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Abstract

Visual reasoning in multimodal large language models (MLLMs) has primarily
been studied in static, fully observable settings, limiting their effectiveness in
real-world environments where information is often incomplete due to occlusion
or limited field of view. Humans, in contrast, actively explore and interact with
their environment—moving, examining, and manipulating objects—to gather in-
formation through a closed-loop process integrating perception, reasoning, and
action. Inspired by this human capability, we introduce the Active Visual Rea-
soning (AVR) task, extending visual reasoning to partially observable, interactive
environments. AVR necessitates agents to: (1) actively acquire information via
sequential physical actions, (2) integrate observations across multiple steps for
coherent reasoning, and (3) dynamically adjust decisions based on evolving visual
feedback. To rigorously evaluate AVR, we introduce CLEVR-AVR, a simulation
benchmark featuring multi-round interactive environments designed to assess both
reasoning correctness and information-gathering efficiency. We present AVR-152k,
a large-scale dataset offers rich Chain-of-Thought (CoT) annotations detailing
iterative reasoning for uncertainty identification, action-conditioned information
gain prediction, and information-maximizing action selection, crucial for train-
ing agents in a higher-order Markov Decision Process. Building on this, we
develop PhysVLM-AVR, an MLLM achieving state-of-the-art performance on
CLEVR-AVR, embodied reasoning (OpenEQA, RoboVQA), and passive visual rea-
soning (GeoMath, Geometry30K). Our analysis also reveals that current embodied
MLLMs, despite detecting information incompleteness, struggle to actively acquire
and integrate new information through interaction, highlighting a fundamental gap
in active reasoning capabilities.

1 Introduction

Visual reasoning, a fundamental capability in artificial intelligence, has enabled multimodal large
language models (MLLMs) [1, 2, 3, 4, 5] to excel at tasks such as object counting [6, 7, 8] and
visual question answering (VQA) [9, 10, 11, 12]. These abilities are crucial for developing intelligent
systems that can comprehend and interact with the visual world. As MLLMs continue to evolve,
their potential to understand and reason about dynamic, real-world environments is increasingly
recognized, paving the way for more sophisticated and autonomous agents [13, 14, 15, 16, 17].
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Figure 1: Passive Visual Reasoning (top) fails with partial views. Active Visual Reasoning (AVR,
bottom) actively interacts to gather information for a correct answer.

Despite these advancements, current MLLM approaches to visual reasoning—including prominent
tasks like VQA [18, 12, 19, 20] and spatial reasoning [21, 22, 23]—predominantly rely on static,
passive visual inputs. This inherently limits their applicability in real-world physical environments
where information is often partially observable due to occlusions, containment, or limited �eld of
view [24]. As illustrated in Figure 1, a passive model observing only the initial imageI0 answers
incorrectly, whereas an active agent interacts to uncover occluded objects acrossI1 andI2, arriving at
the correct answer. And in the task of counting all object categories in the scene, the more occluded
objects there are, the worse the model performs in passive visual reasoning mode. This highlights
that effective reasoning in partially observable settings necessitates interaction to actively acquire
missing information.

Humans, in stark contrast, naturally overcome such limitations through active perception. We
instinctively move, change viewpoints, and manipulate objects to gather information needed for a
speci�c goal. This active engagement exempli�es a core aspect of human cognition: closing the
perception-reasoning-action loop to incrementally resolve uncertainties and establish the causal
links essential for complex reasoning.

However, existing computational frameworks often suffer from paradigm fragmentation and thus fail
to holistically model the complete perception-reasoning-action loop. Conventional visual reasoning
tasks [25, 9, 10] (e.g., CLEVR [6]) assume complete visual inputs, requiring only a single "perception
� reasoning" step without active information gathering [26, 27, 28]. While embodied question
answering (EQA) tasks (e.g., OpenEQA [29], RoboVQA [30]) involve interaction, they often focus
on reasoning from single, albeit potentially long, video sequences. Similarly, embodied exploration
methods [31, 32, 33], also interactive, tend to prioritize task completion metrics (e.g., navigation
success) over the explicit information gain needed for nuanced reasoning. The fundamental limitation
across these approaches is their failure to effectively link reasoning with the strategic, sequential
actions essential for information gathering. Speci�cally, they often overlook how an agent's actions
dynamically alter available information and, crucially, how these changes should guide and re�ne the
ongoing reasoning process, especially when multiple evidence-gathering steps are required.

Inspired by human active perception and to address these limitations, we introduce the Active
Visual Reasoning (AVR) task. AVR extends visual reasoning to partially observable, interactive
environments, bridging the gap between passive observation and active, embodied understanding.
Speci�cally, AVR combines embodied interaction with temporal visual reasoning, requiring agents
to: (1) actively gather information through sequential physical actions; (2) integrate multi-step
observations for coherent reasoning; and (3) dynamically adjust decisions based on incremental
visual feedback. This paradigm requires models to interpret visual data and strategically decide how
to interact with the environment, thereby resolving uncertainties crucial for complex reasoning.

