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Abstract

How human interact with objects depends on the func-
tional roles of the target objects, which introduces the prob-
lem of affordance-aware hand-object interaction. It re-
quires a large number of human demonstrations for the
learning and understanding of plausible and appropriate
hand-object interactions. In this work, we present Af-
fordPose, a large-scale dataset of hand-object interactions
with affordance-driven hand pose. We first annotate the
specific part-level affordance labels for each object, e.g.
twist, pull, handle-grasp, etc, instead of the general in-
tents such as use or handover, to indicate the purpose and
guide the localization of the hand-object interactions. The
fine-grained hand-object interactions reveal the influence of
hand-centered affordances on the detailed arrangement of
the hand poses, yet also exhibit a certain degree of diver-
sity. We collect a total of 26.7K hand-object interactions,
each including the 3D object shape, the part-level affor-
dance label, and the manually adjusted hand poses. The
comprehensive data analysis shows the common character-
istics and diversity of hand-object interactions per affor-
dance via the parameter statistics and contacting compu-
tation. We also conduct experiments on the tasks of hand-
object affordance understanding and affordance-oriented
hand-object interaction generation, to validate the effec-
tiveness of our dataset in learning the fine-grained hand-
object interactions. Project page: https://github.
com/GentlesJan/AffordPose

1. Introduction
One of the long-standing goals of robotics is to imitate

all kinds of human-centered interactions, especially hand-
object interactions, ranging from general grasping to func-
tional interactions such as unscrewing a cap or even tool
usage [22, 15]. Performing appropriate hand-object interac-
tion is a complicated decision-making process. The agents
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Figure 1: A Gallery of AffordPose. AffordPose is the first
large-scale dataset for fine-grained hand-object interactions
driven by the specific part-level affordance labeling, which
reveals the high correlation between the object affordance
and the detailed arrangement of hand poses.

need to understand the functional role of the object, select
the contacting location, and perform the specific hand pose
to complete the task [7, 1, 39].

There has been a trend to develop deep learning solu-
tions to predict diverse hand-object interactions. The re-
searchers build hand-object interaction datasets, such as
HO-3D [13], DexYCB [5], Obman [16], and train differ-
ent networks [26, 44, 43, 27] to predict the hand poses for
the given objects. However, these works only consider the
general grasping task and focus on the stability of the gen-
erated hand poses, but overlook the semantic meaning of
the hand-object interactions. Recently, many related works
collect additional annotations, e.g. contact maps [2, 3, 24],
grasp type labels [8], and intent labels [40, 51], to learn how
human use different objects with appropriate hand-object
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interactions, not only to hold the objects tightly but also for
the convenient usage being consistent with human habits.

Object usage involves the key characteristics of the in-
teractions, including what interaction to perform, where to
interact with the object, and how to perform the interac-
tion to achieve the purpose. As summarized in Table 1,
if exists, the object usage, i.e. intents, are often of two
types in the relevant datasets. One is human objectives,
e.g. use, hand-out, receive as in OakInk [51], which de-
scribes the human targets regardless of the object categories
and attributes. Although these human objectives illustrate
the purpose of hand-object interactions well, these selected
human-centered objectives are general goals and take the
objects as just geometric shapes rather than functional ob-
jects. The other is object-centric affordances, e.g. pour juice
in FPHAB dataset [11], which specifies the detailed type of
interactions, but with a limited generalization ability.

In this paper, we take a step further to study the hand-
object interactions driven by part-level affordances, which
provide fine-grained localizations and are generalizable
among object categories. We first collect the specific part-
level affordances on the objects, i.e. the hand-centered la-
bels such as twist, pull, handle-grasp, and the corresponding
parts, instead of the general labels such as use or handover,
then manually adapt the hand poses to complete the inter-
action tasks corresponding to these affordances. As shown
in our dataset, the part-level affordances correspond to some
common characteristics of the hand-object interactions even
with different object categories, yet allows an extent of hand
pose diversity, thus improving the understanding and pre-
diction of hand-object interactions.

