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Fig.1: Overview of our work. Left: We introduce PAP-12K, the first large-scale
benchmark dedicated to panoramic affordance prediction, featuring ultra-high resolu-
tion (12K) imagery, rich reasoning-based QA pairs, and explicitly capturing unique
panoramic challenges (geometric distortion, boundary discontinuity, and extreme scale
variations). Right: We propose the PAP framework, which mimics human foveal vi-
sion to tackle these challenges. It employs Recursive Visual Routing for efficient coarse
localization, an Adaptive Gaze mechanism to rectify spatial distortions, and Cascaded
Affordance Grounding for precise instance-level mask extraction.

Abstract. Affordance prediction serves as a critical bridge between per-
ception and action in embodied AI. However, existing research is con-
fined to pinhole camera models, which suffer from narrow Fields of
View (FoV) and fragmented observations, often missing critical holis-
tic environmental context. In this paper, we present the first exploration
into Panoramic Affordance Prediction, utilizing 360-degree imagery
to capture global spatial relationships and holistic scene understand-
ing. To facilitate this novel task, we first introduce PAP-12K, a large-
scale benchmark dataset containing over 1,000 ultra-high-resolution (12k,
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11904x5952) panoramic images with over 12k carefully annotated QA
pairs and affordance masks. Furthermore, we propose PAP, a training-
free, coarse-to-fine pipeline inspired by the human foveal visual sys-
tem to tackle the ultra-high resolution and severe distortion inherent
in panoramic images. PAP employs recursive visual routing via grid
prompting to progressively locate targets, applies an adaptive gaze mech-
anism to rectify local geometric distortions, and utilizes a cascaded ground-
ing pipeline to extract precise instance-level masks. Experimental results
on PAP-12K reveal that existing affordance prediction methods designed
for standard perspective images suffer severe performance degradation
and fail due to the unique challenges of panoramic vision. In contrast,
PAP framework effectively overcomes these obstacles, significantly out-
performing state-of-the-art baselines and highlighting the immense po-
tential of panoramic perception for robust embodied intelligence.

Keywords: Affordance - Panoramic Vision - Embodied Al

1 Introduction

Affordance [9] defines the action possibilities that an environment offers to an
agent. As a critical intermediate representation, it serves as the bridge connect-
ing visual perception with actionable capabilities in embodied AI. By explicitly
mapping the functionality of the environment—identifying where and how an
agent can interact—affordance prediction provides invaluable semantic informa-
tion for downstream robotic applications, ranging from task planning and tool
usage to complex object manipulation.

To interact seamlessly within complex 3D environments, embodied agents
require not just local action cues, but global situational awareness. However,
existing research in affordance prediction |36}38}/49] is predominantly confined
to the “Pinhole Camera Model”. This reliance inherently suffers from a restricted
Field-of-View (FoV), or “tunnel vision”, which fragments the environment into
incomplete observations. In practical scenarios, this limitation forces robots to
frequently reorient themselves to gather sufficient environmental information,
thereby increasing time costs and computational memory burdens. Furthermore,
the lack of a holistic view means agents often miss critical environmental cues
or potential interaction targets located in their periphery or rear, leading to
inefficient task planning and suboptimal decision-making.

Panoramic cameras offer a natural solution to this bottleneck. By capturing
a 360° FoV in a single shot, they preserve global spatial relationships and enable
holistic scene understanding. Currently, panoramic vision is widely used to help
agents “see” the global environment, such as in spatial navigation [4,/13] and
scene understanding [8],/50]. However, its potential to help agents “act” through
affordance reasoning is still largely unexplored. Moving affordance prediction
into a panoramic view is a critical step forward for embodied Al

Bridging this gap, we make the first exploration into the task of Panoramic
Affordance Prediction. First, to address the absence of suitable benchmarks
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in this emerging domain, we introduce PAP-12K, a high-resolution, large-scale
benchmark dataset designed for panoramic affordance prediction. As shown in
Fig. [[ PAP-12K comprises over 1,000 images with ultra-high 12K resolution
(11904 x5952), captured across hundreds of scenes that span 12 distinct cate-
gories, such as daily life, work, and entertainment. PAP-12K are also carefully
annotated with over 12k image-question-answer pairs along with corresponding
affordance masks, covering diverse objects and tasks. Moreover, we have care-
fully designed the dataset to incorporate the unique challenges of 360° ERP
imagery, including geometric distortion, extreme scale variations, and boundary
discontinuity. Extensive experiments on the existing state-of-the-art (SoTA) af-
fordance prediction methods inherently designed for standard perspective images
reveal that they suffer severe performance degradation and largely fail when di-
rectly applied to panoramic environments. These pipelines struggle to effectively
handle the unique challenges posed by 360° imagery, particularly the ultra-high
resolution and severe spatial distortions.

