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Figure 1. Overview of the PanoEnv framework, including the PanoEnv-QA benchmark and the RL-enhanced PanoEnv-RL model.

Abstract

360° panoramic images are increasingly used in VR, au-
tonomous driving, and robotics for holistic scene un-
derstanding. However, current Vision—Language Models
(VLMs) struggle with 3D spatial reasoning on Equirect-
angular Projection (ERP) images due to geometric distor-
tion and limited 3D supervision. We introduce PanoEny,
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a large-scale VOA benchmark built from synthetic 3D envi-
ronments, containing 14.8K questions across five categories
(e.g., relative position, attribute comparison) grounded in
accurate 3D annotations—depth, segmentation, and bound-
ing boxes. Benchmarking 14 state-of-the-art VLMs reveals
limited 3D understanding, achieving only 49.34% overall
and 8.36% on open-ended (OE) questions. To enhance
3D reasoning, we propose a reinforcement learning post-



training framework based on Group Relative Policy Opti-
mization (GRPO) with a ground-truth-guided reward com-
bining five geometry-aware strategies (e.g., distance toler-
ance, spatial consistency). A two-stage curriculum further
mitigates catastrophic forgetting: Stagef trains on struc-
tured tasks (T/F, MCQ), and Stage2 fine-tunes on mixed OE
data for generalization. Our 7B model sets a new SoTA per-
formance, improving total accuracy to 52.93% (+3.59%)
and OE accuracy to 14.83% while maintaining structured-
task performance. It also achieves top semantic scores (Q-
Score 6.24, P-Score 5.95), surpassing 32B models. These
results demonstrate that PanoEnv-QA and our curriculum-
based RL framework effectively instill 3D spatial intelli-
gence in VLMs for omnidirectional perception.

1. Introduction

Omnidirectional images (ODIs) capture a full 360° field of
view in a single panorama, providing holistic scene cov-
erage essential for VR/AR, autonomous systems, and em-
bodied agents [2, 30, 51, 52, 55-58, 60, 61, 63]. Un-
like pinhole images, ODIs retain long-range context and
off-axis relations, enabling global awareness, navigation,
and safety assessment. Recent Vision—Language Models
(VLMs) show strong generalization across diverse visual—
text modalities [7, 11, 13, 26, 27, 36, 40], yet when ODIs
are represented via Equirectangular Projection (ERP), they
face two key challenges: complex scene geometry and lim-
ited 3D supervision. These issues distort perception (e.g.,
scale and shape vary with latitude) and hinder reasoning
(e.g., 3D relations map nonlinearly to 2D ERP coordi-
nates) [8, 9, 53, 60].

Spatial questions that appear simple on perspective im-
ages—"Is object A left of B?”, “How far is A?”, “Which
is larger in 3D?”—become nontrivial on ERP panoramas.
First, ERP stretches pixels near the poles, distorting cues
learned from pinhole images. Second, ODIs require reason-
ing over long-range dependencies, as each panorama spans
multiple disjoint views with discontinuities at seams. Third,
existing VQA datasets [3, 19, 42, 48] rarely include phys-
ical ground truth (e.g., depth, 3D boxes, precise geometry)
aligned with ODIs, limiting the evaluation and learning of
3D reasoning. Prior panoramic VQA and omnidirectional
reasoning benchmarks [12, 14, 25, 47, 54] are valuable early
efforts but still lack the combination of panoramic cover-
age, dense geometry, and fine-grained, geometry-grounded
supervision needed for reinforcement learning.

To this end, we introduce PanoEnv, a large-scale VQA
benchmark designed specifically to probe 3D spatial intel-
ligence on ERP panoramas. Built from synthetic but photo-
realistic 3D environments, PanoEnv-QA offers over 14.8K
questions spanning five categories that progressively require
stronger 3D understanding: camera view source identifica-
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tion, environment identification, distance estimation, rela-
tive spatial positioning in 3D, and intrinsic attribute com-
parison (true size/shape)—all grounded in precise 3D an-
notations (depth, semantics, and 3D bounding boxes). Be-
cause questions and answers are programmatically derived
from physical ground truth, PanoEnv-QA can serve both as
areliable evaluation bed and as a source of verifiable super-
vision signals.

