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ABSTRACT

It is essential yet challenging for future home-assistant robots to understand and
manipulate diverse 3D objects in daily human environments. Towards building
scalable systems that can perform diverse manipulation tasks over various 3D
shapes, recent works have advocated and demonstrated promising results learning
visual actionable affordance, which labels every point over the input 3D geometry
with an action likelihood of accomplishing the downstream task (e.g., pushing or
picking-up). However, these works only studied single-gripper manipulation tasks,
yet many real-world tasks require two hands to achieve collaboratively. In this
work, we propose a novel learning framework, Dual Afford, to learn collaborative
affordance for dual-gripper manipulation tasks. The core design of the approach is
to reduce the quadratic problem for two grippers into two disentangled yet intercon-
nected subtasks for efficient learning. Using the large-scale PartNet-Mobility and
ShapeNet datasets, we set up four benchmark tasks for dual-gripper manipulation.
Experiments prove the effectiveness and superiority of our method over baselines.

1 INTRODUCTION

We, humans, spend little or no effort perceiving and interacting with diverse 3D objects to accomplish
everyday tasks in our daily lives. It is, however, an extremely challenging task for developing artificial
intelligent robots to achieve similar capabilities due to the exceptionally rich 3D object space and high
complexity manipulating with diverse 3D geometry for different downstream tasks. While researchers
have recently made many great advances in 3D shape recognition (Chang et al., 2015; Wu et al.,
2015)), pose estimation (Wang et al., 2019; [Xiang et al.| |2017)), and semantic understandings (Hu et al.|
2018; Mo et al.}[2019;|Savva et al.,[2015) from the vision community, as well as grasping (Mahler
et al.| 2019; |Pinto & Gupta, [2016) and manipulating 3D objects (Chen et al., 2021} |Xu et al., 2020)
on the robotic fronts, there are still huge perception-interaction gaps (Batra et al.,|2020; |Gadre et al.,
20215 [Shen et al., [2021} |Xiang et al., [2020) to close for enabling future home-assistant autonomous
systems in the unstructured and complicated human environments.

One of the core challenges in bridging the gaps is figuring out good visual representations of 3D
objects that are generalizable across diverse 3D shapes at a large scale and directly consumable by
downstream planners and controllers for robotic manipulation. Recent works (Mo et al.| 2021} [Wu
et al.}2022) have proposed a novel perception-interaction handshaking representation for 3D objects
—visual actionable affordance, which essentially predicts an action likelihood for accomplishing the
given downstream manipulation task at each point on the 3D input geometry. Such visual actionable
affordance, trained across diverse 3D shape geometry (e.g., refrigerators, microwaves) and for a
specific downstream manipulation task (e.g., pushing), is proven to generalize to novel unseen objects
(e.g., tables) and benefits downstream robotic executions (e.g., more efficient exploration).

Though showing promising results, past works (Mo et al., 2021; |Wu et al., 2022)) are limited to
single-gripper manipulation tasks. However, future home-assistant robots shall have two hands just
like us humans, if not more, and many real-world tasks require two hands to achieve collaboratively.
For example (Figure[I)), to steadily pick up a heavy bucket, two grippers need to grasp it at two top
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Figure 1: Given different shapes and manipulation tasks (e.g., pushing the keyboard in the direction
indicated by the red arrow), our proposed DualAfford framework predicts dual collaborative visual
actionable affordance and gripper orientations. The prediction for the second gripper (b) is dependent
on the first (a). We can directly apply our network to real-world data.

edges and move in the same direction; to rotate a display anticlockwise, one gripper points downward
to hold it and the other gripper moves to the other side. Different manipulation patterns naturally
emerge when the two grippers collaboratively attempt to accomplish different downstream tasks.

In this paper, we study the dual-gripper manipulation tasks and investigate learning collaborative
visual actionable affordance. It is much more challenging to tackle dual-gripper manipulation tasks
than single-gripper ones as the degree-of-freedom in action spaces is doubled and two affordance
predictions are required due to the addition of the second gripper. Besides, the pair of affordance
maps for the two grippers needs to be learned collaboratively. As we can observe from Figure[I} the
affordance for the second gripper is dependent on the choice of the first gripper action. How to design
the learning framework to learn such collaborative affordance is a non-trivial question.

We propose a novel method DualAfford to tackle the problem. At the core of our design, DualAfford
disentangles the affordance learning problem of two grippers into two separate yet highly coupled
subtasks, reducing the complexity of the intrinsically quadratic problem. More concretely, the first
part of the network infers actionable locations for the first gripper where there exist second-gripper
actions to cooperate, while the second part predicts the affordance for the second gripper conditioned
on a given first-gripper action. The two parts of the system are trained as a holistic pipeline using the
interaction data collected by manipulating diverse 3D shapes in a physical simulator.