To tackle these challenges, we propose PAP, a training-free, coarse-to-fine
pipeline inspired by the human foveal visual system. PAPmimics how humans
visually scan a broad scene before focusing on a specific target. Specifically, the
framework operates in three logical stages: (i) To handle extreme scale variations
and resolution burdens, we introduce Recursive Visual Routing via Grid Prompt-
ing. This progressively guides Vision-Language Models (VLMs) to efficiently lo-
cate the general area of target tools. (ii) Once the target region is localized,
an Adaptive Gaze mechanism steps in. It projects this specific spherical region
onto a tailored perspective plane, effectively eliminating the geometric distor-
tions and boundary discontinuities inherent to ERP images. (iii) Finally, with
a distortion-free local patch secured, a Cascaded Affordance Grounding module
deploys robust 2D visual foundation models to extract precise, instance-level
affordance masks. On our proposed PAP-12K, PAP overcomes the unique chal-
lenges of 360° imagery without the need for specialized panoramic fine-tuning,
and achieves SOTA performance, underscoring the immense potential of omnidi-
rectional perception for advancing embodied Al. In summary, our main contri-
butions are threefold:

0 New Task Formulation: To the best of our knowledge, we make the first
exploration into the task of Panoramic Affordance Prediction.

1 Pioneering Benchmark: We introduce PAP-12K, a large-scale, ultra-
high-resolution (12K) benchmark dataset explicitly designed for panoramic
affordance prediction. It provides rich annotations while encapsulating the
unique challenges of 360° ERP imagery.

d Novel Framework & SoTA Performance: We propose PAP, a training-
free, fovea-inspired pipeline. Our method effectively overcomes challenges of
panoramic images, achieving state-of-the-art performance.



4 Z. Zhang, C. Liao et al.

2 Related Work

Affordance Prediction: The concept of affordance [9] defines how embodied
agents interact with objects in dynamic physical environments. Predicting af-
fordance is pivotal for downstream embodied tasks, bridging the gap between
perception and manipulation by informing task planning [27},39], object inter-
action |11}44], and tool usage [14,|28,|48]. Consequently, it has been widely
integrated into numerous robotic systems [29}34}41,43]. Early learning ap-
proaches [16,20,26,32] typically formulated the problem as a regression task
to predict masks or heatmaps; however, they were often limited to task-specific
inferences, lacking robust reasoning capabilities and generalization. With the
advent of Vision-Language Models (VLMs) [5,/15L[42], recent methods |31}[36}38]
have leveraged fine-tuning strategies to interpret complex task instructions and
generate corresponding affordance maps. Most recently, A4-Agent [49] proposed
an agentic framework that decouples reasoning and grounding, achieving strong
performance in both areas.

Despite these advancements, existing affordance research relies predominantly
on single-frame imagery from pinhole cameras. This restricted “tunnel vision”
fragments the environment, forcing robots to perform task planning without a
holistic understanding of the scene. Consequently, critical spatial context and
potential interaction targets outside the current view are often missed, limiting
the applicability of current methodologies in complex real-world scenarios.

Panoramic Vision: Panoramic images offer a 360° field of view, fundamen-
tally distinguishing them from the limited perspective of pinhole cameras. By
capturing the entire environment in a single shot, panoramic sensors preserve
complete spatial context and global geometric relationships. Despite inherent
processing challenges like distortion and scale variation [23|, the advantage of
“seeing everything at once” has made panoramic vision a crucial enabler for
scene understanding [23},51], virtual reality [24], autonomous driving [30], and
embodied Al |35|. In Embodied Intelligence, this omnidirectional capability ef-
fectively eliminates blind spots. For autonomous navigation and SLAM, it al-
lows agents to maintain stable tracking of landmarks and build consistent maps
without frequent reorientation [4,37]. Beyond navigation, 360° visual inputs sig-
nificantly enhance an agent’s ability in manipulation tasks [18] and facilitate
precise localization |12]. Furthermore, integrating panoramic vision with multi-
modal large language models has opened new avenues for spatial reasoning and
question answering |7,/47], achieving a level of environmental completeness that
pinhole-based systems cannot match.