We evaluate 14 state-of-the-art VLMs [5, 10, 11, 15, 26,
31, 43, 45] on a challenging subset of PanoEnv-QA and
find that overall performance is low (best 49.34% accuracy),
with a near collapse on open-ended (OE) questions (best
8.36%). While some models handle binary or multiple-
choice prompts moderately well, they struggle to generate
precise, geometry-consistent responses that require metric
reasoning (e.g., distances) or composing multi-axis rela-
tions (e.g., “above and to the left of””). This behavior sug-
gests that current training paradigms bias toward 2D heuris-
tics rather than building a faithful 3D scene representation
from ERP imagery.

To bridge this gap, we propose a 3D-aware RL post-
training framework based on Group Relative Policy Opti-
mization (GRPO) [38]. Two key designs underpin our ap-
proach. First, we introduce a ground-truth-guided routed
reward with five specialized strategies aligned to ques-
tion types (e.g., numerical tolerance for distance, axis-wise
matching for spatial relations). This replaces noisy proxy
rewards (e.g., LLM judges) with supervision anchored in
physical reality. Second, we employ a two-stage curricu-
lum: Stage 1 trains on structured tasks (T/F, MCQ) to sta-
bilize policy learning; Stage 2 reintroduces OE data to re-
cover generative skills while mitigating catastrophic forget-
ting. Together, these designs significantly improve overall
accuracy and OE reasoning quality.

Starting from a 7B VLM backbone, our RL-trained
model achieves a new SoTA performance on PanoEnv-QA
(52.93% accuracy), surpassing much larger 26B/32B base-
lines. Most notably, OE accuracy improves from 6.39%
to 14.83% (+132% relative), with minimal degradation on
structured tasks. These gains demonstrate that (1) ERP-
specific geometric challenges can be addressed when train-
ing signals are physically grounded, and (2) curriculum de-
sign is crucial for balancing discrete decision-making and
free-form generation.

Overall, our work makes three contributions: @ Pa-
noEnv: a large-scale, geometry-grounded panoramic VQA
benchmark for 3D spatial intelligence on ERP images. It of-
fers five complementary categories with pixel/point-aligned
physical annotations, enabling both faithful evaluation and
RL supervision. @ Comprehensive benchmarks of 14
VLMs: we show consistent failures on 3D reasoning, espe-
cially for open-ended generation, revealing a significant gap
between current training paradigms and panoramic spatial



understanding. @ 3D-aware Curriculum-based RL post-
training: a GRPO-based framework with routed, ground-
truth rewards and a two-stage curriculum that sets a new
SOTA with a 7B model and yields large relative gains on
OE questions. A high-level overview of the dataset design,
model evaluation, and our RL framework is provided in the
teaser figure (Fig. 1).

2. Related Work

VQA and Reasoning Datasets. Visual Question An-
swering (VQA) is a core benchmark for machine intelli-
gence [18, 28, 29, 34, 39, 50, 59, 62]. Early datasets mainly
tested recognition abilities, such as identifying object at-
tributes or counts. The original VQA dataset [3] estab-
lished this paradigm, but later studies showed that models
often exploit language priors instead of genuine image un-
derstanding. VQA v2.0 [19] addressed this issue by balanc-
ing question distributions. Subsequent work shifted toward
datasets requiring higher-level reasoning rather than simple
pattern matching. Datasets like GQA [21] and CLEVR [22]
emphasize spatial and logical relationships between objects,
while VCR [49] further stresses commonsense reasoning by
asking models to justify their answers. More recent bench-
marks such as What’s-Up [23] and VSI-Bench [46] explore
spatial understanding and cognitive mapping. Despite ad-
vances, most reasoning datasets remain confined to 2D per-
spective images and compositional or commonsense logic.
Although several datasets [12, 14, 16] have emerged, they
are limited to single-agent or egocentric scenarios rather
than full-scene spatial reasoning. These gaps motivate our
work: a new benchmark for inferring 3D physical relation-
ships from 2D panoramas.