Our AffordPose is a large-scale dataset of fine-grained
hand-object interactions with affordance-driven hand poses.
The dataset collects 26.7K manually annotated interactions,
each including the 3D object shape, the part-level affor-
dance label, and the parameters of the detailed hand con-
figuration. Moreover, our dataset supports the interactions
for different affordances on the same object, exhibiting the
distinctiveness of the hand poses w.r.t. the corresponding
part-level affordance.

Our contributions are listed as follows:
• We present the AffordPose dataset, a large-scale

dataset of fine-grained hand-object interactions with
affordance-driven hand pose.

• We provide comprehensive data analysis to understand
how affordance affects the detailed arrangement of
hand poses to complete the appropriate interaction.

• We conduct experiments on two tasks, i.e. hand-object
affordance understanding and affordance-oriented
hand-object interaction generation, to validate the ef-
fectiveness of our dataset in learning the fine-grained
hand-object interactions.

Table 1: Comparison of AffordPose dataset with the exist-
ing hand-object interaction datasets.

dataset mod. syn/real #obj #hand pose intent
HO3D RGBD real 10 68 -

DexYCB RGBD real 20 1k -
YCBAfford RGB syn 68 367 -

Obman RGBD syn 2.7k 21k -
FPHAB RGBD real 26 273 object affordance

ContactPose RGBD real 25 2.3k human objective
GRAB Mesh real 51 1.3k human objective

OakInk-image RGBD
real

100 1k
human objective

OakInk-shape Mesh 1.7k 49k
Ours Mesh syn 641 26k part affordance

2. Related Works

Hand-Object Interaction Datasets. It’s a crucial prob-
lem to produce accurate and plausible hand poses to per-
form hand-object interactions. The researchers have devel-
oped different hand pose acquisition, reconstruction, and
simulation methods to build large-scale datasets for tasks
ranging from hand pose estimation [10, 28], and grasp syn-
thesis [26, 29], to hand-object interaction generation [4, 8].

Some works focus on hand pose estimation from hand-
object interaction observations, e.g. RGB, RGB-D, or video
sequential inputs. Therefore, the essential datasets should
contain a large amount of accurate hand-object interactions.
For example, Bighand2.2 [53] collects million-scale hand
poses by building a tracking system. Obman [16] utilizes a
grasp optimizer to synthesize the hand poses while ensuring
the stability of the grasping. HO-3D [13] and DexYCB [5]
build the motion capture systems to collect the sequential
frames with one or more RGB-D cameras and solves for
the 3D hand and object poses to build their datasets. On
the other hand, some related works, e.g. DexteriousGrasp-
ing [54] and DexGraspNet [45], synthesize for the robotic
dexterous hand poses, to complete the grasping task. These
constructed datasets provide a wide range of large-scale
hand-object interactions for the learning of hand pose es-
timation from the input observations.

However, as pointed out in ContactGrasp [2], the hand-
object interactions are not only stable but also functional. In
other words, the hand-object interaction datasets should in-
volve more human annotations, rather than being built auto-
matically, to reveal how human use different objects. Some
related works, e.g. ContactGrasp [2], ContactPose [3] and
Contact2Grasp [24], require the annotators to specify the
contact maps of each object and then optimize the hand
poses via simulators. The contact map constrains the func-
tional goal of the interactions, while the simulator optimiza-
tion ensures the physical feasibility of the hand poses. Al-
ternatively, YCB-Affordance [8] requires the annotators to
manually specify the hand position, hand pose, and grasp



Twist

Wrap-grasp

Handle-grasp

Handle-grasp Wrap-grasp Twist

Part-level affordance labeling Hand pose annotation

Figure 2: Dataset construction process for AffordPose. We first annotate the part-level affordance labeling, and then use it as
guidance for the volunteers to manually adjust the hand pose annotations.

type of each object, and then transfer the grasps to the YCB
scenes [49]. These datasets collect natural and realistic
hand poses for different objects, which are necessary for
the learning of hand-object interaction generation.