Despite the promising applications of panoramic vision in embodied intel-
ligence, its potential for affordance reasoning remains largely unexplored. To
bridge this gap, we dive into the field of panoramic affordance prediction. By
leveraging the holistic 360° context, we aim to empower embodied agents with
a comprehensive understanding of action possibilities across the entire environ-
ment, addressing the critical limitations of narrow-field observations.
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Table 1: Comparison of our proposed PAP-12K with existing affordance and
panoramic datasets. Some Dataset has various resolutions, we adopt the largest reso-
lution for comparison.

Dataset ‘ Affordance Type # Images # QAs Resolution FoV Data Source
Affordance Datasets
UMD lﬁl Action Category 30k - 640 x 480 ~ 50° Real-world Capture
ReasonAff Instruction & Reasoning 3k 3k 2000 x 1500  ~ 30° Web Crawled
HANDAL Action Category 200k - 1920 x 1440  ~ 50° Real-world Capture
3DOI Action Category 10k - 1920 x 1080  ~ 70° Real-world Capture
RAGNet |38 Instruction & Reasoning 273k 273k 1920 x 1440  ~ 50° Web Crawled
Panoramic Datasets
SUN360 - 67.6k - 9104 x 4552 360° Multi-view Stitching
Matterport3D |3 - 10.8k - 2048 x 1024 360°  Multi-view Stitching
Stanford2D3D - 1.4k - 4096 x 2048 360°  Multi-view Stitching
ReplicaPano - 2.7k - 1024 x 512 360°  Synthetic Rendering
DeepPanoContext - 1.5k - 1024 x 512 360°  Synthetic Rendering
Thinking-in-360 - 3k - 7680 x 3840 360° ‘Web Crawled
Realsee3D Im - 10k - 1600 x 800 360° Multi-view Stitching
Panoramic + Affordance Datasets
PAP-12K (Ours) ‘ Instruction & Reasoning 1k 13k 11904 X 5952 360° Native 360° Camera
3 PAP-12K

3.1 Dataset Overview

We introduce PAP-12K, the first and large-scale benchmark dataset dedicated
to panoramic affordance prediction. PAP-12K has three key features:

@ Ultra-High Resolution: To support fine-grained affordance analysis, our
images are captured at an ultra-high resolution of 11904 x 5952. As shown
in Table[T} this resolution not only far exceeds that of existing affordance datasets,
but also surpasses standard 360° panoramic datasets. Such a collection of high-
quality panoramic images itself provides a valuable resource for the research
community. Furthermore, unlike most panoramic datasets relying on multi-view
stitching or synthetic rendering from RGB images, PAP-12K is natively captured
using professional 360° cameras in real-world environments. This authentic cap-
turing process makes the data much closer to downstream applications, while
allowing for the detection of small objects and subtle affordance cues that are
often lost in lower-quality imagery.

@ Rich QA Pairs and Masks: Re— TP
We provide over 13,000 carefully - DC it , \
annotated question-answer pairs. oy el Gm';fg,lﬂngewdmcerss i

. . . . acro: v
Aligning with the latest advance- A f{]rmmm Wcm 9'055

standina.stand -

ments in affordance datasets (e.g.,
ReasonAff [36] and RAGNet [38]),
our QA pairs are specifically de-
signed to require complex reason-
ing rather than simple percep- i
tion. Each pair is associated with f'e“v" P 14 S aNIACH:
a precise pixel-level segmentation Fig. 4: Word Cloud of Questlons in PAP-12K.
mask, grounding the affordance in the visual domain. This moves beyond simple
classification to require explicit logical deduction and precise localization.

Foom s
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l Challengel: Geometric Distortion
Q: Where should | go to lie down for a nap? Q: Which device will help me reach the next floor?
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Q: Which device on the ceiling is used for continuous monitoring? Q: Where can | suspend clothes hangers for air-drying clothes?
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Fig. 2: PAP-12K specifically features three challenges inherent to 360° panoramic im-
agery and ERP: (1) Geometric Distortion (e.g., the bed and the elevator); (2) Extreme
Scale Variations (e.g., the extremely small security camera and the extremely large
curtain); (3) Boundary Discontinuity (e.g., the drying rod and the fire hose).

