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Question
Which size is larger, the brown sofa in the
living room or the red sofa in the study
room?
ToolEQA
Plan:
1. Go to the living room and find the
brown sofa.
2. Check the size in the living room of
the brown sofa.
3. Go to the study room and find the
red sofa.
4. Check the size in the study room of
the red sofa.
5. Compare the sizes of brown sofa and
red sofa.

ToolE ExploreE M EQA
6. Provide the final answer. eolEQA xploreEQA emoryEQ)
Thought: Thought:
Found the sofa in the living room. | will locate it precisely and retrieve its | Found the red sofa in the study room. Use 'ObjectLocation3D' tool to
bounding box to confirm its dimensions. detect sofa size.
Code: Code:

position,size=ObjectLocation3D(object="table',image_path='image_1.jpg'), position,size=ObjectLocation3D(object="sofa',image_path='image_2.jpg')
print(f'The information of curtain is: position is {position}, size (Length, | print(f'The information of curtain is: position is {position}, size (Length,
\ \

width, height) is {size}.) : i7" | width, height) is {size}.) i

Observation:

The information of curtain is:
position is {position}, size
(Length, width, height) is (2.32,
2.14,8.91)

Observation:

The information of curtain is:
position is {position}, size
(Length, width, height) is
(2.26,2.91,5.99)

Thought:
| already know all information for answer question. Now | should compare the sizes of two sofas.

Code: Final Answer
brown_sofa =2.32 * 2.14 * 8.91; red_sofa = 2.26 * 2.91 * 5.99 brown sofa
if brown_sofa > red_sofa : print("the brown sofa has a larger volume.")
elif brown_sofa < red_sofa : print("the red sofa has a larger volume.")
final_answer('brown sofa')

Figure 1: Overview of the proposed ToolEQA for Embodied Question Answering (EQA). ToolEQA
enables to decompose questions into structured plans, reasoning to select tools, and invoke tools to
explore and answer. ToolEQA achieves highest accuracy with fewer reasoning steps.

Observation:

ABSTRACT

Embodied Question Answering (EQA) requires agents to explore 3D environ-
ments to obtain observations and answer questions related to the scene. Existing
methods leverage VLMs to directly explore the environment and answer questions
without explicit thinking or planning, which limits their reasoning ability and re-
sults in excessive or inefficient exploration as well as ineffective responses. In this
paper, we introduce ToolEQA, an agent that integrates external tools with multi-
step reasoning, where external tools can provide more useful information for com-
pleting the task, helping the model derive better exploration directions in the next
step of reasoning and thus obtaining additional effective information. This enables
ToolEQA to generate more accurate responses with a shorter exploration distance.
To enhance the model’s ability for tool-usage and multi-step reasoning, we further
design a novel EQA data generation pipeline that automatically constructs large-
scale EQA tasks with reasoning trajectories and corresponding answers. Based on
the pipeline, we collect the EQA-RT dataset that contains about 18K tasks, divided
into a training set EQA-RT-Train, and two test sets EQA-RT-Seen (scenes over-
lapping with the training set) and EQA-RT-Unseen (novel scenes). Experiments
on EQA-RT-Seen and EQA-RT-Unseen show that ToolEQA improves the suc-
cess rate by 9.2~20.2% over state-of-the-art baselines, while outperforming the
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zero-shot ToolEQA by 10% in success rate. In addition, ToolEQA also achieves
state-of-the-art performance on the HM-EQA, OpenEQA, and EXPRESS-Bench
datasets, demonstrating its generality.

1 INTRODUCTION

Embodied Question Answering (EQA), a challenging task in computer vision and robotics, requires
agents to navigate in a 3D environment, actively gather visual information through exploration, and
answer questions about the scene (Das et al., [2018a). Existing methods (Ziliotto et al., [2025; Ren
et al., 2024a; Zhai et al., 2025 (Cheng et al., 2024; [Jiang et al., [2025) leverage VLMs to under-
stand environment for guiding exploration and answering questions, but they generally lack explicit
intermediate reasoning and planning. For example, as shown in Figure (1} (1) The agent often an-
swers the question before fully identifying all relevant objects, resulting in incorrect final answers
due to insufficient information gathering capabilities. (2) The agent makes suboptimal route plans,
prolonging the exploration process and reduce efficiency due to limited reasoning abilities. This
motivates us to leverage tools to enhance the information-gathering capabilities of the agent, and
use multi-step explicit reasoning to improve its reasoning ability during the exploration process,
enabling it to complete EQA tasks with more efficient exploration distances.

In this paper, we propose ToolEQA, an agent that leverages tool augmentation to perform multi-step
reasoning for EQA tasks. ToolEQA reasons over both current observations and historical informa-
tion, selects appropriate tools to invoke, and integrates the additional information they provide (e.g.,
3D bounding boxes) into the reasoning process. To ground reasoning in the environment, we ab-
stract the action space into tool sets and execute them as actions. The agent iteratively reasons and
applies tools, acquiring new observations until the final answer is derived. By effectively integrating
collected information and identifying shorter exploration paths, ToolEQA improves both exploration
efficiency and accuracy in solving EQA tasks.

