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Abstract

Furniture assembly is a crucial yet challenging task for
robots, requiring precise dual-arm coordination where one
arm manipulates parts while the other provides collabora-
tive support and stabilization. To accomplish this task more
effectively, robots need to actively adapt support strategies
throughout the long-horizon assembly process, while also
generalizing across diverse part geometries. We propose
A3D, a framework which learns adaptive affordances to iden-
tify optimal support and stabilization locations on furniture
parts. The method employs dense point-level geometric rep-
resentations to model part interaction patterns, enabling gen-
eralization across varied geometries. To handle evolving as-
sembly states, we introduce an adaptive module that uses in-
teraction feedback to dynamically adjust support strategies
during assembly based on previous interactions. We establish
a simulation environment featuring 50 diverse parts across 8
furniture types, designed for dual-arm collaboration evalua-
tion. Experiments demonstrate that our framework general-
izes effectively to diverse part geometries and furniture cate-
gories in both simulation and real-world settings.

Introduction

Robotic furniture assembly (Funkhouser et al. 2011; Jones
et al. 2021; Lee, Hu, and Lim 2021; Tian et al. 2022, 2025),
the task of combining functional components such as chair
base, legs, and arms into a fully constructed shape, with a fo-
cus on both the overall structure and functions of each part,
is a critical capability for home-assistive robots.

Recent studies have addressed various aspects of robotic
assembly, including motion planning (Sudrez-Ruiz, Zhou,
and Pham 2018; Sundaram, Remmler, and Amato 2001;
Le, Cortés, and Siméon 2009; Zhang et al. 2020b), assem-
bly pose estimation (Yu et al. 2021; Huang et al. 2020; Tie
et al. 2025b; Jones et al. 2021; Shen et al. 2025), and RL-
based combinatorial sequence search (Xu et al. 2023; Zhang,
Tomizuka, and Li 2024; Funk et al. 2022; Ghasemipour et al.
2022). However, current robotic systems remain limited in
their ability to assemble objects across diverse categories.
Prior research has primarily focused on specific object types
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Figure 1: Procedure of assembling a furniture (Row 1). Sin-
gle Arm may not stably assemble parts and a second robot
is then introduced. Before Interaction, part kinematics and
dynamics, indicated by affordance, are ambiguous, and the
interaction may fail. After Interaction, the adapted affor-
dance proposes actions for stable support during assembly.

using a single robot arm (Heo et al. 2023; Lee, Hu, and
Lim 2021). In contrast, generalizable furniture assembly re-
quires vision understanding and bi-manual operation that
frequently changes which part to hold to counter-balance the
insertion force from the other hand. This presents new chal-
lenges to vision perception and precise manipulation. First,



assembling unseen furniture demands understanding func-
tional affordances across various part geometries, requiring
robots to identify viable support locations. Second, long-
horizon assembly induces sequential state transitions where
support strategies must dynamically refine based on part re-
lations. Third, fine-grained assembly requires robust control
skills to achieve precisly during contact-rich interactions.

To bridge these gaps, we introduce A3D: a framework
that learns Adaptive Affordance Assembly for collabora-
tive Dual-arm manipulation. To enable geometric awareness,
A3D leverages affordance as a representation of per-point
actionability on objects for furniture assembly tasks. These
per-point features are extracted hierarchically from local to
global, effectively capturing detailed local geometry infor-
mation for support and stabilization, as well as the contex-
tual part relations that indicate whether the action would dis-
turb other parts. This hierarchical structure enables A3D to
localize stable support regions through fine-grained geomet-
ric cues while modeling higher-level part contexts to antici-
pate potential disturbances during manipulation.

However, static affordance derived solely from passive
observations fails to account for critical kinematic (e.g., joint
locations and limits) and dynamic uncertainties (e.g., con-
tact direction and force), which might misdirect manipula-
tion (Fig. 1). So we actively incorporate interaction feedback
into affordance predictions, enabling dynamic adjustment of
support strategies throughout assembly.