® Panoramic-Specific Challenges: A key design philosophy of PAP-12K is
to explicitly incorporate challenges inherent to 360° panoramic imagery and
Equirectangular Projection (ERP). As shown in Fig. 2| PAP-12K includes: 1)
Geometric Distortion: Objects in ERP images suffer from severe stretching,
particularly near the poles. PAP-12K includes varied affordance targets with
high distortion to evaluate model robustuess. 2) Extreme Scale Variations: Be-
cause panoramas capture an unconstrained 360° environment, the visual scale
of interactive objects fluctuates drastically. While some objects appear promi-
nent, others occupy an exceptionally small proportion of the total pixels. PAP-
12K carefully curates this massive range of scales—with a particular focus on
these minute, sub-scale targets—to test a model’s ability to localize fine-grained
details within a massive global context. &) Boundary Discontinuity: In the ERP
format, continuous objects or surfaces are often split at the left and right image
boundaries. So we have also included some cases where affordance regions wrap
around these boundaries, requiring models to reason about continuity rather
than treating the image as a static 2D plane.

3.2 Dataset Statistics

As illustrated in Fig. [3] we present the comprehensive statistics of the PAP-
12K dataset, categorizing the data across 12 diverse indoor scene types. In total,
the dataset comprises 1,003 ultra-high-resolution panoramic images, 6,103 anno-
tated object instances, and 13,493 affordance-related questions. The distribution
demonstrates a rich variety of everyday environments. Notably, primary living
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Fig. 3: Statistics of the PAP-12K. (Left) Scene distribution with 1,003 high-
resolution panoramic images; (Middle) Object distribution featuring 6,103 annotated
object instances; (Right) Question distribution comprising 13,493 affordance questions.

spaces such as Bedrooms, Bathrooms, Kitchens, and Livingrooms constitute a
significant portion of the data across all three hierarchical perspectives (images,
instances, and questions). Such a data distribution is intentionally designed to
align with the core operational domains of future home assistants and general-
purpose robots, bridging the gap between static dataset evaluation and practi-
cal downstream robotic applications. This well-distributed and diverse collection
therefore provides a robust foundation for training models capable of complex,
real-world panoramic affordance reasoning in human-centric environments.

It is worth emphasizing that PAP-12K is not restricted to human-centric
home scenes. Beyond domestic spaces, the 12 scene types also encompass
broader embodied environments, including industrial-style settings such as Work-
shop (e.g., Fig. ?7) and activity-oriented spaces such as Gym (which also covers
outdoor-activity areas, e.g., Fig. ??). Our deliberate emphasis on indoor living
spaces stems from our primary focus on embodied-agent deployment, especially
home and service robots, whose interaction scenarios are predominantly indoor.
We nonetheless regard the extension of PAP-12K towards more complex, clut-
tered industrial and outdoor environments as a valuable direction for future
expansion.

3.3 Dataset Construction

Panoramic Image Collection. All panoramic images were captured using the
Insta360-X5, a state-of-the-art professional high-resolution panoramic camera
that can capture images at 12K resolution. To ensure high fidelity and simulate
realistic robot viewpoints, we employed a professional tripod for stabilization and
utilized delayed shooting to eliminate human obstruction from the field of view.
Notably, we randomly adjusted the tripod height across different data collection
sessions. This variation shifts the camera’s equatorial plane, resulting in varying
degrees of geometric distortion for objects at different elevations, which poses a
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Fig. 5: Illustration of the PAP framework.

N2S

realistic challenge for visual perception. For each scene (e.g., the same bedroom),
we captured 2 to 4 different images by varying the camera’s angle and height, as
well as randomly shuffling object arrangements. Consequently, through extensive
staging across hundreds of scenes, we collected over 1,000 high-quality, object-
rich panoramic images.

Annotation Process. With the high-quality panoramic images collected, the
next step involves generating question-answer pairs and corresponding segmen-
tation masks. We decompose this annotation process into two distinct phases.
1) Question Formulation: The first phase aims to construct valid action/task
instruction-object pairs based on the visual content. To streamline this process,
we developed an automated agent powered by a Multimodal Large Language
Model (MLLM) to generate candidate pairs. While the agent produces a diverse
set of instructions, some generated pairs may contain inaccuracies. Therefore,
we conducted rigorous multi-round manual verification to ensure high quality
and eliminate ambiguity. 2) Mask Segmentation: The second phase focuses on
obtaining precise segmentation masks for the identified objects. This process was
done manually with a specifically designed annotation tool. 8) Final Verification:
The final step involves a comprehensive review of the generated question-answer
pairs and segmentation masks to ensure high quality and eliminate ambiguity.