To establish a rigorous foundation for the AVR task and facilitate research in this domain, this paper
makes the following primary contributions:

• We formally introduce and de�ne the Active Visual Reasoning (AVR) task, mandating ac-
tive information gathering, multi-step integration, and dynamic decision-making in partially
observable settings.
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• We develop CLEVR-AVR, a simulation benchmark featuring multi-round interactive environ-
ments. This benchmark is speci�cally designed to assess both the reasoning correctness and the
information-gathering ef�ciency of agents performing AVR tasks.

• We present AVR-152k, a large-scale dataset with multi-level annotations designed to train
agents for AVR. Its core component, AVR-Core, models the task as a higher-order Markov
Decision Process and features rich Chain-of-Thought (CoT) annotations. These CoTs articulate
the structured, iterative reasoning humans employ for active information seeking, including
critical steps such as: (i) identifying information uncertainty, (ii) predicting action-conditioned
information gain, and (iii) selecting information-maximizing actions, thereby providing explicit
supervision for these decision-making processes.

• We develop and evaluate PhysVLM-AVR, an MLLM that achieves state-of-the-art performance
on CLEVR-AVR while maintaining strong results on standard embodied visual reasoning tasks,
and reveals insights into current MLLM limitations regarding active interaction.

Collectively, our work provides a foundation for developing MLLMs capable of actively reasoning
about and intelligently interacting with their physical environments, thereby narrowing the gap
between static visual reasoning and embodied intelligence.

2 Related Work

Visual Reasoning. Traditional visual reasoning tasks, such as Insight-V [34], CLEVR [6] and its
variants (e.g., CLEVR-Math [7], MathVision [35]), have signi�cantly advanced models' abilities in
attribute recognition, counting, and spatial reasoning [36]. However, these tasks operate on static,
fully observable images, lacking mechanisms for active information seeking in partially observable
scenarios. Consequently, they do not model the sequential, interactive process essential for real-world
understanding. AVR addresses this by requiring agents to perform sequential actions to actively
acquire information necessary for reasoning.

Embodied Question Answering. Embodied Question Answering (EQA) tasks (e.g., OpenEQA [29],
RoboVQA [30], CityEQA [37]) extend question answering to simulated embodied environments.
However, by often relying on pre-captured data, these approaches limit agents to passive observation
rather than active, dynamic exploration to resolve current uncertainties. As a result, the critical
closed-loop interaction – where reasoning about the question drives information-seeking actions, and
new information from these actions re�nes understanding – is frequently underemphasized. AVR, in
contrast, centers on this loop, compelling agents to integrate multi-step observations acquired through
their own goal-directed actions.

Embodied Exploration. Embodied exploration and task planning methods (e.g., Knowledge-based
EQA [33], Embodied Reasoner [32], ET-Plan-Bench [38], EXPRESS-Bench [39]) enable agents
to interact with their environments for broader goals like navigation or multi-step task completion.
However, these approaches typically optimize for overall task success (e.g., navigation ef�ciency)
rather than the targeted information acquisition crucial for active reasoning. Their evaluation often
prioritizes general task metrics over the speci�c information gain pertinent to a reasoning objective.
AVR, conversely, prioritizes dynamic, uncertainty-driven action selection to maximize information
gain directly relevant to the goal, highlighting the link between information-seeking actions and
reasoning re�nement.

In summary, while existing research touches upon interaction and reasoning, AVR uniquely integrates
these by emphasizing active perception driven by reasoning needs. This directly addresses robust
understanding in partially observable environments, mirroring a key aspect of human cognition.

3 Active Visual Reasoning

3.1 Problem Formulation

We de�ne Active Visual Reasoning (AVR) as a closed-loop paradigm where an agent must actively
interact with a partially observable environmentE using a �nite set of atomic actionsA to answer a
questionQ. Unlike conventional visual reasoning, AVR models reasoning as an iterative perception-
reasoning-action cycle. At each timestept 2 f0;1; :::;Tmaxg, the agent receives a partial observation
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ot and maintains an observation historyht = fo 0; :::;otg. Based onQ andht , the reasoning module
freasongenerates an intermediate reasoning trace:

Thinkt = f reason(Q;ht ;A): (1)

The agent then assesses ifht is suf�cient to answerQ. If so, it generates an answeryt = f answer(Q;ht ).
Otherwise, it selects an optimal information-gathering actionat to maximize expected information
gain about the true answer Y :

at = argmaxat2AEot+1 �E(h t ;at ) [I(Y ;yt+1 jht+1 ;Q)] ; (2)

whereht+1 = (h t ;ot+1 ). Executingat yieldsot+1 , andht+1 is updated. This cycle iterates until an
answer is generated or Tmax is reached.

