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Abstract. Multi-view 3D Visual Question Answering (MV3D-VQA) re-
quires integrating partial observations into a coherent 3D scene repre-
sentation and selecting informative viewpoints for multi-step spatial rea-
soning. However, current multimodal LLMs are typically trained with
sparse, answer-level supervision, which often yields inconsistent cross-
view reasoning and brittle view selection. We present DR-MV3D (Dense
Reward for MV3D-VQA), a map-grounded learning framework that pro-
vides dense, verifiable rewards to supervise the reasoning process. Our ap-
proach decomposes MV3D-VQA into (i) allocentric global map construc-
tion, (ii) question-conditioned view-trajectory planning, and (iii) egocen-
tric grounding for answer prediction. To make intermediate steps learn-
able without manual annotations, we introduce two rewards: a global con-
sistency reward that aligns the predicted map with geometry-consistent
pseudo targets from frozen 3D vision foundation models (e.g., VGGT
+ SAMS3), and a local trajectory reward that supervises ordered view-
point selection. We optimize the full pipeline with trajectory-level pol-
icy optimization (GRPO). Experiments on MindCube, VSI-Bench, and
BLINK (MV) show that DR-MV3D consistently improves over strong
multi-image baselines, supporting the effectiveness of process-level dense
supervision for multi-view 3D reasoning.

Code is available at: https://github.com/kaist-cvml/dr-mv3d
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1 Introduction

Recent advances in multimodal large language models (MLLMSs) [19,29,35,44,48]
have achieved remarkable progress on visual perception, visual question answer-
ing, and multimodal reasoning [6,14,44|. However, many real-world environments
are inherently three-dimensional and can only be observed through multiple par-
tial viewpoints. This has motivated growing interest in multi-view 3D wvisual
question answering (MV3D-VQA) [16,56], where a model must integrate obser-
vations from multiple viewpoints and reason about spatial relationships within
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Fig.1: Overview of DR-MV3D. Existing MLLMs trained with sparse, answer-
level supervision (left) often build inconsistent cognitive maps and misread egocentric
directions, leading to wrong answers despite plausible-looking reasoning. In contrast,
DR-MV3D (right) supervises the reasoning process with dense, verifiable rewards: a
global reward aligns the predicted allocentric cognitive map with a geometry-consistent
target from a frozen 3D vision foundation model (VFM), and a local trajectory reward
guides ordered viewpoint selection so that the model grounds the query in the correct
view (e.g., resolving the ego-direction “left” via the appropriate image) and arrives at
the correct answer.

a scene. Unlike conventional visual question answering that relies on a single im-
age, MV3D-VQA requires aggregating fragmented visual evidence across views
to form a coherent understanding of the underlying 3D scene [12,16,42,56]. Such
spatial reasoning is essential for embodied and physical intelligence [10,21,59],
where agents must operate under partial observability and reason about object
relations, occlusions, and hypothetical movements.

Despite these advances, existing MLLMs still struggle to construct and uti-
lize coherent three-dimensional spatial representations from partially observable
multi-view inputs [12,17,42,49,56]. Empirical studies on multi-view reasoning
benchmarks reveal several systematic failure modes: models frequently produce
inconsistent predictions across viewpoints, exhibit unstable reasoning under oc-
clusion, and perform close to random on compositional spatial queries that re-
quire integrating evidence from multiple views [12,16,42,56]. These observations
suggest that the core challenge is not merely the availability of visual inputs,
but the difficulty of constructing and maintaining a consistent scene-level rep-
resentation that supports structured spatial reasoning. Although MLLMs may
implicitly encode partial spatial knowledge, they often fail to align, retrieve, and
update this information coherently across viewpoints, preventing fragmented ob-
servations from being organized into a unified representation of the underlying
3D scene.
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Recent work has begun to address this limitation by introducing explicit in-
termediate representations. MindCube [42] and related studies [15,16,56] demon-
strate that providing additional views alone yields limited gains; instead, they
show that performance improves when models first construct an intermediate
representation such as a cognitive map and then reason over it. These findings
establish the map-then-reason paradigm as a promising direction: the cognitive
map functions as a persistent spatial workspace that organizes fragmented obser-
vations into a coherent scene-level structure for downstream tasks such as global
scene summarization (spatial memory) and question-conditioned view planning.