4 PAP

4.1 Overview

Panoramic images offer rich global context but present two critical challenges
for affordance prediction: the ultra-high resolution hinders VLMs from precisely
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capturing fine-grained targets, and Equirectangular Projection (ERP) distor-
tions create a severe domain gap that degrades foundation model performance.
To tackle these, we propose PAP, a training-free, coarse-to-fine pipeline inspired
by the human foveal visual system. Instead of processing 360° scenes with uni-
form acuity, humans use peripheral vision to locate regions of interest, direct their
gaze for a clear view, and perform detailed parsing. Mirroring this, PAP operates
in three stages (Fig. |5)): Recursive Visual Routing via Grid Prompting (Sec. [4.2))
leverages VLMs for coarse spatial localization. Then, Adaptive Gaze (Sec. |4.3))
eliminates geometric distortions to bridge the domain gap. Finally, a Cascaded
Affordance Grounding pipeline (Sec. deploys an Open-Vocabulary Detector
(OVD) and the Segment Anything Model (SAM) within the rectified patch for
precise instance-level segmentation.

4.2 Recursive Visual Routing via Grid Prompting

While existing VLMs possess strong semantic reasoning capabilities for deducing
implicit affordances (i.e., inferring what tool is needed for a task), they inherently
struggle with precise spatial grounding, especially in high-resolution panoramic
images due to token length constraints and attention dilution. To compensate for
this grounding deficiency and avoid forcing the VLM to regress explicit contin-
uous coordinates, we introduce a Visual Grid Prompting mechanism. Given
an input ERP image Zpgp and a task description T, we overlay a 4 x 3 numer-
ical grid (indexed 1 to 12) onto the image. The VLM is then tasked to output a
concise textual object description 7,,; that can be used to do the task 7, and
select the specific grid index containing the target.This visual prompt effectively
transforms the complex continuous localization task into a discrete, multi-modal
multiple-choice question, successfully bridging the gap between semantic reason-
ing and spatial grounding.

However, a single-pass grid selection is often insufficient for tiny objects
within a massive 360° view. To address the extreme scale variations of objects,
we further propose Recursive Visual Routing that guides the VLM to dy-
namically “zoom in” based on the target’s relative scale: @ Scale-Salient Targets:
If the target spans multiple grids, the current resolution is sufficient, and the re-
cursion terminates. @ Sub-Scale Targets: If confined to a single grid, the object is
too small. We crop this grid, overlay a new grid, and infer recursively. Crucially,
to ensure computational efficiency, input images are aggressively downsampled
during this recursion. Initially, the global panorama is severely downsampled to
extract broad contextual cues. After this first step, the system recursively zooms
into smaller cropped grids and reduces the downsampling ratio. This guided lo-
calization efficiently filters out irrelevant 360° backgrounds, securing a reliable
coarse bounding region for subsequent modules without the massive overhead of
exhaustive high-resolution processing.
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Table 2: Comparison on PAP-12K. Best results are highlighted in bold. Second-best
results are highlighted in underline.

Method gloUt cloU?t Pso 1 Pso-95 T |Inference Time
OV-Seg [22] 29.48 17.85 32.00 18.80 ~8s

LISA |19] 15.21 16.34 13.66 8.30 ~Ts
VisionReasoner |25 49.33 44.64 51.06 38.06 ~12s
AffordanceVLM |38] 9.66 13.11 8.96 5.41 ~7.8s
Affordance-R1 [36] 51.80 50.32 55.47 40.70 ~10.4s
A4-Agent [49] 62.55 49.97 67.09 54.28 ~11.8s
PAP (Ours) 71.56 62.30 75.49 64.97 ~10s

4.3 Adaptive Gaze

Once the local grid containing the target is coarsely isolated, directly giving
precise segmentation masks is still challenging. This is due to the pronounced
challenges inherent in the ERP format (as discussed in Sec. , which creates
a significant domain gap between panoramic images and standard perspective
images. To bridge this gap, we introduce the Adaptive Gaze, simulating the
human action of turning one’s head to focus directly on a target. This mechanism
adaptively adjusts both its viewing direction and scope to match the routed grid.
Specifically, we first direct the “gaze” by aligning the camera’s principal point
(point of tangency) with the latitude and longitude (¢, 8.) of the grid’s center.
Then, we adjust the “focus” by adaptively scaling the Field of View (FoV) based
on the grid’s location and dimensions to perfectly enclose the target region. By
projecting this local spherical region onto a tangent plane, we yield a perspective
image Zpersp tailored specifically to the target.