Omnidirectional VQA and Spatial Reasoning. The com-
plete field of view in 360° images makes them valuable
for immersive applications and embodied intelligence [1].
However, existing MLLMs struggle to interpret the geomet-
ric distortions and complex spatial relationships inherent in
these images. Early research such as VQA 360° [12] ex-
tended VQA to panoramic images, but the dataset is not
publicly released. Two recent works, OSR-Bench [14]
and 360-R1 [54], have significantly advanced the field.
OSR-Bench established the first large-scale panoramic spa-
tial reasoning benchmark, systematically documenting the
drawbacks of state-of-the-art models. 360-R1 created the
OmniVQA dataset and applied reinforcement learning to
enhance panoramic reasoning capabilities. Our research
builds upon these pioneering works to address remaining
gaps. It introduces higher-order, multi-object relational
questions, including: intrinsic attribute comparison (e.g.,
real 3D volume and shape), 3D position judgment, depth
comparison, surrounding environment analysis, and a
unique meta-reasoning challenge: original source view-
point judgment. Furthermore, a ‘“2D textual reference, 3D
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spatial query” paradigm is employed. This method uses an
object’s 2D attributes to generate a reference, then queries
the model about its relationships in 3D space, thereby con-
stituting a difficult cross-dimensional reasoning task.

3. Methodology

In this section, we present the construction of the PanoEnv-
QA dataset and our 3D-aware RL post-training framework,
including the GRPO optimization scheme, a multi-faceted
reward system, and a two-stage curriculum.

3.1. PanoEnv-QA Construction

3.1.1. Overview and Data Foundation

Our goal is to construct a large-scale, multi-modal QA
dataset to enhance and evaluate the spatial intelligence of
MLLMs in 360° panoramic environments across indoor,
outdoor, and synthetic scenes. The benchmark is designed
to push models beyond 2D pattern recognition toward gen-
uine 3D reasoning about scene geometry and object rela-
tions. We build upon TartanAir [41], a synthetic dataset
chosen for its precise 3D ground truth (depth and segmen-
tation), which is difficult to obtain in real-world data. For
each scene, six perspective views from the cubemap camera
setup are merged into a high-resolution ERP image. Each
ERP instance provides perfectly aligned RGB, depth, and
semantic segmentation modalities, ensuring pixel-level cor-
respondence between appearance, geometry, and semantics.
As illustrated in Fig. 2, our dataset construction pipeline
transforms multi-view TartanAir data into ERP panoramas
and structured QA pairs grounded in 3D geometry.

For systematic evaluation, our QA generation focuses on
five distinct yet complementary categories. These range
from foundational awareness of the ERP format (Camera
View Source Identification) and geometric quantification
(Object Distance Estimation) to high-level context (Envi-
ronment Identification). The most challenging categories
require true 3D reasoning about Relative Spatial Positioning
and an understanding of objects’ intrinsic physical proper-
ties through Intrinsic Attribute Comparison.

3.1.2. Question-Answer Pair Generation

PanoEnv generation pipeline automatically leverages
ground-truth data to produce diverse and challenging QA
pairs. For each panoramic scene, we conduct an object-
centric analysis using semantic segmentation maps to iden-
tify and instantiate all visible object. To ensure relevance,
we filter out small objects and amorphous background cate-
gories (e.g., sky, ground, wall). For comparative ques-
tions, object pairs with significant 2D bounding box con-
tainment are excluded to avoid trivial or ambiguous cases
(e.g., comparing a tire to the car it belongs to). For each
valid instance O;, we extract high-fidelity properties di-
rectly from its segmentation mask M;, including 2D bound-
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E Five QA categories (3D-grounded)

(©) Relative Spatial Positioning

Question Template: What is the spatial relationship of {a} relative to
{b}in the 3D world?

Question: What is the spatial relationship of streetlight A
(boundingbox: [1797, 315, 1849, 796]) relative to streetlight B
(boundingbox: [716, 496, 831, 717]) in the 3D world?

Answer: Streetlight Ais in front of and to the right of streetlight B.

@ View Source Identification

Question Template: Is {b} also visible from the primary camera
view of {a}?

Question: Is streetlight B (boundingbox: [716, 496, 831, 717]) also
visible from the primary camera view of streetlight A (boundingbox:
[1797, 315, 1849, 796])?

Answer: No.

@ Attribute Comparison
Question Template: Which of these two objects, {a} or {b}, occupies

less space in 3D?

c)3DR

uction and Proj

Question: Which of these two objects, streetlight A (boundingbox:
[1797, 315, 1849, 796]) or streetlight B (boundingbox: [716, 496, 831,
717]), occupies less space in 3D?

Answer: Streetlight B.