AVR thus integrates three key components: (1) Active Information Acquisition: Strategically inter-
acting to gain relevant information. (2) Temporal Visual Integration: Reasoning over accumulated
sequential observations. (3) Dynamic Decision-Making: Continuously adapting beliefs and actions
based on new evidence.

3.2 Key Challenges

AVR presents distinct challenges beyond static visual reasoning: (1) Ef�cient Exploration: Strategi-
cally exploring partially observable environments to acquire task-relevant information with minimal
actions. (2) Temporal Visual Reasoning: Integrating and reasoning over extended observation
sequences from multi-step interactions. (3) Reasoning-Driven Actions: Ensuring actions are guided
by current understanding to purposefully reduce uncertainty, avoiding random exploration.

Addressing these multifaceted challenges necessitates dedicated benchmarks and datasets. Accord-
ingly, the CLEVR-AVR benchmark and the AVR-152k dataset, detailed in the next section, are
designed to encapsulate these dif�culties. Our dataset construction, in particular, captures the sequen-
tial decision-making processes inherent in AVR, providing a structured foundation for developing
and evaluating agents for these complex tasks.

4 CLEVR-AVR Benchmark and AVR-152k Dataset

4.1 CLEVR-AVR: A Benchmark for Evaluating AVR Capabilities

The CLEVR-AVR benchmark is a simulation-based evaluation suite designed to rigorously assess an
agent's pro�ciency in the AVR paradigm. Leveraging the Genesis [40] physical simulation platform, it
extends the classic CLEVR [6] setup into an interactive, embodied domain. This provides a controlled
yet rich environment for studying the closed loop of perception, reasoning, and action fundamental
to AVR. Further details on the scene types, question template structures, and the distribution of
occlusion and stacking challenges within CLEVR-AVR are provided in Appendix Figures A-1, A-2,
and A-3, respectively.

Challenge of Ef�cient Exploration in Partial Observability. A core tenet of AVR is overcoming
incomplete information. As shown in Figure 2, CLEVR-AVR confronts agents with diverse scenarios
featuring 10 occlusion types, 10 stacking types, and 10 composite scenarios combining these elements.
The action space includes object manipulation and viewpoint changes, with agents required to
interactively gather information to answer diverse question types. For detailed action formats and
candidate generation, see Appendix Sec. A.1.

Challenge of Temporal Visual Reasoning. CLEVR-AVR demands multi-step integration of obser-
vations for coherent reasoning. On average, each question requires at least two reasoning steps to
resolve, with some scenarios designed to necessitate 4-6 interaction steps.

Challenge of Reasoning-Driven Actions. Each question in CLEVR-AVR is paired with candidate
responses that include both �nal answer options and intermediate[Action] options, as exempli�ed
in Figure 2. This structure allows agents to either provide a conclusive answer or explicitly choose to
interact further with the environment. Agents must assess whether current information is suf�cient or
if an action is necessary to reduce uncertainty, promoting purposeful, uncertainty-reducing interactions
over random exploration. (Further details on action candidate generation are in Appendix Sec. A.1).
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Figure 2: Top: CLEVR-AVR Simulator Benchmark, showing distributions of question types, action
space, scenes, and examples. Bottom: Higher-order Markov Decision Process (MDP) paradigm for
Active Visual Reasoning (AVR).

Evaluation Metrics.

CLEVR-AVR primarily evaluates: (1) Information Suf�ciency Judgment Accuracy (ACCISJ):
Accuracy in judging whether the initial observation provides suf�cient information to answer the
question. For example, if crucial objects for a counting task are occluded in the initial view, a correct
judgment would be to acknowledge insuf�ciency and select an action option rather than attempting
a premature �nal answer. (2) Information Gain Rate (IGR): This metric is derived by dividing
the count of information-gaining decisions by the total number of decision steps. (3) Final Answer
Accuracy (ACCFA): Correctness of the �nal answer, with ground truth from the simulator.

An action achieves Information Gain if it reveals new, question-relevant visual information (e.g.,
uncovering hidden objects, changing viewpoints for obscured areas). This is determined by simulator
ground truth: an action gains information if it unhides relevant objects/surfaces previously occluded
or stacked upon. This objectively measures if the action yielded a more complete observation, crucial
for tasks like counting or attribute querying needing comprehensive exploration. These metrics
together comprehensively assess an agent's ef�cient and accurate Active Visual Reasoning (AVR).

4.2 AVR-152k Dataset: Modeling Active Visual Reasoning as a Higher-Order MDP

To facilitate the development of agents capable of Active Visual Reasoning (AVR)—particularly in
addressing the challenges of Ef�cient Exploration, Temporal Visual Reasoning, and Reasoning-
Driven Actions—we introduce the AVR-152k dataset. A key component of this dataset, AVR-Core,
is speci�cally designed to model AVR tasks as a higher-order Markov Decision Process (MDP), as
illustrated in Figure 2. This MDP formulation provides a principled framework for agents to learn
how to sequentially gather information and reason in interactive environments.

