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Abstract—Object affordance reasoning, the ability to infer
object functionalities based on physical properties, is fundamental
for task-oriented planning and activities in both humans and
Artificial Intelligence (AI). This capability, required for planning
and executing daily activities in a task-oriented manner, relies on
commonsense knowledge of object physics and functionalities,
extending beyond simple object recognition. Current compu-
tational models for affordance reasoning from perception lack
generalizability, limiting their applicability in novel scenarios.
Meanwhile, comprehensive Large Language Models (LLMs) with
emerging reasoning capabilities are challenging to deploy on
local devices for task-oriented manipulations. Here, we introduce
LVIS-Aff, a large-scale dataset comprising 1,496 tasks and 119k
images, designed to enhance the generalizability of affordance
reasoning from perception. Utilizing this dataset, we develop
Afford-X, an end-to-end trainable affordance reasoning model
that incorporates Verb Attention and Bi-Fusion modules to
improve multi-modal understanding. This model achieves up
to a 12.1% performance improvement over the best-reported
results from non-LLM methods, while also demonstrating a
1.2% enhancement compared to our previous conference paper.
Additionally, it maintains a compact 187M parameter size and
infers nearly 50 times faster than the GPT-4V APIL. Our work
demonstrates the potential for efficient, generalizable affordance
reasoning models that can be deployed on local devices for task-
oriented manipulations. We showcase Afford-X’s effectiveness in
enabling task-oriented object grasping for robots across various
tasks and environments, underscoring its efficiency and potential
for manipulation tasks in physical environments.
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I. INTRODUCTION

FFECTIVE interaction with the world demands more
than object recognition; it requires understanding how
objects can be used. This concept, known as affordance
reasoning [1]], [2], transcends the traditional “what is where”
paradigm [3] of object detection and classification sys-
tems [4]-[8]. Through affordance reasoning, agents infer
potential functions from physical properties—a fundamental
capability that enables both task-oriented manipulation and
adaptive problem-solving in complex environments [9]], [[10].
This reasoning capability enables humans to naturally se-
lect appropriate tools for specific tasks [11] and devise cre-
ative solutions in unfamiliar or resource-constrained environ-
ments [[12]. Consider, for example, repurposing a hollowed-out
bell pepper as a water container when conventional containers
are unavailable, as shown in [Fig. Ifc). Such adaptability,
rooted in understanding object properties and their potential
functions, exemplifies the flexibility required for effective
interaction across diverse environments [|13]].

The importance of affordance reasoning extends beyond
human cognition into Al and robotics [2], [14]. In task-
oriented manipulation [15]-[19], agents must process both
task requirements (textual input) and environmental perception
(visual input) to select and use appropriate objects for specific
goals. This process requires reasoning about feature cues
and matching them to novel task contexts [20], as illustrated
in and Developing robust affordance reasoning
capabilities could significantly enhance Al systems’ ability to
operate flexibly in complex, real-world environments [21]].

Despite the significant benefits of affordance reasoning, its
computational implementation faces several key challenges,
particularly in designing frameworks suitable for local de-
ployment and offline processing. Robotic platforms typically
operate under strict computational constraints—whether using
NVIDIA’s Jetson Orin development board or even high-end
RTX 4090 GPUs with 24GB memory [22]. These limitations
prevent the deployment of large-scale pre-trained generative
Multimodal Large Language Models (MLLMs) [23]] due to
computing capabilities, power constraints, usage policies, and
information security concerns [24]], [25]]. While smaller pre-
trained generative MLLMs like SPHINX 1.1B [26]] can operate
locally, their limited knowledge bases and reasoning capa-
bilities prove insufficient for complex affordance reasoning.
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Fig. 1: Affordance reasomng for task-oriented manipulation. Afford-X provides efficient visual affordance reasoning through: (a) two
comprehensive datasets—COCO-Aff (112k images, 1,144 tasks, 80 categories) and LVIS-Aff (119k images, 1,496 tasks, 1,064 categories);
(b) real-time processing (2.38 Frames Per Second (FPS)) with a compact 187M-parameter architecture generating bounding boxes and object
masks; (c) robust generalization demonstrated through task-specific object selection and multi-object identification at 0.7 confidence threshold;

(d) integration with robotic systems for simulated task-oriented object grasping.

In contrast, pre-trained Multimodal Models (MMs) [4], [27]-
[31]] achieve superior performance with fewer parameters and
faster response times, likely because they leverage knowledge
directly from the image feature space, capturing fine-grained
visual details essential for affordance reasoning [32].

Training these slim MMs presents additional challenges,
particularly when pre-training techniques ignore the funda-
mental nature of affordance. Models trained directly on object
detection datasets often develop biased understanding, over-
emphasizing familiar nouns. This bias can lead to failures
when task descriptions include prominently visible objects, as
the model may misinterpret an affordance reasoning task as
simple object detection. For example, given the task “clean
bottle with,” a model might fixate on detecting “bottle” while
missing the critical action “clean,” failing to understand the
task’s true intent (see and [2d). Moreover, some pre-
trained MMSs, such as Multimodal DEtection TRansformer
(MDETR) [4], rely on simple concatenation of visual and
language features, potentially limiting their comprehension of
multimodal data.

Developing slim models with accurate and generalized af-
fordance understanding requires both a large-scale corpus and
diverse knowledge representation [33]]. This diversity depends
on three critical dimensions: the range of tasks, the quantity of
images, and the variety of target object categories. Deficiencies
in any of these dimensions can limit a robot’s ability to make
contextual decisions when encountering dynamic affordances,
diverse layouts, and novel objects [2]], [32]], [34]. However,
expanding this knowledge base presents unique challenges due
to the complex many-to-many mapping between affordance
tasks and target objects—unlike the straightforward one-to-one

relationships in object detection [35]], [36]. A single object
can serve multiple tasks, and conversely, one task might be
accomplished using various objects (see [Fig. 3 Desplte
previous efforts involving manual annotatlons - or
LLMs, creating truly diverse affordance reasoning datasets
remains a significant challenge [17].

To address these challenges, we propose Afford-X, a slim
end-to-end multimodal reasoning framework built on a knowl-
edge distillation architecture inspired by TOIST [[I5]. Our
framework consists of paired teacher and student models
sharing the same architecture. It processes text-based task
descriptions and visual scene inputs to autonomously identify
appropriate objects for given tasks, producing both detection
bounding boxes and fine-grained segmentation masks (see
[Fig- Tb)). The training process occurs in two stages: first, the
teacher model learns in an oracle manner using target object
category labels in the text input; then, this knowledge transfers
to the student model, which operates without such labels. This
distillation approach proves particularly effective for scenarios
with size constraints, as the student model’s architecture can
adapt to practical requirements while maintaining effective
supervision from the teacher.

To enhance our framework’s capabilities, we introduce two
key modules. The Verb Attention (VA) module emphasizes
action words in the input, ensuring accurate task understanding
rather than mere object recognition. The Bi-Fusion (BF) mod-
ule, inspired by BLIP [40], improves upon simple feature con-
catenation methods to better capture complex interactions be-
tween visual and textual information. Our experimental results
(see [Fig. TT) demonstrate that Afford-X, despite its compact
187M parameters, outperforms even GPT-4V in affordance
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Fig. 2: Comparison between object detection and affordance reasoning. In our task-oriented setting, affordance reasoning aims to identify
the object that best supports the intended action, rather than simply localizing the noun mentioned in the instruction. (a) Conventional object
detection localizes the object specified by a noun query, e.g., “bottle”. (b) Affordance reasoning selects an object that can serve a functional
role for a task, e.g., choosing a tool for “clean with something”. (c) Existing affordance methods may over-attend to the explicit noun in
the instruction and incorrectly select the prominent “bottle” for “clean bottle with something”. (d) Afford-X emphasizes the task verb and
correctly identifies the “napkin” as the appropriate cleaning tool, despite the visually salient bottle in the scene.

reasoning tasks while achieving real-time inference speeds of
2.38 FPS—making it practical for real-world deployment.

