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Abstract. Enabling robotic manipulation that generalizes to out-of-
distribution scenes is a crucial step toward the open-world embodied
intelligence. For human beings, this ability is rooted in the understand-
ing of semantic correspondence among different objects, which helps to
naturally transfer the interaction experience of familiar objects to novel
ones. Although robots lack such a reservoir of interaction experience,
the vast availability of human videos on the Internet may serve as a re-
source, from which we extract an affordance memory of contact points.
Inspired by the natural way humans think, we propose Robo-ABC: when
confronted with unfamiliar objects that require generalization, the robot
can acquire affordance by retrieving objects that share visual and se-
mantic similarities from the memory, then mapping the contact points
of the retrieved objects to the new object. While such correspondence
may present formidable challenges at first glance, recent research finds it
naturally arises from pre-trained diffusion models, enabling affordance
mapping even across disparate categories. Through the Robo-ABC
framework, robots can generalize to manipulate out-of-category objects
in a zero-shot manner without any manual annotation, additional train-
ing, part segmentation, pre-coded knowledge, or viewpoint restrictions.
Quantitatively, Robo-ABC significantly enhances the accuracy of visual
affordance inference by a large margin of 28.7% compared to state-
of-the-art (SOTA) end-to-end affordance models. We also conduct real-
world experiments of cross-category object-grasping and achieve a suc-
cess rate of 85.7%, proving Robo-ABC’s capacity for real-world tasks.
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1 Introduction

Imagine a future where robots assist humans to proficiently accomplish a broad
spectrum of daily tasks. The fundamental challenge lies in empowering robots
to find interaction strategies with both familiar and novel objects. We humans
instinctively have such abilities by generalizing the affordance [19] to unseen
objects through semantic mapping . For example, we may figure out how to
grab a badminton racket by recalling the experience of wielding a tennis racket,
or how to open a microwave oven that partially resembles a cabinet.

When humans encounter novel categories of objects
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Fig. 1: Overview. The left illustrates the key insight of Robo-ABC (H represents the
contact point). Our goal is to endow robots with the same semantic correspondence
ability as humans, which can generalize the object affordance across categories in ma-
nipulation tasks. The columns on the right in order, are source images (H represents
contact points which are extracted from human videos), corresponding attention maps
on the target images (H represents inferred contact points on unseen objects), grasp
poses (Grasp poses are represented by |_|_| , which are generated according to the con-

tact points H), point cloud during grasping, and the final successful grasping results.

However, this ability is not innate to robots. A key challenge is to obtain
such interaction experience and extract generalizable information for robot ma-
nipulation. Fortunately, there is a wealth of egocentric human-object interaction
videos [9/[10,21] available on the Internet. These videos provides valuable insights
into complex interactions, as well as the temporal and motion contexts of objects.
Previous works have explored a variety of methods for learning object affordances
from videos, such as extracting feature embeddings from videos , or auto-
matically collecting pseudo-ground-truth labels for end-to-end training .
While existing methods can predict affordance for familiar objects, they struggle
to generalize to unseen objects.

We aim to effectively and efficiently generalize affordance beyond object cate-
gories. To this end, we propose a general framework, Robo-ABC, that can extract
object interaction experience from human videos and transfer it to novel objects.
First, we extract the interaction experiences of objects from human videos and
store them in an affordance memory. Second, in the face of a novel object (e.g., a
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screwdriver), we retrieve objects (e.g., a knife) similar to the target object from
the memory based on visual and semantic similarity. The most intriguing aspect
of our method is the third step, where we employ the emergent semantic corre-
spondence ability from the diffusion models [24}|361[53./66] to map the retrieved
contact points to the novel object. We find this procedure powerful enough to
transfer affordance beyond multiple object categories. Finally, we use the ob-
tained affordance points to select from the grasping position prior provided by
AnyGrasp |13| and deploy on a real robot to complete the manipulation tasks.

We conduct a comprehensive evaluation of Robo-ABC’s generalization abil-
ity under different settings. We evaluate the zero-shot generalization ability with
other end-to-end methods, and the affordance prediction success rate of Robo-
ABC significantly increases by 28.7% compared to state-of-the-art (SOTA) end-
to-end methods, demonstrating the strong generalization capability to novel ob-
jects and categories. We also demonstrate Robo-ABC’s potential to generalize
the affordance of one source object to objects that span a large category gap.
Lastly, after deploying the Robo-ABC on a real robot using AnyGrasp |[13],
we show that our method can provide accurate affordance guidance for grasp-
ing in open-world, cross-view, clustered, and cross-category settings. Robo-ABC
reaches a prominent success rate of 85.7% over 7 object categories.

Our contributions can be summarized as follows:

1) We propose a novel framework, Robo-ABC, to extract object interaction
experience from human videos and transfer it to novel objects. Robo-ABC is the
first robotic system to utilize foundation vision models for generalizing affor-
dances across object categories with no need for annotation, additional training,
or pre-coded knowledge of any kind.

2) We conduct exhaustive experiments on the performance of different seman-
tic correspondence techniques on our pipeline and propose a simple yet effective
method to overcome the sensitivity of image orientation for those methods.

3) Robo-ABC demonstrates a new approach to utilize and expand the poten-
tial of foundation models, while naturally enjoying the benefit of the improving
ability of such models, both in retrieving objects and capturing semantic corre-
spondence. We hope that our work will inspire future research in this direction.