Some recent works investigate hand-object interactions
with different intents. GRAB [40] captures the whole-body
grasps for different interactions, e.g. eating a banana, drink-
ing from a bowl, etc, which are classified into 4 different
intents, i.e. use, pass, lift, and off-hand pass. Similarly,
OakInk [51] collects affordance-aware and intent-oriented
hand-object interactions. That is, the captured hand-object
interactions are performed based on the semantic meaning
of objects and the specified intents, including use, hold, lift-
up, hand-out and receive. H2O [52] provides a particular
benchmark for the human-human object handover analysis.

In our work, we build the dataset named AffordPose,
which contains large-scale hand-object interactions with
affordance-driven hand poses. Our collected data, termed as
affordance-driven hand-object interactions, are performed
with the guidance of part-level affordance labels such as
twist, pull, handle-grasp, etc. It is different from the grasp
type labels in the YCB-Affordance dataset [8] which only
indicates different joint arrangements of the hands, or the
intents in OakInk dataset [51] which only indicates the gen-
eral task purpose regardless of the object categories. Al-
though people may consider the object affordances while
performing the interactions, i.e. affordance-aware, the cor-
responding affordance for each interaction is ambiguous
and not explicitly specified. By contrast, our dataset con-
tains fine-grained hand-object interactions equipped with
the corresponding part-level affordance labeling, which re-
veals the influence of hand-centered affordances on the
detailed arrangement of the hand poses and allows the
affordance-oriented hand-object interaction generation.

Object Affordance Datasets. The affordances of ob-
jects are related to their functionality, i.e. what it offers
the agents or environments [12]. Hassanin [14] summa-

rizes the common affordances of man-made objects, includ-
ing the inherent properties (e.g. pour, contain, display, etc)
and hand-centered affordances (e.g. twist, pull, press, etc.).
Therefore, many object affordance datasets make their ef-
forts in annotating the affordance labels [18, 37, 25, 38, 46],
aiming at the affordance learning tasks such as the affor-
dance categorization [21, 42], detection [33, 39, 34] and
segmentation [36, 7].

3D Affordance Net [9] is the first 3D object affor-
dance dataset that provides the dense affordance labels on
the 3D point clouds. The per-point affordance distribu-
tion highlights the regions where the interactions occur.
PartAfford [50] focuses on part-level affordance discovery
to build the link between the semantic parts and the affor-
dance labels, such as openable, rollable, etc. These works
stimulate a deeper understanding of the objects and their af-
fordance, building the basis for various affordance learning
tasks, e.g. task-oriented grasp detection [6], contact map
generation [23].

In the spirit of the high correlation between affordance
labeling and various hand-object interaction, we further
connect the part-level affordance with the detailed config-
uration of hand-object interactions. In other words, affor-
dance should also reflect how the interactions, especially
the hand-object interactions, are performed, which is val-
idated by our data analysis and experiments. Our dataset
provides more fine-grained information for the learning of
affordance-oriented hand-object interaction.

3. AffordPose Dataset

3.1. Dataset Construction

We recruit volunteers to independently complete the two
stages of the data collection, i.e. part-level affordance anno-
tation and hand pose annotation, as illustrated in Figure 2.
The collected part-level affordance labeling acts as the guid-
ance for the volunteers to complete the following hand pose



Table 2: Statistics of the 3D AffordPose Dataset. #Object denotes the number of objects, #Afford denotes the number of
affordance and #Hand presents the number of hand-object interaction annotations.

Statistics All Bag Bottle Dispenser Earphone Faucet Handle
bottle Jar Keyboard Knife Laptop Mug Pot Scissors

#Object 641 53 52 34 50 55 32 45 53 57 50 55 48 57
#Afford 8 2 2 3 1 2 5 3 1 1 1 3 4 1
#Hand 26712 1624 2884 2772 1400 1540 2408 2716 1484 1596 1400 3052 2240 1596

annotation, to make sure that our collected hand-object in-
teractions match the specific affordance.

Data Preparation. We collect 641 objects from 13 cate-
gories in PartNet [31] and PartNet-Mobility [48] to annotate
our hand-object interactions. The objects of each category
are scaled into their normal size w.r.t. human hands in order
to perform the realistic interactions. To create the dataset,
we organized a panel discussion with experts and selected 8
hand-centered affordance labels, i.e. the affordance involv-
ing hand-object interactions such as press and twist. For the
details of object and affordance selection, please refer to our
supplementary material.