We evaluate the proposed method on four diverse dual-gripper manipulation tasks: pushing, rotating,
toppling and picking-up. We set up a benchmark for experiments using shapes from PartNet-Mobility
dataset (Mo et all,[2019} Xiang et al., 2020) and ShapeNet dataset (Chang et all,[2015)). Quantitative
comparisons against baseline methods prove the effectiveness of the proposed framework. Qualitative
results further show that our method successfully learns interesting and reasonable dual-gripper
collaborative manipulation patterns when solving different tasks. To summarize, in this paper,

* We propose a novel architecture DualAfford to learn collaborative visual actionable affor-
dance for dual-gripper manipulation tasks over diverse 3D objects;

* We set up a benchmark built upon SAPIEN physical simulator (Xiang et al.| 2020) using the
PartNet-Mobility and ShapeNet datasets (Chang et al.l 2015; Mo et al., 2019} Xiang et al.,
2020) for four dual-gripper manipulation tasks;

* We show qualitative results and quantitative comparisons against three baselines to validate
the effectiveness and superiority of the proposed approach.

2 RELATED WORK

Dual-gripper Manipulation. Many studies, from both computer vision and robotics communities,

have been investigating dual-gripper or dual-arm manipulation (Chen et al., 2022; [Simeonov et al.|
2020; [Weng et al, 2022} [Chitnis et all},[2020; [Xie et al., 2020} [Liu & Kitani, 2021} [Liu et al.,[2022).
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VVahrenkamp et al. (2009) presented two strategies for dual-arm planning: J+ and IK-RRT. Cohen
et al. (2014) proposed a heuristic search-based approach using a manipulation lattice graph. Ha et al.
(2020) presented a closed-loop and decentralized motion planner to avoid a collision. Multi-arm
manipulation has also been investigated in various applications: grasping (Pavlichenko et al., 2018),
pick-and-place (Shome & Bekris, 2019), and rearrangement (Shome et al., 2021; Hartmann et al.,
2021). Our work pays more attention to learning object-centric visual actionable affordance heatmaps
for dual-arm manipulation tasks, while previous works focus more on the planning and control sides.
Gadre et al. (2021) learns affordances but for interactively part segmentation, they use one gripper to
simply hold one articulated part, and use the other gripper to move the other articulated part.

Visual Affordance Prediction. Predicting affordance plays an important role in visual under-
standing and bene ts downstream robotic manipulation tasks, which has been widely used in many
previous works (Jiang et al., 2021b; Kokic et al., 2017; 2020; Mandikal & Grauman, 2021; Redmon

& Angelova, 2015; Wang et al., 2021; Wu et al., 2022). For example, Kokic et al. (2017) used CNN

to propose a binary map indicating contact locations for task-speci ¢ grasping. Jiang et al. (2021a)
proposed the contact maps by exploiting the consistency between hand contact points and object
contact regions. Following Where2Act (Mo et al., 2021), we use dense affordance maps to suggest
action possibilities at every point on a 3D scan. In our work, we extend by learning two collaborative
affordance maps for two grippers that are in deep cooperation for accomplishing downstream tasks.

3 PROBLEM FORMULATION

General Setting. We place a random 3D object from a random category on the ground, given its
partially scanned point cloud observatior2 RN 2 and a speci ¢ task, the network is required to
propose two grippers actions = ( p1; R1) andup = ( p2; Rp), in which pis the contact point anig

is the manipulation orientation. All inputs and outputs are represented in the camera base coordinate
frame, with the z-axis aligned with the up direction and the x-axis points to the forward direction,
which is in align with real robot's camera coordinate system.

Task Formulation. We formulate four benchmark tasks: pushing, rotating, toppling and picking-up,
which are widely used in manipulation benchmarks (Andrychowicz et al., 2017; Kumar et al., 2016;
Mousavian et al., 2019; OpenAl et al., 2021) and commonly used as subroutines in object grasping
and relocation (Chao et al., 2021; Mahler et al., 2019; Mandikal & Grauman, 2022; Rajeswaran et al.,
2018; Zeng et al., 2020). We set different success judgments for difference tasks, and here we describe
the pushing task as an example. TagkR? is a unit vector denoting the object's goal pushing
direction. An object is successfully pushed if (1) its movement distance is over 0.05 unit-length, (2)
the difference between its actual motion directiband goal direction is within 30 degrees, (3) the

object should be moved steadilye., the object can not be rotated or toppled by grippers.

