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Abstract. Visual reasoning in immersive environments is critical for
VR, AR, and robotics, yet is fundamentally challenged by partial ob-
servability. Existing Vision-Language Models (VLMs) are ill-suited for
this task, as their rigid “look first, think later” paradigm decouples per-
ception from reasoning. They either process distorted, low signal-to-noise
panoramas or reason over a fixed set of pre-determined views, preventing
dynamic, task-driven exploration. We reframe immersive visual reason-
ing as an iterative process of probabilistic belief updating. We introduce
Diffusion-Based Immersive Visual Reasoning (DIVR), a novel framework
that models reasoning as a denoising diffusion process, progressively re-
fining a latent reasoning hypothesis from a state of high uncertainty to
a denoised low-uncertainty state. DIVR comprises two tightly coupled
modules: a Latent Hypothesis Refiner (LHR) that uses observed visual
evidence to denoise the current hypothesis, and a Reasoning-Guided Ob-
server (RGO) that uses the denoised hypothesis to actively select the next
most informative viewport. This creates a closed-loop system where the
evolving reasoning hypothesis continuously guides perception, distinct
from the rigid, open-loop paradigm of prior work. Extensive experiments
on multiple 360° VQA benchmarks demonstrate that DIVR establishes
a new state-of-the-art, significantly outperforming strong baselines, par-
ticularly on complex questions that require dynamic, multi-step evidence
gathering.
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1 Introduction

Immersive 360° visual content is becoming central to domains like virtual reality
(VR), augmented reality (AR), and robotics [8}/11}/14,[29,/42,/47]. Unlike tradi-
tional narrow field-of-view (FoV) imagery, 360° environments present a profound
challenge of partial observability: an agent must reason over a vast scene where
crucial evidence may be incomplete or lie outside its current view. This setting
isolates the core challenge of perception-driven reasoning, where an agent must
decide where to look to iteratively build a coherent understanding.

Existing Vision-Language Models (VLMs) [4,/30,/53|, while powerful, are con-
strained by a naive “look first, think later” paradigm that fails in immersive
contexts. This open-loop process, which decouples perception from reasoning,
relies on either processing a full, geometrically distorted equirectangular im-
age [24,321/48|, which forces the model to ground details amidst severe projection
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Fig. 1: Our DIVR framework performs iterative, active reasoning in a partially observ-
able 360° immersive environment. Faced with a complex question, a diffusion model
continuously refines its reasoning hypothesis under the guidance of selected viewports,
and feeds back the refined hypothesis to guide the next round of viewport selection.
As relevant information accumulates over iterations, the model progressively reduces
uncertainty, converging toward a clearer reasoning hypothesis and more precise view-
port selections, ultimately enabling more reliable answers.

artifacts, or reasoning over a fixed set of pre-determined viewports [12,22]/36/[48].
Both approaches possess inherent limitations because they prevent the model
from actively seeking new evidence if its initial perception or reasoning proves
insufficient.

Consider the question posed in Fig. [T} “How many people holding flowers
are wearing white clothes?”. A static model might initially focus on a salient
region (Viewport 1), identify a person holding flowers but wearing red, and in-
correctly conclude the answer. Such open-loop systems lack the ability to correct
their initial, incomplete perception through subsequent, targeted exploration. To
overcome these limitations, we reframe immersive visual reasoning as an iterative
process of updating probabilistic beliefs. We introduce Diffusion-Based Immer-
sive Visual Reasoning (DIVR), a framework that models reasoning through the
lens of denoising diffusion. As shown in Fig. [1} DIVR begins with a reasoning
hypothesis in a state of high uncertainty. It first inspects Viewport 1 and refines
its hypothesis. Guided by this updated hypothesis, which now includes the need
to find people in white, it actively selects a more informative view, observes
the bride, and refines its hypothesis further (Viewport 2). This cycle of reason-
ing guiding perception, and perception informing reasoning, continues until the
model has gathered sufficient evidence, reduced its uncertainty, and converged
on the correct answer (Viewport 3). This closed-loop system, where reasoning
actively steers perception to resolve uncertainty, forms the core principle of our
DIVR framework.