2 Related Works

2.1 Learning visual alandance from human videos

Visual affordance learning aims to infer where and how to interact with diverse
objects from visual inputs, bridging the computer vision and robotics fields.
RGB image-based affordance learning [23}25}|29}/43}65,/69] methods focus on
inferring affordance from images depicting human-object interactions. Another
series of works focus on predicting affordance from 3D point cloud [7}/18,32]
41|42, 146} 57.|59L 160}, (68|, specifically targeting articulated or deformable objects
manipulation. While taking the RGB image as sensory input, our work focuses on
extracting affordance from egocentric human videos [9-1121], which can capture
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the temporal context and motion information of human-object interaction. These
allow us to better understand complex actions and generalize to new objects
and scenarios. Based on the diverse reservoir of human videos, previous works
have investigated to learn from them the visual representation [4,45|, grasp
prior [1,[3L[27,[38L|40], and dexterous grasping skills [37,59].

The most relevant studies to our goal are [4}[20}34}35,|44]. These works
are dedicated to identifying the contact region with objects from human videos.
However, these end-to-end approaches are subject to in-domain object categories
and viewpoints. Compared to previous works, Robo-ABC extracts a small-scale
memory of object interaction experiences from human videos. It allows the robot
to face completely new scenes with transferable manipulation knowledge. What
distinguishes our method from the previous ones is our focus on capturing the
semantic correspondence beyond the seen object categories to help guide robots
more accurately in complex zero-shot manipulation tasks.

2.2 Semantic correspondence for robotics

In the robotics field, previous works [12}22}26},28]58},|62] have explored lever-
aging semantic correspondences for robot manipulation. However, these works
are somewhat limited to generalization within different instances of the same
category, manual annotation, additional training, or rely on user-provided tar-
get images to perform the transfer. In this work, our goal is to achieve zero-
shot generalization across object categories. Recently, foundational models such
as DINO-VIT |2| and diffusion models [24}/54},|66] have demonstrated remark-
able capabilities in finding semantic correspondences across objects. Specifically,
features extracted from diffusion models are more versatile in mapping similar
points across categories. As foundation models contain knowledge valuable for
robotics tasks [151/64], we explore leveraging the semantic correspondence ability
embedded within these models, eliminating the need for additional training or
part segmentation. Compared to previous methods, our approach is off-the-shelf
and achieves significant improvements. This provides better visual guidance for
robot manipulation tasks, allowing robots to flexibly understand and infer the
affordances of different categories of objects in the open world.

2.3 Generalizable robot manipulation

In the development of general-purpose robots, having generalizable manipulation
capabilities is crucial, especially when applying these abilities across object cate-
gories. Facing this challenge, some works [16l17}/33] focus on using point clouds as
inputs, recognizing and manipulating actionable parts to achieve cross-category
object manipulation. Recent works on general agents [5,/504/63] and dexterous
grasping [304(31,/55,(61] continue to explore new possibilities. However, these
methods typically require a large amount of annotated data or rely on effec-
tive part segmentation of the object. Another line of research [49,/56] utilizes
foundation models and NeRF for generalizable manipulation. However, the ma-
nipulation skills of these agents are confined to a set of known instances, and
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their ability to generalize falls short when encountering novel object instances.
By contrast, our key motivation is to harness foundation models to extract se-
mantic information and achieve a ordance generalization beyond categories.

3 Method

In this study, we aim to obtain contact points for robotic manipulation, with a
focus on generalizing to unseen objects and categories. The structure of this sec-
tion unfolds as follows: Section 3.1 elucidates the process of extracting a ordance
knowledge from human videos, Section 3.2 discusses the retrieval of similar ob-
jects from the extracted interaction experience memory for new objects, Section
3.3 describes the process of utilizing the capabilities of the di usion model to
generalize the a ordance of objects across object instances and categories, while
Section 3.4 describes the process of applying the obtained a ordance guidance
to downstream robotic manipulation tasks.

3.1 A ordance collection from human videos

A ordance representation. We de ne the a ordance of objects as the contact
points between the human hand and the object. Humans naturally contact a
variety of objects at speci ¢ points during the interaction. For example, when
opening a door, the hand contacts the door handle, and such action bears fruitful
information on a ordance. We aim to pinpoint when and where the contact
takes place given a dataset of videos. We utilize an o -the-shelf hand-object
interaction detector [52] to obtain the contact state information during human-
object interaction in each segment of the interaction videos.

Data Sources and Volumes.  We list the sources and volumes of the a ordance

data used by baselines and Robo-ABC in Table 1. Since only several frames of
each video are needed to extract the memory, we compute the volumes in terms
of samples in alignment with other baselines. Consider a video consisting of

Table 1: The data sources and volumes comparison.

Method HAP HOI HOTSPOTS LOCATE VRB Ours (Robo-ABC)
Data Sources EK100EKS55, EK100, EGOPRA, EK55 AGD20K EK100 EK100
Training Samples 18K 35K 20K 20K 54K 864 (No training, just for memory)

multiple frames of a person cutting vegetablesV = fFy;:::; Fy g. We leverage a
hand-object detector not only to output the pixel-level bounding boxes (bbox)
of the hand By, and the object B, but also to output a contact variable. This
variable serves to pinpoint the exact frames where contact between the hand and
the object occurs. Upon identifying the rst frame F; where the hand grasps the
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