Within this MDP, As shown in Figure 3, AVR-Core provides rich Chain-of-Thought (CoT) annotations
for the reasoning state (Thinkt ). These CoTs are meticulously structured to re�ect a natural, human-
like information-seeking process: (1) Assessing Current Understanding: evaluating the information
available from observation history (ht ) in relation to the question (Q) and identifying key uncertainties
or missing details. (2) Evaluating Potential Actions: considering available actions (A) and forecasting
their potential to resolve identi�ed uncertainties and yield valuable new information. (3) Strategic
Decision-Making: based on the assessment and evaluation, deciding whether to take an information-
gathering action (at ) or, if uncertainty is suf�ciently resolved, provide a �nal answer. Training with
these explicit CoT annotations enables models to internalize this multi-step reasoning.
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Figure 3: AVR-152k Dataset Construction. Left: Work�ows for AVR-Caption and AVR-Embodied
Reasoning (perception, temporal reasoning). Right: AVR-Core details including its sequential
annotation, CoT supervision, and quality veri�cation.

The full AVR-152k dataset, including its foundational subsets, supports training models to master
this complex, interactive reasoning loop. As shown in Figure 3, AVR-152k comprises three subsets
with progressively increasing complexity:

AVR-Caption (100k samples): Focuses on foundational visual perception and spatial understanding,
providing dense captions with bounding boxes for indoor scenes from diverse embodied datasets
(e.g., ScanNet [41], RT1 [42]). Captions were generated by Gemini-2.0-�ash [43] using the prompt
detailed in Appendix Figure A-4, and an example data instance is shown in Appendix Figure A-5.

AVR-Embodied Reasoning (50k samples): Advances to temporal visual reasoning. It consists of
multi-image sequences paired with questions requiring spatiotemporal understanding. Dense captions
were generated by Gemini-2.0-�ash, while DeepSeek-R1-671B [44] produced reasoning chains (see
Appendix Figure A-6 for the prompt), which were subsequently optimized by DeepSeek-V3 [45]
(see Appendix Figure A-7 for the re�nement prompt). An illustrative example from this subset is
provided in Appendix Figure A-8.

AVR-Core (2k samples): Directly instantiates the higher-order MDP for AVR. Data was collected using
UMI [ 46] devices interacting with 640 real-world tabletop settings. As shown in Figure 3, each sample
in AVR-Core contains expert-structured CoT annotations for theThinkt state, initially authored by
human experts through a multi-step process (details in Appendix Sec. B.1), and subsequently re�ned
by Gemini (see Appendix Figure A-9 for the re�nement prompt). These annotations explicitly
demonstrate the human-like reasoning process. They detail how to assess uncertainty, predict
information gain from potential actions, and articulate the rationale for selecting an action or providing
a �nal answer. This iterative process is exempli�ed in the multi-step interactive reasoning sequences
shown in Appendix Figures A-10, A-11, and A-12. Questions typically involve several reasoning-
and-action steps (avg. 3.2), requiring models to repeatedly apply this iterative decision-making
process. AVR-Core underwent rigorous validation: expert annotation, logical consistency veri�cation
by Gemini [43], and human expert review of perception-reasoning-action validity.

The higher-order MDP embodied by AVR-Core (illustrated in Figure A-10, A-11, and A-12) for-
malizes this iterative, closed-loop process. Each sample in AVR-Core captures a single step of this
interaction. It provides the current context, including the questionQ, visual observation historyht ,
past action historya0:t�1 , and the set of available actionsA. Crucially, it contains the expert-annotated
reasoning traceThinkt , which details the assessment of current understanding, evaluation of potential
actions, and strategic decision-making. As an approximation of the goal in Equation 2, This reasoning
culminates in a recorded outcome: either a chosen information-gathering actionat 2 A or a �nal
answeryt . If an actionat is selected, the resulting new visual observationot+1 from the environment
E is also included, forming the basis for the next step. This structured data allows models to learn the
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mapping from the current state and available actions to the generation of a reasoning traceThinkt
and the subsequent decision.

AVR-152k, with its structured CoT annotations within an MDP framework, offers a principled ap-
proach for developing models that actively seek information for reasoning in interactive environments.

5 PhysVLM-AVR Model

To equip a MLLM with active visual reasoning capabilities, we develop PhysVLM-AVR. The
architecture of PhysVLM-AVR is similar to LLaVA [2], employing Qwen2.5-3B [47] as the LLM
decoder and SigLIP-400M [48] as the visual encoder. A key modi�cation for ef�cient multi-image
reasoning is the introduction of a max pooling layer after the visual encoder's output, reducing the
number of visual tokens by a factor of three. This allows for more ef�cient processing of multiple
visual inputs. More details of the model architecture see Appendix A-14.