Our framework comprises two novel modules: (1) A Latent Hypothesis Re-
finer (LHR) acts as the core reasoning module of our framework. This module
operates on the model’s current, uncertain reasoning hypothesis on how to solve
the task. At each step, it conditions on new visual evidence to progressively
refine the hypothesis. (2) A Reasoning-Guided Observer (RGO) serves as the
active perception component. It is guided by the current reasoning hypothesis
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of the LHR to actively select the next most informative viewport. This ensures
that the model’s perceptual focus is always aligned with its immediate reasoning
needs. Through end-to-end training, these modules jointly learn to optimize the
RGO’s perception policy and the LHR’s reasoning process for the final task.

In sum, our contributions are:

1. We introduce DIVR, a novel diffusion-based framework that models immer-
sive visual reasoning as an iterative belief updating process. We implement
this concept via a denoising diffusion model, providing a principled approach
to resolving uncertainty through active perception.

2. We propose a new architecture composed of the LHR and RGO modules,
which are jointly trained in a closed loop, coupling the model’s reasoning with
its perception through iterative reasoning and active evidence acquisition.

3. Our DIVR establishes a new state-of-the-art on multiple 360° VQA bench-
marks, providing evidence that our closed-loop paradigm is fundamentally
superior to conventional open-loop methods for immersive reasoning.

2 Related Works

Visual Reasoning in Immersive Scenes. Traditional VLM reasoning as-
sumes full observability, where all evidence is present in a static, FoV image
[1,:3}20L/31]. Using massive pre-training, large-scale VLMs excel in this paradigm
[4,[28, (30,35, [53]. To address visual reasoning in immersive scenes, early ap-
proaches attempted to adapt the static paradigm in two main methods. They
first involve compressing the entire equirectangular image into a single spheri-
cal feature representation [12}24,[25,/48]. While this approach preserves global
context, it suffers from severe information overload and introduces significant
geometric distortions, making it difficult for models to ground fine-grained de-
tails. The second strategy involves pre-sampling the 360° scene into a set of
static viewports (e.g., six cubemap faces) and processing them either in parallel
or with a static attention mechanism [15,50]. Both of these approaches share a
critical flaw: they decouple the act of perception from the process of reasoning.
The model is forced to reason over a pre-determined, static set of visual inputs,
whether it’s a distorted global view or a fixed collection of crops. If the neces-
sary evidence is not captured or is obscured in the initial representation, the
reasoning process has no recourse to seek it out. In contrast, our work proposes
a paradigm shift toward a tightly coupled, dynamic framework where reasoning
actively guides perception in a continuous feedback loop.

Viewport Selection and Active Perception. Actively selecting informative
viewpoints in 360° imagery has been explored via saliency or reinforcement learn-
ing (RL) to mimic human gaze or optimize for task rewards [10,[26}27]36,|54].
However, these methods typically treat viewport selection as a pre-processing
step, detached from an evolving, multi-step reasoning task. Embodied AI, par-
ticularly embodied VQA [38l/43./46|, integrates perception and action but entan-
gles visual reasoning with the complexities of physical navigation (e.g., reward
engineering, sim-to-real gaps). Our work deliberately isolates the core reasoning
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process: we treat viewport selection as a lightweight perceptual behavior (where
to look, not how to move), allowing us to study the fundamental feedback loop
between belief updating (reasoning) and information acquisition (perception).
By abstracting away the complexities of navigation, we can focus directly on the
task of visual reasoning in partially observable settings.

Uncertainty Modeling and Diffusion-Based Reasoning. Classical reason-
ing systems often parse a question into a fixed, executable program [1H3}[161[19]
41], a rigid approach that makes them vulnerable in partially observed envi-
ronments: if an early step in the program fails, the entire reasoning chain can
break. Diffusion models [6,40,52|, originating from generative modeling, offer a
powerful paradigm for iterative refinement under uncertainty. Their core pro-
cess of transforming noise into structure provides a principled mechanism for
evolving a system from a high-entropy (uncertain) to a low-entropy (coherent)
state. This has been extended to non-generative domains like trajectory plan-
ning [33], policy optimization [39] and knowledge reasoning [45]. Building on
this insight, we are the first to frame iterative, evidence-driven belief updating
in immersive VQA as a denoising process, where the latent state of a diffusion
model represents a noisy, high-entropy reasoning hypothesis that is progressively
denoised into a coherent, low-entropy state by conditioning on actively-acquired
visual evidence. This provides a probabilistically grounded alternative to rigid,
deterministic pipelines and allows for robust reasoning in complex 360° scenes.

