A4-Agent: An Agentic Framework for Zero-Shot Affordance Reasoning
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Figure 1. Left: Overview of A4-Agent , an affordance-centric vision-language agent that predicts actionable regions based on complex
task instruction. Given an observed object, A4-Agent integrates image generation, object detection, segmentation, and a vision-language
model to imagine plausible interactions and localize the proper action-specific part. Right: A4-Agent achieves state-of-the-art performance
across multiple benchmarks with zero-shot setting, surpassing baseline models that are specifically trained for affordance prediction task.

Abstract

Affordance prediction, which identifies interaction regions
on objects based on language instructions, is critical for
embodied Al. Prevailing end-to-end models couple high-
level reasoning and low-level grounding into a single mono-
lithic pipeline and rely on training over annotated datasets,
which leads to poor generalization on novel objects and
unseen environments. In this paper, we move beyond this
paradigm by proposing A4-Agent, a training-free agen-
tic framework that decouples affordance prediction into a
three-stage pipeline. Our framework coordinates special-
ized foundation models at test time: (1) a Dreamer that
employs generative models to visualize how an interac-
tion would look; (2) a Thinker that utilizes large vision-
language models to decide what object part to interact with;
and (3) a Spotter that orchestrates vision foundation models
to precisely locate where the interaction area is. By lever-

aging the complementary strengths of pre-trained models
without any task-specific fine-tuning, our zero-shot frame-
work significantly outperforms state-of-the-art supervised
methods across multiple benchmarks and demonstrates ro-
bust generalization to real-world settings.

1. Introduction

Affordance, a concept describing the action possibilities
that objects offer to agents, serves as a crucial bridge be-
tween visual perception and physical interaction. In the
context of embodied Al and robotic manipulation, affor-
dance prediction aims to identify specific regions of ob-
jects that enable task-relevant interactions based on natu-
ral language instructions. For instance, given the instruc-
tion “open the refrigerator”’, a model must recognize the
handle as the actionable region. This capability is fun-
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damental to downstream applications including task plan-
ning [21], robotic grasping [2, 17], and human-robot col-
laboration [4, 13], where understanding not just what ob-
jects are present, but where and how to interact with them
becomes essential for successful task execution.

Affordance prediction fundamentally requires two com-
plementary capabilities: @ high-level reasoning, inter-
preting natural language instructions and identifying task-
relevant object parts, and @ low-level grounding, precisely
localizing these parts in pixel coordinates. Traditional ap-
proaches [24, 30, 31] mainly focused on grounding, treat-
ing it as a regression problem: given an affordance type,
the model predicts an affordance map. However, such ap-
proaches lack high-level reasoning capabilities and there-
fore struggle to handle complex instructions. More recent
studies [36, 45, 49] attempt to incorporate large language
models (LLMs) and trained unified models that perform
both reasoning and grounding. By fine-tuning on affor-
dance datasets, these models are endowed with the ability
to output affordance maps. However, such tightly coupled
designs introduce several issues, including a trade-off be-
tween reasoning and grounding, limited generalization, and
reduced flexibility, which ultimately hinder their applica-
bility in real-world scenarios. This leads us to question: de-
spite the appeal of end-to-end systems, is entangling high-
level reasoning and low-level grounding truly the right path
forward for affordance prediction?

In this paper, we present a preliminary exploration, A4-
Agent, an agentic framework tailored to affordance predic-
tion through training-free coordination of foundation mod-
els. Our key insight lies in decoupling the reasoning and
grounding processes. We decompose the task into a three-
stage pipeline, with each stage managed by a specialized ex-
pert leveraging powerful foundation models: 1) Dreamer:
Drawing inspiration from human cognitive processes, the
Dreamer initiates an imagination phase. It employs gener-
ative models to synthesize visual scenarios depicting how
an interaction would look (e.g., a hand grasping a handle,
a door partially opening). 2) Thinker: The Thinker utilizes
leading Vision-Language Models (VLMs) to interpret task
instructions. Integrating visual observations with the imag-
ined scenarios, it generates structured textual descriptions
that specify what to interact with. 3) Spotter: The Spot-
ter orchestrates robust vision foundation models to execute
precise spatial localization, pinpointing exactly where the
interaction area is within the visual input.

Remarkably, as shown in Fig. 1, by coordinating pow-
erful pre-trained models without any task-specific train-
ing, our zero-shot framework A4-Agent significantly out-
performs current state-of-the-art supervised methods across
multiple benchmarks and demonstrates robust generaliza-
tion to real-world settings. To summarize, our main contri-
butions are as follows:

* We introduce A4-Agent, a training-free agentic frame-
work that achieves superior performance and demon-
strates strong zero-shot generalization capabilities.

* We validate a novel approach for affordance prediction by
decoupling the reasoning and grounding processes. This
allows for the integration of state-of-the-art models for
each respective task, and we experimentally demonstrate
the effectiveness of this method.

* We propose an Imagination-assisted affordance reasoning
paradigm, showcasing the critical role of explicit imagi-
nation in the affordance reasoning process.

2. Related Work

Affordance Learning. The concept of affordance, intro-
duced by Gibson [12], describes how agents perceive and
interact with objects in their environment based on ac-
tion possibilities. This foundational concept has inspired
extensive research in affordance learning for robotic sys-
tems. Traditional approaches have explored various learn-
ing paradigms, including learning from human-object in-
teraction (HOI) images [11, 39, 53], human demonstration
videos [32], and 3D perception through point clouds [9, 10,
34, 36, 54] or 3D Gaussian Splatting [47].

