.54 83.33 2.44 39.47 35.00
Qwen2.5-VL-3B-Tool-free RL 67.54 28.69 54.00 80.65 23.10 87.38 70.83 12.00 38.79 36.67
SpaceTools-3B (Ours) 79.38 52.46 70.00 90.32 53.07 94.92 96.00 34.37 43.06 50.00

mented with a structural format score to encourage output
correctness, but found it provided no measurable improve-
ment and excluded it from final training. See details in the
Appendix.

* Multiple choice questions. The reward is binary: R =
1 if Agina is correct, else 0.

* 2D bounding boxes. We compute Mean IoU (MIoU)
between predicted and ground-truth boxes: Rmpou =
LN max; IoU(B;, B;), where B; and B; denote
predicted and ground-truth boxes.

e Pointing. For single-point spatial prediction, we use
the Normalized Negative Distance to Centroid (NNDC):
Ranpe = exp(—5d) —exp(=5v/2)

1—exp(—~5v2)
tance to the target-region centroid. To emphasize pre-
cision, we clip with the binary accuracy term: R =
max(Rxnpc, RB)-

* Pose estimation. Predicted and ground-truth poses are
converted to eight 2D projected corners. The reward is the
IoU between convex hulls of predicted (C) and ground
truth (C) corner sets. R,y = IoU(C’ ,C') when both sets
are valid (|C| = |C| = 8), and 0 otherwise.

e Grasp estimation. We adopt the Normalized Neg-

, where d is the dis-

ative Coordinate Error (NNCE): Rnnee = 1 —
6mla min(dmax, L wN 7”’”1';””'2» where p; and p; are

predicted and ground-truth contact points, d is the gripper
width, IV is the number of reference points, and ., caps
extreme errors. This rewards accurate geometric grasp
alignment. In this work, d,,,x = 10.

5. Experiments

Dataset. During the first phase of DIRL, we generate a
teaching SFT dataset composed of 8k high-quality tool-use
trajectories: 6k from the universal teacher and 2k from the
IRL-trained teacher. The IRL teacher is trained to use a
Pointing tool (RoboRefer [81]), a common first step be-
fore querying other vision and robotic tools in spatial rea-
soning. For the universal teacher, we use Claude Sonnet
4.5 [1], integrated with Toolshed, consisting of all tools.
Image—question pairs are sampled from RoboSpatial [55],
RefSpatial [81], and BOP-ASK [4]. To extend our setup
to robot manipulation, we augment the HOPE dataset [62]
with grasping and pick-and-place control tasks. Each tra-
jectory in the SFT dataset is a multi-turn dialogue between
the user, assistant, and tools. The same spatial reasoning
image-question pairs in the teaching SFT dataset are used
in the stage-2 IRL.

Training. We use Qwen2.5-VL-3B-Instruct [3] as our
base model. During training, we use a system prompt that
defines the available tools, their schemas, and usage for-
mats (detailed prompt is in the Appendix). High-level in-
structions within the prompt further specify the model’s
reasoning structure and output format. We use the follow-
ing perception tools: segmentation [48], pointing [14, 81],
depth estimation [6], cuboid fitting, grasp generation [42],
cropping, array indexing, perspective projection, and robot
tools: image capture, depth capture, grasp, place. The first-
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Which point
is closer
to the
camera?

Thinking: Looking at
the image, I need to
identify the locations
of points A and B and
analyze the depth
information.

Tool calls:
depth(<image0>)
pointl("obj":".A”..)
pointl("obj":"..B”..)

®

<
&= Estimated Sdepth.