Affordance annotation. We manually annotate part-
level functional areas of objects to acquire 3D object affor-
dance annotation. In practice, we present the pre-segmented
objects to the volunteers and require them to assign the
affordance labels to the object parts. The finest level of
the hierarchical semantic segmentation from PartNet [31]
is shown to perform the annotation. For each part of an
object, we ask 5 volunteers to discuss and finally make a
consensus on the most related affordance label. Note that
we only focus on parts with functionality. The volunteers
are allowed to mark the other object parts without grasping
or manipulating functionalities as ”no affordance”.

Hand-Object Interaction annotation. In this stage, we
present the 3D objects with each part colored based on the
affordance label in the visual interface of GraspIt [30] sim-
ulator. The affordance labeling illustrates what and where
the hand-object interactions should be. The volunteers need
to manually adjust the position and rotation of hand palm,
and each of the finger joint angles, to complete the appro-
priate hand-object interaction of each affordance. During
the annotation, the object position and orientation are fixed
while one can interactively change the viewpoint and adjust
the pose of the hand model. We invited 14 volunteers to an-
notate an average of 42 interactions for each object model,
each with at least 28 hand interactions.

The hand model we use is the widely adopted articu-
lated model named MANO [35]. Following the practice
in [16], the hand model is composed of 16 rigid parts, in-
cluding 3 phalanges of each finger and 1 hand palm. We
use the standard hand model with fixed shape parameter
β, while allowing the modification of the pose parameters.

Handle-grasp Lever Press Pull

LiftWrap-grasp TwistSupport

Figure 3: The representative hand poses for each affordance
show their distinctive characteristics.

The pose parameters include the palm pose (extrinsic pa-
rameters) p = {t,q} and the joint configuration (intrinsic
parameters) θ ∈ R16, where t and q represents the transfor-
mation and rotation of the entire hand, θ is the rotation angle
of each joint around its pre-defined axis. During the anno-
tation process, similar to YCBAfford dataset [8], we run the
GraspIt! simulator with force analysis to avoid physically
implausible hand poses and penetration.

3.2. Dataset Statistics

Our AffordPose dataset records the complete hand-
object interaction information, including the 3D object
shape, the part-level affordance labels to localize the inter-
action, and the hand pose parameters to complete the inter-
action task. As listed in Table 2, the dataset collects a total
of about 26.7K affordance-driven hand-object interactions,
involving 641 3D objects from 13 different categories and 8
types of affordance, i.e. handle-grasp, press, lift, pull, twist,
warp-grasp, support, lever. Each object has 1 to 5 differ-
ent affordances and each affordance may appear in several
object categories, exhibiting rich variation in the collected
hand-object interactions. More statistics are listed in our
supplementary material.

4. Data Analysis
The hand-object interactions for each affordance exhibit

distinctive characteristics and a degree of diversity. We pro-
vide the following qualitative and quantitative data analysis



Figure 4: Different affordances, i.e. handle-grasp, support,
wrap-grasp, cause significantly different hand poses to in-
teract with the same object.

Figure 5: The hand-object interactions for the handle-grasp
affordance on different object categories, i.e. pot, mug,
knife, from left to right. The hand poses share similar joint
configurations for the same affordance.

to understand how affordance affects the detailed arrange-
ments of hand-object interactions.

First, the hand poses vary significantly across their dif-
ferent affordances. We show the per-affordance representa-
tive hands in Figure 3. The representative hand is defined as
the nearest hand model of the mean intrinsic parameters θ
for a specific affordance. Note that we ignore the hand rota-
tion and position (i.e. extrinsic pose parameters) in the com-
putation of the representative hands due to the large varia-
tion of the contacting parts from different object categories.
Therefore, it only demonstrates the representative joint con-
figurations corresponding to the same affordance label. The
representative hands in Figure 3 show the distinctive charac-
teristics for different affordances, e.g. the pinching hand for
the pull affordance. The distinctivenss of affordance-driven
hand poses is also reflected in Figure 4, where we sample
the hand-object interactions on the same mug, but for differ-
ent affordances such as handle-grasp, support, wrap-grasp.
The three hands are completely different in the joint config-
urations, hand rotations and positions, as well as the con-
tacting parts, w.r.t the corresponding affordances.