Although existing simulation environments have facili-
tated progress in robotic manipulation, they remain limited
in supporting the study of dual-arm furniture assembly. Pre-
vious works predominantly focus on single-arm manipula-
tion or utilize limited furniture assets (Niekum et al. 2013;
Suarez-Ruiz, Zhou, and Pham 2018; Kimble et al. 2020; Heo
etal. 2023; Zhang, Tomizuka, and Li 2024; Jones et al. 2021;
Li et al. 2020), failing to capture the unique physical and
coordination challenges inherent in dual-arm assembly sce-
narios. To bridge this critical gap, we introduce a new eval-
uation environment extending FurnitureBench (Heo et al.
2023), featuring 4 assembly task categories with 50 geomet-
rically diverse parts across 8 furniture types. Both qualitative
and quantitative results from simulations and real-world ex-
periments demonstrate the effectiveness of our framework.
We also note that while our adaptation allows iterative re-
finement (max 3 rounds), most test cases succeeded after a
single interaction (effective k& = 1), demonstrating robust-
ness and efficiency.

In conclusion, our contributions mainly include:

We propose affordance learning framework for general-
izable support and stabilization prediction in furniture as-
sembly, enabling generalization across diverse parts.

We further develop an adaptive module that uses inter-
action feedback to dynamically adjust support strategies
during assembly based on previous interactions.

We build a simulation environment for dual-arm collabo-
rative assembly featuring 50+ geometrically diverse parts
across 8 furniture types and 4 task categories.

Extensive experiments in both simulation and real world
demonstrate the effectiveness of our framework.
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Related Work
Furniture Assembly

Furniture assembly is a prominent application in shape as-
sembly, where individual components, each serving a dis-
tinct functional role (e.g., chair arm, table leg), must be as-
sembled following both geometric constraints and common-
sense spatial and functional relations (e.g., a chair leg must
be attached to the seat base with proper orientation and
stability). The complexity arises from the need to reason
about part functionality, structural dependencies, and physi-
cal constraints simultaneously. Previous research has mostly
focused on assembly pose estimation (Li et al. 2020; Yu et al.
2021; Li et al. 2024; Huang et al. 2020). For instance, Li
et al. (2020) learns to assemble 3D shapes from 2D images,
while Huang et al. (2020) proposes image-free generative
models for pose generation. However, these methods might
neglect the challenges in dynamic robotic execution, par-
ticularly the need for precise dual-arm coordination, where
one arm manipulates one part while the other actively pro-
vides collaborative support and stabilization throughout as-
sembly. Addressing this challenge, especially adaptive sup-
port strategies and generalization across diverse geometries,
is a core objective of our work.

Visual Affordance for Robotic Manipulation

Visual affordance (Gibson 1977) suggests possible ways
for agents to interact with objects for various manipula-
tion tasks. This approach has been widely used in grasp-
ing (Corona et al. 2020; Kokic, Kragic, and Bohg 2020;
Zeng et al. 2018), articulated manipulation (Yuan et al. 2024;
Tie et al. 2025a), and scene interaction (Nagarajan and Grau-
man 2020; Nagarajan et al. 2020). Point-level affordance, in
particular, assigns an actionability score to each point, and
thus enables fine-grained geometry understanding and im-
proved cross-shape generalization in diverse tasks, such as
articulated (Mo et al. 2021; Wang et al. 2022; Chen et al.
2024), and deformable (Wu et al. 2024; Wu, Ning, and Dong
2023; Wu et al. 2025; Wang et al. 2025) manipulation. For
furniture assembly scenarios, where parts vary significantly
in geometry and require precise dual-arm collaboration, we
empower point-level affordance with the awareness of part
geometry, and further leverage active interactions to effi-
ciently query uncertain kinematic or dynamic factors for
learning more accurate instance-adaptive visual affordance.

Method

Our goal is to enable effective dual-arm coordination for fur-
niture assembly, where a tool arm executes assembly opera-
tions while a support arm provides adaptive stabilization to
prevent part displacement and ensure task success. As shown
in Fig. 2, our framework integrates two key components:
(1) Support Affordance Module predicts initial affordance
heatmaps and corresponding action directions from visual
observations and operation points; (2) Interaction Context
Adaptation Module leverages physical feedback from in-
teraction history to adjust affordance predictions.
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Figure 2: Framework Overview. At each operation stage, the policy takes the point cloud and the selected action point as inputs
to predict the support action. The robot moves the gripper to the recommended pose to support the assembly. If part displacement
occurs—indicating insufficient support—the system logs the pre-support point cloud, executed action, and displacement as
interaction context, then re-predicts the support action using the updated point cloud and accumulated context.

Problem Formulation

We formulate this as learning a closed-loop adaptive pol-
icy m(u¢|St, I). At each timestep ¢, the policy predicts the
stabilization action w, for the support arm, conditioned on
the observed state S;, and the interaction context I; which
records the history of previous assembly trials.