3 Methodology

Reasoning in immersive environments is fundamentally a process of active explo-
ration and belief updating. An agent in a 360° scene must decide where to look,
what to remember, and how to incrementally build a coherent understanding
from a series of partial views.

At its core, DIVR is founded on the principle of reasoning as denoising. The
model’s evolving understanding of how to solve the task is encapsulated by a
latent reasoning hypothesis, a vector z, € R in a continuous semantic space.
This hypothesis vector represents the embedding of a textual reasoning process,
which outlines the steps required to solve the given task.

The reasoning process begins at timestep t = T with a hypothesis zp sampled
from a standard Gaussian distribution, A/(0,I), representing a state of maximal
uncertainty. The framework’s objective is to iteratively denoise this vector over
T steps, transforming it into a coherent, evidence-grounded reasoning hypothe-
sis zg that guides the VLM to the final answer. This refinement occurs within
a fundamental reasoning-perception cycle, illustrated in Fig. 2] Each cycle, cor-
responding to a single reverse diffusion step from ¢ to ¢t — 1, is composed of two
processes:

1. The Latent Hypothesis Refiner (LHR) performs a single step of condi-
tional denoising. It takes the newly acquired visual evidence from the RGO
as a condition and updates the latent hypothesis from z; to a more refined
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Fig. 2: Our DIVR framework iteratively refines a latent reasoning hypothesis z; over
T denoising steps. At each step ¢, the RGO uses the current, uncertain hypothesis z; to
actively select the most informative viewport, yielding a conditional vector c¢; encoding
the question and the visual evidence. The LHR then conditions on c¢; to perform a
single denoising step, producing a more refined hypothesis z;_;. This loop transforms
an initially random guess zr into a final, evidence-grounded reasoning process zo.

state z;_1. This step directly operationalizes the reverse diffusion process,
steering the reasoning trajectory toward a state that is more consistent with
the observed world.

2. The Reasoning-Guided Observer (RGO) executes a learned policy net-
work to actively select a viewport. Conditioned on the current hypothesis
z; and the question q, the policy chooses the viewport that is predicted
to yield the most informative visual evidence for reducing hypothesis un-
certainty. This transforms perception from a passive process into an active,
goal-directed search for information.

This loop repeats iteratively. The refined hypothesis z;_; becomes the new
reasoning state for the RGO in the subsequent cycle, allowing the gaze policy
to become increasingly focused as the reasoning becomes clearer. This virtuous
cycle enables the framework to dynamically explore the scene, gather visual in-
formation in a targeted manner, and converge on a robust and accurate solution.
The final, fully-denoised hypothesis zg is then passed to a VLM decoder as prefix
tokens to generate the answer.

3.1 Reasoning as Denoising

We formalize the reasoning process at any denoising step t € {0,1,...,T} as
a conditional generative process over the latent variable z;. We define a con-
ceptual forward process that progressively injects Gaussian noise into a clean
reasoning hypothesis zg. This ground-truth zg, which represents the ideal rea-
soning process, is derived via knowledge distillation from a large VLM (detailed
in Sec. [3.4)).

The forward process is a fixed Markovian process defined by:

q(ze|ze—1) = N(z¢; /1 — Brz—1, Bed), (1)
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where {3;}_, is a predefined variance schedule controlling the noise level at
each step. A notable property of this process is that we can sample z; directly
from zg at any arbitrary timestep ¢ in a closed form:

Zi = \/ O Zo + 1— dt€7 (2)

where € ~ N (0,I), a; =1 — 3 and ay = HZ:1 Qs

The core of our framework is to learn the reverse process pg(zi—1|zt,ct),
which represents a single step of reasoning. This process denoises the latent
hypothesis conditioned on a set of time-varying information c;, which contains
both the input question and the visual evidence gathered by the RGO. Following
the standard derivation for diffusion models [17], the learning objective can be
simplified to training a network sy to predict the noise component € from the
noisy hypothesis z;. The objective is to minimize the expected L2 error:

Lait = Eum.e [le = so(zt.e)ll] (3)

where ¢ is sampled uniformly from {1,...,T}, zo is the target hypothesis, and
z; is generated using Eq. .