Second, one affordance often leads to similar joint con-
figurations for the interactions with several different object
categories. For example, we show the handle-grasp inter-
actions with a mug, knife, and pot respectively in Figure 5.
Although the rotation and position of the entire hand (i.e.
extrinsic pose parameters) varies when contacting with dif-
ferent parts, the joint configurations of the hands look sim-
ilar and share some common distinctive characteristics for
the handle-grasp affordance.

Figure 6: The hand poses on the same object exhibit some
diversities even for the same affordance, e.g. press, due to
personal habit factors.
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Figure 7: The probabilities of different fingers contacting
the objects for each affordance.

Third, the hand-object interactions of the same affor-
dance also exhibit a degree of diversity, which is mainly
caused by different personal habits rather than different ob-
ject shapes. For example, people may press the lid of the
same dispenser object with different contact points on their
hands, as shown in Figure 6, resulting in diverse hand poses.
However, we can still tell the difference between these hand
poses and those for other affordances.

One may be interested in how affordance affects the de-
tailed configuration of the hands, i.e. the arrangement of
each finger or joint. We compute the contacting frequency
of the fingers for each affordance label (in Figure 7) to un-
derstand the importance of the fingers when performing dif-
ferent actions. It shows that the thumb, index finger, and
middle finger play a significant role in hand-object interac-
tion for most of the affordances. On the other hand, we fur-
ther quantify the standard deviation of each hand joint an-
gle, to understand the detailed diversity of each affordance.
We specially select the two affordance labels, support and
pull, to analyze the per-joint variation in Figure 8. We can
observe that the DOFs of the root joints (except for the root
of the thumb) are often limited for either of the two affor-
dances, i.e. the variations are small for joints I1, M1, R1,
P1, but relatively large for I2, M2, R2, P2. Moreover, it’s
interesting to see how the two quantitative analysis support
and complement each other. Taking the pull affordance as
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Figure 8: Left: Standard deviations of joint values for the pull and support affordances. Right: The illustration of 16 DoFs
(corresponding to the joint values on the left) to represent the kinematic hand model.

an example, Figure 7 shows that the thumb and index fin-
ger often contact the object, with the other fingers curling
inward, while Figure 8 indicates similar information with
lower deviation on the thumb and index fingers and higher
deviation on the rest fingers.

5. Experiments
Our AffordPose dataset contains the 3D objects and the

hand poses as demonstrations of hand-object interactions,
and the affordance labeling to indicate the fine-grained
manipulation purpose. Therefore, it enables two related
tasks, i.e. the hand-object affordance understanding and
the affordance-oriented hand-object interaction generation.
The former aims to understand whether one can infer the
corresponding affordance from a rough hand demonstration
and a target object to guide the interaction, while the latter
is to suggest the corresponding hand-object interaction im-
plementation for a specific affordance-related purpose. We
also conducted an RGB-based hand-object interaction un-
derstanding and mesh recovery experiments.

5.1. Hand-object Affordance Understanding

Due to the high correlation between the affordances and
hand-object interactions, inferring the affordance labeling
from a rough hand demonstration and a target object, i.e.
hand-object affordance understanding, plays an important
role to guide or suggest the users what to perform and where
to interact in the following interactions, which is useful in
many scenarios such as AR applications.

We conduct multiple experiments with different input
and output settings. The input hand demonstrations are rep-
resented as either the intrinsic hand pose parameters (i.e.
the joint configurations of the hands) or all the pose param-
eters including the hand rotation and position as well. The
network outputs the object-level affordance label (i.e. af-
fordance classification experiments) or the per-point affor-
dance labels (i.e. part localization experiments). The per-
point affordance label is defined as the part index value if
the point belongs to the corresponding part to be interacted
with, and 0 otherwise.

C DGCNN

Input

Hand Params

MLP

per-point

Affordance Label

object-level

Figure 9: The hand-object affordance understanding net-
work. It takes a hand pose and a target object as input and
predicts the object-level or per-point affordance labels with
different branches of DGCNN to guide the interactions.