To strengthen Afford-X’s generalization capabilities, we de-
veloped an automated pipeline that leverages LLMs to convert
object detection datasets into affordance reasoning datasets.
This pipeline employs GPT-4 in dual roles: as a producer
generating task-object pairs from object categories, and as a
quality inspector filtering out errors and inconsistencies. Using
this approach, we created two comprehensive datasets: COCO-
Aff from COCO2014 [35] and LVIS-Aff from LVIS [36].
COCO-Aff features 1,144 diverse tasks, 112k training images,
and 80 object categories, while LVIS-Aff expands to 1,496
tasks, 119k images, and 1,064 object categories, offering
broader coverage of both indoor and outdoor scenarios (see
[Fig- T|(a)). Models trained on these datasets show significant
improvements in generalization, with accuracy gains of 22.9%
and 24.7% respectively on unseen tasks.

We validate these improvements through extensive testing
of Afford-X’s ability to support embodied agents in diverse
simulated environments. Beyond evaluations on natural images
from datasets like COCO [35]], we utilize textured meshes from
Objaverse and OmniGibson to create scenes with
diverse, randomly placed objects rendered using photorealistic
ray-tracing, as shown in [Fig. T(d). This approach enables
assessment of our model’s robustness to complex object ge-
ometry, appearance variations, and challenging environmental
conditions including clustered objects, varying lighting, and
visual distractions. We further demonstrate practical applica-
bility through simulated object collection tasks, where Afford-
X integrates with standard grasp planners and motion planners
on a mobile manipulator to perceive scenes, select appropriate
objects, and execute retrieval actions.

This article significantly extends our previous TOIST
work through several key contributions:

« Development of knowledge distillation-based Afford-X with
innovative VA and BF modules, enhancing action recogni-
tion and multimodal interpretation capabilities
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Fig. 3: Task-object mapping in affordance reasoning. Affordance
reasoning involves complex many-to-many relationships between
tasks and objects. (a) We visualize task descriptions from LVIS-Aff
on the left and their compatible object categories on the right. (b) The
connections demonstrate how individual tasks can be accomplished
with multiple objects. (c) The mapping reveals how single objects
can serve multiple different tasks, highlighting the complexity of
affordance relationships.
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o Creation of comprehensive affordance reasoning datasets:
COCO-Aff and its expanded version LVIS-Aff
« Extensive validation demonstrating significant performance
improvements over our previous approach through both
image datasets and simulated environments
The paper continues with a comprehensive review of re-
lated work (Sec. TI)), followed by detailed descriptions of our
dataset construction (Sec. IV), model architecture (Sec. 1)),
and embodied affordance reasoning approach (Sec. V). We
present experimental results (Sec. VI), discuss task-oriented
manipulation findings (Sec. VI-F), and conclude with key
insights (Sec. VTI).

II. RELATED WORK

In this section, we review three key aspects of affordance

research: learning-based affordance reasoning (Sec. II-A),
datasets for training and evaluation (Sec. II-B), and task-

oriented manipulation approaches (Sec. 1I-C).



A. Learning-based Affordance Reasoning

The concept of affordance, introduced by American psy-
chologist James J. Gibson [1f], proposes that environmental
objects inherently offer action possibilities—for instance, a
chair affords sitting. This fundamental notion, which empha-
sizes the relationship between physical properties and potential
functions, has become central to how robots understand and
interact with their environment [2].

As affordance research entered the computer vision domain,
early approaches focused on establishing direct mappings be-
tween visual features and potential actions, bypassing explicit
object recognition [43]]. These traditional methods combined
handcrafted features—including shape, size, texture, color,
and material—with Bayesian networks [44] or support vector
machines [45] to encode relationships between geometric
features and affordances [46]-[48|]. However, these approaches
struggled to generalize across diverse object appearances and
environmental contexts [49].

The emergence of deep learning transformed affordance
reasoning through its powerful feature extraction capabilities.
These models leverage multi-layer networks and large-scale
datasets to capture rich object features and learn affordance
cues, achieving enhanced performance and robustness [50].
Their success in identifying functional regions—such as gras-
pable or supportable areas—has significantly advanced robotic
task-oriented manipulation [43], [50]-[52]. However, chal-
lenges persist in capturing contextual dependencies and com-
plex semantic relationships, particularly in cluttered scenes
with multiple interacting objects.

The integration of semantic information with visual cues
marked the next major advance. Modern models leverage
category-level knowledge for object function inference, en-
abling more effective task-oriented object detection [15], [53]].
This enhanced contextual understanding provides deeper in-
sights into object-environment interactions [4], [[15]], [[54[—[56].
Transformer-based architectures, especially vision-language
pre-training models [4]], [27]-[31]], have further advanced
the field through sophisticated cross-modal alignment tech-
niques. These approaches demonstrate superior flexibility and
generalizability compared to traditional Convolutional Neural
Network (CNN)-based methods, particularly in complex and
dynamic scenarios.

Most recently, the rich commonsense knowledge embedded
in LLMs has opened new possibilities for affordance reason-
ing. CoTDet demonstrates this potential through structured
task decomposition [57]], while AffordanceLLM enhances
open-world inference by combining visual perception with
LLM capabilities [32]. Along this line, recent works further
exploit foundation models and 3D cues. OOAL learns open
affordances from a single example with foundation models
[58]], and both 3D-AffordanceLLM [59] and GEAL [60]
push open-vocabulary affordance reasoning into 3D worlds.
However, deploying large-scale LLMs like GPT-4 presents
significant challenges for robotic platforms that require lo-
cal, offline inference. While small-scale LLMs offer an al-
ternative, they struggle with limited knowledge bases and
reasoning capabilities—particularly in sparse language spaces

compared to dense image feature spaces [[61]]. To address these
limitations, we propose Afford-X, a MM-based end-to-end
framework inspired by TOIST [15]. Our approach achieves
efficient inference with compact parameters, enabling broader
deployment across manipulation platforms.

B. Dataset for Affordance Reasoning

The proliferation of deep learning in affordance reasoning
has highlighted datasets as a critical foundation for model
development. A dataset’s effectiveness depends on three key
dimensions: the diversity of tasks, the quantity of images,
and the range of object categories. [lab. I| summarizes the
major datasets in this field. The first significant milestone came
from Myers et al. [62]], who introduced both a framework for
joint affordance localization and recognition and the field’s
first pixel-level annotated dataset. While groundbreaking, this
initial dataset focused primarily on surface features, overlook-
ing the crucial role of human-object interactions in affordance
reasoning. Chuang et al. [39]] addressed this limitation with
the ADE-Affordance dataset, built upon ADE20K [38]], incor-
porating both physical constraints and social norms to better
align with real-world reasoning challenges.

TABLE I: Comparison of affordance detection datasets. We ana-
lyze the key characteristics of major datasets in affordance reasoning.
(a) We evaluate datasets based on their number of images (#Imgs),
object categories (#Cats), and affordance/task categories (#Aff). (b)
Each dataset builds upon different source datasets, providing vary-
ing foundations for affordance learning. (c) Our proposed datasets,
COCO-Aff and LVIS-Aff, achieve significant expansion across all
three dimensions compared to existing work.

Dataset #Imgs #Cats  #Aff Source
ADE-Aff [39] 1000 150 7 ADE20K [38]
PAD [63] 4002 72 31 \

PADvV2 [64] 30000 103 39 \

PAD-L [64] 4002 72 31 \
COCO-Tasks [37] 39724 49 14 COCO02024 [35]
RIO [17]] 40214 69 >100 COCO02024
COCO-Aff 112k 80 1144 COC02024
LVIS-Aff 119k 1064 1496 LVIS [36]

Recognizing that affordances fundamentally connect to hu-
man behavioral goals—reflecting Gibson’s concept of animal-
environment complementarity—researchers began developing
goal-oriented datasets. Luo et al. pioneered this direction with
PAD [63] and its successor PADV2 [65]], explicitly modeling
the relationship between human goals and affordances while
encompassing more complex scenarios. Lu ef al. [|64] further
advanced this approach through PAD-L, which integrated
natural language in affordance detection to enable object
segmentation based on phrase-based affordance descriptions.
However, their reliance on a limited affordance dictionary
for paraphrasing constrained the capture of natural language
complexity.