The key novelty of our DIVR framework lies in the dynamic construction
and composition of the conditioning information c¢; at each refinement step. To
maintain valid diffusion training, we define it as a deterministic mapping over
states and other constants, concatenating both static and dynamic elements:

¢ = [a;x, (4)

where q € RP4 is the language embedding of the input question, and x; is the
dynamic embedding of visual tokens accumulated at the denoising step ¢. This
ensures that the refinement of the reasoning hypothesis is actively and contin-
uously guided by both the overarching linguistic query and the incrementally
acquired visual evidence from the scene. The specific architecture for incorpo-
rating c; into the denoiser sy is detailed in the following section.

3.2 Latent Hypothesis Refiner

The LHR is the core reasoning module of our framework, designed with a
Transformer-based architecture for conditional denoising. We implement its de-
noiser network sg using an adapted Transformer architecture. The input to the
LHR is a sequence of embedding vectors, including the latent hypothesis z; and
the condition vector c;. The current timestep t is also encoded into a vector
using sinusoidal positional embeddings |44]. As illustrated in Fig. [3| (Left), its
architecture is composed of L = 6 stacked blocks. Within each block, the refine-
ment is driven by a cross-attention mechanism. Specifically, the latent hypothesis
z; and the timestep embedding for ¢ are projected by separate MLPs and then
combined to form the Query (Q). Concurrently, the conditioning vector c¢; is
projected by an MLP to generate the Key (K) and Value (V).
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Fig. 3: Architectures of the LHR and RGO. Left: The LHR is a Transformer-based
denoiser. It refines the latent hypothesis z; by using it and the timestep ¢ to form a query
that cross-attends to the conditioning vector c;. This process is repeated for L blocks
to produce the refined hypothesis z,—;. Right: The RGO acts as an active perception
policy. It uses the current hypothesis z: and the question q to score candidate viewports,
selects one via Gumbel-Softmax, and aggregates the new visual evidence using a GRU,
followed by an Adapter network converting the output into VLM tokens.
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The core operation is a standard cross-attention layer, followed by a feed-
forward network (MLP), with residual connections and layer normalization ap-
plied after each step. This mechanism enables the latent hypothesis to directly
attend to the most relevant elements of the visual evidence, dynamically guiding
the denoising trajectory. After processing through all L blocks, the final out-
put embedding corresponding to the hypothesis token is passed through a linear
layer to predict the noise vector €, which is then used to reconstruct the denoised
reasoning hypothesis z;_1. This network design provides a powerful and flexible
mechanism for fusing multi-modal, dynamically-acquired evidence to guide the
iterative reasoning process.

3.3 Reasoning-Guided Observer

The LHR’s conditional denoising process is contingent on a stream of relevant
visual evidence. The RGO’s role is to provide this stream by actively deciding
where to look next. As shown in Fig. 3| (Right), it operationalizes a learned policy
network, 74, that transforms the passive act of observation into an active, goal-
directed search.

The policy network is implemented as a 3-layer MLP with GELU activation
functions, Layer Normalization, and a final Dropout layer for regularization. It
computes a scalar utility score uy for the k-th candidate viewport by processing
the concatenated representation of the current reasoning state (z;), textual (q)
and the visual embeddings (v):

up = MLPy([2¢; q; vi]), (5)

where [-; -] denotes vector concatenation.

To enable end-to-end training via backpropagation, we utilize the Gumbel-
Softmax reparameterization trick [21], a technique that provides a continuous
and differentiable approximation to sampling from the categorical distribution
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defined by the policy logits. The probability py for selecting viewport k is com-
puted as:
exp((uk + gk)/T) (6)

S exp((uj + g;)/7)

where g ~ Gumbel(0,1) are i.i.d. random variables and 7 is a temperature
hyperparameter. During training, gradients from the final loss can flow through
this sampling process to update the policy network parameters ¢.

The generated distribution p; is used to perform a weighted selection over the
set of pre-computed visual features for all candidate viewports, producing the
feature vector of the chosen viewport, ¥;. To maintain a memory of observations,
V; is passed as the current input to a Gated Recurrent Unit (GRU), which
updates its hidden state to produce an aggregated observation history Ox>;. This
history is then projected by an Adapter network into an embedding x;, which
is concatenated with the static question embedding q to form the complete
conditioning vector ¢; = [q;x;] for the LHR’s next denoising step.