Despite this progress, several key challenges remain. First, most existing ap-
proaches rely solely on allocentric (world-centered) representations. While allo-
centric maps provide a stable global reference frame, reasoning tasks often involve
egocentric queries such as viewpoint-dependent relations or hypothetical move-
ments, creating a representation misalignment between the constructed map and
the reasoning process. Second, MLLMs often struggle to produce geometrically
consistent 3D structures even when generating intermediate maps. In contrast,
specialized 3D Vision Foundation Models (VFMs) [41,43], such as VGGT, ex-
hibit strong capabilities in multi-view geometric reasoning, including depth es-
timation, pose consistency, and object-level spatial layout reconstruction. This
reveals a clear representation quality gap between language-driven map genera-
tion and geometry-grounded vision models. As illustrated in Figure 2, cognitive
maps derived from VGGT [41] are more similar to the ground-truth cognitive
map than those generated by Qwen2.5-3B [35], suggesting that VFM-based rep-
resentations can provide more reliable structural signals for spatial reasoning.
Third, most existing reinforcement learning approaches rely primarily on sparse
rewards defined by final answer correctness, which provides limited guidance for
learning spatially structured reasoning processes.

In this work, we propose DR-MV3D (Dense Reward for Multi-View 3D rea-
soning), a map-grounded multi-view reasoning framework that explicitly ad-
dresses these challenges as in Figure 1. To resolve the allocentric—egocentric rep-
resentation misalignment (Challenge 1), our approach constructs a global allo-
centric cognitive map summarizing scene-level spatial structure from multi-view
observations, and then grounds the acquired evidence into viewpoint-aligned ego-
centric representations that match the reasoning dynamics of MLLMs. To bridge
the geometric reliability gap in language-driven map generation (Challenge 2), we
incorporate a 3D Vision Foundation Model (VFM) as a structural prior to regu-
larize cognitive map construction toward geometrically consistent 3D structure.
Conditioned on the global map and the input question, the model further plans
a question-aware view trajectory that selectively acquires evidence from infor-
mative viewpoints. Finally, to alleviate sparse credit assignment in long-horizon
multi-view reasoning (Challenge 3), DR-MV3D optimizes the entire pipeline
through trajectory-level policy optimization with a multi-level reward that is
dense along the trajectory (i.e., step-wise feedback for each view/action) [4,55],
jointly supervising map consistency, informative view selection, and final answer
correctness. To further improve the geometric reliability of the learned spatial
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Fig. 2: Cognitive map and metric comparison. Top: multi-view observations,
VFM-based scene reconstruction (VGGT+SAMS3), and similarity scores to the GT
cognitive map. The similarity is reported from three aspects: Dir. measures inter-
object directional relations (relative spatial ordering between objects), Face. measures
the facing orientation of the viewpoint, and Qverall is a weighted combination of Dir.
and Face. We compute Dir. as pairwise directional agreement and Face. as viewpoint-
facing agreement; Overall is their weighted average. Bottom: GT cognitive map, an
MLLM-generated cognitive map (Qwen2.5-3B), and a VFM-derived cognitive map.
The VFM-derived cognitive map achieves higher similarity to GT than the MLLM-
generated map, suggesting that VGGT+SAMS3 can provide a reliable pseudo-structural
signal when GT cognitive maps are unavailable.

representation, we additionally incorporate supervision from a pretrained 3D
Vision Foundation Model. Specifically, we utilize geometry-consistent scene rep-
resentations produced by models such as VGGT [41] combined with SAM3 [3]
as pseudo-structural targets. These signals softly align the MLLM-generated
cognitive maps with physically plausible 3D layouts without requiring manual
annotations.

Our contributions are summarized as follows. We propose DR-MV3D, a
map-grounded multi-view reasoning framework that integrates observations into
global allocentric representations and subsequently aligns them with egocentric
reasoning dynamics. To address the limitations of sparse supervision, we intro-
duce a dense reward learning scheme that utilizes pretrained vision foundation
models to provide step-wise feedback for both scene consistency and informa-
tive viewpoint selection. Extensive evaluations demonstrate the effectiveness of
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DR-MV3D, where our 3B model achieves competitive performance across multi-
ple benchmarks, notably reaching 66.5% accuracy on MindCube-Tiny, a 28.7%p
improvement over the baseline (Qwen2.5-3B [35]), while also delivering superior
results on VSI-Bench (37.1 Avg) and BLINK (MV) (56.4). These findings high-
light that dense structural supervision provides a more effective learning signal
for multi-step spatial reasoning than standard answer-level optimization.