We employ a multi-stage, mixed-data training strategy to progressively build the generalizable active
visual reasoning capabilities of PhysVLM-AVR:

• Stage 1: Alignment. In this initial stage, we focus on aligning visual features with the language
model. We train only the connector layers (2xMLP) using the LLaVA-Pretrain [2] dataset.

• Stage 2.1: Single-Image Understanding. To develop foundational image comprehension, all
parameters are �ne-tuned using the LLaVA-OneVision-data [3].

• Stage 2.2: Comprehensive Visual Understanding. We then enhance the model's broader
visual understanding capabilities by training on the M4-Instruct-data [3] and our AVR-Caption.

• Stage 3: General Reasoning and Active Visual Reasoning. The �nal stage aims to instill
general reasoning abilities and specialized active visual reasoning skills. For this, we �ne-tune
the model on a diverse mixture of datasets: Reason-RFT-129k [25], AM-DeepSeek-R1-Distilled-
100k [49], our AVR-Embodied Reasoning and AVR-Core datasets.

This multi-stage training culminates in the PhysVLM-AVR-3B model. The detailed training con�gu-
ration for PhysVLM-AVR-3B, including hyperparameters and software environment, is presented in
Appendix Section C and Figure A-13.

6 Experiment

6.1 Experimental Setup

Tasks. We demonstrate the effectiveness of our dataset and model through experiments across the
following three categories of tasks:

• Active Visual Reasoning. To demonstrate that our approach enables models to acquire active
visual reasoning capabilities, we �rst conduct comparative experiments on the CLEVR-AVR
(Sec. 4) benchmark. The CLEVR-AVR benchmark is built on the Genesis simulation framework,
ensuring that no similar images appear in the training data.

• Embodied Reasoning and Planning. To demonstrate that the reasoning capabilities developed
with our dataset and exempli�ed by PhysVLM-AVR are also effective in embodied reasoning
and task planning scenarios, we include comparative experiments on two embodied benchmarks:
OpenEQA [29] and RoboVQA [30].

• Visual Reasoning. To demonstrate the generalization reasoning capability of PhysVLM-AVR
in static visual reasoning tasks, we further evaluate its performance on two visual structure
perception benchmarks: GeoMath [50] and Geometry3K [51].

Baselines. In addition to our PhysVLM-AVR-3B (Sec 5), we also �ne-tune Qwen2.5-VL-7B on
the AVR-152K dataset to obtain AVR-Qwen2.5-VL-7B (�ne-tune details see A-13). We compare
them against four categories of models: (1)Open-source MLLMs : Qwen2.5-VL-7B [1] and
LLaVA-OV-7B [3], representing standard multimodal foundation models. (2)Visual Reasoning
MLLMs: R1-Onevision-7B [52] and Reason-RFT-7B [25], specialized for visual reasoning tasks. (3)
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Embodied MLLMs: Embodied-Reasoner-7B [32] and RoboBrain-7B [13], designed for embodied
reasoning tasks. (4) API-based MLLMs: GPT-4o [53] and Gemini-2.0-�ash [43].

Evaluation Metrics. For CLEVR-AVR, we reportACCISJ, IGR, andACCFA (Sec 4.1), measuring
the correctness of judging whether the initial observation is suf�cient, information gain rate of
action decision and accuracy of �nal answers. For OpenEQA, we follow the LLM-score [29] (GPT-
4o) evaluation protocol of the original paper. For RoboVQA, we report BLEU1-4 scores [30] as
established in the original benchmark.

Table 1: CLEVR-AVR Benchmark: Our PhysVLM-AVR-3B and AVR-Qwen2.5-VL-7B vs. various
MLLM categories. Best bold, second underlined.

Occlusion Stack Composite AVG.
Method ACCISJ IGR ACCFA ACCISJ IGR ACCFA ACCISJ IGR ACCFA ACCISJ IGR ACCFA

Open-sourceMLLMs
LLaVA-OV-7B 0 0 0 0 0 0 0 0 0 0 0 0
Qwen2.5-VL-7B 0 0 0 7.7 5.8 7.7 7.1 5.4 0 4.9 3.7 2.6

Reasoning MLLMs
R1-Onevision-7B 0 0 0 6.6 4.9 3.3 6.1 6.1 2.0 4.2 3.7 1.8
Reason-RFT-7B 0 0 0 0 0 0 1.5 1.5 0.0 0.5 0.5 0.0

Embodied MLLMs
RoboBrain-7B 4.5 3.8 0.0 1.6 0.0 1.6 4.6 3.1 3.1 3.6 2.3 1.6
Embodied-Reasoner-7B 21.2 13.6 1.5 16.4 8.2 3.3 23.1 10.8 0.0 20.2 10.9 1.6