Pr =

3.4 Training and Optimization

The LHR and RGO modules are trained end-to-end to ensure that the LHR
learns to perform coherent reasoning, while the RGO learns a policy that is
effective for the reasoning task. The composite loss function is a weighted sum
of a diffusion objective and a task-specific objective:

£tota1 = Ldiff + >\£clsu (7>

where A is a hyperparameter that balances the two terms.

The primary objective, Lqig, defined in Eq. [3] trains the LHR’s denoiser
network sy to faithfully reconstruct the target reasoning hypothesis zy. The
secondary objective, L5, provides the end-to-end signal to train the model for
the reasoning task. For example, in VQA, this loss is the standard cross-entropy
between the predicted answer distribution and the ground-truth answer:

‘Ccls - —IOgP(Y|Z0,CO), (8>

where the final answer distribution is produced by the VLM'’s classifier head,
based on the fully-denoised hypothesis zy and condition cy.

Training the LHR and RGO modules requires a dataset of high-quality
ground-truth signals for zy. We therefore employ a knowledge distillation strat-
egy, using a powerful teacher VLM (e.g., GPT-5 [35]) to generate this supervisory
signal. We emphasize that GPT-5 serves as a passive annotation tool for generat-
ing training targets, not as an active test-time reasoner. To do this, we construct
a multi-modal prompt containing the equirectangular 360° image, the question,
the ground-truth answer, and a set of the most salient viewports. These view-
ports are selected based on a saliency map derived from eye-tracking data [22] or
a state-of-the-art saliency model pretrained on the Wild-360 dataset [11]. Given
a saliency map of the 360° image, viewports with the highest area-normalized
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saliency values are selected iteratively, with an inhibition-of-return mask applied
to the selected areas to avoid overlapping [49]. Prompted with this context, the
teacher generates a brief, natural-language rationale outlining the reasoning steps
to the answer. The language embedding of this generated rationale serves as the
ground-truth zy for our diffusion model. This distillation strategy allows us to
train DIVR not just on the final answer, but on the entire reasoning process,
enabling it to learn the multi-step, goal-directed behavior essential for complex
immersive tasks. The full prompting methodology and our data validation pro-
tocol are detailed in the supplementary material.

4 Experiments

We conduct a comprehensive evaluation to validate the efficacy of our DIVR
framework. We demonstrate its superiority over state-of-the-art methods on di-
verse 360° VQA tasks, perform rigorous ablation studies to isolate the contribu-
tions of its core components, and provide in-depth qualitative and quantitative
analyses of its reasoning process. More implementation details and analyses are
provided in the supplementary material.

4.1 Experimental Setup

Datasets. We evaluate on three challenging benchmarks to assess various facets
of immersive reasoning. IQVA [22]: An immersive video dataset with human at-
tention annotations, which we use to evaluate reasoning on real-world dynamic
scenes by extracting key frames. 360+X [9]: An activity-centric dataset with de-
tailed annotations. We convert its recognition task into a structured VQA format
to benchmark perceptual alignment and reasoning. Zillow Indoor (ZInD) [13]: A
360° indoor scene dataset with room layout annotations. We formulate VQA
tasks centered on spatial relationships, categorized into ‘Easy’ (single-viewport)
and ‘Hard’ (multi-viewport) questions to explicitly test evidence aggregation.
Compared Models. We benchmark DIVR against a strong and diverse set of
state-of-the-art models: SPHTR [27]: A representative model using spherical at-
tention mechanisms designed specifically for 360° imagery. SLIME-8B [50]: A re-
cent high-resolution model using adaptive patching, testing whether performance
gains can be achieved via improved spatial coverage alone. GPT-5 (Zero-shot) |35]:
A frontier general-purpose VLM, evaluated in a zero-shot setting to establish a
powerful, generalist baseline.

Input Settings. The lack of a standard protocol for feeding 360° images to
VLMs necessitates a controlled comparison. We evaluate baselines using three
settings. Equirectangular: The full equirectangular image is fed to the model.
This approach preserves global spatial continuity but introduces significant dis-
tortions and information overload, challenging the model’s ability to ground de-
tails. Cubemap: The surrounding scene is projected onto six distortion-reduced
cubemap faces, which are concatenated as a multi-image input. This mitigates
distortion, but increases the amount of visual tokens, posing a challenge in terms
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Table 1: Quantitative comparison of model accuracy (%) on immersive reasoning
datasets. Best results are in bold.