To enhance the reasoning capability of the ToolEQA agent, we introduce a novel EQA data gen-
eration pipeline that automatically generates large-scale EQA tasks with reasoning trajectories via
three steps: EQA task generation, reasoning trajectory generation, and validation. Specifically,
we first employ a 3D detection model to identify all objects in the current scene and extract their
attributes, such as size and spatial coordinates. Based on this object-level information, we then lever-
age GPT-40 (OpenAll [2024a)) to automatically generate diverse questions and their corresponding
answers. Subsequently, to generate optimal reasoning trajectories, we extract all relevant objects
mentioned in the question and determine the shortest path by combining their positions with an A-
star algorithm. On top of this path, we incorporate reasoning steps and tool usage into the path by
employing GPT-40 to generate complete trajectories. To ensure the correctness of questions, we
design question-type-specific prompt templates that guide the generation process, thereby ensuring
both path optimality and consistency in task solving. Finally, to preserve data quality, the generated
EQA tasks and trajectories are passed through an EQA task verifier and trajectory verifier to discard
low-quality data and rectify incorrect trajectories.

With the data generation pipeline, we construct EQA-RT, a dataset of 18K EQA question—answer
pairs with reasoning trajectories. We further split it into a training set (EQA-RT-Train) and two
test sets, where two test sets contain EQA-RT-Seen (in-domain scenes overlapping with the training
set) and EQA-RT-Unseen (out-of-domain scenes for evaluating generalization). We train the pro-
posed ToolEQA agent on EQA-RT-Train using supervised fine-tuning. We comprehensively eval-
uate the tuned ToolEQA agent and the zero-shot ToolEQA agent on HM-EQA (Ren et al.| 2024a),
Open-EQA (Majumdar et al., 2024), ExpressBench (Jiang et al.| [2025), EQA-RT-Seen and EQA-
RT-Unseen. The ToolEQA agent consistently achieves improvements on untrained VLMs and out-
performs them by 11%. This indicates that our method enables agents to have powerful capability
for practical EQA tasks with complex and diverse trajectories. In summary, our contributions are
three-fold.

* We propose the ToolEQA agent which performs multi-step reasoning for environment exploration

and question answering, achieving improved effectiveness and efficiency in solving EQA tasks.

* We introduce an EQA data generation pipeline that automatically generates large-scale EQA tasks
with reasoning trajectories.

* We introduce EQA-RT, a dataset containing 18K question—answer pairs for EQA, covering diverse
and complex question types with high-quality reasoning trajectories.
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Figure 2: Overview of the ToolEQA agent workflow.

2 RELATED WORKS
2.1 EMBODIED QUESTION ANSWERING

Embodied question answering (Das et al.l [2018a; |Gordon et al.l 2018 [Yu et al.| |2019; |(Cangea
et al.; 2019; Das et al., 2018b) has become a challenging paradigm for testing a robot’s ability to au-
tonomously plan tasks and establish semantic understanding of the environment in order to correctly
answer natural language questions. [Yu et al.| (2019) constructed a multi-target question answering
dataset in a virtual environment and introduced a multi-target EQA method. |[Ren et al.| (2024a) first
applied VLMs to EQA and built the HM-EQA dataset with more open-ended questions for realistic
and diverse evaluation. Subsequent studies extended VLMs for EQA. [Majumdar et al.| (2024) used
video memory for implicit questions with long-context VLMs. [Saxena et al.| (2024) embedded a
planner into compact scene representations to bridge semantic memory and planning. Jiang et al.
(2025) added exploration-trajectory annotations to EQA datasets and incorporated exploration into
evaluation metrics. However, those methods demonstrate limited reasoning capacity, as they lack ex-
plicit thinking and planning, which often leads to redundant or inefficient exploration. To solve this
problem, we introduce a multi-step reasoning process for solving EQA task via tool augmentation,
enhancing effectiveness and efficiency.

2.2 MULTI-STEP REASONING

Multi-step reasoning can significantly enhance a model’s ability to solve complex tasks while im-
proving interpretability. In recent years, research on multi-step reasoning in large language models
(LLMs) (Ranaldi et al.| 2024} OpenAlL [2024b; [Chen et al., [2024; Yao et al., [2025)) and multi-modal
systems has made notable progress. |Li et al.| (2024) proposed the VoCoT framework, which inte-
grates vision-guided and object-centric chain-of-thought reasoning to improve the reasoning perfor-
mance of large-scale multi-modal models on complex tasks. The ReAct (Yao et al.||2023)) framework
is a multi-step reasoning paradigm that decomposes tasks through iterative Reason—Act—Observe cy-
cles, which greatly benefits to solving challenging problems. In the domain of Embodied Question
Answering (EQA), Fine-EQA (Jiang et al.| 2025)) introduced a new benchmark that emphasizes dy-
namic exploration and multi-step reasoning in 3D environments, aiming to improve both exploration
efficiency and evaluation metrics. However, the exploration of multi-step reasoning in embodied
question answering remains at a relatively early stage. We propose ToolEQA, which integrates
explicit multi-step reasoning into the multi-step exploration process in embodied scenarios. This
step-by-step thinking strategy not only shortens exploration paths but also enhances the accuracy of
question answering.