This spherical-to-perspective projection acts as a training-free domain
adapter that elegantly resolves key panoramic challenges: 1) It eliminates ge-
ometric distortion by mapping the local curved surface to a flat tangent plane.
2) The adaptive FoV naturally mitigates extreme scale variations by magnifying
sub-scale targets to standard resolutions and maintaining fine-grained details.
3) It seamlessly handles boundary discontinuity as the projection operates in-
trinsically on the continuous spherical manifold; severed targets on the 2D ERP
images are reconstructed as whole objects in the perspective crop. By overcoming
these inherent ERP limitations, we ensure seamless integration with powerful 2D
visual foundation models without the need for panoramic-specific fine-tuning.

4.4 Cascaded Affordance Grounding

With the reasoning and coarse localization handled by the Recursive Visual
Routing, and the geometric distortion eliminated by the Adaptive Gaze, the
pipeline proceeds to pixel-level grounding. Following recent success in decoupling
2D affordance grounding into distinct reasoning and perception modules [49], we
deploy a cascaded pipeline on the high-resolution local perspective image Zpcrsp.
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We first deploy an Open-Vocabulary Detector (OVD) to parse the deduced
explicit object description Top; (generated by the Recursive Visual Routing) and
scan the refined perspective image Z,e,sp to generate a bounding box B and key
points P. By utilizing the specific object name rather than the complex, implicit
task description 7, and because the Recursive Visual Routing has already fil-
tered out the vast majority of the 360° background, the OVD is relieved of the
immense burden of semantic guessing and searching the entire complex scene.
This results in significantly higher detection accuracy and fewer false positives.
Subsequently, this bounding box B and key points P serve as a dense spatial
prompt for the SAM. Leveraging SAM’s robust zero-shot segmentation capa-
bilities, we extract a highly accurate, instance-level segmentation mask Mpersp
along the target’s boundaries. Finally, to fulfill the end-to-end panoramic af-
fordance prediction task, the predicted perspective mask Mpepqp is re-mapped
back to the original ERP space via an inverse perspective-to-spherical projec-
tion transformation, yielding the final panoramic mask M ggrp. This synergistic
design naturally breaks down the formidable 360° grounding problem into man-
ageable stages, playing precisely to the strengths of each foundation model.

5 Experiments

5.1 Experimental Settings

Baseline Methods: To the best of our knowledge, our method is the first frame-
work dedicated to panoramic affordance prediction. Due to the lack of direct
panoramic baselines, we validate the effectiveness of our approach by bench-
marking it against state-of-the-art methods designed for perspective imagery,
including A4-Agent [49], Affordance-R1 [36], and AffordanceVLM |[38]. Further-
more, following the evaluation protocols in [36,[49], we extend our comparison
to include general Open Vocabulary Segmentation models, such as Vision Rea-
soner [25],0VSeg [22], and LISA [19].

Evaluation Metrics: Following the standard evaluation protocol in affordance
prediction [36}|49], we adopt four complementary metrics to comprehensively
assess prediction quality, including: 1) gloU (Generalized IoU): The average
Intersection-over-Union across all test samples, measuring the overall segmenta-
tion quality of the predicted affordance regions. 2) cloU (Cumulative ToU): The
cumulative intersection over cumulative union across the entire dataset, provid-
ing a dataset-level quality measure that is less sensitive to the size of individual
objects. 8) P@50 (Precision at IoU=0.5): The percentage of predictions with an
ToU score exceeding 0.5, evaluating the model’s ability to generate high-quality
predictions. 4) P@50:95: The average precision calculated across a range of IoU
thresholds from 0.5 to 0.95 with 0.05 increments, providing a stricter and more
fine-grained assessment of segmentation accuracy.