ZInD
Model IQVA 360+X —————
Easy Hard
SPHTR (Equirectangular) 4596  48.26 57.73 23.55
SLiME-8B (Equirectangular) 41.78  48.62 61.48 28.46

SLIME-8B (Cubemap) 46.50 54.18 63.90 33.35
SLiME-8B (Saliency) 53.43 54.41 65.85 34.14
GPT-5 (Equirectangular) 47.78 50.36 61.04 33.30
GPT-5 (Cubemap) 53.42  56.47 65.82 35.49
GPT-5 (Saliency) 55.84 58.62 68.01 35.64
DIVR + GLM-4.1V-9B 56.61  63.77 71.33 41.36

DIVR + Qwen2.5-VL-7B 56.75 64.72 70.45 41.89

Table 2: Comparison of VLM model accuracy (%) across different input strategies.
Best results are in bold.

A ZInD A ZInD

Input IQVA 360+X —— IQVA 360+X ———

P Q Easy Hard Q Easy Hard
GLM-4.1V-9B Qwen2.5-VL-7B

Equirect. 43.89 50.06 59.84 31.73 43.54 49.75 59.73 31.49
Cubmap 49.07 54.69 63.74 33.56 49.20 54.36 63.45 33.26
Saliency 52.92 56.22 64.40 34.09 53.22 55.92 64.88 33.97
DIVR 56.61 63.77 71.33 41.36 56.75 64.72 70.45 41.89

of computational cost and the model’s ability to integrate information across
disconnected views. Saliency: This setting simulates an attention-guided, decou-
pled pipeline. We use ground-truth eye-fixation maps (on IQVA [22]) or a pre-
trained saliency model [11] (on 360+X [9] and ZinD [13]) to identify and crop
the most salient regions. This provides a strong baseline for attention-aware sys-
tems. Unlike these settings, our DIVR dynamically selects viewports from a grid
of K = 36 overlapping candidate viewports |34, covering several different FoV
sizes uniformly distributed across the 360° sphere.

Implementation Details. We instantiate DIVR with two powerful open-source
VLMs: Qwen2.5-VL-7B [5] and GLM-4.1V-9B |[18]. The reasoning hypothesis
evolves over T' = 20 diffusion steps with a cosine variance schedule. We train
end-to-end using the AdamW optimizer with a learning rate of 10~% and a batch
size of 8 across 8 NVIDIA H100 GPUs. To ensure a fair comparison, all models
(except zero-shot GPT-5) undergo a two-stage fine-tuning protocol: first jointly
supervised with the answer and the distilled reasoning ground-truth on IQVA,
then on downstream datasets with answer supervision. Performance is measured
by standard VQA accuracy.
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4.2 Quantitative Results

Our proposed DIVR framework consistently and significantly outperforms all
baselines across every benchmark (see Tab. . Instantiated with either VLM
backbone, DIVR establishes a new state-of-the-art, providing clear evidence that
an iterative, coupled perception-reasoning process is fundamentally superior for
immersive reasoning. DIVR surpasses specialized models like SPHTR, indicat-
ing that addressing geometric distortion alone is insufficient. More critically,
DIVR outperforms strong baselines like SLIME and GPT-5 even when they are
provided with saliency-guided viewports. This result shows that the ability to
dynamically decide where and when to look, guided by an evolving internal rea-
soning hypothesis, is more effective than reasoning over a pre-determined, static
set of salient views.

The performance gains are most pronounced on the ZInD ‘Hard’ split, where
DIVR achieves an absolute gain of over 6% compared to the strongest baseline
(41.89% vs. 35.64%). This highlights DIVR’s core strength: its active, multi-step
evidence gathering is essential for complex questions requiring information inte-
gration across multiple views. As shown in Tab.[2] while shifting from equirectan-
gular to cubemap or saliency inputs provides marginal gains, these improvements
are dwarfed by the gains achieved with DIVR’s active perception loop. This con-
trolled comparison allows us to conclude that DIVR’s performance gains are not
attributable to a superior input data representation but to a fundamentally more
powerful reasoning paradigm. Results are averaged over three seeds with stan-
dard deviations below 0.4%. Unless otherwise specified, all subsequent analyses
are conducted using Qwen2.5-VL-7B [5] as our foundational VLM.