Recent advances have leveraged multimodal large lan-
guage models (MLLMs) to enhance affordance understand-
ing. For example, AffordanceLLM [36] and Seqafford [54]
introduce special tokens into the vocabulary and map affor-
dance regions to token embeddings for segmentation out-
puts. LISA [22] extends this paradigm by incorporating rea-
soning capabilities for language-driven segmentation tasks.
More recently, Affordance-R1 [45] employs reinforcement
learning to enhance affordance reasoning and bounding box
and key point grounding in MLLMs through process re-
wards. However, most of these methods adopt an end-to-
end training paradigm that jointly optimizes reasoning and
grounding capabilities within a single model architecture.
They often face inherent trade-offs between reasoning com-
plexity and spatial precision and exhibit poor generaliza-
tion to novel scenarios. In contrast, our method proposes a
training-free agentic framework that coordinates foundation
models to achieve zero-shot affordance prediction through
explicit reasoning and grounding.

Multimodal Reasoning in MLLMs. MLLMs [1, 26, 52]
have demonstrated remarkable capabilities in visual under-
standing, generation, and multimodal reasoning. Recent
advances have significantly enhanced their reasoning abil-
ities through inference-time scaling. OpenAl ol [35] ex-
tends the Chain-of-Thought (CoT) [46] reasoning process
to achieve superior performance, while DeepSeek-R1 [14]
leverages reinforcement learning with GRPO [40] to fur-
ther advance reasoning capabilities. Building on these suc-
cesses, several works [18, 28, 41] have expanded these rea-
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Figure 2. Vision Foundation Models are good at fine-grained grounding, but are poor at reasoning. Vision Language Models are good at
reasoning, but are poor at visual grounding. Some works finetuned VLMs for better grounding ability, but both abilities are underwhelming.

soning paradigms to vision tasks, demonstrating the poten-
tial of enhanced reasoning in multimodal contexts.

Beyond text-based reasoning, emerging paradigms have
explored reasoning with visual representations. VoT [50]
introduces textual imagery representations for dynamic rea-
soning. Benefiting from powerful generative models [5,
15, 43, 55, 59], approaches [0, 8, 16, 23] attempt to
leverage explicit visual imagination to assist in reasoning.
These approaches show that generating intermediate visu-
als enhances reasoning and interpretability, offering valu-
able insights for affordance reasoning which demands com-
plex spatial and interaction understanding. Unlike existing
end-to-end methods for affordance prediction, our agentic
framework decouples reasoning from grounding, allowing
for the seamless integration of these multimodal reasoning
techniques.

3. Motivation

Affordance prediction is a task that fundamentally re-
quires two complementary capabilities: high-level reason-
ing for interpreting instructions with object parts, and low-
level grounding for precisely localizing. As illustrated in
Fig. 2 (a), while specialized vision foundation models ex-
cel at fine-grained localization, they lack the semantic un-
derstanding required to interpret complex task instructions.
Conversely, as illustrated in Fig. 2 (b), while recent MLLMs
demonstrate impressive reasoning capabilities, they often
produce coarse or inaccurate spatial predictions, rendering
them insufficient for precise affordance prediction.
Existing paradigm attempts to solve this dichotomy

through monolithic end-to-end models. These approaches
try to enhance reasoning models’ grounding abilities [28,
29, 45] through training MLLMs on visual grounding data
(e.g., bounding boxes, key points, masks). However, as
Fig. 2 (c) shows, this tightly-coupled paradigm is less than
ideal. They still introduces fundamental limitations: @
Limited generalization: training on limited datasets can-
not cover the diversity of real-world scenarios, leading to
brittleness on novel objects and environments; @& Capabil-
ity trade-offs: optimizing for both reasoning and ground-
ing simultaneously forces the model to balance different
objectives, where improvements in one capability may de-
grade the other; ® Poor flexibility: the monolithic design
prevents independent upgrades when more powerful foun-
dation models emerge, requiring costly retraining of the
entire system; and @ Gap to closed-source models: as
these pipelines are restricted to open-source checkpoints,
they cannot leverage the most capable closed-source mod-
els, thereby limiting the ceiling of reasoning ability.

Therefore, our work aims at exploring a fundamentally
different approach: decouple reasoning and grounding
into specialized, coordinated agents. We argue that af-
fordance prediction is inherently multi-stage. Rather than
forcing a single model to master both capabilities, we de-
sign each component independently using state-of-the-art
foundation models and orchestrate them through an agentic
framework at test time.

This paradigm shift can offer compelling advantages:
(I) Training-free generalization, by leveraging pre-trained
models’ broad knowledge, the system generalizes to di-
verse scenarios without task-specific fine-tuning or expen-
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Figure 3. The pipeline of our A4-Agentframework, which decouples affordance prediction into three stages. (1) Dreamer: Imagines the
interaction by generating a simulated image. (2) Thinker: Reasons over the original and simulated images to produce a textual description
of the actionable object part. (3) Spotter: Takes this description to locate the part with bounding boxes and keypoints, then refines them

into a precise segmentation mask.

sive data collection; (II) Modular specialization, each
component exploits the complementary strengths of differ-
ent models and can be independently upgraded as better
models become available; and (IIT) Interpretable reason-
ing, explicit intermediate steps make the decision-making
process transparent and debuggable, facilitating error diag-
nosis and system refinement.