ﬁ Distance Estimation

Question Template: Between {a} and {b}, which one is nearer to the
camera?
Question: Between streetlight A (boundingbox: [1797, 315, 1849,

2

&

796]) and streetlight B (boundingbox: [716, 496, 831, 717]), which one
is nearer to the camera?
Answer: Streetlight A.

c) Combining segmentation and depth
forms a 3D point cloud with precise
object geometry and spatial layout.

d) Extracted objects on ERP panoramas
provide grounded instances for

guestion generation.

@ Environment Recognition

Question Template: Based on the image containing {a} and {b},
which of these environments fits the scene best: {options}?

Question: Based on the image containing streetlight A (boundingbox:

<

[1797, 315, 1849, 796]) and streetlight B (boundingbox: [716, 496, 831,
7171), which of these environments fits the scene best: ModUrbanCity,
Downtown, ModernCityDowntown, House?

Answer: ModernCityDowntown

Automatic Derivation of Answers from 3D Geometry -

Figure 2. Overview of the PanoEnv-QA construction pipeline. We convert multi-view TartanAir data into ERP panoramas and generate
geometry-grounded QA pairs using depth, semantics, and 3D projections.

ing box B;, depth statistics, camera source, 3D point cloud,
and computed volume. Followings are the five templates:

® Camera View Source Identification. This category
evaluates whether the model recognizes that an ERP image
is a composite panorama stitched from multiple perspective
views, rather than a single photo. Understanding this struc-
ture is essential for handling artifacts near seam boundaries
and reasoning about scene continuity beyond limited fields
of view. The geometric mapping from the 2D ERP to the six
cubemap views provides precise ground truth. For any pixel
(pz, py) in an ERP image of size W x H, the corresponding
spherical coordinates are:

A= (B —05)om, o= (2 -05)r

w o H
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These define a 3D unit direction vector whose dominant
axis determines the source view (e.g., front, left, top). For
each object, we sample N = 100 points from its segmen-
tation mask M; to determine its visible cameras. Objects
seen from multiple views are labeled as seam objects. QA
pairs are then generated from these attributes.

@ Object Distance Estimation. This category evaluates a
model’s ability to perform quantitative and qualitative depth
reasoning, moving beyond 2D heuristics (e.g., size as a
proxy for distance) toward true 3D understanding. Ground
truth depths are derived from the ERP depth map Dggrp.
For each object O;, we extract valid depth values D; within
its segmentation mask M;, ensuring exclusion of back-
ground and occlusions. From this distribution, we compute



key statistics—median (psg), percentiles, and inter-quartile
range (IQR)—to obtain a robust depth profile. (More details
refer to Suppl.Mat.)

@ Environment Identification. This category evaluates
high-level scene understanding and contextual reasoning,
testing whether the model can classify environments based
on object composition and architectural style in the 360°
panorama. We adopt a metadata-driven approach using Tar-
tanAir’s ground-truth environment labels, organized into
a two-level taxonomy: Scene Attribute (e.g., indoor, out-
door) and Scene Category (e.g., Urban, Nature). For
multiple-choice questions, distractors are selected semanti-
cally rather than randomly—e.g., pairing a “day” scene with
its “night” or “winter” variant—to encourage fine-grained
reasoning beyond simple keyword cues.

@ Relative Spatial Positioning. This category assesses a
model’s ability to reconstruct accurate 3D spatial relation-
ships between objects—an inherently difficult task due to
ERP distortions. We achieve this by inversely projecting
object locations from the ERP image to a unified 3D Carte-
sian space. The coordinate system is right-handed, with +Y
upward, +X rightward, and —Z forward (aligned with the
front-facing view at A = 0). For determining an object’s
single 3D locator, we use the centroid (p,py) of its 2D
bounding box and its median depth d;. We first compute its
spherical coordinates (\;, ¢;) using Eq. 1. We then convert
this spherical representation into a 3D centroid coordinate
P, = [, i, z;]T using the standard transformation:

xi = —d; - cos(¢s) - sin(Ai), y; = d; - sin(¢i),
z; = —d; - cos(¢;) - cos(\;)
The spatial relation between two objects O; and O; is de-

2
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fined as 1_/;-]- — Pi— ]3j. Linguistic labels (e.g., “above,” “in
front of”) are obtained by comparing Vi j components with
a threshold 7pos. This geometry-based approach ensures all
QA pairs are grounded in precise 3D relationships.