The field then shifted toward task-specific object selection.
Sawatzky et al. [53] introduced the COCO-Task dataset, de-
rived from COCO [66], marking the first transformation of an
object detection dataset into an affordance reasoning dataset.
While innovative, its scope remained limited by predefined
14 tasks and rigid phrase representations. Qu et al. [17]]
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addressed these constraints with the RIO dataset, also built
upon COCO2014, offering richer tasks and more diverse
descriptions for broader scenario coverage. However, RIO’s
limited object categories prove insufficient for dynamic open-
world environments, and despite leveraging LLM for task
construction, it still requires extensive human annotation for
task-object pair filtering.

To overcome these limitations, we propose an automated
pipeline for converting object detection datasets into affor-
dance reasoning datasets. Our approach employs LLM in dual
roles—as both producer and inspector—significantly reducing
the need for human annotation. Through this pipeline, we have
created COCO-Aff and LVIS-Aff, establishing new bench-
marks in task coverage, image quantity, and object category
diversity. These datasets provide models with a substantially
richer knowledge base while maintaining data quality through
automated verification, enabling more robust and generalizable
affordance reasoning.

C. Task-oriented Manipulation

Ikeuchi and Hebert’s seminal work [[67] established that
vision systems should adapt their architectures to specific
tasks rather than pursuing a general-purpose approach. This
task-oriented vision paradigm has become fundamental to
robotic manipulation, enabling systems to handle diverse tasks
posed by algorithms or human users. These tasks span a
broad spectrum—from object manipulation with varying grasp
types [67]-[69] and purposes [2], [13], [19], [70] to complex
environmental interactions such as door opening and water
pouring [71]-[73]]. At its core, task-oriented manipulation
requires optimal system configuration through the selection of
appropriate sensor signals [74]], task representations [13]], [68]],
[69], processing modules, and manipulation policies [18]], [19],
[75], [76], conditioning on specific goals and target objects.

Current task-oriented robotic vision and manipulation sys-
tems, however, typically operate under a significant constraint:
they assume the suitable object for a task has already been
specified and represented with proper visual representations
(e.g., 3D mesh or point cloud) [55], [[77]-[79]. This limitation

reduces system autonomy by requiring human input for ob-
ject selection. Our approach addresses this fundamental gap
by integrating affordance reasoning capabilities within scene
understanding [80], enabling robots to identify appropriate
objects for the given task within open-ended scenes with
multiple candidate objects and obtain their 2.5D representa-
tions, i.e. segmented colored point clouds, which are vital
for many downstream manipulation tasks [55], [77]-[79].
This integration represents a crucial step toward autonomous
task-oriented manipulation systems that can adapt to diverse
environments and task requirements.

III. THE AFFORD-X

This section presents our Afford-X framework for affor-
dance reasoning. We begin with a formal problem formulation
(Sec. TIT-A)), followed by the model architecture (Sec. III-B]),
noun-pronoun distillation strategy (Sec. III-C), and key archi-
tectural components (Sec. TII-D).

A. Problem Formulation

Given an RGB image X, € R3*HoxWo and a task descrip-
tion X; (e.g., “sit comfortably on”), our goal is to detect and
segment objects most suitable for the specified task. The model
predicts bounding boxes Bped = {b1,...,bn,,}, instance
segmentation masks Mpeq = {m1, ..., My, }, and preference
scores Spred = {81, ++,8nyy € [0,1]"re¢. Each bounding
box b; € [0,1]* contains normalized center coordinates and
dimensions, while preference scores indicate object suitability
for the task. We denote the complete set of predictions as
Opred = (Bpreds Mpred, Sprea). Formally, we seek a function f
such that:

f(Xm Xl) = <Bpred7 Mpredv Spred)- (D

B. Affordance Reasoning Model Architecture

To identify suitable objects without explicit object category
labels, we design the Afford-X with parallel visual and textual
pathways, enhanced by specialized modules for multimodal
understanding (illustrated in [Fig. 4). A pre-trained visual



encoder processes the input image X, to extract visual features
F,, while a text encoder processes the task description X;
to generate textual features F;. Two key components enhance
these representations: the VA module processes F; to produce
enhanced text features F} that emphasize task-specific actions,
while the BF module integrates F} with F, to generate fused
features F and F;' that capture fine-grained associations
between vision and language.

The fused features pass through a transformer encoder-
decoder architecture, where the encoder captures global rela-
tionships through self-attention mechanisms, and the decoder
employs learnable query vectors to generate refined outputs.
These outputs are projected through parallel heads to produce
bounding boxes DBpeq and segmentation masks Mpeq. The
decoder also outputs logits Gpred = [€1,---,8npeal €
R7predXmmax for computing preference scores Sprq. Here,
Npred 1S the number of decoder object queries, and nyax 1S
the fixed padded text length that includes the special “no-
object” token. For each predicted object 7, the preference score
3; € Spred 1s computed as:

OXP ()
2 exp (95)°
where Q;'- is the logit of object query 7 at token position j and
g% is the “no-object” logit. Thus § = 1 — P;(no-object)
measures how likely query ¢ is a valid task-relevant target.

During training, we compute a bipartite matching between
predicted and ground truth objects using the Hungarian al-
gorithm [81]]. The matched predictions are supervised with
localization losses (L1 loss and Generalized Intersection over
Union loss [82]) and segmentation losses (Dice/F-1 loss [[83]]
and focal cross-entropy loss [84]). We incorporate the soft-
token prediction loss and contrastive alignment loss from
MDETR [4]], adapting them to focus on the entire verb-
pronoun description rather than individual tokens. The total
loss for the Afford-X is formulated as:

Lasrora-x = AMLL1 + A2La10U + A3Lpice

3)
+ )\4£Cross + /\5£Token + /\6£Align7
where \; to \g are weights for the respective loss components.

2

§i=1—

C. Noun-Pronoun Distillation

To enable object inference without explicit category la-
bels, we introduce a noun-pronoun distillation framework
(illustrated in [Fig. 3). Our approach uses a teacher model
trained on task descriptions containing object labels (e.g., “sit
comfortably with a couch’) and a student model that processes
category-free descriptions (e.g., “sit comfortably with some-
thing”). Through clustering and preference distillation, the
teacher transfers its object-centric knowledge to the student.

Clustering Distillation: We maintain a text feature mem-
ory bank that stores noun features from the teacher model,
enabling the student to select appropriate noun prototypes for
pronoun replacement. The process operates on enhanced text
features [, and F},,, corresponding to noun and pronoun
tokens after VA module processing.

The memory bank is structured as a ngg X Nmem X d tensor,
where ny,s represents the number of tasks, nyen is the per-task

Sit comfortably
onfcouch

Text Input

VYUpdate f 3
R fAAoe.d Soft Binary
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Fig. 5: Noun-pronoun distillation framework. Our framework
employs parallel teacher-student encoder-decoder architectures for
affordance learning. The teacher processes specific noun-based de-
scriptions (e.g., “sit comfortably on couch”), while the student
handles generalized pronoun-based inputs (e.g., “sit comfortably on
something”). Knowledge transfer occurs through two mechanisms:
(i) a memory bank storing noun features that guides the student’s
cluster selector, and (ii) a soft binary target loss that aligns teacher-
student logits. This design enables category-agnostic inference while
maintaining category-informed understanding.

memory size, and d is the feature dimension. For each task
Jj» we maintain a queue Fhem = [F{,F3,...,FJ ] of noun
features. During training, we add teacher noun features F)_
and evict their nearest neighbors, a redundancy-aware update
that fixes the memory size while preserving feature diversity.
We then apply K-means clustering to Fm to obtain K cluster
centers Fl = {FJ [ FJ ... FI }.

Knowledge transfer occurs through a cluster selector in the
student model, which uses nearest neighbor classification to
select a prototype Fg from F{ based on the pronoun feature
Frfmn. This prototype replaces Fp’mn in the student’s feature
sequence. To ensure proper alignment, we define the cluster
loss Leuster = ||Fl;rOn — F g 5, which minimizes the Euclidean
distance between the pronoun feature and selected cluster

center.