4. A4-Agent:Agentic Affordance Reasoning
4.1. Problem Definition

We formulate affordance prediction as a visual ground-
ing problem conditioned on natural language instructions.
Given an input image I € R7*W >3 along with a task de-
scription T (e.g., “open the refrigerator’), the objective is to
identify the affordance region Ag that enables the specified
interaction:

Agr =

where Ay denotes the spatial region(s) where task-relevant
interactions occur. Depending on downstream applications,
this region can be represented as bounding boxes {Bl}fv 1
key points {P;} ¥ ,, or segmentation masks {M; } ¥, . Fol-
lowing recent work [45, 49], we adopt segmentation masks
as the primary representation for their pixel-level precision.

F(LT), (1

4.2. Framework Overview

Building on the motivation outlined in Sec. 3, we intro-
duce A4-Agent, a training-free, agentic framework for zero-

shot affordance prediction that implements the decoupling
principle. Unlike end-to-end models that directly regress
(B, M) from (I, T), A4-Agent first infers which object part
requires interaction (reasoning) and then determines its lo-
cation (grounding):

Ag = Ground(Reason(I, T)). (2)

Specifically, the reasoning process follows a two-step
pipeline: a Dreamer, which imagines how the operation can
be (Sec. 4.3), and a Thinker, which decides what part to the
operation (Sec. 4.4). The grounding process is then handled
by the Spotter to locate where to operate using a coarse-to-
fine approach (Sec. 4.5): it initially identifies broad regions
via bounding boxes and key points, which are then refined
by a segmentation model to produce pixel-accurate masks.
Overall framework is shown in Fig. 3.

4.3. Dreamer: Imagine how to Operate

When humans reason about the affordances of a tool, they
often begin by mentally simulating how the hand would in-
teract with the tool and envisioning the broader usage sce-
nario. Inspired by this process, we designed our Dreamer:
rather than relying solely on text-based reasoning for affor-
dance prediction, we first prompt the agent to use an image-
generation module to visualize a plausible interaction state
(e.g., a hand grasping a handle, a door being opened) based
on the observation I and task T.
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To construct the image editing prompt that drives this
imagination step, we query a VLM with an instruction tem-
plate applied to the pair (I, T). Formally,

Tsim = Pvim(I, T 7), 3)

where Oy v denotes the VLM and 7 is our instruction tem-
plate, which is detailed in the Appendix. This template asks
the model to output a short, visually actionable description
that: (i) names the target object and the functional part vis-
ible in I; (ii) specifies the minimal interaction and contact
configuration (e.g., “a right hand grasping the vertical re-
frigerator handle”); and (iii) avoids attributes not supported
by the image. This yields concise prompts suitable for im-
age editing and robust across varied scenes. Following,
we employ a generative model [48] to synthesize interac-
tion scenarios. Given the original image I and a simulation
prompt T, derived from the task instruction (e.g., “a hand
grasping the refrigerator handle”), the model produces an
edited image ILgp:

Isim = g(17 Tsim)a (4)

where G denotes the image generation model. The imagined
image Ln explicitly highlights where interaction should oc-
cur by depicting plausible contact and motion cues and can
further guides the agent in evaluating whether the action
pattern is reasonable, thereby improving both the success
rate and interpretability of affordance reasoning. This pro-
cess can fully leverage the priors of the generative model,
utilizing its understanding of interaction states to aid the
reasoning model’s reasoning process. Such seamless inte-
gration is made possible by our agentic framework.

4.4, Thinker: Decide what to Operate

The next step is to reason through the appropriate interac-
tive areas in textual form. Given the original image I, the

imagined interaction image I, and the task T, we prompt
VLM with a preset template (see Appendix for the exact
prompt) to perform three steps: (1) perceive key compo-
nents and candidate interaction points in I; (2) consult Iy,
to infer contact/motion cues consistent with the affordance;
(3) ground the actionable part back in I and return a com-
pact, machine-readable specification.

The VLM returns two sections—Thinking (free-form
rationale) and Output (a machine-readable JSON). We
ignore the Thinking section and parse only the Output
JSON with three fields: "task", "object_name", and
"object_part". The object_part is phrased as “the
[object part] of the [object name]” (e.g., “the blade of
the shears”). This yields a concise textual affordance de-
scription D specifying what to interact with, without any
spatial coordinates. This design reduces variance via ex-
plicit instruction-following, keeps the reasoning trace inter-
pretable, and preserves modularity—stronger VLMs can be
swapped in without retraining.

4.5. Spotter: Locate where to Operate

The Spotter translates semantic affordance descriptions
from the reasoning process into precise pixel-level localiza-
tions. Given a textual description D (e.g., “handle on the
right refrigerator door”), we employ two complementary
vision foundation models to achieve coarse-to-fine spatial
grounding: an open-vocabulary detector for initial region
identification, followed by a segmentation model for pixel-
accurate mask refinement. This two-stage approach is mo-
tivated by the complementary strengths of existing founda-
tion models: while segmentation models excel at produc-
ing precise boundaries, they require reliable visual prompts
(e.g., boxes or points) rather than text, necessitating an ini-
tial detection step to bridge the semantic-geometric gap.