® Intrinsic Attribute Comparison. This category probes
the model’s understanding of intrinsic, view-independent
physical properties of objects. It moves beyond spatial lo-
cation to assess reasoning about 3D shape and size, requir-
ing the model to infer physical characteristics from 2D pro-
jections and depth information. The ground truth for this
category is derived from the 3D representation of each ob-
ject, which is constructed by projecting every pixel within
its segmentation mask A/; into 3D space. From this ac-
curate point cloud, we compute a tight 3D bounding box
and its corresponding physical dimensions (length, width,
height). These properties allow us to generate two types of
comparative questions: @ Volume Comparison: We cal-
culate the precise volume of the 3D bounding box for each
object. This allows us to generate questions asking which
of two objects is physically larger or smaller, a task that
requires the model to disentangle projected size on the 2D

9651

Table 1. Distribution of questions in the PanoEnv-QA dataset
across major categories and question types.

Major Category # Questions Percentage
Attribute Comparison 2,975 20.1%
Distance Estimation 2,975 20.1%
Relative Spatial Positioning 2,975 20.1%
Environment Identification 2,965 20.0%
View Source Identification 2,937 19.8%
Total 14,827 100%

image from true 3D volume. @ Shape Analysis: We define
a flatness score as the ratio of the smallest dimension to the
largest dimension of the object’s 3D bounding box. A score
close to zero indicates a highly anisotropic shape (e.g., flat
like a plate or elongated like a pole). This metric enables us
to ask which of two objects is “flatter” or more elongated,”
testing a nuanced understanding of 3D form.

3.2. 3D-Aware RL Post-Training

To address the significant performance gaps identified in
our baseline benchmarks (Sec. 4.2), we employ a 3D-aware
Reinforcement Learning (RL) post-training framework, as
illustrated in Fig. 3. This approach allows the model to
explore the output space and learn from a reward signal
derived directly from our dataset’s 3D ground truth. We
utilize Group Relative Policy Optimization (GRPO) [38],
a PPO [37] variant optimized for language generation, to
fine-tune the Qwen2.5-VL-Instruct model.

3.2.1. Group Relative Policy Optimization (GRPO)

GRPO is an advancement over standard PPO for language
tasks. Instead of comparing a generated policy to a fixed
reference policy, GRPO estimates the advantage by com-
paring responses within a group sampled from the current
policy. For each input prompt s, we generate K candidate
responses {ai, ..., ax } from our policy my. The advantage
A(s,ay) is computed relative to the group’s mean reward,
which serves as the baseline:
K

A(s,ax) = R(s,ar) — ;;R(s, a;) 3)
This group-relative advantage estimation provides a stable
training signal. The policy is then updated using the PPO
clipped surrogate objective LORPO [37], while a Kullback-
Leibler (KL) divergence penalty Dy (mg||mef) against the
original pre-trained policy s is added to prevent catas-
trophic forgetting. The final objective is:

£lotal = EGRPO - ﬂ - Dy, (7T9| |7Tref) (4)
where £ is a small coefficient controlling the KL penalty.
3.2.2. Multi-faceted Reward System

The core of our method is a sophisticated, multi-faceted
reward system that leverages the ground-truth annotations
from our PanoEnv-QA dataset. The total reward R(s,a) is
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3 Example reasoning from PanoEnv-RL
<reasoning> Streetlight A appears taller in 2D (481px) than Streetlight B (221px),
butit's located near the far-right edge of the panoramic image. Due to wide-
angle perspective distortion, objects at the edges appear stretched and larger
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the camera, so its bounding box better reflects its true size. After accounting for
distance and perspective, Streetlight B is physically smaller in 3D space.
</reasoning> <answer>Streetlight B</answer>
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Figure 3. Overview of our framework, including GRPO sampling, routed reward computation, and two-stage curriculum updates.

a weighted combination of accuracy and format correctness,
heavily prioritizing correctness:

R(S; a) = Wace Race (a7 a*) + Wme Rfmt(a) )
where a* is the ground-truth answer, R, and Ry, are the
accuracy and format reward components, respectively. We
set Waee = 0.9 and wgye = 0.1 to heavily prioritize answer
correctness.

Format Reward (Rgmt). A binary reward enforc-
ing output structure: Ry 1.0 if the response
strictly follows <Reasoning>...</Reasoning>
<Answer>...</Answer> (verified via regex), and
0.0 otherwise. This promotes a clear separation between
reasoning and final answer.