Preference Distillation: We align teacher and student
predictions through a soft binary target loss based on the
Kullback-Leibler (KL) divergence. For each object query, we
compute binary probabilities indicating positive (ground truth
object) or negative matches: p = [pP°%, p"°8] € R'*2. These
probabilities are defined using the softmax function:

max — 1 - N
PP = Z;L::l eXp(gj) e = eXp(gnmax) 4)
- Timax ~ ? - T max ~ 9
> exp(g;) > exp(g;)

The probability sequences for teacher and student models,
denoted as P; = [py,,. - -, ptnpm;] and P = [ps,, - .- ,psnpmd],
are aligned through bipartite matching. Using the Hungarian
algorithm [31], we find an optimal permutation o € &, that
minimizes the matching cost:

Mpred
0 =arg min L . . 5
gUEanmd : match (yt” ys(,(,)) > %)
i=1
where y;, = (by,, py;) combines the teacher’s bounding box



prediction ZA)tl. and probabilities, and Ly incorporates both
box prediction losses and KL divergence.
The soft binary target loss is then defined using the optimal

assignment &:
Mpred

Cbinary = Z LxL (Pt” ps;,(i)) ) (6)
i=1
where the KL divergence between teacher and student proba-
bilities is:
pos neg
LkL (Pt;s Ps,y) = P log (ﬁé—) + pp. " log (2%) - (D
S5(i) S5 (i)
Minimizing Lyinary aligns the student’s binary query prob-
abilities with the teacher’s. Since the preference score §;
follows a similar formulation to pP*, this effectively
transfers preference knowledge from teacher to student.
Overall Training Loss: We combine all components into
a final training objective for the Afford-X with noun-pronoun
distillation:

L Afford-X—Np = ‘Cf&fford—X—’—[’f\fford—X+)‘7£§1uster+/\8£§inary7 (®)
where Ll qx and L34..q4.x represent the teacher and student
model losses, and A7, Ag weight the distillation components.
The distillation losses L5, and L, apply only to the
student model. During inference, we employ only the student
model with the fixed memory bank, maintaining category-
agnostic object identification.

We provide additional methodological details, including
noun feature representations in and loss function
derivations in The effectiveness of our proposed
modules is validated through extensive experiments detailed in
[Secs. H and [VI-C] Furthermore, in[Sec. VI-B] we demonstrate
that the integration of these modules achieves state-of-the-art
performance across multiple benchmarks.

D. Verb Attention module and Bi-Fusion module

To enhance multimodal understanding, we introduce two
specialized components: the BF module for cross-modal fea-
ture integration and the VA module for action-focused reason-
ing.

BF module: We design this module to overcome limi-
tations of MDETR’s feature concatenation approach by im-
plementing bi-directional cross-modal attention between vi-
sual and textual features. This direct interaction captures
fine-grained vision-language associations through parallel bi-
directional attention:

F) = F, + 7, - Attn,_; (LN(F,), LN(F})),

Ft/ = Ft + Yt - Attnt_w (LN(Ft), LN(FU)) 5
where Attn,_,; and Attn,_,, implement multi-head attention
between modalities, LN performs layer normalization, and
learnable parameters -, ¢ control cross-modal influence.

VA module: This module enhances action-related in-
formation processing while reducing interference from dom-
inant object categories. Leveraging the standardized verb-
object-preposition format of task descriptions, it applies cross-
attention between verb features and the complete textual
prompt. Given the first verb’s feature F,;, € R and full
text features F, € RLXC* from the text encoder (where L

9

is sequence length and C} is feature dimension), the module
computes:

F/" = F; + CrossAttn (LN(F;),LN(F,)),  (10)

where CrossAttn performs cross-attention to produce en-
hanced text features F;’ with dimensions matching Fy, ef-
fectively amplifying action-related information in the final
representation.

E. Summary

The combination of noun-pronoun distillation, bi-directional
feature fusion, and verb-focused attention enables Afford-X
to effectively reason about object affordances without rely-
ing on explicit category labels. The teacher-student frame-
work transfers object-centric knowledge while maintaining
category-agnostic inference, the BF module ensures com-
prehensive multimodal understanding, and the VA module
emphasizes action-specific features critical for affordance rea-
soning. Together, these components form a robust architecture
that bridges the gap between category-specific training and
category-agnostic deployment while maintaining high perfor-
mance in affordance detection tasks.

IV. DATASET CONSTRUCTION

We present a scalable approach for creating large-scale
affordance knowledge bases through automated conversion of
object detection datasets. Our pipeline transforms standard
detection annotations into rich affordance-task pairs, yielding
two comprehensive datasets: COCO-Aff from COCO and
LVIS-Aff from LVIS. We detail our conversion methodology

in and analyze dataset characteristics in

A. Dataset Collection

A primary challenge in developing Afford-X is establishing
comprehensive affordance knowledge without depending on
LLM inference. While manual dataset construction is possible,
it becomes impractical due to the complex many-to-many
relationships between tasks and objects: single objects can
serve multiple purposes, tasks can utilize various objects, and
objects have different levels of suitability for each task. This
intricate mapping makes manual knowledge base construction
both time-intensive and potentially inconsistent.

We address this challenge through an automated pipeline
that leverages LLM capabilities for dataset construction. Our
approach prioritizes three critical factors: task diversity (en-
abling broad affordance reasoning), image quantity (support-
ing physical property learning and scene generalization), and
object category variety (covering diverse usage scenarios).
While existing detection datasets provide rich visual and
categorical resources, we needed a systematic method to
generate diverse tasks and establish meaningful task-object
relationships.

Our pipeline (illustrated in employs GPT-4 for
both task-object pair generation and quality inspection. After
filtering uncommon object categories (e.g., animals, musical
instruments, food items) that rarely serve as tools, we proceed
through four systematic steps:



Step 1: Task Prompt Collection

“Construct 10 tasks that can be
accomplished by [each object].”

“Select which objects from [list] can
afford [task] based on their physical

Step 2: Task and Object Category Matching

properties, and sort them by preference.”

Step 3: Task Pairs Inspection
J “Review [each pair], remove J 8

objects that don’t match the task,
1 [optional]

Object Categories

» drink water with
* brew atea with

Tasks Producer

Pairs Producer

and check the preference order.”
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drink water with
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Fig. 6: Pipeline for affordance dataset construction. Our automated pipeline transforms detection datasets into affordance knowledge bases
through four steps: (i) task generation—creating diverse tasks per object category, (ii) pair matching—associating tasks with suitable objects
and establishing affordance rankings, (iii) quality inspection—validating task-object pairs and ranking accuracy, and (iv) image sampling—
following composition rules (40% MCMO, 40% SCMO, 10% SCSO, 10% no targets) while retaining highest-priority objects per task. This
systematic approach ensures comprehensive coverage of affordance relationships while maintaining data quality.

Step 1: Task Prompt Collection. A GPT-4-based task pro-
ducer generates 10 diverse tasks per object category, building
an initial task pool. This step captures various potential uses
for each object, ensuring comprehensive affordance coverage
while maintaining natural and practical tasks.

Step 2: Task and Object Category Matching. A GPT-
4-based pair producer matches tasks with relevant object
categories, incorporating commonsense preference rankings.
For instance, in “drink water with,” cups receive higher
rankings than bottles, reflecting intuitive usage preferences.
This ranking system captures nuanced distinctions in object
suitability for specific tasks.

Step 3: Task Pairs Inspection. A GPT-4-based inspector
performs multi-level quality control: filtering tasks against
predefined criteria, verifying object-task match rankings, and
removing inappropriate pairs (e.g., excluding blenders from
“drink water with”). An optional manual review reduces
task redundancy to optimize training efficiency, though this
primarily serves computational rather than quality purposes.

Step 4: Image Collection. Following COCO-Tasks [37],
we organize images into four configurations: MCMO (multiple
categories, multiple objects), SCMO (single category, multiple
objects), SCSO (single category, single object), and Others
(random images without target categories). We retain highest-
priority objects per task and append “something” to prompts,
balancing task specificity with visual diversity.

This automated pipeline enables efficient construction of
large-scale affordance datasets while maintaining data qual-
ity. By leveraging LLM capabilities for generation and in-
spection, we create comprehensive knowledge bases that
capture complex task-object relationships. Human validation
and preference-aware target-selection examples are provided

in Secs. Pl and [

B. Dataset Statistics

Our construction pipeline produced two comprehensive
affordance datasets: COCO-Aff and LVIS-Aff. COCO-Aff,
derived from COCO2014 [35]], contains 112k images spanning
1130 task prompts and 80 object categories. We partitioned
the dataset into training (600 images/task) and test (150
images/task) sets, sampling from COCO2014’s training and
validation sets respectively for fair evaluation.