2 Related Work

3D Understanding and Spatial Reasoning in VLMs/MLLMs. Recent
benchmarks and analyses show that, despite strong 2D perception and language-
driven reasoning, MLLMs remain brittle in 3D understanding under partial ob-
servability and multi-view evidence [12,15,16,27,42,49]. Multi-image or multi-
view evaluations highlight recurring failures in viewpoint consistency, relative
spatial relations, and spatial memory, suggesting that correct answers can stem
from shortcuts rather than coherent scene-level representations [12,15,42,49,50].
Prior work addresses these limitations in two complementary ways: (i) inject-
ing 3D-aware representations, such as learning compact 3D scene abstractions
from multi-view images, aligning multimodal features with pretrained 3D foun-
dations, or distilling geometric knowledge from 3D vision foundation models into
VLMs [16,18,23,24,56], and (ii) improving 3D reasoning behavior via explicit
reasoning traces/CoT supervision, perspective-aware mental imagery, or multi-
reward RL for long-horizon spatial reasoning and view selection [17,23,28,30,53].
However, such supervision is often sparse (answer-level), relies on task-specific
intermediate annotations, or distills geometric priors only into static feature
representations rather than supervising the multi-step reasoning process itself.
Our work complements these efforts by introducing dense rewards that directly
shape multi-view spatial reasoning: a global reward for cross-view scene consis-
tency and a local reward for informative viewpoint selection, enabled by scalable
pseudo-structural supervision from pretrained vision foundation models.
Verifiable Rewards and GRPO for Multimodal Reasoning. A grow-
ing body of work replaces human preference supervision with verifiable rewards [14,
37,39,46], where learning signals are computed by objective checkers (e.g., exact-
match correctness, rule-based constraints, or metric-driven evaluators). In this
paradigm, GRPO [37] has emerged as a practical reinforcement learning (RL)
optimization strategy that avoids an explicit value/critic model by estimating
baselines from group-wise samples, enabling scalable RL for reasoning behaviors.
Building on this idea, DeepSeek-R1 [14] demonstrates that strong long-horizon
reasoning can be induced primarily from correctness-based, automatically veri-
fiable rewards, reducing dependence on curated chain-of-thought supervision.
Recent extensions bring verifiable-reward RL to vision-language models by
designing rewards that evaluate intermediate reasoning steps and grounded per-
ception outputs. R1-VL [55] proposes step-wise GRPO with rule-based dense
rewards for multi-step multimodal reasoning, while Vision-R1 [54] and Visual-
RFT [33] explore vision-guided or metric-driven reinforcement fine-tuning to
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align visual reasoning and perception without human feedback. Complementary
directions improve generalization via curriculum RL [8], two-stage rule-based
RL for compact MLLMs [34], iterative self-improvement [9], and cross-modal
formalization for robust multimodal reasoning [51]. Related efforts also lever-
age reasoning-aware training to produce grounded outputs in segmentation and

referring tasks [22, 31, 32]. Despite these advances, most prior verifiable-reward
frameworks predominantly target single-view 2D settings and do not explicitly
enforce cross-view spatial consistency under partial observability, which is central
to multi-view 3D VQA.

3 Proposed Method

3.1 Problem Definition

We consider multi-view 3D visual question answering (MV3D-VQA) [12,16,42],
where a scene is observed through a finite set of viewpoints. Formally, given
images Z = {Iy,...,In} captured from different viewpoints of the same scene
and a spatial reasoning question ¢, the goal is to predict the correct answer a*.
Unlike conventional 2D VQA [1, 13], MV3D-VQA requires the model to ac-
tively aggregate fragmented information across space. We formulate the prob-
lem as trajectory-level policy optimization to reflect this active reasoning pro-
cess [45,52], where the model must sequentially determine which observations
are necessary to resolve incomplete spatial evidence. The MLLM induces a struc-
tured trajectory 7 that first builds a coarse allocentric cognitive map C?1°, then
selects a view trajectory V = (v1,...,vr) conditioned on (C?!!°, ¢). For each se-
lected view vy, it constructs a corresponding egocentric map C;®°, yielding an
egocentric map sequence C7%, that supports continued reasoning and the final
answer a. The task objective is to maximize expected answer-level reward:

max Err(1Z,q) [Rans(@(7),a")],  Rans =1I[a(7) = a™], (1)

where a(7) is the predicted answer from trajectory 7, and I]-] is the indicator
function.