2.3 TooL USAGE AGENT

Recent work have equipped VLMs with tool-usage capabilities. Frameworks such as ReAct (Yao
et al.,2023)) and Toolformer (Schick et al., 2023)) demonstrated the effectiveness of coupling reason-
ing traces with tool execution, while embodied agents like SayCan (Ahn et al., 2022) showed how
language-guided tool usage can translate high-level instructions into low-level actions. T3-Agent
(Gao et al,, [2024) leveraged automatically generated multi-modal tool-usage data and fine-tuned
vision-language models (VLMs) as controllers to enable strong tool-based reasoning. |Li et al.
(2025) proposed the MeCo framework, which captures the model’s “cognitive signals” to assess its
capability boundaries and thereby decide whether to invoke external tools. These works enhance
multi-modal reasoning by calling predefined tools to acquire additional information. However, such
methods perform reasoning only within static cyberspace. In contrast, we define the physical envi-
ronment itself as a tool, thereby situating reasoning steps within embodied interactions and enabling
more autonomous embodied agents.
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3 ToOOLEQA AGENT

To enable the agent to reason and act in complex environments, we propose a ToolEQA agent that
integrates tool-usage strategies for the reasoning process. Tool[EQA conducts step-by-step reasoning
on past observations and, at each step, generates corresponding thoughts and code to execute tools.
Code offers greater flexibility than formats such as JSON for handling diverse inputs and outputs.
As shown in Figure [2} ToolEQA comprises three components: a planner for generating overall task
plan p, a controller for generating thought ¢ and code ¢, and an executor for executing code in
environment. Given a query () and a scene S, the i-step of the agent is formulated as

ti,c; :argmaxp(tiaci|Q7‘S’7hiap)7 (1)

171

where ¢t and ¢ are generated thought and code for the i-th step, and h; =
{t1,¢1,01,...,ti—1,¢i—1,0;—1} is the history (thought, code, and observation of previous steps).
Planner. Given an EQA task, the planner, modeled as an LLM, takes the query as input, interprets
the task objectives, and outputs an overall plan that decomposes the task into sub-goals. The struc-
tured sub-goals are provided to the controller to prevent blind exploration, enhancing the efficiency
and accuracy of task execution.

Executor. We deploy real-executable tools for the agent. Our tools include GoNextPoint,
ObjectLocation2D, ObjectLocation3D, ObjectCrop, VisualQA, FinalAnswer,
the details of tools see Appendix With the generated code, the executor calls executable tools
in the environment to obtain new observations for further exploration, thus solving the EQA task.

Controller. The controller performs dynamic reasoning to decide which tool to use, based on the
question, previous observations, and the guidance of plans, and invokes the executor to gather new
observations for further reasoning until the answer is derived. The reasoning process can be divided
into three situations.

* The collected information is insufficient and the current scene lacks required objects.
ToolEQA infers missing objects from previous observations and the query, and estimates their
likely positions. Then, ToolEQA combines these estimates with its current location to decide a
walking direction, and uses the ‘GoNextPoint’ (for example, ‘GoNextPoint(“turn left”)’) to
gather the needed information.

* The collected information is insufficient and the current scene contains involved objects.
ToolEQA reasons over the question and invokes suitable tools to obtain relevant information. For
example, as shown in Figure (1] ToolEQA utilizes ‘ObjectLocation3D’ to extract the size of
objects, and then continues exploration following the above step.

* The collected information is sufficient. ToolEQA needs to reason over the question, use appro-
priate tools on the current image, and integrate information for the final answer. For example,
it processes the detected object, then writes ‘Python’ codes for comparing sizes, and employs
‘FinalAnswer’ to produce the ultimate output.

4 EQA DATA GENERATION PIPELINE
4.1 FORMULATION

Data Format. We format the EQA tool-usage data as {5, pos, Q, p, T, C, O, A}, where S denotes
the scene, pos denotes the initial position of agents, () denotes the question, p denotes the overall
plan for solving the task, 7" denotes the generated thought, C' denotes the generated code, O denotes
observation (outputs of using tools), and A means the ground truth answer. Considering that solving
one real-world EQA task may require multiple steps involving multiple tools, T, C, and O can
be represented by the integration of thought, code, and observation in multiple steps, and the data
format is reformulated as {5, pos, @, p, {t1, -+ ,tn},{c1,- - ,cn}, {01, -+ ,0n}, A}, where ;,¢;,
and o; indicate the thought, code, and observation in the ¢-th step respectively, and there are n steps
in total. The thought, code, and observation are composed of a trajectory {t1,c1,01," " ,tn, Cn,0n}
of n steps to solve the task.

Scene Source. HM3D (Ramakrishnan et al.| [2021)) is a comprehensive dataset comprising 3D
reconstructions of 1,000 large-scale buildings collected from diverse real-world locations. We select
713 high-quality scenes from HM3D as our data source, sample object images from them, and
generate questions and answers.

The proposed data generation pipeline is shown in Figure 3] including three steps: EQA task gener-
ation, reasoning trajectory generation, and data verification.

4
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Figure 3: EQA Data Generation Pipeline.

4.2 EQA TASK GENERATION

Our goal is to generate a large set of diverse, practical, and complex EQA tasks. We first apply a 3D
detection model to obtain each object’s bounding box, position, and category, and sample the object
image from detected objects. The object attributes and corresponding visual information are then
fed into GPT-40 along with example question-answer pairs designed from brainstorming to simulate
natural home conversations. Guided by the prompt, GPT-40 generates questions and answers across
six types: relationship, status, distance, location, counting, and attribute, where location is divided
into two subcategories ‘location-location’ and ‘location-special’, and attribute is divided into three
subcategories ‘color’, ‘special’, and ‘size’. The answers are open-ended or multiple-choice, enabling
the evaluating different capabilities of agents.

4.3 REASONING TRAJECTORY GENERATION

Given an EQA task, we construct an exploration trajectory that records reasoning steps, tool selec-
tions, and observations. The trajectory is constrained to follow the shortest path and ensure consis-
tency between reasoning and tool usage. We extract objects mentioned in the question using their
locations and the agent’s position, and compute the shortest path using the A* algorithm, generating
intermediate waypoints and navigation directions.