LVIS-Aff represents a significant expansion using
LVIS [36], encompassing 119k images, 1494 task prompts,
and 1064 object categories. We followed the same sampling
strategy, drawing training (600 images/task) and test (150
images/task) sets from COCO2017’s training and validation
sets respectively, maintaining strict separation for reliable
evaluation.

Both datasets exhibit long-tail distributions in task-object
relationships, reflecting natural variations in object functional-
ity. Objects with limited functional diversity generated fewer
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Fig. 7: System infrastructure for object selection and grasping as a showcase of task-oriented manipulation. Our robot executes
the task “drink water with” through a multi-stage process: (a) Afford-X performs initial affordance reasoning on RGB input, generating
instance segmentation masks for suitable objects. (b) Optionally, the robot navigates the scene to reconstruct a point cloud with SLAM for
collision-free motion planning in completely unseen scenes. (c) The robot executes task-oriented object grasping by locating an object via
Afford-X, approaching for detailed perception, and performing grasping. (d) For complex tasks (e.g., “build up a space for working”), the
system decomposes the high-level goal into sequential sub-tasks, applying procedure (c) to each. See more examples in

unique tasks during Step 1 due to task overlap, leading to
subsequent filtering. Despite this natural skew, the datasets
provide comprehensive coverage of daily-life affordance sce-
narios, establishing robust knowledge bases for affordance rea-
soning. More details for the specifications and characteristics
of both constructed datasets is presented in

V. EMBODIED AFFORDANCE REASONING

As discussed in traditional task-oriented robotics
often relies on human supervision or predefined rules for
object selection prior to specific manipulation, limiting auton-
omy in open-world scenarios. Afford-X focuses on selecting
the suitable task-relevant object in an open-ended scene and
obtaining its visual representation for downstream manipula-
tion modules. This step is especially important when diverse
objects and contexts are present, where the target object cannot
be assumed to be specified in advance.

To demonstrate this, we evaluate Afford-X’s practical appli-
cations by integrating it into embodied agents within simulated

environments. Our evaluation examines two key capabilities:
(1) scene-level affordance reasoning, targeted on analyzing
object affordance in complex 3D environments, and (ii) task-
oriented object grasping, as a minimal yet representative
showcase of manipulation based on the outputs of affordance
reasoning. We leverage Isaac Sim’s photorealistic rendering to
provide both high-fidelity rendering and precise ground-truth
annotations, enabling systematic assessment of how our model
bridges perception and action in embodied contexts.

A. Affordance Reasoning in the Scene

We developed a comprehensive evaluation within NVIDIA
Isaac Sim to rigorously evaluate Afford-X’s affordance reason-
ing in 3D environments. This evaluation assesses the model’s
understanding of object-task relationships across diverse envi-
ronmental configurations and viewing conditions.

Our test environments employ a multi-source scene com-
position approach. We begin with base scenes from the Ev-
ermotion dataset and OmniGibson [42], providing realistic



room layouts and furniture arrangements. We augment these
with randomly placed textured meshes from Objaverse [41]],
following two principles: (i) including both task-suitable and
unsuitable objects to test discrimination capability, and (ii)
randomized object placement for complexity.

We evaluate Afford-X’s ability in selecting appropriate
object for the desired task in the simulated 3D scenes, and
compare it with LLM-integrated pipelines. The evaluation
features an RGB-D camera for environmental perception.
Isaac Sim’s physics engine ensures authentic environmental
interactions, while its ray-tracing renderer generates photo-
realistic images with lighting and materials. The simulator
provides ground-truth annotations including object bounding
boxes and segmentation masks for quantitative evaluation.
During testing, Afford-X processes RGB images alongside
task instructions, generating segmentation masks and for iden-
tifying task-relevant objects. This enables the robot to identify
suitable objects for task execution. These procedures enables
systematic evaluation across varying scenes, viewpoints, and
task contexts while maintaining experimental reproducibility.
The results are reported and analyzed in Further
towards the open-ended world, [Sec. K]reports a more in-depth
evaluation on Afford-X’s capabilities in diverse 3D scenes, and
reports analysis on object size and occlusion.

B. Task-oriented Object Grasping

We use object grasping as a minimal yet representative
task to evaluate whether the predicted object-level affordance
mask can support downstream manipulation. Our system
architecture (Fig. 7) combines Afford-X with established
manipulation modules: GraspNet [87] as the grasp planner
and cuRobo [88] as the collision-aware motion planner. The
manipulation follows the four-phase procedure: (i) Affordance
reasoning: Afford-X processes the scene’s RGB frame with
a task description, identifying suitable target objects through
segmentation masks. (ii) Viewpoint optimization: The robot
positions itself at a prescribed viewing distance dyieyw from
the identified target for detailed perception, where the target
camera location is computed using the depth image addition-
ally acquired in step (i); An affordance mask is inferred from
each perspective and used to segment the RGB-D image into
an object point cloud from the masked region and a scene
point cloud from the remaining region. (iii) Grasp planning:
The grasp planner [87]] generates object-level grasp proposals
(each consists of a gripper pose, a width, and a quality score)
using the segmented object point cloud as the grasping target.
(iv) Grasp execution: A motion planner generates trajectories
for the grasp proposals using the scene point cloud as collider
and executes the planned grasp motion with the highest grasp
score on the robot. We operate in simulated scenes and objects
from OmniGibson [42]] (see [Fig. A7). During grasp execution,
we use a fixed joint to attach the object to the gripper when
the gripper is closing if the object is close enough to the
gripper, which is a standardized protocol to isolate affordance
reasoning from unstable contact simulation.

For complex tasks requiring multiple steps (e.g., “build up

a space for working”, [Fig. 7(d)), we employ an LLM to

decompose the high-level goal into atomic sub-tasks. Each
sub-task follows the same three-phase protocol sequentially,
enabling structured completion of complex manipulations
through affordance-guided action sequences. This integration
of affordance reasoning with manipulation planning advances
autonomous task-oriented robotics, enabling robots to indepen-
dently identify and utilize appropriate objects based on task
requirements. provides more details and results.

VI. EXPERIMENT

To validate the effectiveness of Afford-X, we conduct
comprehensive experiments across three key dimensions: (i)

performance comparison and ablation studies
and [VI-C), (ii) dataset analysis (Sec. VI-D), and (iii) real-
world applicability (Secs. VI-E] and [VI-F)). The latter includes
comparative analysis against LLM-based approaches and val-
idation in task-oriented manipulation scenarios.

A. Implementation Details

Model Architecture: We implement Afford-X using
RoBERTa-base [89] for text encoding and ResNet-101 [90]]
as the CNN backbone. To leverage existing vision-language
understanding capabilities, we initialize our model with pre-
trained weights from MDETR [4]. We evaluate this archi-
tecture across three progressively more challenging datasets:
COCO-Tasks, COCO-Aff, and LVIS-Aff.

Training Protocol: Our training follows a carefully de-
signed multi-stage approach. In the initial verb-pronoun and
verb-noun stages, we employ the Adam optimizer with a batch
size of 36, applying a uniform learning rate of 10~° across
the text encoder, backbone network, and BF module. The
subsequent distillation stage requires more precise parameter
updates, leading to the reduced batch size 18 and text encoder
learning rate 5 x 10~% while maintaining other learning rates.

Data Augmentation: To enhance model robustness to
real-world variations, we implement a comprehensive data
augmentation pipeline. This includes dynamic image resizing
that randomly scales the shortest side between 480-800 pixels
while capping the longest side at 1333 pixels. We further aug-
ment the training data through random cropping (probability
0.5), generating diverse viewports between 384-1333 pixels.

Evaluation Metrics: We evaluate model performance
using the AP@0.5 metric, which assesses localization accuracy
and ranking effectiveness through predicted preference scores
Spred. For comprehensive evaluation across different tasks, we
report the mean Average Precision (mAP@0.5), calculated by
averaging AP@(.5 scores across all experimental tasks.