API-based MLLMs
Gemini-2.0-�ash 50.8 24.4 33.6 52.6 27.4 31.0 56.3 42.0 25.9 53.2 31.3 30.2
GPT-4o 85.2 39.4 53.1 90.5 46.8 41.4 89.6 66.3 42.5 88.4 50.8 45.7

AVR-Qwen2.5-VL-7B 95.5 43.9 40.9 88.5 26.2 36.1 82.9 40.8 37.4 89.3 34.7 38.1
PhysVLM-AVR-3B 90.6 27.4 42.2 90.5 22.4 37.9 90.2 40.0 39.1 90.5 29.9 39.7

6.2 Results on Active Visual Reasoning Tasks

Table 1 results from CLEVR-AVR offer compelling insights into active visual reasoning and highlight
our AVR framework's signi�cance. First, the results validate our premise: existing MLLMs, trained
on static data, struggle with active reasoning in interactive, partially observable environments.
Standard open-source MLLMs (LLaVA-OV-7B, Qwen2.5-VL-7B) and passive visual reasoning
models (R1-Onevision-7B, Reason-RFT-7B) show near-zero performance. This illustrates passive
capabilities don't translate to AVR's dynamic demands, necessitating new paradigms.

Critically, existing embodied MLLMs reveal a fundamental limitation. While models like Embodied-
Reasoner-7B can detect information incompleteness (20.2%ACCISJ), they largely fail to act effectively
for correct reasoning (only 1.6%ACCFA). This highlights: current embodied agents may recognize
missing information but struggle to strategically acquire and integrate it.

In contrast, our PhysVLM-AVR-3B and the �ne-tuned AVR-Qwen2.5-VL-7B excel in Information
Suf�ciency Judgment Accuracy (ACCISJ) (90.5% and 89.3%), surpassing GPT-4o (88.4%). This
validates the CoT of our AVR-Core dataset to teach the identi�cation of uncertainty and the
need for interaction. Beyond this, AVR-Qwen2.5-VL-7B achieves a robust 39.7% average �nal
reasoning accuracy (ACCFA), making it the best open source model, second to GPT-4o and well ahead
of other baselines. The PhysVLM-AVR-3B also shows considerable improvement (39.7%ACCFA),
further showing the impact of our data set.

However, the gap between our models' highACCISJ and their �nalACCFA (e.g., PhysVLM-AVR-3B:
90.5%ACCISJ vs. 39.7%ACCFA) highlights AVR's central challenge: mastering optimal action
selection and multi-step information integration for coherent reasoning. While identifying the
need to act is learned, consistently choosing the best action and synthesizing information over time
needs more development.

In summary, CLEVR-AVR results show existing MLLMs' dif�culty with AVR. They also af�rm
our AVR framework (AVR-152K dataset and PhysVLM-AVR model) is a signi�cant step towards
MLLMs that can intelligently explore, gather information, and reason in physical environments.
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6.3 Results on Embodied Reasoning and Planning Tasks

As shown in Figure 4(a) and (b), our proposed models, PhysVLM-AVR-3B and AVR-Qwen2.5-
VL-7B, achieve strong performance on both the OpenEQA and RoboVQA embodied reasoning
benchmarks. On OpenEQA, our models consistently outperform standard multimodal models and
dedicated embodied reasoning models across all sub-tasks. Notably, even when trained with only
1/20 of the RoboVQA training set (indicated by *), our models deliver BLEU scores close to or
surpassing those of fully supervised baselines. These results demonstrate that active visual reasoning
and the AVR-152k dataset signi�cantly enhance embodied reasoning and planning capabilities, even
under limited data conditions.

Figure 4: Results for Embodied and Visual Reasoning Tasks.

6.4 Results on Visual Reasoning Tasks

We further evaluate our approach on static visual reasoning benchmarks, GeoMath and Geometry3K.
As shown in Figure 4(c), PhysVLM-AVR-3B achieves the highest Accuracy among all compared
models, outperforming both large-scale API models (GPT-4o) and specialized visual reasoning
models (Reason-RFT-7B). This indicates that our active reasoning paradigm not only bene�ts
embodied scenarios but also generalizes well to traditional visual reasoning tasks, con�rming the
broad applicability and robustness of our approach.

6.5 Ablation Study

To assess the contributions of our AVR-Core dataset and its Chain-of-Thought (CoT) annotations,
we conducted ablations on CLEVR-AVR (see Table 2). Removing the entire AVR-Core dataset
("w/o AVR-Core") caused a catastrophic performance collapse:ACCISJ dropped from 90.5% to
16.4%,ACCFA from 39.1% to 2.3%, andIGR from 29.9% to 11.2%. This highlights AVR-Core's
fundamental role in teaching the model to actively gather information and reason iteratively within
the higher-order MDP framework.