4.3 Qualitative Analysis

The top of Fig. [4] visualizes DIVR’s closed-loop reasoning on a challenging ZInD
example: “Is the kitchen connected to a room with a chandelier?". The process
begins with a generic high-level reasoning hypothesis z;. The RGO first grounds
the primary subject by selecting Viewport 1 (the kitchen). This observation
allows the LHR to denoise the hypothesis, which in turn re-directs the RGO’s
policy to continue its search. At step t = 1, the RGO now correctly ignores salient
objects within the kitchen and selects Viewport 2, a non-salient but logically
critical doorway. At the final step, the hypothesis converges to a fully-denoised,
evidence-grounded state zg, focusing on the search for the chandelier in the
adjacent room. The RGO, guided by this precise instruction, successfully finds
Viewport 3, which provides a clear view of the chandelier. In contrast, the bottom
of Fig. [ illustrates why a powerful GPT-5 model with a static, saliency-based
approach fails. The pre-determined views might capture the most salient regions
but they miss the critical, non-salient chandelier. The model is forced to draw
a conclusion from the incomplete observation. Its generated reasoning process
reveals its failure: unable to find the chandelier, it incorrectly concludes one does
not exist. This detailed comparison illustrates that immersive reasoning is not a
static pattern recognition task but a dynamic, sequential process of hypothesis
refinement and belief updating.
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1. Find the kitchen 1. Kitchen verified 1. Locate the
2. Look around to find the 2. Locate the hallway connected adjacent room
connected room *++ | tokitchen 2. Check for the
3. Check chandelier 3. Inspect adjacent room for chandelier

chandelier

1. In the panorama and the three viewports, the kitchen space is visible with ... None of these areas
or directly adjoining spaces within the same floor tiling show a chandelier fixture.
2. The visible connecting spaces include a hallway and a room transition with a flooring change.
GPT-5 + Saliency There is no chandelier visible within the immediately adjoining room.

Answer: No X 3. Other adjoining areas have plain ceilings without hanging lights or decorative elements.

Fig. 4: Qualitative comparison on a complex multi-step reasoning task from ZInD.
Top: Our DIVR framework executes a dynamic, active reasoning that iteratively re-
duces the uncertainty of reasoning hypothesis and the precision of viewports selection,
enabling accurate and reliable answers. Bottom: A strong VLM baseline using static,
saliency-based viewports fails, as its pre-determined views are disconnected and insuffi-
cient for the reasoning required. The heatmap visualizes human gaze patterns predicted
by the saliency model.

4.4 Ablation Analysis

Tab. 3] reports the ablation study to dissect our DIVR framework and quantify
the contribution of its core components.

First, we isolate the RGO by comparing its learned policy against two strong
alternatives for viewport selection: (1) a static Saliency-based approach that pre-
selects a fixed set of the most salient viewports, and (2) a dynamic but heuristic
CLIP-similarity approach, where the next viewport is chosen by finding the
one with the highest CLIP similarity with the current latent hypothesis
z;. The results show that a dynamic policy is superior to a static one, and our
learned, task-specific RGO policy significantly outperforms the generic CLIP-
based heuristic. This confirms that the RGO learns what visual information is
most useful for reducing uncertainty, not just what is semantically relevant.

Second, we validate the LHR by comparing our full model to a variant with-
out it (w/o LHR), which reasons directly over the accumulated visual evidence.
Even with identical viewport selection policies, explicitly modeling the reasoning
process as the iterative denoising of a latent hypothesis z; provides a significant
performance gain. It demonstrates that z; serves as a more powerful and struc-
tured representation for the model’s evolving beliefs than raw observation.

Finally, the fact that our full DIVR model significantly outperforms any of
the ablated variants confirms that the LHR and RGO are highly synergistic.
Principled reasoning is necessary to guide intelligent perception, and in turn,
targeted perception is required to fuel effective reasoning.



Diffusion-Based Immersive Visual Reasoning 13

Table 3: Ablation study on the contributions of the LHR and RGO modules to the
model accuracy (%). Best results are in bold.