Implementation Details: For our PAP framework, we adopt Qwen3-VL-32B [2]
as the backbone of our VLM, and following [49]|, we adopt Rex-Omni [17] as
the OVD model and the SAM-2-Large [33] as the Segmentation model. During
the Recursive Visual Routing stage, we apply the dynamic resolution adaptation
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Fig. 6: Qualitative comparison on PAP-12K. We highlight the predicted affordance
regions in red. The extremely small objects are enlarged for better visualization.

strategy to balance computational cost and visual details. Specifically, in the first
routing round, the full panorama is downsampled to 2000 x 1000 (a ~ 1/6 scaling
ratio) before being fed into the VLM. If the target is sub-scale and requires a
second routing round, the cropped grid region is downsampled to 1500 x 1000 (a
~ 1/2 scaling ratio). This design elegantly balances computational efficiency and
visual performance, ensuring that as the routing progresses into smaller regions,
the VLM receives images with progressively higher relative pixel fidelity without
exceeding strict token constraints.

5.2 Main Results

Overall Performance. Table [2] presents the overall quantitative comparison
between our proposed PAP and state-of-the-art baselines. PAP significantly
outperforms all existing methods across all evaluation metrics by a large mar-
gin. Specifically, PAP achieves a gloU of 71.56% and a cloU of 62.30%, sur-
passing the second-best method, A4-Agent, by absolute margins of 9.01% and
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Table 3: Comparison on different difficulty levels of PAP-12K. Best results are high-
lighted in bold. Second-best results are highlighted in underline.

\ PAP-12K-Hard PAP-12K-Normal
Method

gloU? cloUT PsoT Pso—95T | gloUT cloU?T Psot Pso—95T
OV-Seg [22] 10.66 9.18 10.32 4.90 37.66 21.72 41.44 24.84
LISA [19] 4.75 13.04 3.23 2.01 19.75 17.24 18.20 11.03
VisionReasoner [25] | 25.96 29.74 24.91 15.00 59.50 49.59 62.44 48.10
AffordanceVLM [38]|  4.94 15.94 3.59 1.92 11.72 12.36 11.30 6.93
Affordance-R1 [36] | 33.31 40.84 36.26 21.39 59.85 52.97 63.82 49.11
Ad-Agent [49)] 4275 3642 4648 3038 | 7091  54.94  75.79 = 64.36
PAP (Ours) 60.35 52.59 63.82 52.17 | 76.40 65.20 80.52  70.49

12.33%, respectively. In terms of precision, our method obtains 75.49% on Psg
and 64.97% on Psg_g5, demonstrating its superior capability in precise affor-
dance localization and segmentation compared to recent strong baselines. The
substantial improvements indicate that our approach effectively captures com-
plex panoramic affordance relationships. Fig. [6] presents several representative
cases. As illustrated, our method robustly accomplishes the task even in challeng-
ing scenarios—such as when objects are excessively large or small, split across
boundaries, or severely distorted—whereas other methods struggle.

Performance on Different Difficulty Levels. Furthermore, we quantita-
tively evaluate the performance of different models under varying difficulty lev-
els. We partition PAP-12K into Hard and Normal subsets based on the following
criteria: 1) The object is exceptionally large or small, with the mask occupying
more than 30% or less than 0.1% of the entire image. 2) The object is truncated
across the left and right boundaries, resulting in the mask appearing on both
sides of the image. This process identifies approximately 30% of the cases as the
Hard subset, leaving the remainder as the Normal subset. Table [3] illustrates
the comparison across these difficulty levels. Notably, in the Hard subset, our
method exhibits an even more pronounced advantage, outperforming the second-
best method (A4-Agent) by absolute margins of 17.60% and 16.17% in terms of
gloU and cloU. In terms of precision, PAP leads A4-Agent by absolute margins
of 17.34% and 21.79% on Psy and Psg_g5. This demonstrates that our method
effectively addresses the inherent challenges of panoramic ERP images such as
extreme scale variation and boundary discontinuity.

5.3 Ablation Studies

To validate the effectiveness of our approach, we conducted extensive ablation
studies. For computational efficiency, we randomly sampled 10% of the PAP-
12K for these experiments. We evaluate three key components: Prompt Style,
Recursive Visual Routing, and Adaptive Gaze. In this section, we analyze the
overall impact of integrating versus omitting each module. Detailed hyperparam-
eter analyses and additional analytical experiments are deferred to the Appendix.
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Table 4: Ablation on Prompt Style. Table 6: Ablation on RVR.