(0.10, 0.276)
(0.09, 0.276)

Thinking: The values
are very close,
which suggests the
tools may have made
wrong estimations.
Let me try the other
detect tool point2

Tool calls:
point2("obj":"..A", ..)
point2("obj":"..B", ..)
(0.115, 0.946)
(0.094, 0.295)

Thinking: Good! Now
let me get the depth
values at these
refined locations

Tool calls:

index("data":$depth,
"x":0.115,"y":0.946))
index("data":$depth,
"x":0.094,"y":0.295))

1.136m
2.009m

Thinking: The depth
difference is about
0.87 meters, which is
significant and makes
sense visually.

| [Bmawer 2 v

Relative depth

&

¢

4

&

=~

=

—

Pose

What are the eight
cuboid corners of the
topmost instance of
the box of raisins?

Thinking: Let me process this step by =

step. First, locate the target object.
Tool calls: pointl("obj":"..box of raisins"..)
(0.4, 0.648)
Tool calls:

»

segment (<image®>, "point":..)
< Segmented $mask

Tool calls: pointcloud(<image®>) é

TIQ

e« Estimated $depth, $point_cloud,
®  gfocal_length

Tool calls: %
3D_bbox (..$point_cloud,..$mask,
..$focal_length)

e

Corners in 3D: [[-0.129, 0.152, 0.644],..],
Corners 1in 2D: [[0.343, 0.826],..]1,
Edges:.., Extent:.., Volume:..
Answer: [(0.343, 0.826), | €2
(0.292, 0.669), (0.35,

0.878), ..(0.298, 0.721)]

Spatial Compatibility \

Can the tissue box fit
left of the bowl?

\

Thinking: To answer this, I é?
should locate the tissue

box and bowl, assess the
available space and compare

with the tissue box size.

Tool calls: pointl("obj":"tissue box"..)
pointl("obj":"bowl"..)

(0.306, 0.531)
(0.452, 0.92)

Thinking: Tissue box is at left-center

%

area. Bowl is in the lower-center area.
Looking at the image, the bowl is on
the floor. There appears to be adequate
floor space to the left. Looking at the
tissue box, it is relatively small.

\_(Answer: Ves)

Grasp

What are the five points
that outline the grasp plane
for the rectangular butter
packaging box labeled "FARM
FRESH BUTTER"?

Thinking: To do this, I should: Detect
the butter box location. Segment it to
get a mask. Estimate depth to get a point
cloud. Compute the grasp pose. Extract
the five key points from the grasp pose.

€

Tool calls:
pointl.., segment.., pointcloud..

.'4

Thinking: Now I can compute the grasp &=

pose for the box. A

Tool calls:

compute_grasp(..$point_cloud,..$mask,..
° $focal_length)

ij ERROR: No collision-free grasps found.
Thinking: The grasp generator fails,
likely because the butter box is in a
cluttered scene. I need to estimate
the grasp pose myself based on the
image and the detected location.

Answer: Grasp center: [0.673,

0.519], .., Right finger tip: J
\\\\» [0.726, 0.480]
Spatial Relationship

Where is the person (annotated
. by the red box) located with

respect to the cell phone? (A)
above (B) below

Let me detect the locations

Thinking:
of both objects to determine their
relative positions.

&

Tool calls: pointl("obj":"cell phone"..)

pointl("obj":"person in red box"..)

(0.172, 0.809)
(0.477, 0.348)

Thinking: Based on the detection

results, The person in the red box
is positioned higher in the image
(above) compared to the cell phone.

\ (Amwer 2 )V

Figure 3. Spatial reasoning examples of SpaceTools. It performs diverse spatial reasoning tasks including relative depth, pose, grasp,
spatial compatibility, and spatial relationship by interleaving reasoning (gray) and vision tool calls (green) before producing the final
answer. Images are taken from BLINK [16], RoboSpatial-Home [55], and BOP-ASK [4].

stage SFT starts with the base model and uses cross-entropy

next-token prediction loss over all assistant turns in a multi-

turn dialogue, training the policy 7y to imitate the teachers’
reasoning processes and tool-use behaviors. In the second-
stage IRL, the SFT-initialized model interacts with Tool-
shed to refine its tool-augmented spatial reasoning through
interactive feedback from task rewards. For SFT, we use
the LLaMA-Factory platform [79], and for RL we integrate
Toolshed into the VERL framework [53]. More implemen-
tation details are in the Appendix.

on a suite

Benchmarks and Metrics.