3.2 Overall Framework

Our framework, DR-MV3D, addresses the objective in Section 3.1 through a
map-grounded multi-view reasoning pipeline for MLLMs. As illustrated in Fig-
ure 3, it decomposes trajectory generation into four stages:

1. Global allocentric map construction from multi-view observations,

2. Question-conditioned view trajectory planning for evidence acquisition,
3. Egocentric grounding of selected evidence for answer prediction,

4. Multi-level dense reward supervision for policy optimization.

This subsection summarizes the pipeline; detailed formulations are presented
in Sections 3.3 to 3.6. We denote by my the MLLM-induced policy over the
full reasoning trajectory, including intermediate cognitive map generation, view
selection, egocentric grounding, and answer prediction.
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Fig. 3: Overall framework with VFM-guided dense rewards. Given multi-view
observations and a question, the MLLM first constructs a global allocentric cognitive
map and plans a question-conditioned view trajectory for evidence acquisition, then
grounds the selected views into egocentric cognitive maps to predict the final answer.
During GRPO optimization, we provide multi-level verifiable rewards: Global Reward
regularizes the MLLM allocentric map toward a geometry-consistent pseudo target
produced by frozen VFMs (e.g., VGGT+SAM3); Local Reward supervises the step-
wise view trajectory by matching planned viewpoints to a reference trajectory; Answer
Reward scores answer correctness; and Format Reward enforces a valid output format.

3.3 Global Allocentric Cognitive Map

Motivated by prior work [15,42, 49|, we construct a global allocentric cogni-
tive map that summarizes scene-level geometry. An allocentric representation
facilitates a stable, world-centered coordinate system that remains invariant to
camera movement, thereby maintaining geometric consistency across disparate
viewpoints. Formally, the global map is defined as:

clo (- | 7). (2)

where 7y aggregates multi-view observations into a scene-level representation.
As an auxiliary geometric prior, we leverage a pretrained and frozen 3D Vision
Foundation Model (VFM), instantiated as a combination of VGGT and SAMS |3,
41], to produce a geometry-consistent pseudo ground-truth cognitive map,

C* = VEMS(Z) (c.q., SAM3(VGGT(T)))5 (3)
and supervise the predicted allocentric cognitive map via structural alignment:
Rglobal = sim (Cauo,c*> . (4)

This supervision anchors the learned map to a physically plausible 3D structure
without requiring manual annotations.

3.4 View-Trajectory Reasoning

Given the allocentric cognitive map C*'° and the question ¢, the policy generates

an ordered local trajectory for evidence acquisition. Conditioned on ¢, the model
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prioritizes informative viewpoints while filtering irrelevant visual noise, enabling
efficient reasoning in complex 3D scenes. Formally, the view trajectory is defined
as V = (v1,...,vr), where each viewpoint is sampled autoregressively as

Vg ~ 7T«9(' | v<t7callo, q) (5)

This stage performs local view selection grounded in the global allocentric map.
To quantify question-conditioned trajectory quality, we define a step-wise match-

ing reward against a reference trajectory V* = (vf,...,v5):
1 X
Rlocal = T ;H[vt = Uﬂ (6)

Rjocal measures the fraction of viewpoints that match the reference trajectory
at the corresponding step, providing direct supervision for ordered view plan-
ning. The reference trajectory Vx is deterministically derived from benchmark
metadata by identifying the viewpoint that best observes the queried anchor and
target objects.

3.5 Egocentric Grounding and Answer Prediction

After local trajectory planning, the model converts global evidence into egocen-
tric representations aligned with the selected views:

Cfgo ~ 7T9(' | Calloavtaza Q)v (7)

where my(+) performs coordinate rotation, spatial filtering, and reference-frame
alignment. This conversion is beneficial because MLLMs are primarily pretrained
on egocentric (view-aligned) data, and prior work has shown that perspective
alignment plays a critical role in visual-spatial problem solving and reason-
ing [15,23]. Translating abstract 3D geometry back into the model’s native rep-
resentation, therefore, maximizes reasoning performance.