Table 1. Quantitative results on ReasonAff. A4-Agent achieves
SOTA performance in zero-shot manner without any training.

Table 2. Quantitative results on RAGNet-3DOI and RAGNet-
HANDAL. A4-Agent achieves SOTA performance in zero-shot
manner without any training.

Model | LLM Reasoning gloUt cloUt  Pso?  Psp_ost
VLPart [42] X X 421 38 131 085 Model | Zeroshot | 3POL | HANDAL-easy | HANDAL hard
OVSeg [25] X X 16.52  10.59  9.89 4.12 | | gloUt  cloUt | gloUt  cloUt | gloUt  cloUt
SAN[51] x x 1021 1345 7.8  3.17

G-DINO [27] v 4.1 39 | 36 30 | 34 31
LISA-7B [22] v X 38.17 4058 33.62  19.69 LISA [22] v 25 81 | 155 119 | 13 81
SAM4MLLM [7] v X 4551 33.64 4348 2279 GLaMM [37] v as 20 | 47 35 | 50 35
AffordanceLLM [36] | X 4849 3861 42.11  20.19 Vision-Reasoner [29] v 396 303 | 296 198 | 277 167
InternVL3-8B [58] v v 3179 2468 3541 2193 Affordance-R1 [45] v 390 334 | 431 387 | 407 379
Qwen2.5VL-7B [3] v v 2518 20.54 2600  15.82 Affordance VLM [49] X 381 394 | 583 581 | 582 578
Affordance VLM [49] v v 30.50 25.54 30.29 18.31 Ad-Agent (Ours) ‘ v ‘ 63.9 58.3 ‘ 61.1 61.7 61.0 59.6
Seg-Zero [28] v v 5926 4803 6133  45.87
Vision Reasoner [29] v v 63.04 5270 67.33 47.23
Affordance-R1 [45] v v 6741 6272 7450 5522
Ad-Agent (Ours) | v v 7052 64.62 7524 5522 Datasets We evaluate A4-Agent on three quantitative

Open-Vocabulary Detection. We begin by using Rex-
Omni [20], a state-of-the-art open-vocabulary object de-
tector, to perform initial spatial localization from textual
descriptions. Given textual description D provided by
Thinker, Rex-Omni outputs: Bounding Boxes {B;}Y ;:
Rectangular regions that coarsely enclose the affordance
parts. Key Points {P;}} |: Representative spatial anchors
within each affordance region (e.g., the center of a handle).

Fine-Grained Segmentation with SAM. We then pass
the bounding boxes B; and key points P, predicted by
Rex-Omni as prompts to SAM, which generates detailed
segmentation masks {M;}Y, that delineate the precise
boundaries of the affordance regions. This prompt-based
approach requires no additional training, directly leverag-
ing SAM’s powerful generalization capabilities developed
through large-scale pretraining. The final affordance pre-
diction aggregates multi-granular spatial information:

Ag = {(B“PMMI)}?LD @)

providing comprehensive spatial representations suitable
for a variety of downstream applications—coarse bounding
boxes for rapid scene understanding, key points for inter-
action targeting, and fine segmentation masks for precise
manipulation planning.

In our Spotter, each model capitalizes on its strengths,
and both can be independently upgraded as improved mod-
els emerge, without the need for end-to-end retraining.

5. Experiment

5.1. Experimental Settings

Implementation Details A4-Agent is a training-free
framework coordinating pre-trained foundation models. In
our complete agent, the VLM we used is GPT-4o0 [19],
the geneative model we used is Qwen-Image-Editing [48].
For the open-vocabulary object detection, we use Rex-
Omni [20]; and SAM2-Large [38] for the segmentation.

benchmarks and a set of open-world images to assess both
reasoning-aware affordance prediction and generalization
to diverse scenarios. Crucially, our framework is com-
pletely zero-shot—it has never been trained or fine-
tuned on any of these datasets.

1) ReasonAff [45]: A reasoning-oriented dataset built upon
Instruct-Part [44] with complex instructions requiring deep
semantic understanding. We use the test split containing
600 image-task pairs.

2) RAGNet [49]: A large-scale reasoning-based affor-
dance segmentation dataset. We evaluate on two sub-
sets: RAGNET-3DOI and RAGNET-HANDAL, containing
3,018 image-task pairs in total.

3) UMD Part Affordance [33]: A standard affordance
dataset covering 17 object categories with 7 affordance
types. Following prior work [45], we sample one-tenth of
the frames, yielding 1,922 test images.

4) Open-World Images: To evaluate generalization beyond
standard benchmarks (which focus mainly on kitchen and
household scenes), we collect diverse images from Phys-
ToolBench [56] and web sources for qualitative evaluation.

5.2. Quantitative Results

Results on ReasonAff Dataset. Table | and Fig. 4
presents results on ReasonAff, which demands deep
reasoning over implicit contextual instructions.  A4-
Agent achieves state-of-the-art performance across all met-
rics without any training. Compared to supervised meth-
ods like AffordanceLLM (48.49 gloU) and reasoning-
enhanced approaches like Vision Reasoner (63.04 gloU)
and Affordance-R1 (67.41 gloU), A4-Agent reaches 71.83
gloU, demonstrating superior reasoning ability and gener-
alization.