5.1. Spatial Reasoning Evaluation

We evaluate our model
of spatial reasoning benchmarks, including

RoboSpatial-Home [55] (spatial VQA and vacant space
pointing), CVBench [59] (2D relations and 3D relative
depth), RefSpatial [81] (placement, location, and unseen),
BLINK [16] (relative depth), and BOP-ASK [4].
cover positional relationship understanding, depth estima-
tion, pointing, 3D pose estimation, and robotic grasp predic-

They

tion. We adopt the following metrics: (1) Answer accuracy
for multiple-choice and pointing questions. (2) For object
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& Thinking: SEart by  Thiking: Detect the Thinkg: Segmert  Thnking: Capture  Thinkig: Compute  Thinking: Execute  Thinking: Thinking: Place 1t
= capturing an image flashlight in the flashlight to get depth data and grasp pose. the grasp. Now I'11 detect the inside the bin.
to see the scene. image. mask. point cloud. transparent bin. .
Vision tool : Robot tool : Robot tool :
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Figure 4. Real-world robot manipulation fully controlled by SpaceTools. The model completes a multi-step task, “picking up the flashlight
and placing it in the transparent bin”, via alternating reasoning (gray), vision tools (green) for perception, and robot tools (blue) for action.
372 pose estimation, we use the normalized Intersection-over- Table 3. Real-world robotic manipulation performance of Space-
373 Union (IoU) in range [0, 100] (%). (3) For grasp estimation, Tools and zero-shot VLM basel'mes equlppeq w1tt'1 Toolshed. V.'?ll—
374 which outputs five 2D coordinates of grasp center, and two ues are success rates (%) for Pick and Relation Pick tasks, partial
. ’ . success rates (%) for Pick & Place, and seconds for Time-to-First-
375 finger bases and tips, we use the Mean Angular Coordinate
.. . Movement (TTFM).
376 Error (MACE) to jointly score grasp location and finger-
377 orlentat.1on, deﬁne.zd in the Appendix. We report MACE as a Real Robot Manipulation Tasks
378 normalized score in range [0, 100] (%), z'lnd the Success Rate Model ik Rel Pick Pick & Place TTEM
379 (SR) as the percentage of grasps achieving MACE > 40.
0.5 007 0(0/6) 0 (0/14) Is
. . GPT-5 + Toolshed TG 33206) 65 (9/14) 365
380 Baselines. We compare our model (SpaceTools) against Claude Sonnet 4.5 + Toolshed 86 (6/7) 50 (3/6) 79 (11/14) 30s
. : . Tl Qwen2.5-VL-3B + Toolshed 0(0/7) 0 (0/6) 0 (0/14) -
381 four categories of baselines. (1) Proprietary models in SpaceTools (Ours) 86(6/1)  83(5/6) 86 (12114) 108
382 clude Claude Sonnet 4.5 [1], GPT-4o0 [45], GPT-5 [46],
383 and Gemini-ER 1.5 [60], which represent state-of-the-
384 art commercial VISlot?—language systems. (2) General learning technique. SpaceTools-3B achieves higher accu- 407
385 open-source models include LLaVA-NeXT-8B [28] and racy on all tasks, notably +12% and +16% on RoboSpatial, 408
386 Qwe.nZ.S—VL-SZB ['3], Wh.ICh serve as publ'lcl.y ayallable than tool-free SFT and RL respectively. 409
387 multl‘modal foupdatlons without spatial specialization. .(3) Figure 3 shows qualitative examples. We find that Space- 410
368 Spatial VLMs include SpaceLLaVA-13B [10], RoboPoint- Tools dynamically adapts its reasoning and tool-use strate- 411
e 13B [72], Molmo-7B _[14]’ Rob.oBraln.2.0—7B. .[5 8], and gies to each task. For example, it primarily relies on point- 412
390 RoboRefer.-8B-SFT, WhICh are trained with additional SPa' ing for tasks such as spatial compatibility and relationship; 413
391 tial reasoning or robotic data. (4) Tool-free fine-tuning it invokes depth estimation for relative-depth queries; and it~ 414
392 contains variants of the same base model (Qwen2.5 -VL-3B) composes multiple tools for more advanced reasoning like 415
393 trained without tlool use, only,on the 8k source question and pose or grasp prediction. Moreover, SpaceTools has learned 416
594 answer samples from DIRL's stage-1: (4a) Tool-free SFT corrective behaviors, such as falling back to self-estimation 417
395 15a superv1§ed ﬁne:tumng baseline. (4b) Tgol—fr ee RL ap- when a tool fails, or switching to alternative pointing tools 418
396 plies reasoning RL a la Deepseek R1 [13] without tool use. to refine uncertain detections. Therefore, the model has 419
397 5.2. Spatial Reasoning Results learned internal procedures for tool selection, ordering, and 420
) ) error recovery, rather than relying on hand-crafted pipelines 421
398 As shown in Table 2, SpaceTools achleves. state-of—t.he-art in prior works [25, 34]. 422
399 results on nearly all benchmarks, surpassing proprietary,
400 open-source, and spatial VLM baselines. SpaceTools out- 5.3. Experiments on Real Robot Manipulation 423
401 performs Gemini-ER 1.5 by +7.5% on Robo.Spat.lal, ex In order to validate SpaceTools we conduct an experiment 424
402 ceeds Claude Sonnet 4.5 by +24.4% on pose estimation, and . .
o where robotics controls are presented as tools, see Figure 4. 425
403 surpasses GPT-5 by +8.3% on grasp prediction. Moreover, . .
- . ) The robot arm serves as an action tool, complementing 426
404 tool-augmented training yields substantially stronger results . . .
; . . vision-based perception tools. By alternating between per- 427
405 on spatial reasoning than tool-free fine-tuning of the same . R ion. depth N
406 base model on the the same 8k VQA pairs regardless of ception (pointing, segmentation, depth, grasp estimation) i
p & and action (capture, grasp) tools, the VLM orchestrates a 429
'no tool calling closed perception—action loop fully guided by language rea- 430
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Table 4. Ablation on training recipes. IRL-T denotes the IRL-
trained teacher; Univ-T denotes the universal (frontier-model)
teacher; S2-IRL denotes the Stage-2 interactive RL phase. Check-
marks indicate which components are included.