Excluding only the Chain-of-Thought (CoT) annotations
from AVR-Core ("w/o CoT") also led to a signi�cant de-
cline: ACCISJ fell to 47.6%,IGR to 18.0%, andACCFA
to 16.9%. This underscores the CoTs' crucial function
in providing explicit supervision for the nuanced reason-
ing steps of uncertainty identi�cation, action-conditioned
information gain prediction, and strategic action selection.

Method ACCISJ IGR ACCFA

Full Model 90.5 29.9 39.7
w/o CoT 47.6 18.0 16.9
w/o AVR-Core 16.4 11.2 2.3

Table 2: Ablation study results.

These ablations clearly demonstrate that both the specialized AVR-Core dataset and its detailed CoT
annotations are indispensable for developing effective Active Visual Reasoning capabilities.

7 Conclusion

In this work, we introduced Active Visual Reasoning (AVR), a novel paradigm that extends visual
reasoning to interactive, partially observable environments. We developed the CLEVR-AVR bench-
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mark to rigorously evaluate AVR capabilities and the AVR-152k dataset, with its core AVR-Core
component providing detailed Chain-of-Thought annotations within a higher-order MDP framework,
to train agents for this task. Our PhysVLM-AVR model demonstrates signi�cant progress, achieving
state-of-the-art performance on CLEVR-AVR and showing strong generalization to other embodied
and static reasoning tasks. Our �ndings highlight that while current models can identify information
incompleteness, a critical challenge remains in enabling them to strategically act to acquire and
integrate new information effectively. Future work will focus on enhancing the model's ability to
predict action-conditioned information gain and select optimal information-gathering actions. We
also plan to explore the application of AVR to more complex real-world scenarios and investigate
methods for improving sample ef�ciency in learning these active reasoning skills.
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A More details of CLEVR-AVR benchmark

Figure A-1 shows examples of the three scene types in the CLEVR-AVR benchmark, Figure A-2
displays the question template settings for different question types, and Figure A-3 illustrates the
distribution of occlusion and stacking quantities in each of the three scene types.

A.1 Action Candidate Generation in CLEVR-AVR

The available action space includes Pick, Move Viewer, Rotate Viewer, and Move Object. Beyond the
diverse scenarios, the benchmark incorporates a rich variety of question types, including Query, Exist,
Counting, Compare, Math Counting, and Math Compare. Agents must utilize the provided Franka
robotic manipulator and camera controls to actively uncover essential details, thereby tackling the
challenge of ef�cient exploration under conditions of partial observability. The agent communicates
its decision by generating text that includes its reasoning (CoT) and the selected action, formatted for
example as <action>E</action>, where E would map to a speci�c action like Pick(yellow cube) from
the candidate list.

At each interaction step in CLEVR-AVR, the agent is presented with 5-8 candidate actions. The types
of actions (e.g., Pick, Move Viewer, Rotate Viewer, Move Object) are prede�ned. However, the target
objects for actions like Pick or Move Object are dynamically selected based on the current visual
scene, often including objects relevant to resolving potential occlusions or ambiguities. To rigorously
test the agent's reasoning-driven action selection, approximately 3-5 of these candidate actions are
intentionally designed as distractors or sub-optimal choices that would yield less information gain
towards answering the question. This forces the model to not just pick any valid action, but to
strategically select the one most likely to resolve its current uncertainty.

B More details of AVR-152k dataset

Figure A-4 shows the system prompt used for generating AVR-Caption data. An example of an
AVR-Caption data instance, featuring an image and its corresponding dense caption, is presented in
Figure A-5.

For the AVR-Embodied Reasoning subset, Figure A-6 displays the prompt used for DeepSeek-R1
to generate initial reasoning, and Figure A-7 illustrates the prompt for DeepSeek-V3 to re�ne this
Chain-of-Thought (CoT) reasoning. A representative data instance from AVR-Embodied Reasoning,
which includes a multi-image sequence, a question, and the associated reasoning chain, can be seen
in Figure A-8.

The prompt provided to Gemini for re�ning human expert Chain-of-Thought annotations within the
AVR-Core dataset is detailed in Figure A-9. This prompt utilizes placeholders such as {question},
{options}, {answer}, {visual_reasoning}, {hypothesis}, {gain_prediction}, and {planning}, which
are �lled with content from expert human annotations. To concretely illustrate the rich, multi-step
interactive reasoning process captured in AVR-Core, Figures A-10, A-11, and A-12 collectively
showcase a complete, sequential example from an AVR-Core instance.