Based on these trajectories, GPT-40 enriches each step with reasoning and tool selections. Steps are
categorized as key, where the target object is found, and non-key, where it is not. For non-key steps,
GPT-40 receives the current image and exploration direction to generate reasoning. For the key steps,
we select possible tools required to solve the task from the toolset, and then prompt GPT-40 to output
which specific tool should be invoked under the current observation and the corresponding rationale.
To ensure consistency and rationality, we design question-type—specific prompts containing task-
specific considerations, reasoning strategies, tool-usage guidelines, and examples, allowing GPT-40
to produce thought and code across different question types.

4.4 DATA VERIFICATION

To preserve the quality of generated data, we design an EQA task verifier and a trajectory verifier
to filter out low-quality data. Using LLMs to verify generated tasks and trajectories has proven
effective (Gao et al., 2024} [Liu et al.,[2024)). Inspired by this, we use LLMs to verify generated tasks
and trajectories.
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EQA Task Verifier. Since object descriptions in generated questions or options may not always
match the scene, we use two complementary strategies: confidence-based matching and LLM-based
structured scoring to evaluate quality and filter out low-quality samples. For confidence, we first
extract object descriptions from the question and options, locate the corresponding objects in the
scene to obtain their images, and then use Grounded-SAM to compute a score
reflecting how well each image matches its description. For LLM-based scoring, we feed the ques-
tion and object images into GPT-40, which outputs a similarity score. We set thresholds for the two
strategies respectively, and samples below thresholds on either score are filtered out.

Trajectory Verifier. To verify the rationality of tool usage and reasoning in the generated trajecto-
ries, we adopt two strategies: rule-based and LLM-based validation. For the rule-based validation,
we design several checks: (1) the key tools should exist and be invoked at the correct step (e.g.,
GoNextPoint should be called at every step before reaching the target); (2) the invoked tool
should belong to the predefined tool set, and its parameters should be passed correctly. For the
LLM-based validation, we prompt GPT-40 to consider the following factors: (1) the predicted an-
swer should be semantically consistent with the ground-truth answer; (2) the reasoning in non-key
steps should avoid hallucinations; (3) the final answer should be reasonably derived from the rea-
soning and observations. We set a threshold for three checks, and samples below the threshold are
filtered out.

4.5 EQA-RT
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Figure 4: Data statistics of the training set (EQA-RT-Train) and two test sets (EQA-RT-Seen and
EQA-RT-Unseen). The scenes in EQA-RT-Seen have the overlap with EQA-RT-Train, while the
scenes in EQA-RT-Unseen are not present in the training set.

By utilizing the developed EQA task generation pipeline, we construct EQA-RT, encompassing
about 18K EQA tasks. We further split it into a training set (EQA-RT-Train), a seen test set (EQA-
RT-Seen) and a unseen test set (EQA-RT-Unseen), where the test set contains both in-domain scenes
overlapping with the training set and out-of-domain scenes for evaluating generalization. As shown
in Figure[d] we show the question types of the generated EQA tasks in EQA-RT-train, EQA-RT-Seen
and EQA-RT-Unseen. More statistical data can be found in Appendix [A-T]

4.6 TRAINING

Given a data point {S, pos, Q, p{t1,....,tn},{c1,...,cn}, {01,...,0n}, A}, we train the VLM con-
troller using the cross-entropy loss,

minEq, s pos,7,¢,0,4)~D —Zp(tivci\Q,S,POS,hi) ; ()
i=1

where D is the EQA-RT-Train dataset and we sum the loss values of the n steps in the trajectory.
Note that, in training VLMs, we do not fit the final answer A, as we encourage the controller to
leverage tools in solving given tasks, instead of directly producing an answer based on biases in
VLMs. The average length of exploration and reasoning trajectories reaches 12.69 steps (as shown
in the statistics in Appendix Table[6). A longer number of steps results in an extended trajectory
history h, which in turn enlarges the model input and ultimately causes substantial time and mem-
ory consumption during training. To address this issue, we propose a trajectory sampling strategy.
Specifically, we retain the key steps and randomly sample an equal number of non-key steps to
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Table 1: Baseline evaluation on EQA-RT-Seen.

Setting Model as re@cc;lol T als | as 6%”1’6T als | suce (%) 1
Explore-EQA 0.06 0.11 0.14 | 0.04 0.07 0.09 44.7
Muli Memory-EQA 0.06 0.12 0.13 | 0.04 0.07 0.11 48.2
Choices ToolEQA (gpt-40) 0.06 0.14 0.19 | 0.08 0.2 0.27 55.37
ToolEQA (qwen2.5v1) 0.04 0.09 0.11 | 0.06 0.13 0.17 53.1
ToolEQA (qwen2.5vl ft) | 0.06 0.15 0.21 | 0.07 0.23 0.3 57.31
Explore-EQA 0.04 0.10 0.13 | 0.04 0.06 0.09 30.6
Open Memory-EQA 0.05 0.10 0.13 | 0.04 0.09 0.11 35.1
Vocabulary ToolEQA (gpt-40) 0.06 0.15 0.21 | 0.07 0.2 0.27 49.2
ToolEQA (gqwen2.5v1) 0.05 0.12 0.16 | 0.03 0.10 0.14 44.9
ToolEQA (qwen2.5vl ft) | 0.06 0.15 0.20 | 0.08 0.22 0.3 53.6

Table 2: Baseline evaluation on EQA-RT-Unseen.