Table 5. Comparison of proprietary models with and without
the Toolshed enhancement across robotic spatial reasoning bench-
marks. Values are normalized accuracy (%).

Model RoboSpatial BLINK  RefSpatial w
Variant IRL-T Univ-T S2-IRL RoboSpatial RefSpatial Pose Mean Pose Grasp (MACE)
with Interactive RL GPT-5 58.39 66.13 23.10 9.03 39.59
SpaceTools (Ours) v v v 70.00 53.07 3437 5248 + Toolshed 55.14 90.32 1 36.10 1 15.00 1 41.49 1
wio IRL Teafh: * v v 6;' ‘j 23'60 34'229 ;‘;68 Claude 5743 78.23 7.49 1.67 40.12
w/o Univ. Teacher v X v 65.1 451 89 86 + Toolshed 52.86 75.00 27801 25001 44194
w/o Stage 2 IRL v v X 67.71 51.98 3328 50.99

without Interactive RL
x 59.71 2491 3294 39.19
x 55.14 28.16 30.89  38.06

Tool SFT
Tool NIRL

ENEN

soning, in contrast to prior work where robot action is an ex-
ternal process to model reasoning [55]. We evaluate Space-
Tools, Claude Sonnet 4.5, and GPT-5 in this tool-augmented
system as well as comparing with a strong vision-language-
action model, 7y 5 [5]. We focus on three type of tasks;
pick, relational pick, and pick & place, results from this ex-
periments are presented in Table 3. During the experiments
we observed that SpaceTools is better grounded in spatial
reasoning as well as being capable of orchestrating multiple
tools, whereas other methods, like GPT-5, fail to chain tools
coherently, sometimes inventing grasp poses or camera in-
trinsics instead of reusing computed values. Please consult
the Appendix for further details.