ZInD
Reasoning Perception IQVA 360+X ————
Easy Hard
w/o LHR  Saliency 52.69 56.72 67.30 36.98
w/o LHR  CLIP 53.22 57.90 67.57 39.23

w/o LHR RGO (Ours) 54.24 5851 68.34 39.44

LHR (Ours) Saliency 53.46 57.71 66.39 37.58
LHR (Ours) CLIP 55.14 58.59 67.40 38.68
LHR (Ours) RGO (Ours) 56.75 64.72 70.45 41.89

Reasoning Step ¢,
8 6 4 2 0

84 50.38 49.20 49.90 49.69 49.32

64 50.73 51.58 49.52 49.93 49.69

44 50.23 50.87

Viewport Step t,

24 51.21

52.10 52.96

55.69

Fig.5: Analysis of the interplay between perception and reasoning throughout the
denoising process on IQVA. Each cell shows the final VQA accuracy (%) when a rea-
soning hypothesis at step ¢. is combined with evidence accumulated up to step ¢,.

4.5 Perception-Reasoning Interplay

To probe the temporal coupling between perception and reasoning, we evaluate
the model’s final answer accuracy when conditioning its answer decoder on mis-
matched intermediate states: visual evidence accumulated up to step ¢, and a
reasoning hypothesis from step ¢,. We set the number of reasoning steps to =10,
a value sufficient to capture the iterative refinement behavior while maintaining
efficiency. The performance grid in Fig. [§] reveals a strong coupling: accuracy is
highest along the diagonal (¢, = t,), confirming that perceptual and reasoning
updates must progress in parallel for optimal performance. Performance at later
stages remains high even with mismatched inputs, implying that information is
robustly accumulated and retained throughout the diffusion process.

4.6 Comparison with Human Attention

To further analyze the RGO’s learned policy, we compare the similarity of its se-
lected viewports to ground-truth human gaze patterns on IQVA. For the selected
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Table 4: Comparison between se- Table 5: Efficiency and performance trade-
lected viewports and human fixa- off analysis on the ZInD ‘Hard’ subset. For
tion maps on the IQVA dataset. reference, baselines achieve 2.83 QPS (SLiME-

8B Equirectangular) and 3.82 QPS (SPHTR).

Method NSS KL

Depth Accuracy (%) Speed (QPS)

Saliency 0.36 2.68

DIVR (Ours) 0.49 2.34 T=5 38.46 3.57
T=10 40.63 1.91
T=20 41.89 1.08

viewports, a saliency map is computed by considering the center of each view-
port as a fixation point [23]. Both maps are smoothed with the same Gaussian
kernel (1° FoV). As shown in Tab. 4] DIVR’s selections exhibit a significantly
higher Normalized Scanpath Saliency (NSS) and lower Kullback-Leibler (KL) di-
vergence [7] than a static saliency baseline. This suggests that our model learns
a dynamic, task-oriented exploration that more closely mimics human question-
answering strategies in immersive environments.

4.7 Computational Cost

The iterative nature of DIVR, while effective, is computationally more expensive
than single-pass models. However, a key advantage of DIVR is its flexible control
over the number of diffusion steps 7. As shown in Tab. [5| for the ZInD ‘Hard’
subset, with only 5 diffusion steps, the model achieves 38.46% accuracy, already
outperforming the state-of-the-art models. Increasing 7' from 5 to 20 improves
accuracy by a substantial 3.43%, at a linear cost to efficiency, measured with
queries per second (QPS). This highlights a practical trade-off, demonstrating
that deeper, iterative refinement is critical for complex questions.

5 Conclusion

We have introduced a fundamental paradigm shift for immersive visual rea-
soning, moving beyond static approaches by reframing the task as an iterative
process of probabilistic belief updating. Our proposed DIVR framework uses
a tightly-coupled, closed-loop architecture where a Latent Hypothesis Refiner
(LHR) guides a Reasoning-Guided Observer (RGO) to seek the most informa-
tive evidence, enabling a virtuous cycle of belief-guided perception. Our extensive
experiments provide conclusive evidence that this active, goal-directed paradigm
is not merely beneficial but essential, establishing a new state-of-the-art and de-
cisively outperforming passive methods on complex reasoning tasks that require
dynamic evidence gathering. While the iterative nature of our approach presents
a natural trade-off between reasoning depth and computational cost, we believe
DIVR offers a powerful and principled framework for a broad class of Al chal-
lenges that require sequential decision-making under partial observability, from
embodied Al to robotics.
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