B. Performance Analysis

Our comprehensive experimental results are presented in
We evaluate our approach against existing meth-
ods based on pre-trained MMs, excluding LLM-augmented
baselines for fair comparison. Prior approaches fall into two
categories: two-stage methods combining object detection with
Gated Graph Neural Networks (GGNN) [53] (rows (a)-(g)),
and one-stage methods built on MDETR (rows (h)-(k)).
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TABLE II: Comparison of Afford-X with state-of-the-art methods. Comprehensive evaluation across COCO-Tasks, COCO-Aff, and LVIS-
Aff datasets demonstrates the effectiveness of our approach, with Afford-X consistently achieving superior performance in both affordance
understanding and instance segmentation tasks. The performance gains stem from our proposed VA and BF modules, which enhance the
baseline architecture. Results marked with | are from original papers, with { are from our previous conference work, and with bold and

underlined values indicating best and second-best performance, respectively.

Index  Method COCO-Tasks COCO-Aff LVIS-Aff
mAPbox mAPmask mAPbox mAPmask mAPbox mAPmask
(a) Fast R-CNN [85] + GGNN' 32.6 - - - - -
(b) YOLO + GGNN (53] 332 - - - - -
(c) MDETR (w/o pretraining) + GGNN* 9.6 8.6 - - - -
(d) MDETR + GGNN* 36.8 30.3 - - - -
(e) ViTDet (ViT-B) [86] + GGNN 225 29.5 274 22.8 6.6 5.9
® ViTDet (ViT-L) + GGNN 32.1 24.6 29.7 24.7 8.0 7.1
(g) ViTDet (ViT-H) + GGNN 33.8 25.9 31.5 26.1 8.5 7.4
(h) MDETR [4] 413 35.2% 447 41.0 25.1 22.7
0) MDETR (w/ VA & BF) 432 36.9 452 41.4 26.8 24.2
G) TOIST 44.1* 39.0f 449 413 26.2 234
&) Afford-X (w/ VA & BF) 45.3 39.2 45.8 2.5 27.7 24.8

Ground Truth Prediction

dig hole with edit photos with

step on
(a) COCO-Tasks

(b) COCO-Aff

clean windows with
(c) LVIS-Aff

commute to work with iron clothes with

Fig. 8: Qualitative results of Afford-X on three datasets. The first row of each section shows model predictions, with corresponding ground
truth in the second row. Results demonstrate performance across (a) COCO-Tasks, showing sports and office scenes; (b) COCO-Aff, depicting
indoor and outdoor environments; and (c) LVIS-Aff, illustrating diverse interaction scenarios. Green boxes indicate model predictions while

orange boxes show ground truth annotations.

In the two-stage category, we evaluated three object de-
tection frameworks combined with GGNN: CNN-based Fast
R-CNN [85], YOLO (version 11), and transformer-based
approaches (MDETR, ViTDet [86]). Despite using COCO-
pretrained weights, these methods showed limited perfor-
mance. Even on the relatively simple COCO-Tasks dataset,
Fast R-CNN and YOLO implementations achieved only 32-
33% mAPP°*, While ViTDet offered modest improvements,
scaling from ViT-B to ViT-H backbone failed to overcome
fundamental performance limitations.

The one-stage category, represented by MDETR-based ap-
proaches, demonstrated notably stronger results. The baseline
MDETR implementation (row (h)) achieved 41.3% mAPP°x
and 35.2% mAP™* on COCO-Tasks, suggesting that vision-
language aligned features better capture object semantics
across diverse scenarios. Importantly, this one-stage approach
significantly outperformed its two-stage counterpart (row (d)),
despite sharing the same MDETR detection backbone. This
performance gap highlights the advantages of end-to-end train-
ing for affordance reasoning tasks.

Building on these insights, we enhanced the baseline

MDETR with our proposed VA and BF modules. This
enhancement yielded substantial improvements across all
datasets: COCO-Tasks performance increased to 43.2%
mAPP* and 36.9% mAP™sk with similar gains on COCO-
Aff and LVIS-Aff. Our full Afford-X framework, which inte-
grates these modules with TOIST, further pushes performance
boundaries, achieving 45.3% mAPP°* and 39.2% mAP™2sk
on COCO-Tasks. Notably, Afford-X maintains its leading posi-
tion on the more challenging LVIS-Aff dataset, which features
long-tail distributions and diverse affordance relationships,
reaching 27.7% mAPP°% and 24.8% mAP™ask,

Qualitative results in reveal both strengths and limi-
tations across all three datasets. While Afford-X successfully
identifies major affordance regions, it sometimes struggles
with fine-grained functional elements crucial for complete
affordance understanding. For instance, in the “iron clothes
with” example, the model misses the iron’s power cord, while
the “clean windows with” case shows imprecise bounding box
localization extending beyond the cleaning implement. A more
detailed failure analysis is provided in



C. Ablation Study

We conduct comprehensive ablation studies to evaluate three
critical components of Afford-X: (i) distillation architecture,
(i) VA and BF modules, and (iii) cluster number K. Using the
TOIST framework as our baseline, we systematically analyze
each component’s contribution through extensive experiments.

Knowledge Transfer through Distillation: To address
categorical bias in the COCO-Tasks dataset, we introduce a
novel two-stage Noun-Pronoun Distillation framework. Rather
than directly minimizing the distance between pronoun-based
(lg‘;on) and noun-based (/% ) representations, our framework
strategically transfers knowledge through an intermediate fea-
ture space (zg’s). This is achieved by first training a teacher
model with explicit noun categories and then distilling this
knowledge into a baseline model operating on verb-pronoun
instructions. As shown in this approach improves
the verb-pronoun mAPP** from 41.3% to 44.1% compared
to MDETR re-trained on COCO-Tasks with verb-pronoun
inputs and without noun-pronoun distillation. Notably, this so-
phisticated distillation strategy outperforms direct distillation
between [*2__ and ¥ . confirming the effectiveness of our

pron noun?
architectural design.

TABLE III: Different distillation methods on COCO-Tasks. Values
in parentheses show improvements over the baseline.

Method mAPP mAPpmask

MDETR 413 35.2

distill from 2 to I%,, 44.1 (+2.8) 39.0 (+3.8)

distill from 155, to 1%, 41.9 (+0.6) 36.0 (+0.8)

To further refine feature grouping and preference scoring,
we propose a Clustering Distillation (CD) approach com-
prising three complementary components: Cluster Center Re-
placement (CCR) for anchoring pronoun tokens, Cluster Loss
(CL) to promote refined feature grouping, and Soft Binary
Target Loss (SBTL) to improve preference modeling. As
demonstrated in[Tab. TV] while individual components provide
modest improvements, their combination yields substantial
gains of +2.8% mAPP°* and +3.8% mAP™*¥ over the base-
line. When integrated into the complete Afford-X framework,
these enhancements achieve state-of-the-art performance of
45.3% mAPP°* on verb-pronoun tasks.

TABLE IV: Ablation study of clustering distillation components
on COCO-Tasks. Each row shows performance impact when specific
components are enabled (v') or disabled (x). CCR: Cluster Center
Replacement, CL: Cluster Loss, SBTL: Soft Binary Target Loss.

I Method Components Performance
ndex
CCR CL  SBTL mAP"™ mAP™k

(a) X X X 41.3 35.2
(b) X X v 434 (+2.1) 38.0 (+2.8)
(©) X v X 42.0 (+0.7) 37.1 (+1.9)
(d) X v v 43.8 (+2.5) 38.6 (+3.4)
(e) v X X 42.0 (+0.7) 37.0 (+1.8)
(f) v X v 42.3 (+1.0) 37.3 (+2.1)
() v v X 42.3 (+1.0) 37.5 (+2.3)
(h) v v v 44.1 (+2.8) 39.0 (+3.8)

w/o Verb Attn w/o Verb Attn  w/ Verb Attn

clean bottle withclean bottle with

clean with

w/o Verb Attn w/o Verb Attn  w/ Verb Attn

take items in take computer intake computer in

Prompt:

Fig. 9: Impact of VA module on affordance reasoning perfor-
mance. The VA module reduces failures in affordance reasoning
when text prompts include prominent objects. Column 1 shows the
original images. Columns 2 and 3 present results without the module
for prompts without and with object labels, respectively. Column 4
displays results with the module for prompts with object labels.

Analysis of VA and BF Modules: [Tab. V]presents ablation
results for the VA and BF modules across three input settings:
verb-pronoun, verb-noun, and distill. We evaluate their effec-
tiveness by sequentially integrating them into our baseline.