4 METHOD

4.1 OvERVIEW OF DualAfford FRAMEWORK

Figure 2 presents the overview of our propofadlAfford framework. Firstly, we collect large
amount of interaction data to supervise the perception networks. Since it is costly to collect human
annotations for dual-gripper manipulations, we use an interactive simulator named SAPIEN Xiang
et al. (2020). We sample of ine interactions by using either a random data sampling method or an
optional reinforcement-learning (RL) augmented data sampling method described in Sec. 4.5.

We propose the novel Perception Module to learn collaborative visual actionable affordance and
interaction policy for dual-gripper manipulation tasks over diverse objects. To reduce the complexity
of the intrinsically quadratic problem of dual-gripper manipulation tasks, we disentangle the task
into two separate yet highly coupled subtasks. Speci cally, let N denote the point number of the
point cloud, andjr denote the gripper orientation space on one point. If the network predicts the two
gripper actions simultaneously, the combinatorial search space will fgz)(™N N) . However, our
Perception Module sequentially predicts two affordance maps and gripper actions in a conditional
manner, which reduces the search spac® tr)N*N) . Therefore, we design two coupled
submodules in the Perception Module: the First Gripper Motule(left) and the Second Gripper
ModuleM » (right), and each gripper module consists of three networks (Sec. 4.2).

The training and inference procedures, respectively indicated by the red and blue arrows in Figure 2,
share the same architecture but with reverse data ow directions. For inference, the data ow direction
is intuitive: M 1 proposesl;, and therM , proposesi, conditioned oru;. Although such data ow
guarantees the second gripper plays along with the rst during inference, it cannot guarantee the rst



Published as a conference paper at ICLR 2023

Figure 2:Our proposed DualAfford framework, rst collects interaction data points in physics
simulation, then uses them to train the Perception Module, which contains the First Gripper Module
and the Second Gripper Module, and further enhances the cooperation between two grippers through
the Collaborative Adaption procedure. The training and the inference procedures, as respectively
indicated by the red and blue arrows, share the same architecture but with opposite data ow directions.

gripper's action is suitable for the second to collaborate with. To tackle this problem , for training,
we employ the reverse data ow ; is trained rst, and theM 1 is trained with the awareness of
the trainedM . Speci cally, given diversey; in training datasetM , is rst trained to proposel,
collaborative with them. Then, with the traindtl, able to propose collaborative with differenti,

M 1 learns to proposa; that are easy faM , to propose successful collaborations. In this way, both
M 1 andM » are able to propose actions easy for the other to collaborate with.

Although such design encourages two grippers to cooperate, the two gripper modules are separately
trained using only of ine collected data, and their proposed actions are never truly executed as a
whole, so they are not explicitly taught if their collaboration is successful. To further enhance their
cooperation, we introduce the Collaborative Adaptation procedure (Sec. 4.4), in which we execute
two grippers' actions simultaneously in simulator, using the outcomes to provide training supervision.

4.2 PERCEPTIONMODULE AND INFERENCE

To reduce the complexity of the intrinsically quadratic problem and relieve the learning burden of our
networks, we disentangle the dual-gripper learning problem into two separate yet coupled subtasks.
We design a conditional perception pipeline containing two submodules shown in Figure 3, in which
Uy is proposed conditioned an during inference, whil® 1 is trained conditioned on the train&dl,

during training. There are three networks in each gripper module: Affordance NefwoRtoposal
NetworkP and Critic NetworkC. First, as the gripper action can be decomposed into a contact
point and a gripper orientation, we design Affordance Network and Proposal Network to respectively
predict them. Also, to evaluate whether an action of the gripper is suitable for collaboration, we
design Critic Network for this purpose. Below we describe the design of each module.

Backbone Feature Extractors. The networks in Perception Module may receive four kinds of
input entities or intermediate results: point clagdtaskl, contact pointp, and gripper orientation

R. In different submodules, the backbone feature extractors share the same architectures. We use a
segmentation-version PointNet++ (Qi et al., 2017) to extract per-point fef@r&28 from O, and

employ three MLP networks to respectively encodp, andRinto fj 2 R32, f, 2 R32, andfg 2 R%2.

4.2.1 THE FIRST GRIPPERMODULE

The First Gripper Module contains three sequential networks. Given an object and a task con guration,
the Affordance Networld ; indicates where to interact by predicting affordance map, the Proposal
NetworkP ; suggests how to interact by predicting manipulation orientations, and the Critic Network
C, evaluates the per-action success likelihood.

Affordance Network. This networkA 1 predicts an affordance scoag2 [0; 1] for each pointp,
indicating the success likelihood when the rst gripper interacts with the point, with the assumption
that there exists an expert second gripper collaborating with it. Aggregating the affordance scores,
we acquire an affordance map over the partial observation, from which we can Iter out low-rated
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