This conversion ensures that local trajectory planning precedes egocentric
grounding and yields the sequence Ci%. The final answer is predicted from
trajectory-conditioned egocentric evidence:

i = arg max mo(a | V,C{%,Z,q). (8)

3.6 Reward Design and Policy Optimization

The task objective in Section 3.1 is answer-level, but optimizing only R,.s yields
a sparse learning signal for multi-step spatial reasoning. Following recent ad-
vances in dense reward learning for multi-step reasoning and vision-language
policy optimization [4,37,55], we therefore optimize the policy with a trajectory-
level dense reward that provides intermediate supervision aligned with the rea-
soning stages in Sections 3.3 to 3.5.
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Dense Reward Design. The reward for trajectory 7 is defined as:
R(T) = )\g : Rglobal + Al Riocal + Ag - Rans + )\f - R - (9)

Each term supervises a different stage of the pipeline. We reuse Rgiohal from
Section 3.3 and Rjocal from Section 3.4; the answer-level terms are defined as:

Rans = ]I[& = a*], Rent = ]I[d c Avalid]o (10)

Here, Rgiobal and Riocal provide intermediate supervision for map quality and
trajectory quality, while (Rans, Remt) supervise answer correctness and valid out-
put format. In particular, R,,s is the terminal component that directly matches
the answer-level task objective.

Policy Optimization with GRPO. We optimize my using Group Relative
Policy Optimization (GRPO) [14,37]. For each input (Z, ¢), we sample a group
of K trajectories {7;}X | using the rollout policy 7y,,, and compute dense returns
R(7;). We form a standardized group-relative advantage:

_ R(ri) - R
VESE (Rr) —R? +¢

K
_ 1
R = E;R(Tj)a Az ) (11)

o (Ti |IvQ)
6014 (Ti1Z,9)
denote the probability ratio between the current and rollout policies. The GRPO

objective is:

where ¢ is a small constant for numerical stability. Let r;(0) =

K
1
Jcrro(9) = Ez,g)~p, iR~ lK E min(ri(Q)Ai, clip(ri(e), 1—¢ 1+ E)Ai)
i=1

- BDKL(T(—Q(' ‘ I7 Q) || Trref(' | Ia q))

(12)
We update 6 by maximizing Jorpo(f) via gradient ascent. This objective sta-
bilizes policy updates without requiring a separate value network and improves
credit assignment across global mapping, view planning, and answer prediction.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate on three benchmarks: MindCube [42], VSI-Bench [49],
and BLINK (MV) [12]. MindCube tests view-dependent 3D spatial reasoning and
directional consistency. The dataset consists of 10K training examples and a 1K
evaluation set (MindCube-Tiny); throughout the Experiments section, we denote
MindCube-Tiny as “MindCube” for simplicity. VSI-Bench focuses on embod-
ied route planning and compositional spatial relations. BLINK (MV) evaluates
multi-view multimodal reasoning under partial and distributed visual evidence.
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Baselines. We compare against representative multi-image MLLM baselines [6,
7,19,35,38,48,58] and prior 3D-aware approaches [2,42,47,56].

Evaluation Metrics. We follow standard benchmark protocols: accuracy for
MindCube and BLINK (MV), and per-category scores with an overall average
(Avg) for VSI-Bench.

Implementation Details. DR-MV3D is built on Qwen2.5-VL-3B-Instruct [35].
We first perform supervised fine-tuning (SFT) to learn the structured 3D rea-
soning pipeline, and then further optimize the model with GRPO using the
proposed dense reward. In addition, we construct a pseudo-allocentric cognitive
map using VGGT [41] and SAM3 [3], which provides global spatial context for
downstream reasoning.