TABLE V: Ablation study of Afford-X components. Analysis
showing performance impact of VA and BF modules across verb-
pronoun, verb-noun, and distillation settings. Values in parentheses
indicate improvements over baseline configuration.

Method Performance
Index
VA BF verb-pronoun verb-noun distill
(a) X X 41.3 53.2 44.1
(b) v X 43.2 (+1.9) 53.8 (+0.6)  44.8 (+0.7)
(c) X v 43.0 (+1.7) 53.9 (+0.7)  44.6 (+0.5)
(d) v v 43.4 (+2.1) 54.8 (+1.6) 453 (+1.2)

Individual module integration shows consistent improve-
ments across all input configurations. The VA module (row
(b)) yields gains of +1.9%, +0.6%, and +0.7% across the three
input types, demonstrating its effectiveness in emphasizing
action-related cues while reducing noun-based interference.
Similarly, the BF module (row (c)) improves performance
by +1.7% and +0.7% for pretrained student and teacher
models respectively, with an additional +0.5% gain during
distillation, confirming that bidirectional cross-modal attention
enhances visual-language alignment for affordance reasoning.
The combination of both modules (row (d)) demonstrates
synergistic benefits, achieving +2.1% improvement for verb-
pronoun input and +1.6% for verb-noun input, surpassing in-
dividual module gains. While the joint implementation shows
a more modest +1.2% improvement under the distill setting,
likely due to architectural constraints, the results validate the
complementary nature of both modules in enhancing affor-
dance reasoning.

Qualitative analysis in illustrates the VA module’s
impact on attention mechanisms. The baseline model correctly
identifies target objects for tasks like “clean with” (towel)
and “take item in” (backpack) but becomes susceptible to
interference from distracting nouns (bottle and computer).
With the VA module, the model maintains accurate affor-



dance reasoning while effectively filtering such distractions,
providing visual confirmation of our quantitative findings
and demonstrating enhanced functional reasoning capabili-
ties. Additional qualitative visualizations and free-form task-
description evaluations are provided in and [E]

Analysis of Cluster Number K: We systematically investi-
gate optimal cluster numbers (K) in the distillation framework;
see also We evaluate K values from 1 to 10, noting
that higher values introduce excessive clustering complexity.
Results show that all tested configurations improve upon
the baseline model’s performance (41.3% mAP"°* 352%
mAP™ak) K = 3 emerges as the optimal choice, suggesting
that a moderate number of clusters effectively balances feature
aggregation and information preservation during knowledge
distillation from noun features to the student model. Specifi-
cally, a moderate K balances prototype diversity and stability,
whereas a larger K over-fragments noun features and desta-
bilizes prototypes for pronoun-based inference.

D. Dataset Analysis

To examine how large-scale visual and linguistic infor-
mation improves affordance reasoning, we analyze two key
factors: task-scale and category-scale.

Task-scale Analysis: We evaluate models trained on three
datasets of increasing scale: COCO-Tasks (14 tasks), COCO-
Aff (1,144 tasks), and LVIS-Aff (1,496 tasks). As shown in
while the COCO-Tasks-trained model achieves strong
performance on seen tasks (mAPbOX = 45.3%), it fails to
generalize to unseen tasks (mAPP* = 1.6%). In contrast,
training on COCO-Aff substantially improves generalization to
unseen tasks (mAPP°* = 24.5%), with further gains achieved
by LVIS-Aff (mAPP** = 26.3%), demonstrating the benefits
of expanded task and object coverage.

TABLE VI: Task-scale analysis. Comparison of model performance
on 14 seen tasks from COCO-Tasks and 80 unseen tasks from LVIS.

Seen-Tasks (14) Unseen-Tasks (80)

Training Data.

mAPbox mAPmask mAPbox mAPmask
COCO-Tasks 45.3 39.2 1.6 1.3
COCO-Aff 43.9 38.3 24.5 24.1
LVIS-Aff — — 26.3 25.6

Category-scale Analysis: We further evaluate general-
ization using 40 unseen tasks: 20 with common categories
(present in both COCO and LVIS) and 20 with novel cate-
gories (LVIS-exclusive). As shown in the COCO-
Aff-trained model performs well on common category tasks

44.0 1 box
mask

mAP@0.5 (%)
% B8 B
[=) (=] (=]
1 [ | |1

Cluster Number K

Fig. 10: Effects of clustering number. A moderate number of
clusters balances prototype diversity and stability.

(35.0% mAPP°) but struggles with novel categories (4.9%
mAPP%). Models trained on LVIS-Aff show improved per-
formance across both task types (37.2% and 8.3% mAPP%*
respectively), demonstrating that expanded category coverage
enhances both affordance reasoning and generalization.

TABLE VII: Category-scale analysis. Performance comparison be-
tween COCO-Aff and LVIS-Aff trained models on unseen tasks
involving common categories (shared between COCO/LVIS) and
novel categories (LVIS-exclusive).

Common categories Novel categories

Training Data.

mAPbox mAPmask mAPbox mAPmask
COCO-Aff 35.0 33.9 4.9 4.8
LVIS-Aff 37.2 353 83 8.2

E. Affordance Reasoning in Simulated 3D Scenes

We evaluate Afford-X’s potential as an alternative to
LLM/MLLM-based pipelines in robotic deployments through
extensive testing in simulated 3D environments with textured
object meshes, as described in Our evaluation
compares baseline methods trained on COCO-Aff and LVIS-
Aff against three categories of LLM/MLLM-based pipelines:
(1) Detect before Reasoning (rows (a) and (b)), where ob-
ject detection precedes LLM processing; (ii) Reason before
Detection (rows (c)-(e)), where an LLM or MLLM identifies
task-relevant candidate nouns or object categories before lo-
calization with OpenSeeD; and (iii) Simultaneous Perception
and Reasoning (row (f)), where an MLLM jointly processes
the task and image for direct bounding box output. Addi-
tional comparisons with MLLM-based pipelines are provided
in

Our experimental framework encompasses 50 tasks (30
seen, 20 unseen) in simulated environments, with each
task evaluated across 10 images containing three candidate
objects—one capable of affording the task and two non-
affording objects randomly selected from the candidate pool.
Success criteria require bounding box predictions to achieve
mloU above 0.5, as shown in where the “Detection”
methods utilize RAM++ [91] and Grounding Dino [§] for
object detection based on given labels. To ensure practical
relevance, all evaluations were conducted on a single 24GB
RTX 3090 GPU, comparing API-based services with memory-
constrained (<24GB) SPHINX tiny models while accounting
for API communication latency in GPT-4 implementations.
The FPS and parameter sizes for each baseline are detailed
in where > indicates API usage, excluding these
model parameters from statistics. Notably, our model requires
only 3.2 GB locally, far below SPHINX (10-11.5 GB), leaving
ample headroom for concurrent robotic modules.

The experimental results revealed significant performance
variations across pipeline architectures. LLM-based label
reasoning pipelines demonstrated notably poor performance
(2.33% recall, 3.44% mAP), primarily due to semantic am-
biguity in object labeling—exemplified by cases where dis-
tinct tools like hammers and chisels share generic labels,
compromising reasoning accuracy. While image captioning
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Fig. 11: Comparison between Afford-X and LLM/MLLM-based methods. Afford-X demonstrates superior performance in affordance
reasoning through two key analyses. First, quantitative precision comparisons reveal significant advantages over LLM/MLLM-based methods,
as shown in (a) the violin plot where statistical significance is denoted by stars. Second, (b) qualitative analysis highlights Afford-X’s ability
to overcome two fundamental limitations of these pipelines: textual ambiguity and limited visual grounding. While LLMs can suffer from
semantic uncertainty and MLLMs may still struggle with precise task-relevant grounding, Afford-X directly identifies and selects objects
based on their functional affordances.

integration showed improvements, limited caption semantic 50.63% mAP. However, this performance remained slightly
density continued to impede accurate object identification. below the SPHINX model, potentially due to GPT-4V’s in-
herent value-based constraints on safety and societal norms,

Reason-before-detection pipelines showed improved results, . : . oo
PP b particularly evident in scenarios like “hold water” tasks where

with GPT-4V + OpenSeeD achieving 49.61% recall and
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Fig. 12: Task-oriented object grasping across different layouts in simulated environments. (a) As a showcase for task-oriented

manipulation, the robotic system integrated with Afford-X successfully identifies the appropriate object across various spatial and object

configurations in simulated environments, and executes grasping as a showcase of task-oriented manipulation. (b) Success rates of each step

throughout the manipulation trial demonstrate Afford-X’s capability in supporting task-oriented manipulation in simulated environments.
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(a) Afford-X’s object selection preferences.
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Fig. 13: Sequential object preference and self-attention analysis. (a) We demonstrate Afford-X’s affordance-based selection process
across three sequential steps. The model exhibits hierarchical preferences as objects are progressively removed from the environment. Each
experimental row presents a different task scenario where available objects are labeled to show possible choices. (b) The performance curves
reveal the significant impact of self-attention layers on preference modeling. Our analysis shows that models with self-attention consistently
achieve higher accuracy across decoder blocks compared to variants without this mechanism.