State: S; = (O, p;?), where O; € RY*6 represents a
3D partial point cloud of the furniture parts with surface
normals, and p;” denotes the operation point where the tool
gripper contacts the target part.

Action: u; = (p;?,ds), where p;? € Oy is the support
point and d¢ € SO(3) is the support gripper orientation.

Interaction Context: I, = {(O;,u;, m;)}.Z} , stores
information from previous k interaction steps, where m; de-
notes the base part displacement after step ¢s.

Task Success: An episode succeeds if the primary opera-
tion reaches its geometric goal while maintaining base part
displacement m,; < e during execution.

Support Affordance Module

The Support Affordance Module employs an affor-
dance—proposal—scoring architecture: the Affordance sub-
module predicts affordance maps and selects top-K can-
didate points; the Proposal submodule generates multiple
candidate directions for each point; the Scoring submodule
scores all point—direction pairs and selects the optimal sup-
port action (Steps 1-3, Fig. 3).
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Visual Feature Extractor. PointNet++ (Qi et al. 2017)
generates point-wise features f,, € R!?® from the point
cloud O. Operation and support points are encoded via
shared MLPs into fo,, fs, € R32, while gripper direction
d and displacement m are encoded into fq, f,, € R32.

Affordance Module. Module A predict an affordance
score a, € [0,1] for each point p. It concatenates the
operation-point feature fpor, the point feature f,, the
operation-point encoding f,,, and interaction context fr,
feeds this into the MLP, and outputs a,,. The top-K points
by score are then selected as support candidates.

Action Proposal Module. Action Proposal Module &
implements a Conditional Variational Autoencoder (cVAE).
The encoder processes the operation point feature fy,o», can-
didate support point feature f,s» in point cloud features, op-
eration point embedding f,,, support point embedding fs),
and interaction context feature f;, to output latent vector
z € R!28, The decoder then generates direction vector d
from z.

Action Scoring Module. Action Scoring Module .¥ pre-
dicts success scores ¢ € [0, 1] for each action. An MLP takes
concatenated features fpor, fpsr, fop, fsp, and fgq and out-
puts the success likelihood. A higher ¢ suggests a greater
chance for the support hand to collaborate effectively and
complete the task.
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Figure 3: Point-Level Adaptation Support Affordance Framework. The model completes support decisions by extract-
ing visual features, computing Top-K point-level affordances and generating candidate directions, scoring and selecting
point—direction pairs, and extracting interaction context features.

Interaction Context Adaptation Module

If visual priors are insufficient (Fig. 3, step 4), the system
records the support action and its feedback. The Context
Extractor derives features from these records, concatenates
them with current visual features, and feeds them back to
the Affordance, Proposal, and Scoring submodules to refine
predictions that adhere to physical dynamics.

Interaction Context Extractor Module. For interaction
context I; = (O;, u;, mz)f;tl_ «-» We extract features for each
historical step using the same encoders as above. Features
are combined via

f1, = MLP(concat(fo,, fu,, fm,)),t € [t—k,t—1]. (1)

To aggregate information from all previous interactions, we
adopt a lightweight attention mechanism. Each previous in-
teraction feature f;, is passed through an MLP to compute
an attention weight w;, and the final interaction context fea-
ture is obtained as a weighted average:

t—1
Ry

Zt—l

i=t—k Wi

f[i X Wy

@

18428

Train and Loss

Action Scoring Loss. The Action Scoring Module pre-
dicts a success score 7 and is trained with an MSE loss
against a “real” score r . This real score combines the ob-
ject’s SE(3) movement distance g4 and a task-completion
term g.—the latter decreasing as completion improves—via
weighted sum, then clamps the result to [0,1]:

r = clamp((1 — (o X ga + B % g.)),0,1) 3

where « and (8 balance the distance and completion.

Action Proposal Loss. We evaluate the loss using cosine
similarity and Kullback-Leibler (KL) divergence.

1. Cosine Similarity Loss: We use a cosine-similarity loss
Leosine = 1 — (d - d)/(||d]|||d]]) to align the predicted
direction d with the ground-truth d.