All the experiments are implemented using the network
architecture of DGCNN [47], which is developed to process
the point clouds with its Edge-Conv modules. Specifically,
as shown in Figure 9, we encode the hand pose parameters
as a 10D vector with a 4-layer MLP network, and concate-
nate it with the coordinates of each point to form a high-
dimensional point cloud P ′ ∈ RN×13, where N is the num-
ber of points. We adopt the two corresponding branches of
DGCNN [47], i.e. the classification branch and the seg-
mentation branch, to output the object-level affordance and
the per-point affordance labels respectively. The network is
trained on 8-1-1 train-val-test split of the dataset.

The quantitative evaluations are reported in Table 3. We
compute the affordance accuracy and IoU to measure the
performance of the classification (top two rows) and the
parts localization (bottom two rows) respectively. The IoU
reflects whether the predicted per-point affordance label
matches with the region of the corresponding part for the
given hand pose. Overall, all the experiments achieve quite
high performance, which aligns with our conclusion in the
data analysis that there’s a high correlation between affor-
dance and hand poses. In addition, the mean affordance
labeling from all the parameters consistently outperforms
that from the intrinsic parameters only. This implies that
although different affordances correspond to certain types



Table 3: The quantitative evaluations of hand-object affordance understanding, including the classification experiments (top
two rows) and the part localization experiments (bottom two rows). We report the experiments with two kinds of hand pose
settings as input: the intrinsic pose parameters and all the pose parameters.

Methods Inputs Handle-grasp Lever Lift Press Pull Support Twist Wrap-grasp Mean
Classification
(Accuracy)%

Intrinsic 92.79 99.88 98.43 98.60 99.10 91.58 90.13 93.72 94.40
All 99.50 100 99.16 95.00 91.00 99.65 98.35 98.73 98.39

Localization
(IoU)%

Intrinsic 95.62 96.44 97.94 94.89 77.78 88.96 90.80 97.78 95.36
All 95.05 96.99 97.90 94.42 77.78 96.59 95.17 98.91 96.29
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Figure 10: Qualitative results of hand-object interaction generation experiments. Top: GrabNet baseline with only the object
as input. Bottom: AffordPoseNet with both the object and affordance condition as input. For the objects which have several
different affordances, GrabNet fails in generating diverse hand-object interactions, while AffordPoseNet is able to generate
the appropriate hand poses corresponding to the given affordance.

of hand joint configurations, it is also affected by the rough
rotation and position of the input hand demonstration.

The per-affordance accuracy of these experiments listed
in Table 3 offers more detailed evaluations. For example,
the pull affordance obtains the worst performance in all the
experiments except for the affordance classification from in-
trinsic parameters. This is because the main characteristics
of these hand poses are the joints of the thumbs and index
fingers, included in the intrinsic parameters. However, the
contacting part of the pull affordance, i.e. zippers of bags,
is relatively small, which affects the performance of the part
localizing experiments. Additionally, both the classification
and part localization performances of the support and twist
affordances are small when taking only the intrinsic param-
eters as input, but are largely improved when all the pa-
rameters are used. The reason might be that the two affor-
dances usually share similar joint configurations, which are
represented by the intrinsic parameters, but different hand
rotations and positions, which are recorded in the extrinsic
parameters of the hand poses.

C Encoder z Decoder

Coarse-Net

Kinematics 
Layer

C CBPS

Refine-Net

NN

3 Iterations

D

Cond.

Hand Params

Figure 11: The network architecture of AffordPoseNet for
afforfance-oriented hand-object interaction generation.

5.2. Affordance-oriented Interaction Generation

The affordance-oriented hand-object interaction gener-
ation aims to predict a possible hand pose, including the
intrinsic (joint configurations) and extrinsic (hand rotation
and position) parameters, from the input object and a given
affordance label. Following the related work [51], we com-
pare the generation ability of the original GrabNet base-



Table 4: The quantitative evaluations of hand-object interaction generation experiments.