Setting Model as re@cc;lol T als | as 6%”1’6T als | suce (%) 1
Explore-EQA 0.06 0.12 0.15 | 0.05 0.08 0.10 47.0
Multi Memory-EQA 006 0.13 0.14 | 0.06 0.09 0.11 48.9
Choices ToolEQA (gpt-40) 0.07 0.16 0.21 | 0.08 0.2 0.28 57.9
ToolEQA (qwen2.5v1) 004 0.11 0.13 | 0.07 0.16 0.21 55.3
ToolEQA (qwen2.5vl ft) | 0.07 0.14 0.19 | 0.08 0.24 0.3 59.5
Explore-EQA 0.05 0.09 0.15 | 0.05 0.10 0.13 314
Open Memory-EQA 0.05 0.09 0.15 | 0.06 0.15 0.18 359
Vocabulary ToolEQA (gpt-40) 0.06 0.16 021 | 0.06 0.21 0.27 49.3
ToolEQA (qwen2.5v]) 0.06 0.13 0.17 | 0.05 0.16 0.2 45.1
ToolEQA (qwen2.5vl ft) | 0.08 0.17 0.24 | 0.09 0.24 0.32 56.1

reduce resource overhead. This design is motivated by the fact that non-key steps dominate the ex-
ploration process and are highly redundant, and they mostly consist of repeated direction predictions
and frequent use of the GoNextPoint tool. In contrast, key steps involve diverse tool usage and
reasoning changes. After training, ToolEQA agent can present powerful ability of reasoning and
tool-usage, further enhance the effectiveness and efficiency of solving EQA tasks.

5 EXPERIMENTS
5.1 SETTING

We tested ToolEQA on the EQA-RT and HM-EQA (Ren et al.||2024al) datasets and compared it with
existing open-source methods, Explore-EQA (Ren et al.| 2024a) and Memory-EQA (Zhai et al.,
2025). We also examined the impact of different models (GPT-40 (OpenAl, 2024a), Qwen?2.5-
VL-7B (Wang et al. [2024), and fine-tuned Qwen2.5-VL-7B (Wang et al., [2024)) as controllers
on performance. In addition, we conducted a qualitative analysis of ToolEQA, investigating how
reasoning and tool invocation affect the efficiency and success rate of completing EQA tasks.

Training We trained the controller using the EQA-RT training set. During the training of the
VLM-based controller, we froze the vision encoder and the visual token compressor, and fine-tuned
the language model with LoRA (Hu et al.l 2022)). We adopted the AdamW optimizer with a cosine
annealing scheduler, using a learning rate of le-6 and a batch size of 1. We used 4 Nvidia Tesla
H100 GPUs to train for 2 days.

Metrics We use three metrics for evaluating ToolEQA and existing EQA methods. The success
rate is divided into two parts, for multi-choices tasks, we calculate average accuracy between the
output of model and ground truth answer; for open vocabulary tasks, we prompt LLM to obtain
the semantic similarity between the output of model and ground truth answer. recall@D is used to
evaluate whether objects related to the problem were found during the exploration process. epq¢ @D
is an indicator that combines success rate, recall, and exploration path length. The details of the
metrics can be found in Appendix

5.2 MAIN RESULTS
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As shown in Table [I] and Table 2}
we report the performance of different
methods on EQA-RT-Seen and EQA-

Table 3: Comparison between the original model and
the finetuned model in terms of the number of key
steps, thought length, correct tool usage rate, and suc-
cess rate on the EQA-RT-Unseen dataset.

RT-Unseen.  Our TOOIEQA 90n51stent1y Model | Step  Thought Tool (%) Succ.
outperforms reasoning-inefficient meth-

ods Explore-EQA (Ren et al.| 2024a)) and ToolEQA (0-shot) | 1.24  90.26 58 45.1
Memory-EQA (Zhai et al.| [2025) across ToolEQA (ft) | 1.98 116.15 69 56.1

all metrics, demonstrating its effectiveness
in tackling complex tasks. The compar-
ison between agents equipped with fine-
tuned and non-fine-tuned VLMs further

Table 4: Performance comparison on EXPRESS-
Bench.

Model | Succ.t  Succ.”t  Epan t drl

validates the effectiveness of our data gen- o EOA 2055 53.05 62 643
eration pipeline. The success rate of inc-EQ : ‘ ) ‘

fine-tuned Qwen2.5VL-7B compared to ToolEQA(0O-shot) 40.65 65.01 22.33 6.31

: ToolEQA(ft) 42.21 65.77 25.82 5.25

the original Qwen2.5VL-7B on EQA-RT-
Unseen improved from 45.1 to 56.1, the
recall rate increased from 0.17 to 0.24, and
€epath, improved from 0.2 to 0.32. Com-

Table 5: EQA-Agent performance on existed bench-
marks. T represents that the metric comes from the our

pared with the non-fine-tuned Qwen2.5- implementation.

VL-7B, ToolEQA with GPT-40 achieves Model HM-EQA OpenEQA
better performance, indicating that the succ.(%)  L(m) | succ.(%) L(m)
controller’s capability directly determines Explore-EQA 515 38.87 283t 25.45
the performance of ToolEQA. However, Efficient-EQA 543 30.16 - -
the ﬁne-t.uned Qwen2.5-VL-7B surpasses Memory-EQA 63.4 33.54 34.61 11.32
GPT-40 in €path and success rate, while Fine-EQA 53.3T 34.757 29 4F 13.77
achieving comparable recall. This indi- Graph-EQA 63.5 _ 30.17 11.96
cates that our training has enabled the  ToolEQA(0-shot) 61.0 18.98 33.1 8.38
VLM to learn how to think and solve prob- ToolEQA(ft) 62.3 18.26 35.5 6.96

lems more effectively in indoor scenarios.