Accuracy Reward (Raec).
sures the correctness of
<Answer>...</Answer> tag. We employ an au-
tomatic routing mechanism that selects one of five
specialized reward strategies based on the question’s pre-
annotated type and answer format, as follows: @ Strategy
A (yes_no): For true_false questions. Performs a
strict, case-insensitive string match (e.g., “yes” matches
”Yes”, but not ’Yes, it is”’). Assigns a binary reward (1.0
or 0.0). @ Strategy B (mcq): For multiple_choice
questions. A smart subject extraction logic is used: if the
answer is a long sentence, it extracts the subject (text before
the first verb/preposition); otherwise, it uses the short
answer directly. This extracted entity is then normalized
(removing articles, punctuation, and case) and compared
to the normalized ground truth for a 1.0 or 0.0 reward.
® Strategy C (distance): For distance questions.
A numerical parser extracts values and their units. All

This component mea-
the content within the
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units (e.g., “cm”, "km”, ’ft”) are automatically converted
to meters. The reward is scaled based on the relative
error: 1.0 for <10% error, 0.5 for <20% error, and 0.0
otherwise. @ Strategy D (spatial): For spatial
relationship questions. This strategy parses the answer for
directional keywords (and their synonyms, e.g., “above”
“over”) across three independent axes (front/back,
left/right, up/down). Compares the sets of keywords for
each dimension independently. The reward is the fraction
of correctly identified dimensions (e.g., matching 2 of 3
required axes, like “behind and right” when the answer is
”behind, right, and above”, yields a reward of 0.67). ®
Strategy E (counting): For counting questions. An
exact numerical match is required. The parser supports
both digits (’3”) and textual numbers (’three”), converting
them to a standard value for comparison (1.0 or 0.0 reward).
This fine-grained, routed reward system provides a much
more accurate and targeted learning signal than a single,
generic reward function, directly leveraging the physical
ground truth inherent in our dataset.

3.2.3. Two-Stage Curriculum Strategy

Training RL on mixed-format panoramic QA is unstable
due to heterogeneous reward signals and the high entropy of
open-ended generation. We therefore adopt a two-stage cur-
riculum, consistent with curriculum learning principles [6]
and recent practices in RL fine-tuning for LLMs [33, 35].
Our design is motivated by findings in curriculum RL,
where structuring training as a progression from simpler to
more challenging subtasks reduces exploration complexity
and improves learning stability [17, 32, 44]. @ Stage 1:
Structured Pretraining. We first train solely on structured



Table 2. Overall performance and per-type accuracy breakdown of 14 baseline VLMs. LLM scores (Q-Score, P-Score) are on a 0-10 scale.

| Overall Performance

| Accuracy Breakdown by Type (%)

Model | Acc. (%) T Q-Score (0-10) T P-Score (0-10) | True/False Multiple Choice Open-Ended
InternVL2.5-8B [10] 43.64 5.32 5.60 63.59 48.29 3.00
InternVL2.5-4B 40.39 5.16 5.51 65.53 40.83 2.95
InternVL2.5-26B 47.07 5.61 5.61 64.51 54.33 3.44
DeepSeek-VL2-Tiny [43] 31.69 4.55 4.96 55.67 30.45 0.16
DeepSeek-VL2-Small 35.27 5.02 5.64 55.78 35.29 5.57
DeepSeek-VL2-Base 38.86 5.24 5.54 57.30 40.36 8.36
Llama3.2-11B-Vision [15] | 30.71 4.49 4.94 | 57.03 26.91 2.30
LLaVA-1.5-7B [31] 30.12 4.25 4.59 50.92 29.80 0.83
LLaVA-v1.6-Mistral-7B [26] 23.62 3.15 4.78 45.24 19.06 3.93
LLaVA-v1.6-Vicuna-13B 18.22 4.00 5.15 49.60 7.01 1.32
Qwen2.5-VL-3B [5] 34.54 441 4.31 53.29 36.11 3.44
Qwen2.5-VL-7B 49.34 5.60 5.48 65.19 57.24 6.39
Qwen2.5-VL-32B 42.70 5.02 4.92 62.47 44.96 8.36
Qwen3-VL-8B [4] 47.91 5.60 5.35 62.85 55.24 7.70
Average | 36.72 4.82 5.17 | 55.98 37.56 4.26

questions (MCQ and T/F). These low-entropy tasks yield
reliable rewards and allow the policy to quickly acquire
formatting discipline and stable short-form reasoning. @
Stage 2: Mixed Open-Ended Training. We then fine-tune
the model on a balanced mixture of structured and open-
ended questions. With formatting and basic reasoning al-
ready established, the model can focus on improving open-
ended spatial reasoning without suffering catastrophic for-
getting. Overall, this curriculum stabilizes optimization and
enables efficient transfer of structured skills to challenging
panoramic 3D reasoning, as validated by our ablation.