This performance stems from three design principles.
First, decoupling reasoning from grounding leverages com-
plementary strengths—VLMs excel at semantic interpreta-
tion while specialized vision models provide precise local-
ization. Second, the “think-with-imagination” mechanism
grounds abstract instructions in synthesized visual repre-
sentations, enhancing affordance understanding in complex
scenarios. Third, unlike end-to-end models constrained by
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Figure 5. Qualitative comparison on RAGNet dataset. Our zero-shot method effectively reasons over task instructions to identify correct
regions and precisely localize them with masks, closely matching ground truth. This outperforms baseline methods including Affor-

danceVLM trained on this dataset.

training data, our zero-shot approach naturally generalizes
to ReasonAff’s diverse instructions.

Results on RAGNet Dataset.  Table 2 shows results
on RAGNet, which focuses on reasoning-based affor-
dance segmentation. Our framework demonstrates excep-
tional zero-shot performance, significantly outperforming
all baselines. On 3DOI, A4-Agent achieves 63.9 gloU,
surpassing Vision-Reasoner by over 24 points. This ex-
tends to HANDAL-hard and HANDAL-hard, where our
A4-Agent also achieves highest score. Qualitative com-
parison is shown in Fig. 5.

Critically, A4-Agent even surpasses the supervised Af-

fordance VLM trained on this dataset, validating that agen-
tic coordination of foundation models outperforms task-
specific fine-tuning for complex reasoning tasks. This
stems from our ability to decompose abstract instructions
into actionable steps and accurately ground them visu-
ally—a core benefit of our decoupled architecture.
Results on UMD Dataset. Besides the task of complex
reasoning—intensive affordance prediction, A4-Agent also
excels at the more traditional tasks of predicting affordances
from action concepts. As shown in Table 3, A4-Agent still
achieves state-of-the-art performance, significantly outper-
forming the baselines by 15.53 gloU, demonstrating a deep
understanding of the many possible uses of different parts
of common objects. This result is predictable, as this funda-
mental capability is arguably straightforward for powerful
pre-trained models. This further supports our motivation:
training-free coordination of specialized foundation models
can exhibit strong generalization, as these models already
possess sufficiently rich general knowledge.

5.3. Qualitative Results on Open-World Images

To further validate the performance of A4-Agent on open-
world scenarios, we perform a qualitative experiments of
open-world images. Fig. 6 shows A4-Agent ’s strong per-

Table 3. Zero-shot results on UMD dataset. A4-Agent outper-
forms fine-tuned methods without any training.

Model ‘ gIOUT CIOUT P50T P50_95T
LISA-7B [22] 41.90 41.23 39.65 19.33
SAM4MLLM [7] 12.40 8.41 4.12 0.05
AffordanceLLM [36] | 43.11 38.97 41.56 22.36
Qwen2.5VL-7B [3] 33.21 29.83 25.17 10.45
InternVL3-7B [58] 30.46 28.73 18.67 9.94
AffordanceVLM [49] | 25.41 17.96 9.37 25.10
Seg-Zero [28] 44.26 39.30 39.93 16.53
Vision Reasoner [29] | 44.00 39.71 39.04 16.10
Affordance-R1 [45] 49.85 42.24 53.35 34.08
A4-Agent (Ours) ‘ 65.38 59.81 77.31 43.78

formance across challenging scenarios: (1) Novel objects:
Successfully identifying actionable regions on objects ab-
sent from standard benchmarks (e.g., digital equipment);
(2) Complex scenes: Accurately identifying the most suit-
able part of a tool in complex environment (e.g., the tip of
a screwdriver); (3) Deep reasoning: Using strong reason-
ing abilities to logically deduce the appropriate tools (e.g.,
a slotted spoon can be used to drain water, a rock can serve
as a substitute for a hammer to drive nails).

Unlike baselines, which often fail on out-of-distribution
objects, A4-Agent maintains consistent performance by
leveraging broad knowledge from web-scale pre-trained
models. This confirms that training-free coordination has
great potential for real-world application.

5.4. Ablation Study

Importance of Imagination in Affordance Reasoning.
Table 4 evaluates visual imagination’s contribution. The
imagination mechanism provides consistent improvements
across all metrics for all base models. Notably, open-
source Qwen-2.5-VL (7B) with imagination even outper-
forms closed-source GPT-40 using text-only reasoning.



Input Image Task LISA

I need to scoop out
dumplings from
boiling  water and
drain the water.

VisionReasoner

I need to break the
glass of car to
escape.

I need to drive this
nail into the ground.

I need to display
the image projected
by the projector.

AffordanceVLM Affordance-R1  Ag4-Agent (Ours)

Figure 6. Qualitative results on open-world images. A4-Agent demonstrates robust affordance reasoning across diverse scenarios, consis-

tently produces reasonable regions based on complex instructions.

Table 4. Ablation on Imagination on RAGNet-3DOI Dataset.
*Affordance-R1 was fine-tuned from Qwen-2.5-VL-7B. T-w-I
refers to think-with-imagination, which is the dreamer-.

Table 5. Ablation on different components on RAGNet-3DOI
Dataset. *AffordanceVLM is finetuned from LISA. SAM2-L,B,T

denotes SAM2-Large, Base-plus, Tiny.