. KL Divergence Loss: We add a KL-divergence term to

regularize the latent variable z inferred from d and fin
towards a standard normal:

L1 = Dxi(q(z|d, f™)IN(0,1) 4
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Figure 4: Affordance Map. The figure displays affordance heatmaps generated for various objects in simulation before and
after interaction. Red arrows indicate the direction of part movement, and circled regions denote the highest-scoring areas. In
the subplots labeled “Concentrated,” it is evident that after interaction, high-scoring points converge more tightly at the correct
locations; in the other subplots, the high-scoring points have shifted in accordance with the observed movement trends.

The overall Action Proposal loss then balances direction
alignment and latent regularization:

&)

where \g;- and A\gp weight the cosine similarity and KL
terms, respectively.

Ep'r‘oposal = )\dirﬁcosine + )\KL»C'KL

Affordance Prediction Loss. Similar to Where2Act and
DualAfford, we define each point’s affordance score a as the
predicted success probability of actions proposed by the Ac-
tion Proposal Module, and evaluated by the Action Scoring
Module. Concretely, for each point p; we sample [N support
directions, score them via Action Scoring Network to obtain
N action scores and average the top.

in
pr?

1« 4
ap, =52 DL (Ll P L1 2) ©)
j=1

We then apply L1 loss to measure the difference between the
predicted affordance score a;,, and the ground-truth a,,:

Laffordance = |a;:7i - ap,i| @)
Experiment
Setup
Environment. We build upon FurnitureBench in Isaac-

Gym by extending it to support dual-arm coordination and
modifying camera configurations, allowing us to study the
collaborative support and stabilization using a second arm.
To boost and evaluate policy generalization, we extend the
assets by increasing object geometric diversity. For training,
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we collect 10k samples per task focusing on specific fur-
niture types (e.g., desk, drawer, basket), each with multiple
variants. Testing utilizes entirely unseen furniture types to
validate cross-category generalization.

Tasks. We evaluate on four fundamental assembly oper-
ations: (1) Screwing: rotating components while the sup-
port arm provides counteracting force; (2) Insertion: push-
ing components along rails with support arm guidance; (3)
Extraction: pulling components while the support arm sta-
bilizes the base; (4) Picking: lifting and placing with dual-
arm coordination.

Metrics. We use success rate as the evaluation metric.
Success requires: target component reaching desired pose
within tolerance, base structure remaining stable (displace-
ment/rotation below thresholds), and secure grasping above
specified height for picking tasks.

Baselines and Ablations

Our work targets adaptive support in dual-arm assembly, a
novel setting not directly addressed by prior work. Thus, no
existing method serves as a direct SOTA baseline. We com-
pare against the following baselines and ablations:

* Random: Random selection of support points and direc-
tions.

» Heuristic: Support point selection by geometric rules.

3D Diffusion Policy (DP3) (Ze et al. 2024): Imitation
learning for support prediction with point cloud input.

* LLM-Guided (Comanici et al. 2025): Inferring support
point and action using Gemini 2.5 Pro.



Train Categories

Test Categories

Method Screw  Push Pull  Pick Up | Screw  Push Pull  Pick Up
Random 10.7% 11.1%  5.0% 13.9% 9.0% 7.2% 4.0% 6.5%

Heuristic 545% 709% 43.1% 37.5% | 46.7% 52.8% 31.9% 31.4%
DP3 232% 41.5% 194% 229% | 174% 22.1% 10.1% 11.5%
LLM-Guided 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

w/o Top-K 66.7% 73.5% 67.7% 661% | 54.1% 53.7% 524% 41.1%
w/o Adaptation 54.9% 743% 763% 529% | 342% 639% 55.6% 42.2%
Ours 70.7% 80.6% 80.0% 62.0% | 563% 679% 61.7% 47.1%

Table 1: Comparison of baseline and ablation variants on the success rate metric.
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Figure 5: Qualitative Analysis of Ablations. (Left) Without Top-K sampling, the robot fails to find robust manipulation points.
(Right) Without interaction context, the robot lacks physical awareness to adjust its actions.

To demonstrate the necessity of the proposed module, we
compare with the following ablated versions:

* w/o Top-K: Selecting only the single highest-scoring
point instead of Top-K candidates.

¢ w/o Adaptation: Removing adaptation with interaction.

Results and Analysis

Fig. 4 demonstrates the predicted affordance before and after
the interactions, for different tasks, over training and novel
object categories. Before the interaction, the learned affor-
dance might be ambiguous (indicating a larger number of
points that are plausible for manipulation) due to the uncer-
tainty of object kinematics and dynamics. After a support
action executed by the second robot, on the point selected
by the proposed affordance, the affordance will be adapted
by the interaction feedback. Eventually, the manipulation re-
gions indicated by the adapted affordance will be more con-
centrated on plausible support points.