We typically consider that the length of thoughts is positively correlated with reasoning ability (Jin
et al.| [2024). Therefore, we evaluate the impact of fine-tuning the VLM on EQA-RT-Unseen with
respect to thought length and the accuracy of tool calls (i.e., the proportion of calls that successfully
acquire the information required to answer the question). As shown in Table [3] after fine-tuning,
thought length increases from 90.26 to 116.15, tool call accuracy improves from 58 to 69, and the
success rate rises from 45.1 to 56.1. This indicates that reasoning ability is crucial for accomplishing
the EQA task.

As shown in Table E], we compare our method with Fine-EQA (Jiang et al., 2025) on EXPRESS-
Bench (Jiang et al., [2025)), and with Explore-EQA (Ren et al.| 2024a), Efficient-EQA (Cheng et al.,
2024), Memory-EQA (Zhai et al.| 2025)), and Graph-EQA (Saxena et al.} |2024) on HM-EQA (Ren
et al., [2024a) and OpenEQA (Majumdar et al., 2024). Our method achieves comparable success
rates with shorter exploration distances across all these datasets.

5.3 QUALITATIVE RESULTS

As shown in Figure [5] the decision-making process integrates spatial layout, functional space, and
environmental cues to guide navigation toward the target object (towels). Each step is supported by
clear reasoning, such as moving forward to approach potential bathroom space, turning right to ex-
plore a promising corridor, or turning left after excluding non-target rooms. This information-driven
and reasoning-based decision paradigm ensures that the generated exploration trajectory maintains
a high degree of proximity to the ground-truth trajectory, effectively validating the rationality and
effectiveness of the decision-making framework in target-oriented spatial exploration tasks.

Figure 6| highlights the clear advantage of tool-driven reasoning over direct Visual-Language Model
(VLM) inference. Without tools, VLM often fails to localize objects precisely or distinguish fine-
grained attributes such as size. In contrast, by integrating these specialized tools, our method ob-
tained critical, fine-grained information (precise object localization, clutter-free cropping, and ac-
curate size identification) that cannot be reliably captured by direct VLM inference on unprocessed
images. This structured tool usage ensured the final comparison concluding that “The chair has



Under review as a conference paper at ICLR 2026

Thought: As | stand here, the layout suggests that moving forward will bring me

W closer to what looks like an open area beyond the threshold, which might lead to a
bathroom or laundry space where towels are commonly found. The other directions
seem more cluttered or less promising; Given these observations, | feel confident
that moving forward will lead me to the target object. Therefore, | choose to move
forward.

Thought: | arrived at the door of a corridor, where there was a door on the left that
seemed to lead to the warehouse instead of the bathroom, and the corridor on the
right seemed to lead to a more open area that was more likely to find the bathroom.
.. Above, | choose to turn right.

Thought: There are three doors in front of me, the one in front leads to an empty
room, the left door reflects some light, and the right door seems to lead to the
bedroom. So | chose to turn left and explore the space on the left first.

Question: Are there the yellow
towels hanging next to the
purple towel on the wall in the

Thought: Found the towels. Firstly, use the ObjectLocation2D tool to detect the

bathroom? position of the towel, then use the VisualQA tool to confirm the placement of the
Answer: Yes towel, and finally provide the answer.
ToolEQA GT Trajectory

Figure 5: Illustration of how explicit reasoning guides efficient exploration, enabling ToolEQA to
answer questions faster and more accurately.

Question: Which has a smaller volume, the chair at the desk under the window beside
the light fixture or the coffee table in front of the couch across from the windows?

Thought:

Found an object that matches the description of the chair. Now, I will locate it
precisely and get its bounding box and calculate the volume of chair
Code:

# bbox=0bjectLocation3D(object="'chair', image_path="'cache/0-3.png")
print(f'The size of chair is {bbox}'

volume = math.prod(bbox)

print(f'The volume of chair is {volume}')

Observation:

The size of chair is [0.45, 0.83, 0.42]

The volume of chair is 0.15678

Thought:

Found the object coffee table. Now, I will locate it precisely and get its bounding box.
Calculate and save the volume of the coffee table.

Code:

bbox=0bjectLocation3D(object="'coffee table', image_path='cache/1-18.png"')
print(f'the size of coffee table is {bbox}')

volume = math.prod(bbox)

print(f'The volume of coffee table is {volume}')

Observation:

The size of coffee table is [2.05, 0.61, 0.68]

The volume of coffee table is 0.85034

Thought: Output without tools
The volume of the chair is 0.15678, the volume of the coffee table is 0.85034.

Compare the volumes of two object, 0.15678 < 0.85034,so the chair is smaller. Final Answer:

From the picture, it

Code: can be seen that the
final_answer('The chair is smaller.')
Observation: coffee table has a

The chair has smaller volume. smaller volume.

Figure 6: Demonstration that the visual tools outperforms direct VLM inference without tools by
accurately localizing, and comparing object volume.

smaller volume” was grounded in objective data, ultimately achieving a more accuracy response
than would be possible with VLM alone.