TABLE VIII: Computational efficiency comparison. Analysis of
FPS, parameters, and GPU memory across LLM/MLLM-based
pipelines and our proposed approaches, measured on a standard
NVIDIA 3090 GPU (24GB). SPHINX parameters include the visual
encoder, and GPU Mem. denotes local deployment memory.

Index Method FPS Parameters GPU Mem.

(a) Detection + GPT-4 1.18 >369M —

(b)  Detection + BLIP [40] + GPT-4 0.27 >498M —

(¢)  GPT-4 + OpenSeeD [92] 0.11 >116M > 1.3GB
(d)  GPT-4V + OpenSeeD 0.04 >116M > 1.3GB
(e)  SPHINX [26] + OpenSeeD 0.32 3.2B 11.5GB
63 SPHINX (CoT) 0.34 3.1B 10.0GB
(g) COCO-Aff 2.38 187M 3.2GB
(h)  LVIS-Aff 2.38 187M 3.2GB

unconventional but viable solutions like bamboo tubes might
be overlooked. End-to-end MLLM systems, while promising,
faced practical limitations—the memory-constrained SPHINX
tiny model required supplementary detection algorithms or
chain-of-thought prompting for bounding box output, achiev-
ing 39.76% mAP at 0.49 FPS, indicating limited practical
utility.

In contrast, Afford-X demonstrated superior performance
through direct bounding box output, achieving 60.67% mAP
on COCO-Aff and 67.26% mAP on LVIS-Aff while main-
taining 2.38 FPS. These results emphasize the importance of
specialized task-oriented datasets for training efficient end-to-
end models. Qualitative analysis through four representative
case studies revealed the limitations of existing approaches—
detection models struggled with semantic ambiguity (par-
ticularly in “glass” interpretation between structural glass
and drinking vessels), while LLMs without visual perception
showed a tendency to infer non-existent objects. Both MLLM-
based pipelines and our Afford-X exhibited advanced affor-
dance understanding, successfully identifying unconventional
affordances, such as recognizing modified green peppers as
viable containers.

This comprehensive evaluation demonstrates that domain-
specific training can outperform generic pre-trained MLLMs
for affordance reasoning tasks, suggesting a promising direc-

tion for practical robotic applications.

F. Task-oriented Object Grasping

We have conducted comprehensive evaluations through a
series of systematic experiments in simulated environments,
designed to assess Afford-X’s adaptability in diverse indoor
contexts, utilizing controlled virtual environments to ensure
precise manipulation of experimental variables, including ob-
ject placement, scene complexity, and task parameters.

Robot Evaluation in Indoor Scenarios: Our primary
evaluation focuses on the robot’s performance across distinct
indoor settings—dining room, living room, and office—each
rendered in multiple stylistic variants with varying object con-
figurations. We tasked the robot with performing affordance-
based grasping (e.g., “drink water with”) that align with
typical user interactions in residential and workplace settings.
and [I2] illustrates the results in a table-top manip-
ulation setting using a fixed KUKA IIWA-Panda robot arm.
The manipulation is performed within various scenes featuring
substantial variation in object placement, room layouts, and
environmental complexity, providing a comprehensive test of
our model’s adaptability.

[Fig. 12[b) reports the cumulative success rates of the
manipulation pipeline over 150 trials (6 tasks x 5 scenes x 5
random object layouts), where we compare Afford-X against
the powerful baseline “GPT-40 + OpenSeeD”. The success
rates are evaluated for two key steps: affordance reasoning
(step i in [Sec. V-B), and grasping (steps ii-iv in [Sec. V-B).
For Afford-X, affordance reasoning succeeds in 86% of the
trials, showing that Afford-X can reliably select and segment
task-relevant objects in 3D simulated environments. The grasp
execution succeeds in 45% of the trials (52.3% of trials with
successful affordance reasoning), where most failures occur
during grasp planning and execution (e.g., grasping thin and
flat objects like spoon and fork) that are challenging for a
generic grasp pose planner. The baseline shows 17% and
6% success rates in the two steps. These results demonstrate
that Afford-X effectively provides object-level grounding for



task-oriented object grasping, and reveals the valuable future
study of integrating finer part-level affordance reasoning and
task-specific manipulation strategies for more advanced task-
oriented manipulation. Further, extends this manipu-
lation to identifying and collecting appropriate objects for a
complex task in a larger interior scene with more objects in
sight. After decomposing the complex task into multiple steps
with an LLM-based task planner, a mobile base manipulator
grasps and collects the objects identified by Afford-X.

Preference on Multiple Options: In real-world scenarios
where multiple options are available for the same task, Afford-
X demonstrates sophisticated preference modeling aligned
with human utility patterns. For instance, when prompted
with “prepare drinks with,” the model exhibits hierarchical
understanding of utility, prioritizing a blender, followed by
a pitcher, and finally a mug. To systematically evaluate this
capability, we designed an experimental setup featuring six
candidate objects placed on a large table in an interior scene,
including three positive object categories for specific tasks
(e.g., “prepare drinks with” or “lay comfortably on”). Through
an iterative elimination procedure, the robot selects the object
with the highest score, which is subsequently removed from
the environment for the next query. This process, illustrated in
thoroughly tests the model’s ability to dynamically
adapt its preferences. Similarly, for the task “lay comfortably
on,” the model demonstrates nuanced understanding by favor-
ing a lounge over a chair, indicating awareness of comfort-
oriented furniture hierarchies.

The model’s sophisticated preference modeling capability
is fundamentally enabled by self-attention (SA) layers in the
decoder. To validate this mechanism, we conducted a compar-
ative analysis between two model variants—one incorporating
SA layers and one without—while maintaining identical pa-
rameter budgets to isolate the SA component’s contribution.
Using bounding boxes and masks generated by the final
decoder block, we computed mean Average Precision (mAP)
values based on preference scores from each intermediate de-
coder layer. The SA-equipped model demonstrates progressive
improvement through deeper decoder layers, achieving final
scores of 41.3% (mAPP°%) and 35.2% (mAP™2K) from initial
values of 29.6% and 25.0%, respectively. In contrast, the non-
SA version shows limited improvement, reaching maximum
values of only 33.9% (mAP"°%) and 28.7% (mAP™ask),
These results directly implicate SA layers as crucial compo-
nents in capturing and refining pairwise preferences—critical
for strategic decision-making during progressive selection.

For comprehensive results and detailed analyses beyond the
scope of this section, readers are directed to

VII. CONCLUSION

We present Afford-X, a novel framework addressing a
fundamental challenge in robotics: achieving sophisticated af-
fordance reasoning while maintaining computational efficiency
for local deployment. Our approach integrates a noun-pronoun
distillation pipeline with specialized VA and BF modules,
complemented by an automated pipeline for constructing
comprehensive affordance reasoning datasets—COCO-Aff and

LVIS-Aff. Through extensive experimentation, we demonstrate
our framework’s enhanced generalization capabilities while
maintaining real-time processing speeds, validated through
robotic manipulation experiments in simulated environments.

Our current framework faces two primary limitations. First,
geometric features alone prove insufficient for certain affor-
dance reasoning scenarios—for instance, distinguishing be-
tween drinking cups and toothbrush holders despite identical
geometric features, where usage context and hygiene consider-
ations necessitate different affordances. Second, the lack of 3D
information constrains system performance in complex spatial
environments, particularly in assessing object relationships and
occlusion scenarios. Future work could address them through
integration of contextual knowledge bases and incorporation
of depth information to enhance spatial understanding.
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