Moreover, the learned and adapted affordance, and the
corresponding policy can generalize to novel geometries and
categories, as point-level affordance aggregates both the low
geometry (indicating where can be manipulated) and overall
structure (indicating where to support).

Tab. 1 shows the quantitative results, and our proposed
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framework outperforms all baseline and ablation methods.
Heuristic method, though more effective than Random ac-
tions, requires manual rule design for each task and even
object. DP3 lacks the understanding of diverse shapes and
categories. LLM-Guided approaches lack essential 3D ge-
ometry and a low-level fine-grained action understanding for
precise manipulation.

For the analysis of ablations, Tab. 1 and Fig. 5 together
showcase the effectiveness of the proposed components.

For Top-K Sampling, generates a wider set of high-
quality candidate actions for the support goal, for the follow-
ing Action Scoring Module to further select the best actions.
On the contrary, if the framework only selects the best point
indicated by the learned affordance, chances are that on this
selected point the best action direction is worse than the ac-
tion directions sampled on other points with high affordance
scores. The left side of Fig. 5 illustrates two failure cases
when Top-K sampling is omitted. In the top-left case, al-
though the affordance module provides the highest-scoring
contact point, its combination with the direction proposed
by the action module fails to provide optimal support due to
the collision problem. In the bottom-left case, the highest-
scoring contact point is located on a corner of the box that
yields an unstable grasp, making successful execution highly
improbable. In our scenarios with complex geometries and
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Figure 6: Real-World Experiments. We validate our framework in real-world conditions. The experiments include three sce-
narios:screw a desk leg, screw chair leg, and push a cabinet door. The left path ("Good”) shows our policy directly finding a
stable support. The right path ("Bad” to ”Adaptation”) show the ability to adapt its support strategy to ultimately succeed.

diverse tasks, Top-K sampling effectively expands the high-
quality search space, markedly improving the probability of
selecting the best action.

The Adaptation Mechanism based on the interaction
context enhances the perception of real-time physical prop-
erties, endowing the model with *physical awareness’. The
right side of Fig. 5 presents failure examples when this mod-
ule is removed. In the top-right of the ”Screw” task, although
providing a seemingly correct support action, without inter-
action contexts, the model is unaware of the complex thread
direction. This leads to an inverse action that cannot sup-
port the tightening operation well. In the bottom-right of the
“Pick-up” task, the initial grasp causes the bucket to incline;
by incorporating this tilt as interaction feedback, the model
can automatically adjust the contact point and successfully
lift the target object. As shown in Fig. 4, after incorporat-
ing interaction context, the model not only highlights con-
tactable regions more accurately, but also reveals differences
in physical interaction properties such as force direction and
stability, significantly enhancing its perception and under-
standing of interaction states.

Real-Word Experiments

We set up two Franka Panda with the furniture positioned
between them. Three RealSense cameras capturing 3D point
cloud are mounted around the scene. Robot control is man-
aged through ROS (Quigley et al. 2009) and the frankapy li-
brary (Zhang et al. 2020a). Fig. 6 demonstrates the complete
pipeline from scene perception and adaptive affordance pre-
diction based on interaction feedback.

We evaluate each task over 15 trials with varying furniture
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Method Screw  Push  Pick Up
Random 0/15 0/15 0/15
Heuristic 8/15 10/15 5/15
DP3 4/15 6/15 5715
Ours 11/15 12/15 9/15

Table 2: Real world experimental results.

configurations on 3 tasks. As shown in Tab. 2, our method
significantly outperforms baselines and achieves high suc-
cess rates in real-world assembly tasks. Fig. 6 shows real-
world observations, affordance and adaptation. Additional
videos are provided in the supplementary material.

The primary failure mode in real-world stems from mo-
tion planning limitations.The RRTConnect algorithm cannot
find feasible trajectories due to robotic arm or environmental
constraints. In the future work, we plan to develop a policy
for motion refinement to improve real-world robustness.

Conclusion

We propose A3D, a framework that learns adaptive affor-
dances for dual-arm furniture assembly by identifying opti-
mal support and stabilization locations. Our approach com-
bines dense geometric representations for cross-geometry
generalization with an adaptive module that leverages in-
teraction feedback to dynamically adjust strategies. Experi-
ments demonstrate superior performance in both simulation
and real-world settings.
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