6 CONCLUSION

In this work, we introduced ToolEQA, an embodied question answering agent that integrates explicit
multi-step reasoning with tool usage to guide exploration and information acquisition. By coupling
dynamic reasoning with executable tools, Tool[EQA enables more efficient exploration paths and
more reliable utilization of gathered observations. To support training, we proposed a scalable
EQA data generation pipeline and constructed EQA-RT, a dataset of 18K automatically generated
tasks with validated reasoning trajectories. Comprehensive experiments on HM-EQA, OpenEQA,
ExpressBench and EQA-RT demonstrate that ToolEQA achieves significant improvements in both
accuracy and efficiency over prior methods. These results highlight the importance of explicit multi-
step reasoning and tool-usage in EQA agents, and suggest promising directions for developing more
generalizable and interpretable frameworks for complex embodied Al tasks.
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tation of data generation, data validation, and the ToolEQA framework. The repository also contains
a comprehensive README . md file that details the installation requirements, dataset preparation, and
step-by-step execution instructions. By following these guidelines, all experiments and results re-
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A APPENDIX
A.1 DATA STATISTIC
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(a) Statistics on the number of questions with dif- (b) Statistics on the number of questions with dif-

ferent steps counts. ferent object counts.

Figure 7: All data statistic on Thought Step and Object.
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Figure 8: Comparison of EQA-RT-Seen and EQA-RT-Unseen on Thought Step and Object.

Table 6: Statistic about average exploration steps, the average number of tools used per task, and the
average exploration length.

| Step  Tool Length (m)

EQA-RT-Train 12.74  12.39 13.13
EQA-RT-Seen 12.56  12.20 12.71
EQA-RT-Unseen | 12.13 11.76 12.38
EQA-RT 12.69 12.35 13.07

As shown in Figure[7] the dataset exhibits a pronounced long-tail distribution in both the average
exploration steps and the number of related objects per question. Most questions require around ten
exploration steps; among them, 10,224 involve a single target, 7,098 involve two targets, and 940
involve three or more objects. Figure [§|a) further compares EQA-RT-Seen and EQA-RT-Unseen in
terms of the average number of objects per question, revealing that EQA-RT-Seen involves more
objects. And Figure [§(b) compares EQA-RT-Seen and EQA-RT-Unseen in terms of the average
thought steps per question, revealing that EQA-RT-Unseen involves more thought steps.

In addition, as shown in Table [] we report the exact values of the average exploration steps, the
average number of tools used per task, and the average exploration length across different sets. By

13
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comparing the statistics of EQA-RT-Seen and EQA-RT-Unseen, it can also be inferred that the tasks
in EQA-RT-Seen are more challenging.

A.2 RESULT ANALYSIS

Success Rate
Success Rate

0.2 0.2
0.1 0.14
0.0 T T T 0.0 T T
10 20 30 40 50 60 0 10 20 30 40 50 60
Thought Steps Thought Steps
(a) Success rate with different thought steps on (b) Success rate with different thought steps on
EQA-RT-Seen. EQA-RT-Unseen.

Figure 9: The relationship between thought steps and success rate.
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Figure 10: Distribution of tool calls at different exploration steps.

We conducted four analyses on the output results of finetuned ToolEQA: (1) Exploring the impact
of step count on success rate. (2) The distribution of tool calls on different exploration steps. (3)
efficiency analysis of ToolEQA. (4) Can ToolEQA call untrained tools in a given toolset.

As shown in Figure 0] frequent tool usage is not always beneficial. The success rate initially in-
creases with the number of tool calls but then decreases, indicating that redundant tool usage does
occur. Therefore, the frequency of tool invocation should be maintained within a reasonable range.

ToolEQA does not simply overfit to a fixed reasoning pattern; rather, it genuinely acquires reasoning
skills. As shown in Figure [T0} we analyzed the sequence of tool usage on EQA-RT-Seen and EQA-
RT-Unseen, and observed significant differences between them. This indicates that ToolEQA selects
and invokes tools based on the current observation, rather than following a predetermined reasoning
sequence.

We conducted an efficiency analysis of ToolEQA, and Table [7]reports the time consumption, LLM
token consumption, and memory usage of each module. It is worth noting that the planner is exe-
cuted only once before the exploration begins, whereas the controller and executor run continuously
throughout the entire exploration process.
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Given a predefined tool set, ToolEQA is capable of zero-shot tool usage. When faced with more open
real-world scenarios with new tools (untrained but given in predefined toolset), it can adapt to these
tasks simply by calling new tools appropriately. To verify it, we manually designed several tasks that
can only be completed using new provided tools outside the trained tool set. As shown in Figure[TT]
ToolEQA is still able to invoke these untrained tools. This demonstrates that our fine-tuned model
can effectively generalize to new tools without requiring additional supervised fine-tuning.

Table 7: Efficiency Analysis about time consumption (Time), LLM Token usage (Token) and GPU
Memory usage (Memory).

| Time (s) Token Memory (G)

Planner 0.52 118 -
Controller 25.4 9512.7 40.5
Executor 5.54 - -

Question: How to use the kitchen microwave?

Trained Toolset Code
GoNextPoint Step @: GoNextPoint('forward’)
ObjectLocation2D )

1 ’ Step 1: GoNextPoint('f: d’
ObjectLocation3D ep oNextPoint(*forward")
ObjectCrop Step 2: GoNextPoint('turn
SegmentInstance left’)

V}sualOA Step 3:
FinalAnswer bbox =

ObjectLocation2D('microwave')
img = ObjectCrop(bbox)

result = WebSearch(img)
print('this is a whirpool
microwave’)

result = WebSearch('whirpool
instruction manual')

Untrained Toolset
WebSearch

Figure 11: ToolEQA can call untrained tools in a given toolset.