Method | Reasoning backbone | gloUt cloUt Method |  Reasoning | Segmentation | gloUt |  cloUt
Affordance VLM LISA 38.10 39.40 AffordanceVLM ‘ LISA* LISA* 38.10 ‘ 39.40
Affordance-R1 wen-2.5-VL-7B* | 39.04 33.39 ane Qwen-2.5-VL-7B* SAM2-L 39.04 33.39

Q Affordance-R1 | o cn 2 5S.VL7B* | SAM2T | 3613 (1 2.91) | 30.76 (| 2.63)
Ours w/o T-w-1 Qwen-2.5-VL-7B 58.48 49.26 GPTdo

Qwen-2.5-VL-7B | 63.02 (+ 4.54) 49.87 (1 0.61)
GPT-40 62.30 54.43
GPT-4o 63.94 (1 1.64) 58.30 (1 3.87)

Ours w T-w-1
Ours w/o T-w-1
Ours w T-w-1

This validates that grounding reasoning in synthesized vi-
sual representations enhances affordance understanding, es-
pecially when textual descriptions alone are insufficient.
The visual imagination mechanism serves as a bridge, al-
lowing the reasoning model to effectively tap into and lever-
age the vast prior knowledge about interaction encapsulated
within the generative model.

Robustness to Different Components. We analyze A4-
Agent’s robustness to different component choices.
Reasoning Backbone. Table 5 shows that replacing Qwen-
2.5-VL with the more powerful GPT-4o significantly im-
proves performance. This demonstrates A4-Agent’s flexi-
bility to seamlessly incorporate stronger foundation models
as they become available.

Segmentation Backbone. Replacing SAM2-Large with
smaller variants (SAM2-Base-Plus/Tiny) causes slight per-
formance drops, but the framework remains highly effective
and significantly outperforms baselines. The performance

SAM2-L | 6230 (1 4.51) | 5443 (1 5.17)

our Qwen-2.5-VL-7B | SAM2-L 58.48 49.26
urs Qwen-2.5-VL-7B | SAM2-B | 56.84 (| 1.64) | 48.87 (| 0.39)
Qwen2.5-VL-7B | SAM2T | 5632 (| 2.16) | 47.18 (| 2.08)

drop is also smaller than baseline method Affordance-R1.
This underscores the robustness of our approach even with
weaker grounding components.

6. Conclusion

In this paper, we present A4-Agent, a novel training-free
framework for affordance prediction. Our key contribution
is decoupling the task into high-level reasoning and low-
level grounding, enabling the use of vision-language mod-
els for semantic interpretation and vision foundation models
for localization. We also introduce an imagination mecha-
nism in reasoning, where a generative model visualizes po-
tential interactions to improve the process. Extensive exper-
iments show that this zero-shot approach outperforms su-
pervised methods on challenging benchmarks and general-
izes well to open-world scenarios. The success of A4-Agent
highlights the potential of agentic coordination of founda-
tion models for complex affordance prediction.
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7. More Implementation Detail

7.1. Details of Baseline Methods

o — <mask>

(a) Description — Segmentation
(b) Description —» MLLM o — <mask>
(c) Description — MLLM(‘) — _bbox> SAM;%; — <mask>

<key point>

Figure 7. Illustration of different categories of baseline methods.

We comprehensively selected methods suitable for the af-
fordance prediction task as our baselines, which fall into
the following major categories:

a) Open-Vocabulary Segmentation. These methods take
open-vocabulary textual prompts as input and, given a
description of an object, output a corresponding seg-
mentation mask. Representative models include VL-
Part [42], OVSeg [25], SAN [51], and Grounding-DINO(G-
DINO) [27].

b) MLLM-Enhanced End-to-End Segmentation. These
approaches fine-tune MLLM:s to directly produce mask to-
kens and decode them into masks. Given a textual de-
scription, the models can generate segmentation masks
in an end-to-end manner. This category includes Af-
fordanceLLM [36], AffordanceVLM [49], LISA [22],
SAM4MLLM [7], and GLaMM [37].

¢) MLLM for Grounding + SAM for Segmentation.
These methods follow a two-stage paradigm: the MLLM
first performs task-aware grounding by predicting bound-
ing boxes and keypoints for the target objects, and then a
segmentation model (e.g., SAM2 [38]) takes these as in-
put to produce the final masks. Representative methods in-
clude Seg-Zero [28], Vision Reasoner [29], and Affordance-
R1 [45], all of which are fine-tuned from open-source
MLLMs. We also include open-source MLLMs with strong
grounding ability such as Qwen-2.5-VL [3] and InternVL-
3 [58] for comparison.

7.2. Evaluation Metrics

Following the standard evaluation protocol in affordance
prediction [44, 45] and semantic segmentation [38, 57],
we adopt four complementary metrics to comprehensively
assess prediction quality including gloU, cloU, P@50,
P@50:95.

gloU (Generalized IoU): The average Intersection-over-
Union across all images, measuring overall segmentation
quality.

cloU (Cumulative IoU): The cumulative intersection over
cumulative union, providing a dataset-level quality mea-
sure.

P@50 (Precision at IoU=0.5): The percentage of predic-
tions with IoU exceeding 0.5, evaluating high-quality pre-
dictions.

P@50:95: Average precision across IoU thresholds from
0.5 to 0.95 with 0.05 increments, providing a strict assess-
ment of segmentation accuracy.

7.3. System prompt of our Agent
Prompt for Dreamer

You are an "Imagination-driven Image-Editing
Prompt Writer".