4. Experiments and Analysis

Our experiments evaluate (1) the quality of the PanoEnv-
QA dataset, (2) the zero-shot capability of existing VLMs,
and (3) the effectiveness of our 3D-aware RL post-training
framework. The section concludes with detailed ablation
studies validating every design choice.

4.1. Dataset Analysis

Following the methodology described in Section 3.1, we
generated the PanoEnv-QA dataset. The final dataset is a
large-scale collection comprising 14,827 high-quality QA
pairs derived from 595 panoramic scenes spanning 60 di-
verse virtual environments. On average, each scene con-
tributes around 25 QA pairs.

@ Question distribution and balance: A key design goal
of PanoEnv-QA is to provide a balanced testbed for spatial
reasoning. As shown in Table 1, each of the five core cate-
gories constitutes roughly 20% of the dataset, ensuring that
no single skill dominates overall model performance.

@ Answer characteristics and diversity: The dataset con-
tains 1,894 unique answers with an average length of 10.9
characters. Answer formats range from binary (e.g., “No”),
quantitative (e.g., “About 4.2 meters”), and object names
(e.g., “The carousel”) to full-sentence spatial descriptions.
Importantly, the Yes/No ratio across all binary questions
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(45.3% vs. 54.7%) prevents majority-class shortcuts. Over-
all, PanoEnv-QA is balanced, diverse, and challenging,
making it a robust benchmark for holistic spatial reasoning.

4.2. Benchmarking Baseline Models

We evaluate 14 SOTA VLMs—including Qwen-VL, In-
ternVL, and DeepSeek-VL—on a 3,040-sample test set.
Evaluation Metrics. We report: 1) Accuracy: a strict rule-
based score using specialized parsers; 2) Qwen-Score (Q-
Score) [45]; 3) Prometheus-Score (P-Score) [24].
Results and analysis. As seen in Table 2, zero-shot perfor-
mance is very low. The strongest baseline, Qwen2.5-VL-
7B, reaches only 49.34% accuracy, and open-ended accu-
racy collapses to 6.39%. These failures strongly motivate
our 3D-aware RL post-training.

4.3. RL Post-Training Results

We fine-tune Qwen2.5-VL-7B-Instruct using GRPO to im-
prove the weak Open-Ended (OE) reasoning observed in
zero-shot VLMs. All models are trained for two epochs
with group size K = 4, LoRA [20] applied to the language
decoder, and a frozen vision encoder.

Two-Stage Curriculum. Our RL procedure follows the
two-stage curriculum introduced in Sec. 3.2.3: ® GRPO-
Structured (Stage 1): trained solely on T/F and MCQ
questions using aggressive hyper-parameters to rapidly
learn format adherence and discrete decision-making. @
GRPO-Balanced (Stage 2, Ours): initialized from Stage 1
and trained on a balanced mix of all OE questions with an
equal number of structured ones, using conservative hyper-
parameters to stabilize optimization while improving OE
reasoning. As illustrated in Fig. 4, Stage 1 quickly pushes
the format reward close to 1.0 and steadily increases the ac-
curacy reward (moving average rising from approximately
0.5 to above 0.6), showing that the model rapidly masters
structured decisions under strong supervision. In Stage 2,
the format reward remains saturated from the beginning,



Table 3. Comprehensive comparison of our GRPO-trained models (Ours) against representative baselines on the PanoEnv-QA test set. All

our models are fine-tuned on Qwen2.5-VL-7B using LoRA.