CoT VGP | gloUt cloU?t Pso T Pso-95 T Subset| Method | gloUt cloUtT PsoT Pso_gs T
X X 57.70 57.68 60.76 50.52 w/o RVR| 70.56  57.05  74.43  63.23
; v ?f;ig 2;3’ ;3‘(‘? ?(1)‘:(1) All | w/RVR | 7269 6385 7629  66.13

57.2- 58.75 .6 50.5
v .)/( 71.56 62.30 75.49 64.97 4 213 680 L.86 2:90
w/oRVR| 57.37 3481  61.00  47.65

Table 5: Ablation on Adaptive Gaze. Hard | w/ RVR | 6240  47.11  64.89  53.64

Method| gloUt  cloUt Pso? Pso os T A 503 1230  3.89 5.99

w/o AG| 64.99 55.43 68.43 56.37 w/oRVR| 76.29 6355  80.26  69.99

w/ AG | 7156 62.30 75.49 64.97 Normal| w/ RVR | 77.07  68.05  81.15 7145

A 6.57 6.87 7.06 8.60 A 0.78 4.50 0.89 1.46

Impact of Prompt Style. We investigate the impact of different prompting
strategies, specifically Chain-of-Thought (CoT) and the proposed Visual Grid
Prompting (VGP). As shown in Table |4 incorporating CoT reasoning steadily
improves the model’s performance, demonstrating that step-by-step logical de-
duction aids in complex spatial prediction. More importantly, the explicit vi-
sual grid overlay proves to be an even more crucial component. When replacing
the visual grid with a purely textual spatial description (e.g., verbally describ-
ing the image divisions to the VLM). Comparing Row 1 vs. Row 2, and Row
3 vs. Row 4, we observe a drastic performance drop across all metrics. This
confirms that while VLMs possess strong semantic reasoning capabilities, they
struggle to map abstract textual spatial divisions to complex visual features
in ultra-high-resolution panoramas without explicit visual anchors. Our Visual
Grid Prompting successfully bridges this gap by providing concrete reference
points, effectively grounding the VLM’s reasoning process into a manageable
multi-modal discrete choice task.

Impact of Recursive Visual Routing. To evaluate the efficacy of our Recur-
sive Visual Routing (RVR) module, we compare the full model against a baseline
that relies solely on a single-step grid routing across different difficulty subsets.
As shown in Table [6] integrating RVR yields consistent improvements on the
entire dataset. More importantly, the performance gains are significantly more
pronounced on the “Hard” subset, where cloU and gloU surge by 12.30% and
5.03%, respectively, compared to the modest increases of 4.50% and 0.78% on
the “Normal” subset. This disparity demonstrates that due to the extreme object
scale variations inherent in 360° scenes, a single-step routing approach tends to
produce excessively large localization regions and struggles to precisely locate
challenging targets. Conversely, our RVR module overcomes this limitation by
iteratively zooming in on the target, ensuring robust coarse localization even for
the most difficult objects regardless of their scales.

Impact of Adaptive Gaze. A core insight of our pipeline is the training-free
domain adaptation via geometric rectification. We ablate this module by directly
applying the OVD and SAM on the cropped ERP regions without Adaptive
Gaze. The results show a significant decline in accuracy. This validates that the
inherent spatial distortions of ERP formats introduce a severe domain shift that
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disrupts the pre-trained priors of 2D foundation models. Our Adaptive Gaze
successfully eliminates this distortion, seamlessly aligning the data domains.

6 Conclusion

In this paper, we present the first exploration into Panoramic Affordance
Prediction, bridging the critical gap between holistic 360° scene understand-
ing and actionable intelligence in embodied AI. We first introduce PAP-12K, a
pioneering, large-scale benchmark featuring over 1,000 natively captured ultra-
high-resolution (12K) panoramic images and more than 12K reasoning-based QA
pairs with precise affordance masks. Furthermore, to address the profound chal-
lenges of panoramic vision, we propose PAP, a training-free framework inspired
by the human foveal visual system. Extensive experiments demonstrate that
PAP significantly outperforms existing state-of-the-art methods, particularly in
highly challenging scenarios. We hope our dataset and framework will serve as
a foundational stepping stone, inspiring future research toward the combination
of panoramic vision and embodied intelligence.
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