Metrics GrabNet AffordPoseNet
Handle-grasp Lever Lift Press Pull Support Twist Wrap-grasp Mean

Penet.Depth(cm) ↓ 0.87 1.01 0.60 1.02 0.09 0.94 1.85 0.97 0.94 0.89
Solid.Intsec.Vol(cm3) ↓ 3.20 5.32 2.44 3.37 0.97 2.82 22.93 1.83 6.04 4.57

Contact Ratio(%) ↑ 96.06 100 100 92.50 92.86 75 100 96.88 97.26 96.06
Affordance accuracy(%) ↑ - 80 72.73 92.50 95.24 0 87.50 53.13 98.63 83.51

Pull Handle-grasp Support
Figure 12: Challenging cases produced by AffordPoseNet
for the affordance-oriented interaction generation task.

line [40] and our variant named AffordPoseNet. The for-
mer is trained to predict the hand pose from the object only,
while the latter takes both the object and the specified af-
fordance condition as input. The network architecture of
AffordPoseNet is shown in Figure 11. We encode the affor-
dance label as a one-hot vector and concatenate it with the
object feature to generate the appropriate hand pose. Except
for the 8-1-1 train-val-test split of our dataset, we add 211
objects with part-level affordance but no hand pose annota-
tions to expand the test set.

Figure 10 shows the qualitative evaluations of the two
experiments. As expected, in the first row, although Grab-
Net [41] is trained with various hand poses for different af-
fordances, it can only produce roughly reasonable but sim-
ilar hands for each object. Taking the bottle object (the 2nd
and 3rd results in the top row) as an example, the predicted
hands are similar even if we sample different random vec-
tors from the Gaussian distribution to generate the results.
Actually, when one object has several affordances, the pre-
dicted hand from GrabNet [41] often contacts the object in
the middle of the related parts, with the hand pose corre-
sponding to the most frequent affordance, i.e. wrap grasp
for the bottle cases in Figure 10. By contrast, the Afford-
PoseNet is able to predict the distinctive hand poses for the
specified affordance, justifying the effectiveness of the af-
fordance labeling in guiding hand-object interactions.

Some challenging cases produced by AffordPoseNet are
shown in Figure 12. We can see that the generated hand
poses still successfully reflect the distinctive characteristics
of the corresponding affordances, in terms of the hand joint
configurations and hand rotations. But the contact regions

are inappropriate, resulting in unrealistic hand-object inter-
actions. For example, for the pull affordance, the hand is
usually used to interact with the zippers of bags. But it’s
hard for the network to predict the correct hand pose to ac-
curately contact at this part. To solve this issue, a physical
simulator could be used to post-process the generated hand,
optimizing it to contact the affordance-related part.

We also adopt the commonly used quantitative met-
rics [20, 19, 16] to measure the quality of the generated
hand-object interactions and whether the results match the
affordance conditions. The penetration depth (Penet.Depth)
and solid intersection volume (Solid.Intsec.Vol) metrics re-
flect how much the hand models penetration with the object
shape. The contact ratio is defined as the probability of the
generated hands contacting the object surface. On the other
hand, the affordance accuracy metric computes whether the
contacting part of the predicted hand is consistent with the
ground-truth part of the input affordance condition. The
contacting part is defined as the part with the most contact
points (diso2h ≤ α = 0.004m). In particular, if there’s
no contact point under this threshold, we gradually increase
α by step = 0.001m until the contact points appear or α
reaches 0.01. If there’s no contact point when α = 0.01, we
directly mark the result as a wrongly predicted hand. Note
again that we test the performance on a wider range of test
set, which has the part-level affordances but without the an-
notated hand poses, since the above evaluation metrics don’t
need the ground-truth hand poses for the computation.

Table 4 reports the quantitative performances on the gen-
eration of hand-object interactions. Based on the top three
rows, the two experiments generate the hand poses with
similar quality, although AffordPoseNet has slightly worse
performance w.r.t. the solid intersection volume. On the
other hand, most of the results of AffordPoseNet match with
the input affordance condition, while the GrabNet baseline
often generates similar hand poses when the input object has
multiple affordances. However, the affordance accuracies
of AffordPoseNet are particularly low for the pull and twist
affordances. This is because the corresponding parts, e.g.
zippers of bags, lids of bottles, are relatively small in con-
trast with the nearby parts. When the generated hands are
not accurately contacting with the appropriate region, the
affordance accuracy metric often considers them as wrong



Table 5: Quanlitative results of hand-object interaction classification.