Input: (a) an image, (b) a TASK description.

Task: Based on the input image and TASK, imagine
a person or another object interacting with
a target object within the scene to do the
task. Then, produce ONE concise,
photorealistic image-editing prompt to be
used by a downstream model to edit the image
, depicting this interaction.

Requirements:
— The prompt must clearly describe the
interaction, including the action, the state
of the target object, and any necessary
manipulators (e.g., a person’s hand, a tool)

— Refer to the existing object and scene; do not
replace them.

- Preserve the identity (shape, texture, color)
of existing objects and the background. The
camera viewpoint should remain unchanged.

— If introducing a person, describe the pose and
action of the relevant body parts (e.g., a
hand gripping a handle) realistically.

- Enforce physical plausibility: the scale,
perspective, lighting, and shadows of any
new elements must seamlessly match the
original image.

— Ensure all occlusions are logical.

Output format:

— Output ONLY the editing prompt text (no JSON,
no lists, no quotes, no explanations).

- Begin with ‘‘Edit the input image to...’’ and
keep it to 1-3 sentences plus a short style
clause (e.g., ‘‘photorealistic, seamless
inpainting’’) .

- End with "keep others unchanged".

The given TASK is:




Prompt for Thinker

Given the image of an object, the task is to
decide which object to use and predict the
part of the object that matches the provided

task. The task instruction is "TASK".

The first image is the original image of the
object. The second image is the image of the

object interacting with a person or another
object in relation to the given affordance
type for your reference.

*xFollow these reasoning stepsx*x:

1. Identify the key components of the object in
the first image (e.g., shape, features,
possible points of interaction).

2. Analyze the second image to understand how the

object is interacting with a person or
another object in relation to the given
affordance type.

3. Go back to the first image and ground the part

of the object in the image and output the
result in a structured JSON format.

*xOutput formatx*x:
### Thinking
thinking process
### Output

{

"task":"the task instruction",

"object_name": "the name of the object",

"object_part": "the [object part] of the [
object name] (e.g. the blade of the
shears)"

8. More Exploratory Experiments

Here we present additional exploratory experiments. For
example, although Rex-Omni is used here as our object
detection model, its backbone is an MLLM, which gives
it much stronger language understanding capabilities than
other traditional detection models. Motivated by this, we
constructed, in an exploratory manner, a framework that
uses only Rex-Omni and SAM. In terms of the A4-Agent,
this corresponds to using only the Spotter module, without
the preceding Dreamer and Thinker. We evaluate this vari-
ant on RAGNet-3DOI, and the results are shown below in
the last line in Tab. 6.

Table 6. More Exploratory results on RAGNet-3DOI.

Dreamer  Thinker  Spotter | gloUT  cloU?T
v v v 63.94 58.30
X v v 62.30 54.43
X X v 45.91 39.82

Although Spotter itself has some reasoning ability, its
backbone is only a small MLLM with limited reasoning ca-
pacity, which leads to suboptimal performance. This fur-
ther validates our motivation: by decoupling the reason-
ing and grounding processes, we can fully exploit their

respective strengths and easily scale up the system to im-
prove its overall performance.

9. More Intermediate Results

We here show more intermediate results of our A4-Agent in
Figure 8 to 13, where Fig. 8 and Fig. 9 are sampled results
on ReasonAff dataset [45], Fig. 10 and Fig. 11 are sampled
results on UMD dataset [33], and Fig. 12 and Fig. 13 are
sampled results on RAGNet Dataset [49].



Input Image & Task Description

To hold this bottle securely, which
areas on its body should your hand grip?

Dreamer

Edit the input image tfo include a hand gripping the bottle
firmly around its midsection, just below the label, ensuring /ﬁﬁ\l
the fingers wrap securely around the glass while the thumb
supports the back. The hand should appear natural and
realistic, with visible details like skin texture and light

reflections, seamlessly integrated into the scene. Keep
others unchanged.

Qwen-Image

Thinker

### Thinking
First identify which object to use from the scene. The scene contains a single object, which is clearly a bottle.
The task instruction focuses on holding a bottle securely, so the relevant object is the bottle in the image.
Identify the key components of this object in the image (e.g., shape, features, possible points of interaction).
The bottle has a cylindrical body, a neck, and a cap. The main components for interaction are the bottle's body,
which provides a firm area for gripping.
Analyze the object and the task instruction to determine the part of the object that matches the task
instruction. To hold a bottle securely, the body of the bottle is the area that should be gripped. This part is wide
enough to provide a firm hold and is where most people naturally grip a bottle.a
Ground the part of the object in the image and output the result in a structured JSON format. The bottle's
body is slightly below the neck and extends to the lower part of the bottle. This is the ideal area for gripping.
H### Output
{ "object_part": "the body of the bottle",

"object_name": "bottle”,

“task": "To hold this bottle securely, which areas on its body should your hand grip?” @
}

SPOHer Rex-Omni
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Figure 8. Full Demonstration of Intermediate Results. Sampled from results on the ReasonAff dataset.



Input Image & Task Description

What part of the faucet would you
need to press down to turn it on?