4.2 Performance Evaluation

MindCube. We compare DR-MV3D with prior approaches on the MindCube
benchmark. Results in Table 1 show that our model achieves the best overall
accuracy among open-weight multi-image models. The vanilla Qwen2.5-VL-3B-
Instruct baseline scores 37.8 overall, indicating that direct prompting alone is
insufficient for reliable multi-view spatial reasoning on this benchmark. With
supervised fine-tuning (SFT), the overall accuracy increases to 62.4, and dense-
reward GRPO further improves it to 66.5. The improvement is most pronounced
on Among and Around, which require compositional reasoning over multiple
views and consistent interpretation of relative relations. Our GRPO model reaches
71.3 on Among and 73.6 on Around, substantially improving both categories
compared to the instruct baseline. Moreover, our approach surpasses prior map-
based baselines trained on the same backbone family, including MindCube-
CGMap-SFT (54.4 overall) and MindCube-CGMap-FFR-RL (53.7 overall). This
suggests that dense intermediate supervision provides a more effective learning
signal for multi-step spatial reasoning than answer-only optimization, and it im-
proves the model’s ability to integrate evidence across views. This behavior is
illustrated in Figures 4 and 5, where the baseline misinterprets ego-directions
and selects incorrect viewpoints, whereas our model selects an informative view-
point based on the inferred egocentric map and arrives at the correct answer via
step-wise reasoning. Additional qualitative examples and analyses are provided
in the supplementary material.

VSI-Bench. We evaluate sequential route planning from multi-view observa-
tions and report four criteria: Route Plan (route planning), Rel. Dir. (relative
direction), Rel. Dist. (relative distance), and App. Order (object appearance or-
der). As shown in Table 2, our GRPO model achieves the best average score
(37.1) among the compared methods. Our model also attains the comparable
results on Route Plan (32.4), Rel. Dir. (46.6), and Rel. Dist. (37.8), which di-
rectly measures planning quality and directional reasoning across a sequence
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Table 1: Results on MindCube (MindCube-Tiny). We report accuracy (%)
on the three question categories (Rotation, Among, Around) and the overall score,
comparing against proprietary and open-weight multi-image MLLMSs as well as prior
3D-aware methods. Our model, built on Qwen2.5-VL-3B, consistently improves with
SFT and further gains from GRPO with dense rewards, achieving the best overall
performance among open-weight baselines. Anno. indicates whether ground-truth in-
termediate cognitive-map/trajectory annotations are used during training.

Method Params Anno. MindCube-Tiny

Rotation Among Around Overall

Random (chance) - X 38.0 37.0 32.8 34.9
Random (frequency) - X 35.7 33.3 31.8 33.0
Proprietary Models

GPT-4.1 [19] - X 60.0 46.7 55.0 49.6
Gemini-2.5-Pro [6] - X 85.0 49.2 58.3 59.3
GPT-5 [38] - X 94.5 38.2 68.4 56.3
Open-Weight Multi Image Models

Bagel-MoT |[7] 7B X 34.5 31.3 42.8 34.7
Qwen2.5-VL-Instruct [35] 3B X 34.0 36.0 45.2 37.8
Qwen2.5-VL-Instruct [35] 7B X 37.5 31.2 38.0 34.0
Qwen3-VL-Instruct [48] 4B X 26.0 26.7  46.0 31.1
Qwen3-VL-Thinking [48] 4B X 55.0 28.7 44.8 37.5
InternVL3 [58] 2B X 28.9 36.9 45.6 37.5
InternVL3 [58] 8B X 36.5 38.1 53.6 41.5
Spatial-MLLM [47] 4B X 32.5 47.5 35.0 42.8
MindCube-RawQA-SFT (Qwen2.5-VL-Instruct) [42] 3B v 34.0 51.0 67.6 51.7
MindCube-CGMap-SFT (quen2 5-vL-Instruct) [42] 3B v 345 542 708  54.4
MindCube-CGMap-FFR-SFT (Guen2.5-vL-tnstruct) [42] 3B v 315 498  65.6  50.1
MindCube-CGMap-FFR-RL (Quwon2.5.vL-mstruct) [12] 3B v 33.0  53.7 704  53.7
SenseNova-SI(gagel-MoT) [2] 7B X 37.5 57.1 46.8 50.8
SenseNova-SI(internvLs) [2] 2B X 33.5 44.4 40.0 41.2
Think3D (Quens-vi-rr) [56] 4B x 417 350 39.2  41.7
DR-MV3D (Ours)(qQwen2.5-VL-Instruct w/ SFT) W/0 Anno. 3B X 36.5 52.2 64.0 53.6
DR-MV3D (OUTS) (Quen2. 5-VL-Instrict w/ SET) 3B v 42.0 663 69.2  62.4
DR-MV3D (Ours)(Qwen2.5-VL-Instruct w/ SFT 4+ GRPO) W/0 Anno. 3B X 36.5 60.7 67.6 57.7
DR-MV3D (Ours)(Qwen2.5-VL-Instruct w/ SFT + GRPO) 3B v 430 71.3 173.6 66.5

of observations. These gains suggest that dense-reward training transfers be-
yond single-turn QA and improves navigation-style evaluation, and this requires
maintaining a consistent egocentric frame over time. Relative to the Qwen2.5-
VL-3B-Instruct baseline with 30.4, SFT improves the average score to 34.2, and
GRPO provides an additional gain to 37.1 while retaining a compact 3B param-
eter budget. Overall, the results indicate that our training strategy generalizes
to sequential decision-style reasoning from multiple frames beyond static multi-
view question answering.