B.1 Initial Generation of Expert CoT Annotations for AVR-Core

The Chain-of-Thought (CoT) annotations in the AVR-Core dataset, prior to their re�nement by large
language models like Gemini, were meticulously crafted by human experts. The process involved
two main stages:

Live Task Execution and Initial Logging: Human experts actively performed the interactive tasks
using the UMI devices in real-world tabletop settings. During this live interaction, they made
contemporaneous notes capturing their key reasoning steps, uncertainties identi�ed, hypotheses about
hidden information, and the rationale behind their intended actions at each decision point.

Post-Interaction Re�nement and Structuring: After completing each task, the experts revisited
their initial logs alongside the complete record of the interaction (including all visual observations
and executed actions). They then elaborated on their initial notes, structuring them into the detailed,
step-by-step CoT format that re�ects the iterative process of assessing information, predicting gains
from potential actions, and making a decision.
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This human-centric initial annotation phase was crucial for ensuring that the CoTs genuinely re�ected
plausible and effective human reasoning strategies for active information gathering, forming a
high-quality foundation for subsequent automated re�nement and model training.

• Speci�cally, Figure A-10 depicts the initial state (Step 0) of an active visual reasoning
scenario. Here, based on the initial visual observation and the posed question, the agent's
CoT re�ects its assessment of information insuf�ciency and its decision to take an action
("Move the yellow object to the left") to acquire more details.

• Figure A-11 shows the subsequent state (Step 1) after the execution of the �rst action.
The agent re-evaluates the situation with the new visual input (IMAGE1), and its CoT
again indicates the need for further information to fully resolve the question, leading to the
planning of another action ("Move the green object to the right").

• Finally, Figure A-12 illustrates Step 2 of the process. After the second action and observing
IMAGE2, the agent has gathered suf�cient visual evidence, and its CoT culminates in
providing the �nal answer ("Yes") to the question.

Together, these three �gures (Figures A-10-A-12) highlight the core principles of AVR-Core: the
iterative cycle of identifying uncertainty, predicting information gain conditioned on potential actions,
and making strategic decisions, all articulated through detailed CoT annotations.

C More details of Model and Training

Figure A-13 shows the detailed training parameters for PhysVLM-AVR-3B and AVR-Qwen.25-
VL-7B, including input image resolution, trainable parameters, batch size, maximum token length,
learning rate, and number of epochs. We conducted the training on an Ubuntu server equipped with
8 * NVIDIA A800 GPUs. The main software used was PyTorch=2.6.0, transformers=3.72.0, �ash
attention2, and DeepSpeed. Figure A-14 showns the architecture of the PhysVLM-AVR.

D Baseline Model Input Prompt for CLEVR-AVR Experiments

In experiments on the CLEVR-AVR benchmark, the inputs for the compared baseline models are
prompts that include AVR task instructions and cues for potential actions. The input template is as
follows:

You are required to perform active visual reasoning: when the
information obtained from image observations is insufficient
to answer the question, you need to make action decisions to
interact with the environment in order to acquire additional
visual information relevant to the question. You should continue
gathering new observations until you can infer and summarize a
reliable answer based on the accumulated visual history. Choose
either an answer to the question or an action decision option from
the options above. Final option choice follow this format: (your
analysis)...<answer>A/B/C/D/E/F...</answer>

E Code Availability

The code for our project is available anonymously at the following link:https://anonymous.
4open.science/r/anonymous-je99tt.

F Ethical Considerations and Usage Restrictions

Large Language Models (LLMs) and related AI technologies possess the potential for signi�cant
societal impacts, both bene�cial and detrimental. While they offer capabilities to enhance productivity,
creativity, and access to information, it is crucial to acknowledge the inherent risks. These risks
include, but are not limited to, the generation and propagation of misinformation, the ampli�cation of
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existing societal biases, potential for job displacement in certain sectors, and the possibility of misuse
for malicious purposes.

The code, data, and models provided in this work are intended strictly for research and development
purposes. They must not be employed in any high-risk applications or for activities that could result
in harm, discrimination, infringement of rights, or any other negative societal consequences. Users
of these resources bear full responsibility for ensuring their applications comply with all applicable
laws, ethical guidelines, and responsible AI practices. We explicitly disclaim liability for any misuse
of our code, data, or models. We encourage a cautious and ethical approach to the development and
deployment of AI technologies.

Figure A-1: Examples of the three scene types in the CLEVR-AVR benchmark.
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Figure A-2: Question template settings for different question types in the CLEVR-AVR benchmark.

Figure A-3: Distribution of occlusion and stacking quantities across the three scene types in the
CLEVR-AVR benchmark.
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Figure A-4: System prompt for generating AVR-Caption data.
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Figure A-5: Data instance of AVR-Caption.
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Figure A-6: Prompt for DeepSeek-R1 reasoning in AVR-Embodied Reasoning data.

Figure A-7: Prompt for DeepSeek-V3 to re�ne Chain-of-Thought (CoT) reasoning in AVR-Embodied
Reasoning data.
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Figure A-8: Data instance of AVR-Embodied Reasoning.
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