Dreamer

Edit the input image to show a hand gently pressing down on ﬁ
the lever of the faucet, causing water to flow from the

spout. The hand should be positioned naturally, with fingers
wrapped around the lever, and the water stream should be @

visible. Keep others unchanged. Photorealistic, seamless
inpainting. Qwen-Image

Thinker

### Thinking

Identify the key components of the object in the first image: The object in the first image is a faucet with two
main components: the spout and two handles. The handles are typically used to control the flow of water and can
be pressed down or lifted to turn the faucet on or off.

Analyze the second image: The second image shows a person interacting with the faucet, specifically pressing
down on one of the handles to turn it on. This indicates that the handles are the interactive components in
relation to the given task of turning the faucet on.

Ground the part of the object in the first image: Based on the analysis of both images, the part of the faucet
that needs to be pressed down to turn it on is one of the handles. In the first image, the handle that should be
pressed is the one on the right.

### Output

t

“task": "What part of the faucet would you need to press down to turn it on?",

"object_name": "faucet",

“object_part": "the handle of the faucet” @

GPT-40

Spotter

Rex-Omni
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Figure 9. Full Demonstration of Intermediate Results. Sampled from results on the ReasonAff dataset.



Input Image & Task Description

Grasp

Dreamer

Edit the input image to show the existing ladle being grasped
by a hand; position the hand around the handle, ensuring the
thumb and fingers wrap naturally; maintain the ladle's
orientation and placement on the blue surface; ensure
lighting, shadows, and perspective match the original;
preserve the ladle's identity and background; photorealistic,
seamless inpainting.

Thinker

### Thinking
In the first image, the ladle is resting on a flat surface, and there are no visible signs of
interaction with a person or another object.
In the second image, a hand is shown grasping the handle of the ladle, indicating the part of the
ladle that can be interacted with using the “grasp" affordance.
The handle of the ladle is the part that would typically be used to hold and manipulate the ladle,
making it the most relevant part for the "grasp" affordance.
### Output
{

"object_part": "the handle of the ladle",

"affordance_type": "grasp",

}

GPT-40

SRR Rex-Omni
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Figure 10. Full Demonstration of Intermediate Results. Sampled from results on the UMD dataset.



Input Image & Task Description

Scoop

Dreamer

Edit the input image to show the existing wooden spoon A:&
scooping up a small amount of sand or similar granular

material from a surface beneath it; ensure the spoon is .
positioned at an angle with its bowl facing upward, capturing G

the material visibly lifting off the surface; preserve the

object's identity and background; photorealistic, seamless Qwen-Image
inpainting.

Thinker

##+# Thinking

In the first image, the spoon is resting on a flat surface without any interaction.

In the second image, the spoon is being used to scoop a granular substance, which is consistent with
the affordance type "scoop".

The part of the spoon that interacts with the granular substance is the bowl of the spoon, which is
designed to hold and transfer the substance.

### Output
{
"object_part": "bowl of the spoon”,

"affordance_type": “scoop"

}

GPT-40

SRR Rex-Omni
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Figure 11. Full Demonstration of Intermediate Results. Sampled from results on the UMD dataset.



Input Image & Task Description

¥

Can you please open
the door for me?

Dreamer

Edit the input image to show a hand gently pushing the door ﬁ
open from the inside, revealing more of the room behind it,

while the child looks curiously towards the viewer. Ensure

the hand is positioned naturally near the door handle, and ‘}
maintain the lighting and shadows consistent with the
existing scene. Photorealistic, seamless inpainting. Keep
others unchanged.

Qwen-Image

Thinker

###Thinking

Identify the key components of the object in the first image: The object is a door with a round
doorknob. The key component of interaction for this task is the doorknob, which is used to open the
door.

Analyze the second image: The second image shows a hand interacting with the doorknob, indicating
that the doorknob is the component used to perform the task of opening the door.

Ground the part of the object in the image: Based on the task of opening the door, the relevant
part of the object is the doorknob.

###Output

{

“task": "Can you please open the door for me?",

"object_name": "door",

"object_part": "the doorknob of the door", @

Spotter

Rex-Omni

Figure 12. Full Demonstration of Intermediate Results. Sampled from results on the RAGNet dataset.



Input Image & Task Description

Can you please preheat
the oven for me?

Dreamer

Edit the input image to show a hand turning the oven dial Aj 7
to the right, indicating the preheating process has started.

The hand should be positioned near the oven control panel,
with fingers gripping the dial firmly. Ensure the hand is ﬁ
realistic in size and detail, casting a subtle shadow on the

oven surface. Keep others unchanged. Photorealistic, Wwen-Image
seamless inpainting.

Thinker

### Thinking
Identify the key components of the object in the first image: The first image shows a kitchen setting
with a dishwasher and an oven. The oven is located on the right side of the image, below the stove. The
oven has a control panel with knobs and a digital display. The knobs are likely used to control the
temperature and settings of the oven.
Analyze the second image: In the second image, a person is interacting with the oven. The person's hand
is holding one of the knobs on the control panel of the oven. This indicates that the knob is the part of
the oven used to preheat it, as per the task instruction.
Ground the part of the object in the first image:
Based on the interaction observed in the second image, the relevant part for preheating the oven is the
knob on the control panel.
### Output {

“task": "Can you please preheat the oven for me?",

"object_name": "oven",
"object_part": “the knob of the oven"

} GPT-40

SRR Rex-Omni

A

the knob of the oven ﬂl]l::>

Figure 13. Full Demonstration of Intermediate Results. Sampled from results on the RAGNet dataset.
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