Handle-grasp Lever Lift Press Pull Support Twist Wrap-grasp Mean
Precision 97.95% 99.00% 98.97% 98.15% 96.67% 92.38% 94.53% 97.77% 97.31%
Recall 97.63% 98.30% 99.35% 96.09% 92.06% 96.33% 96.87% 97.10% 97.29%

Table 6: Quanlitative results of hand mesh recovery.

Handle-grasp Lever Lift Press Pull Support Twist Wrap-grasp Mean
Mesh

Recovery
MPVPE 12.2 18.44 45.36 11.82 24.3 26.36 14.02 9.58 16.4
MPJRE 0.2516 0.2455 0.2278 0.1478 0.3796 0.1962 0.2043 0.1279 0.1892

predictions, although the joint configurations still show the
correct distinctive characteristics as shown in Figure 12.

5.3. Image-based Applications

Our AffordPose dataset supports RGB-based applica-
tions as the other existing datasets do. We render the RGB
images of the hand-object interactions from our dataset.
Specifically, the objects are centered at the origin of the
coordinate frames, and we randomly sample 3 viewpoints
around each hand-object interaction instance to render the
images for the RGB-based applications.

Hand-Object Interaction Classification. Taking an
RGB image of the hand-object interaction as input, we train
a network to predict the interaction type, i.e. the affordance
label. We adopt ResNet-18 [17] as the network architecture
for this classification task. Table 5 reports the classifica-
tion precision and recall to evaluate the performance. The
network consistently performs well on all the hand-object
interaction types. We further found a high correlation be-
tween classification performance and object functionality.
The fewer affordances the object category has, the better
classification it obtains. For example, the categories ear-
phone, keyboard, knife, and laptop each have only one af-
fordance type and gain the highest interaction classification
results. For more detailed evaluation statistics, please refer
to our supplementary material.

Hand Mesh Recovery. We also tested the hand mesh re-
covery task from the input RGB image, taking the part-level
affordance as the input condition. To adapt our hand pose
data format, the network architecture is modified from I2L-
MeshNet [32]. As shown in Table 6, we are able to recon-
struct the hand meshes from images, with MPVPE (mean
per vertex position error) equal to 16.4mm and MPJRE
(mean per joint radian error) equal to 0.1892(AUC) on av-
erage. Some interaction types, i.e. pull, lift, and support,
have relatively worse hand pose reconstruction performance
than others. This is probably due to the hand pose diversity
of these interaction types, making it hard to predict the ac-
curate hand pose with occlusion in the input image.

6. Conclusions

We present AffordPose, a large-scale dataset of hand-
object interactions with affordance-driven hand poses. Our
data analysis reveals how affordance affects the detailed
configurations of the hand poses to complete the interac-
tions. The additional affordance labeling helps to form
the fine-grained hand-object interactions: the hand poses
corresponding to the same affordance exhibit some dis-
tinctive characteristics as well as a certain degree of di-
versity. The effectiveness of our dataset is observed in
the related tasks, hand-object affordance understanding and
affordance-oriented interaction generation, as well as the
image-based applications.

To further expand our dataset in the future, we believe
that including more types of hand-object interactions with
affordance labeling will stimulate a wider range of applica-
tions. For example, a series of affordance-driven dynamic
interactions will demonstrate how human perform compli-
cated tasks, such as washing face, pouring water from a bot-
tle to a cup, etc. In addition, we are also interested in hand-
hand cooperation, e.g. bi-manual manipulations, human-
robot cooperation, etc, to investigate how different hands
are assigned with appropriate affordances for the coopera-
tion. In order to construct datasets with these diverse and
complicated hand-object interactions, it is necessary to de-
velop efficient hand pose annotation methods, e.g. semi-
automatric algorithms, to make large-scale and high-quality
data for the learning tasks.
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