5.4. Ablation Study

To analyze the contribution of each component in the
DIRL framework, we perform systematic ablations on spa-
tial reasoning benchmarks by removing (1) the IRL-trained
teacher (IRL-T), (2) the universal teacher (Univ-T), and (3)
the Stage 2 IRL phase (S2-IRL).

In addition, to evaluate the importance of interactive re-
inforcement learning, we compare DIRL with two classic
non-interactive training schemes: (a) Tool SFT with the
universal teacher, where the model is trained on multi-turn
tool-use traces through direct supervision, and (b) Tool Non-
Interactive Reinforcement Learning (Tool NIRL), which fol-
lows the conventional tool-learning setup in large language
models (LLM) [77]. In Tool NIRL, ground-truth tool call
traces are required, and the reward is based on the correct-
ness of tool names, tool arguments, and answers. Detailed
configurations are provided in the Appendix.

Quantitative results are in Table 4, with our main find-
ings summarized: (1) Removing the IRL-trained teacher
leads to a sharp performance drop, particularly on tasks re-
quiring fine spatial grounding such as RefSpatial and Ro-
boSpatial. (2) Removing the universal teacher also degrades
performance, especially on pose tasks that require multi-
tool composition (e.g., segmentation + depth + 3D bbox).
(3) Stage 2 IRL provides the final boost of tool-augmented
reasoning. Eliminating the Stage 2 IRL phase affects per-

formance across RoboSpatial, RefSpatial, and pose tasks.
(4) Both Tool SFT and Tool NIRL baselines underperform
DIRL by a large margin (+13.4 and +14.4 mean improve-
ment, respectively). This suggests that interactive RL is key
to teaching VLMs consistent reasoning over complex tool
sequences.

6. Discussion & Conclusion

Agentic VLMs hold the promise of reasoning through arbi-
trary external tools. Motivated by this, we examine whether
large VLMs can improve their spatial reasoning by lever-
aging vision tools in a fully zero-shot setting. As shown in
Table 5, tool integration yields clear gains on tasks requir-
ing precise spatial grounding or explicit geometric reason-
ing. For example, GPT-5 with Toolshed improves on RefS-
patial (from 23.1 to 36.1) and pose estimation (from 9.0 to
15.0), suggesting that tool feedback mitigates limitations in
spatial grounding and 3D understanding. In contrast, high-
level tasks such as RoboSpatial and BLINK show mixed
trends, as models tend to overuse tools and struggle to cor-
rectly interpret nuanced tool outputs. We also find that IRL
improves out-of-domain generalization. When a model is
trained to use a single powerful tool such as pointing [81],
it not only performs better on its in-domain benchmark but
also transfers unexpectedly well. For instance, a model
trained only on RoboSpatial [55] reaches 72.3% accuracy
on that benchmark and still achieves 34.3% on RefSpa-
tial—where other fine-tuning approaches score zero. These
results highlight the promise of agentic VLMs and their
ability to acquire new skills through tool use.

In conclusion, we introduce DIRL, a new method for
training tool-augmented VLMs through progressive and in-
teractive learning. To support this, we built Toolshed, a
system for deploying diverse tools at scale for online in-
teraction during training. Our experiments show that our
trained model, SpaceTools, achieves state-of-the-art perfor-
mance on multiple spatial reasoning benchmarks and ex-
hibits strong out-of-distribution generalization, including
the ability to use a robot as a tool. This work demonstrates
that VLMs can acquire complex spatial reasoning capabili-
ties through learned tool coordination rather than architec-
tural modification or large-scale data-driven fine-tuning.
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