A.3 METRIC DETAILS

To comprehensively evaluate the effectiveness of our approach, we use recall@D, e,q:,@D and
success rate as metrics.

The success rate is divided into two parts, for multi choices tasks, we calculate average accuracy
between the output of model and ground truth answer; for open vocabulary, we prompt LLM to
obtain the semantic similarity o; € {0, 1,2, 3,4, 5} between the output of model and ground truth

answer, and then calculate LLM-Match Score = % Zfil % x 100%.

The recall@D is used to evaluate whether objects related to the problem were found during the
exploration process. So we first define n be the number of objects and 7' the number of camera
steps. At step t, the camera position is p; € R? and its yaw angle (around the y-axis) is ;. The
forward unit vector of the camera is f; = (sin6;, 0, — cos 6;). The position of object j is 0; € R3,
and the distance from the camera to the object is d; ; = ||o; — p¢||. The recall@D can be formalized
as

recall@D = 1 Z max { (1 — %) 1 |:dj,t <D, M > cos(FgV)} } ;

n o M lo; — bl

where d; ; = [|o; — p¢||, £ = (sin 6y, 0, — cos 0;), 1[-] is indicator function.

The e,q:,@QD is an indicator that combines success rate, recall, and exploration path length. The
specific calculation process is as follows

N
1
epath@D = N Z(success rate) X recall@D x exp(

= max(p;, l;) )

where [; is length of the shortest path, p; is length of the exploring path.

15



810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

A.4 ToOOLS DESCRIPTION

Table 8: The description of tools.

Tool | Description
GoNextPoint The agent conitnue explore next point and obtain next observation (rgb
image).
ObjectLocation2D | A tool that can localize objects in given images, outputing the bounding
boxes of the objects.
ObjectLocation3D | Localize 3D objects in the scene and return their 3D bounding boxes
and center coordinates.
ObjectCrop Given the bounding boxes of objects, crop and save the relevant objects
from the image.
SegmentInstance | A tool that can do instance segmentation on the given image.
Visual QA | A tool that can answer questions about attached images.
FinalAnswer | Provides a final answer to the given problem.

As shown in Table[8] we present all the tools used and their corresponding descriptions.

A.5 TASK DESCRIPTION

As shown in Table[9] we introduce the specific meanings of different tasks, present the tool subsets
required to complete each type of task, and finally provide an example for each category of questions.

A.6 PROMPT DETAILS
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Prompt 1: System Prompt.

Prompt 2: The prompt of plan generation.
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Prompt 3: The prompt of question generation.
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Prompt 4: The prompt of trajectory generation.

Prompt 5: The prompt of LLM-base answer consist verification.
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Prompt 6: The prompt of LLM-base thought dehuallucination verification.

Prompt 7: The prompt of LLM-base thought reasonable verification.

Prompt 8: The prompt of LLM-base non-key step correctness verification.

A.7 THE USE OF LARGE LANGUAGE MODELS

A large language model (ChatGPT, Deepseek-R1, Doubao) was employed during manuscript prepa-
ration. The model was used for grammar checking, sentence refinement, and improving the read-
ability of the text. In addition, the model was consulted for assistance in drafting segments of project
code, primarily for debugging and improving code efficiency. Within the ToolEQA framework, large
language models were also utilized as the Controller, including GPT-40 and Qwen2.5VL-7B, to gen-
erate control decisions during exploration. All scientific ideas, analyses, and final implementations
were designed and verified by the authors.
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Task Categories | Description | Tool subset | Example

Attribute-Size Asking about the size Which object is taller, the
of a single object or GoNextPoint rack against the wall next to
comparing the sizes ObjgctLocation3D the window or the lamp on
of multiple objects. Final Answer the bedside table next to the

bed?

Attribute-Color Asking about the Do the bottle and bag on the
color of a single GoNextPoint shelf next to the doll share
object or comparing | ObjectLocation2D | similar color tones?
the colors of multiple ObjectCrop
objects. Final Answer

Attribute-Special | Asking about other ) What material is the coun-
attributes of a single GoNextPoint tertop adjacent to the stove
object (e.g., material, | ObjectLocation2D | made of?
style). ObjectCrop

Final Answer
Counting Asking about the What is the total number of
number of a certain GoNextPoint pillows in the master and
object within a spec- | ObjectLocation2D | guest bedrooms combined?
ified region. SegmentInstance
Final Answer
Distance Asking about the dis- What is the distance be-
tance from an object GoNextPoint | tween the heater in the bed-
to the current posi- | ObjectLocation3D | room and the lamp in the liv-
tion or the distance Final Answer ing room?
between two objects.

Location-Location | Asking for the loca- ) In which room is the book
tions of a category GoNextPoint | cyrrently placed?
of objects (possibly | ObjectLocation3D
multiple locations). VisualQA

FinalAnswer

Location-Special | Asking for the loca- In which corner of the
tion of a specifically GoNextPoint kitchen is the large green
described object (a | ObjectLocation2D | plant inside a ceramic pot?
particular, identifi- ObjectCrop
able object). VisualQA

FinalAnswer
Relationship Asking about the Are there any pillows on the
relationship between GoNextPoint sofa in the living room?
two objects, includ- | ObjectLocation2D
ing spatial relations ObjectCrop
and functional rela- VisualQA
tions. FinalAnswer
Status Asking about the Is the lamp in the bedroom
state of an object. GoNextPoint | tyrned on or off?
ObjectLocation2D
ObjectLocation3D
ObjectCrop
Visual QA
Final Answer

Table 9: Description, tool subsets and example of different task categories.
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