BLINK (MV). We further evaluate transfer to BLINK (MV), which tests dis-
tributed multi-view multimodal reasoning. As shown in Table 3, the Qwen2.5-
VL-3B baseline scores 42.1, while our SFT model improves to 54.9, and GRPO
further increases it to 56.4. Our GRPO model outperforms large models such as
RoBoBrain (55.6) and matches or slightly exceeds Spatial-MLLM (56.0), while
also improving over prior RL variants, including Think3D (Qwen3-v1-4B-T3RL)
(53.4). Significantly, these gains are obtained with the same 3B backbone, which
suggests that the improvement comes from the proposed training signal rather
than model scaling. These outcomes indicate that dense intermediate super-
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Table 2: VSI-Bench results. Comparison with multi-image MLLMs and 3D-aware
baselines.

Method Route Plan Rel. Dir. Rel. Dist. App. Order Avg
LLaVA-OneVision-0.5B [25] 34.5 36.9 28.9 5.8 26.5
LLaVA-OneVision-7B [25] 29.4 35.2 42.5 24.4 32.9
VILA-1.5-8B [26] 31.0 34.8 32.1 24.8 30.7
InternVL2-2B [5] 30.4 44.1 32.1 6.3 28.2
InternVL2-8B [5] 28.9 33.4 38.0 46.4 36.7
Qwen2.5-VL-3B-Instruct [35] 27.3 43.8 25.9 24.4 30.4
DR-MV3D (OUrs)(quwen2.5-VL-35-Instruct w/ SET) 30.9 43.9 35.1 26.9 34.2
DR-MV3D (Ours)(QWEHQ_5,\/1,33.1nstnwt w/ SFT + GRPO) 32.4 46.6 37.8 31.4 37.1
Table 3: Results on BLINK (MV). Table 4: Ablation of components in SFT.
Method BLINK (MV)  Allo. Traj. Ego. Overall
Proprietary Models Map Map
GLM-4.5V [40] 39.9
gg:éiollii»[]%] ;22 w/o SFT (Vanilla Qwen2.5-VL-3B-Instruct)
Gemini-2.5-Pro [6] 449 X X X 37.8
Open-Weight Models w/ SFT
RoBoBrain [20] 55.6 v X X 52.8
Spatial-MLLM [47 56.0
VIML3R (1] e 414 X v X 58.2
REVPT [57] 51.9 X X v 52.2
Qwen2.5-VL-3B [35] 421 v/ x 4 53.6
Qwen3-VL-4B [45] 47.9
QwenS—VL—AlB—G;(PO [48] 52.4 v v v 62.4
Qwen3-VL-4B-T3RL [48] 46.1 - -
Think3D (Quenz-vi-ap) [56] 48.6 Table 5: Ablation on rewards in GRPO.
Think3D(quens vi-45.TsrL) [56] 53.4
DR-MV3D (Ours)(quens.5-VL-3B-Instruct w/ SET) 519
DR-MV3D (Ours)(Qwen2.5-VL-3B-Instruct w/ SFT + GRPO) 56.4
Answer Global Local Overall
& format
v X X 63.8
v v X 64.9
v v v 66.5

vision generalizes beyond MindCube-style evaluation and improves multi-view
reasoning when the answer requires fusing evidence across distributed views.

4.3 Ablation Study

We conduct ablations on MindCube-Tiny to analyze the contribution of (i) the
supervision components used in SFT and (ii) the reward design used in GRPO.