Model | Total Acc. (%) 1 | T/F (%) MC (%) OE (%) | T/F+MCQ Acc. (%) | Params | Q-Score (0-10) T P-Score (0-10) 1
Qwen2.5-VL-7B (Base) 49.34 65.19 57.24 6.39 60.46 7B 5.60 5.48
Qwen2.5-VL-32B 42.70 62.47  44.96 8.36 52.46 32B 5.02 4.92
GRPO-Balanced (Ours) | 52.93 | 68.78 5890  14.83 | 62.89 | 7B | 6.24 5.95
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Figure 4. Training dynamics of our two-stage GRPO curricu-
lum. Stage 1 quickly learns output format and structured decision-
making; Stage 2 inherits this and focuses on improving OE reason-
ing under balanced training.

while the accuracy reward continues to improve from a
lower starting point, indicating that the model now focuses
on harder OE reasoning without sacrificing the learned out-
put structure.

Main Results. As shown in Table 2 and Table 3, our
GRPO-Balanced model, representing our full PanoEnv-
RL framework, achieves the best overall performance on
PanoEnv-QA with 52.9% accuracy (vs. 49.3% zero-shot).
It also attains the highest LLM-judge scores (Q-Score
6.24, P-Score 5.95) and boosts OE accuracy from 6.4% to
14.8%. Combined with the reward trends in Fig. 4, these
results demonstrate that the two-stage GRPO curriculum
effectively enhances geometry-grounded reasoning in 360°
scenes while maintaining structured outputs.

4.4. Ablation Studies

We analyze five controlled variants to assess the effects
of curriculum design and OE integration (Table 4). The
two-stage setup is crucial: GRPO-Balanced outperforms
GRPO-OneStage (50.8%) and Reverse (50.9%), achiev-
ing the best overall (52.9%) and OE (14.8%) results. Struc-
tured—mixed training yields a more stable optimization
path than training on all tasks simultaneously. GRPO-
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Table 4. Unified ablation results across all variants.

Model Variant Total | T/F MCQ OE | Q-Ser P-Scr
(%) | (%) (%) (%) | (0-10) (0-10)
Baseline (Qwen2.5-VL-7B) 493 | 652 572 6.4 5.60 5.48
GRPO-OneStage (All-in-One) 50.8 | 67.6 567 11.8 | 622 5.89
GRPO-Structured (Structured-only) | 52.3 | 69.5  60.9 5.7 6.14 5.94
GRPO-OE (OE-only) 48.6 | 66.6 523 132 | 556 5.47
GRPO-Reverse (OE—Mixed) 509 | 693 578 7.0 6.16 5.91
GRPO-Balanced (Struct—Mixed) | 529 | 688 589 148 | 624  5.95

Structured performs well on T/F and MCQ but col-
lapses on OE (5.7%), while GRPO-OE moderately im-
proves OE (13.2%) but weakens structured skills. Over-
all, GRPO-Balanced achieves the best stability and perfor-
mance across all tasks.

5. Conclusion

In this paper, we addressed the challenge of 3D spatial
reasoning in Vision—-Language Models (VLMs) on 360°
Equirectangular Projection (ERP) images, caused by ge-
ometric distortion and limited 3D supervision. We made
three main contributions. First, we introduced PanoEnv-
QA, a large-scale VQA benchmark with 14.8K questions
across five categories, built from synthetic 3D environments
and grounded in precise, verifiable 3D annotations for re-
liable evaluation and training. Second, benchmarking 14
state-of-the-art VLMs revealed major weaknesses in 3D un-
derstanding—achieving only 49.34% overall and 8.36% on
open-ended (OE) questions. Third, we proposed a 3D-
aware reinforcement learning framework based on Group
Relative Policy Optimization (GRPO), featuring a ground-
truth-guided reward with five geometry-aware strategies
and a two-stage curriculum to ensure stable learning and
prevent forgetting. Our 7B model achieves state-of-the-art
results on PanoEnv-QA (52.93% total accuracy), with OE
accuracy rising from 6.39% to 14.83% (+132% relative),
outperforming 32B models. These results demonstrate that
PanoEnv and our framework effectively enhance 3D spatial
intelligence in VLMs for omnidirectional perception.
Limitations and Future Work. While PanoEnv is built
on high-fidelity synthetic data, the synthetic-to-real gap re-
mains a challenge. Future work could focus on adapting
our RL framework to real-world 360° datasets, which often
have noisy or incomplete GT. Furthermore, extending this
spatial reasoning framework to temporal tasks in panoramic
video remains a complex and promising direction.
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