Component ablation in SFT. As shown in Table 4, intermediate supervi-
sion is most effective during SF'T when multiple components are combined. The
vanilla Qwen2.5-3B baseline without SFT achieves 37.8 overall. When we enable
a single component, supervising the allocentric map reaches 52.8, supervising
the egocentric map reaches 52.2, and supervising only the trajectory reaches
58.2. Supervising both maps improves the score to 53.6, suggesting that the two
map representations provide complementary supervision but are not sufficient
on their own. Furthermore, adding trajectory supervision for local-view selection
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(a) Multi-view images (b) Scene from VFM (¢) CogMap with ego-directions

Question: If | am standing at the same spot and facing the same direction as shown in Image 1, what is behind me?
Choices: A. Window (GT) B. Lots of toys C. Wall  D. Printed glass door

MindCube-SFT: <think> ... The opposite view of the first view is the third view. As “printed glass door” is observed
behind “toy helicopter” in the third view, it means that in the first view, “printed glass door” is positioned behind me.
. So the answer is “D. Printed glass door”. </think>

DR-MV3D (Ours): <think> (1) Selecting a view: The question uses Image 1, so we should consider the viewpoint at
Image 1. (2) Egocentric layout: The asked direction is “behind”. In the EgoMap, “Window" has ego_direction=*“back”,
so it matches “behind”. (3) Confirming in Image 3: “Window" can be checked in Image 3. The direction decision comes
from the egomap ego_direction for the asked viewpoint. (4) Therefore, the answer is “A. Window”. </think>

Fig. 4: Qualitative comparison (Among). Multi-view observations and cognitive-
map-based reasoning for an Among query (MindCube). The baseline confuses ego-
centric directions and predicts an incorrect object, whereas our method follows the
ego-direction cues in the predicted cognitive map step by step and selects the correct
answer.

yields the best performance of 62.4. This ablation indicates that strong perfor-
mance benefits from jointly constraining global spatial structure and step-wise
reasoning signals, rather than relying on a single intermediate target.

Reward ablation in GRPO. We also study the effect of reward design during
GRPO, as summarized in Table 5, starting from an SFT model that already
produces valid answers and formats. Using only the answer-and-format reward
yields 63.8 overall. Adding the global reward improves performance to 64.9,
and incorporating both global and local rewards achieves the best result of 66.5.
These consistent gains suggest that answer-level optimization alone does not fully
capture multi-step spatial reasoning quality, while dense intermediate rewards
provide complementary improvements.

5 Conclusion

We presented DR-MV3D, a dense-reward learning framework for multi-view
3D visual question answering (MV3D-VQA) under partial observability. Our
method formulates MV3D-VQA as trajectory-level policy optimization: the agent
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(a) Multi-view images (b) Scene from VFM (¢) CogMap with ego-directions

Question: If | am standing at the same spot and facing the same direction as shown in image 2, then | turn 90 degrees
to the left, what is to my right?
Choices: A. Study table and black chair B. Bed C. Window (GT)

MindCube-SFT: <think> ... From the perspective of image 2: ‘bed’ is in front, ‘window’ is to the right, ‘study table
and black chair’ is behind. After turning 90 degrees to the left: ‘window’ is now to my right, ‘study table and black chair’
is now behind me. ... So the answer is “B. Bed”. </think>

DR-MV3D (Ours): <think> (1) Selecting a view: After turning “left” from Image 2, it corresponds to the facing direction
of Image 1, so we should consider the viewpoint at Image 1. (2) Egocentric layout: The asked direction is “right”. In
the EgoMap, “Window" has ego_direction=*“right”, so it matches “right”. (3) Confirming in Image 2: “Window" can
be checked in Image 2. (4) Therefore, the answer is “C. Window”. </think>

Fig.5: Qualitative comparison (Rotation). Multi-view observations and
cognitive-map-based reasoning for a Rotation query (MindCube). The baseline fails to
track the rotated egocentric frame and selects the wrong object, whereas our method
maintains consistent ego-direction reasoning under rotation and predicts the correct
answer.

constructs an allocentric cognitive map to maintain global scene coherence, se-
lects question-conditioned viewpoint trajectories to acquire informative evidence,
and aligns observations into egocentric maps for step-wise reasoning and answer
prediction. To make these intermediate processes learnable, we introduce dense
rewards that directly supervise cross-view consistency and viewpoint selection
using pseudo-structural signals from vision foundation models. Experiments on
MindCube, VSI-Bench, and BLINK show consistent gains over strong supervised
baselines, highlighting the value of process-level supervision for 3D reasoning.
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