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Abstract

A dexterous hand capable of generalizable grasping objects is
fundamental for the development of general-purpose embod-
ied AI. However, previous methods focus narrowly on low-
level grasp stability metrics, neglecting affordance-aware po-
sitioning and human-like poses which are crucial for down-
stream manipulation. To address these limitations, we pro-
pose AffordDex, a novel framework with two-stage training
that learns a universal grasping policy with an inherent under-
standing of both motion priors and object affordances. In the
first stage, a trajectory imitator is pre-trained on a large cor-
pus of human hand motions to instill a strong prior for natural
movement. In the second stage, a residual module is trained
to adapt these general human-like motions to specific object
instances. This refinement is critically guided by two compo-
nents: our Negative Affordance-aware Segmentation (NAA)
module, which identifies functionally inappropriate contact
regions, and a privileged teacher-student distillation process
that ensures the final vision-based policy is highly success-
ful. Extensive experiments demonstrate that AffordDex not
only achieves universal dexterous grasping but also remains
remarkably human-like in posture and functionally appropri-
ate in contact location. As a result, AffordDex significantly
outperforms state-of-the-art baselines across seen objects, un-
seen instances, and even entirely novel categories.

Project Page — https://afforddex.github.io/

1 Introduction
Dexterous grasping, as a foundational capability for robotic
manipulation, has garnered significant attention from both
academia and industry (Zhao et al. 2024, 2025b). Compared
to simpler end-effectors (e.g., parallel jaws, vacuum grip-
pers), dexterous hands closely resemble human hand struc-
ture, providing substantially enhanced flexibility, precision,
and task adaptability (Zhong et al. 2025). Furthermore, an-
thropomorphic robots expedite the collection of rich human
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Figure 1: Performance comparision among UniDex-
Grasp (Xu et al. 2023), UniDexGrasp++ (Wan et al. 2023),
and our AffordDex, on the vision-based setting. we re-
port human-likeness score (HLS) and affordance score (AS)
across seen objects, unseen objects, and unseen categories.
We also present a qualitative comparison, where AffordDex
performs natural and safe grasping by avoiding the blade.

demonstration data via teleoperation (Li et al. 2025a). Con-
sequently, this synergy has fueled rapid progress, with re-
cent algorithms achieving high success rates in generalizing
grasps to novel objects (Fang et al. 2022, 2020; Gou et al.
2021; Wang et al. 2021; Xu et al. 2023; Wan et al. 2023).

Due to the high degrees of freedom (DOFs) of dexterous
hands, traditional motion planning-based methods (Andrews
and Kry 2013; Bai and Liu 2014) struggle to handle such
complex hand joint movements. Recent advancements in re-
inforcement learning (RL) (Wan et al. 2023; Mandikal and
Grauman 2022; Christen et al. 2022; Nagabandi et al. 2020;
Mandikal and Grauman 2021) have shown promising results

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

13126

https://afforddex.github.io/


in complex dexterous manipulation. However, the goal of
grasping is not merely to lift an object. It involves align-
ment with human intent and preparation for subsequent ma-
nipulation tasks, such as avoiding the blade of a knife or
preparing to open a bottle cap. Existing methods, while fo-
cused on low-level grasp stability metrics, largely overlook
this crucial synthesis of affordance-aware positioning and
human-like kinematics, limiting their utility in real-world,
multi-step manipulation scenarios.

In this work, we focus on the critical aspect of safety
and functional correctness by modeling negative affor-
dances—regions to be avoided, which provide clear, unam-
biguous negative constraints and thus simplify the learning
problem. We propose AffordDex, a novel framework that
learns a universal grasping policy that is both human-like
in its motion and functionally aware of object affordances.
We achieve this through a structured, two-stage training
paradigm. In the first stage, we pre-train a base policy on
a large corpus of human hand motions to instill a strong
prior for natural movement. In the second stage, a resid-
ual module is trained to adapts the general human-like mo-
tions from the pre-trained policy to specific objects. This
refinement is critically guided by our proposed Negative
Affordance-aware Segmentation (NAA) module, which pro-
vides explicit visual-geometric constraints on functionally
inappropriate contact regions. Moreover, the training is en-
hanced with a teacher-student distillation framework, which
leverages ground-truth state information to ensure the final
vision-based policy is highly effective and robust.

As illustrated in Fig. 1, AffordDex produces successful
grasps that functionally correct and human-like grasps, such
as safely grasping a knife by its handle. Extensive experi-
ments validate that our method significantly outperforms ex-
isting approaches on both seen and unseen objects. In sum-
mary, AffordDex makes the following contributions:

• We propose AffordDex, a two-stage framework that syn-
ergistically and effectively integrates human motion pri-
ors with functional affordance constraints to achieve gen-
eralizable and anthropomorphic dexterous grasping.

• We introduce a Negative Affordance-aware Segmenta-
tion (NAA) module that, by reformulating segmentation
as a VLM-guided classification problem, provides ex-
plicit geometric constraints to prevent functionally im-
proper grasps.

• Extensive experiments demonstrate AffordDex achieves
SOTA success rates across multiple levels of generaliza-
tion while producing grasps that are qualitatively supe-
rior in human-likeness and functional appropriateness.

2 Related Work
2.1 Dexterous Grasping
Robotic grasping (Fang et al. 2022, 2020; Gou et al. 2021;
Wang et al. 2021) has been a longstanding research, aiming
to enable robots to interact with objects reliably and adap-
tively. While significant advances have been made with sim-
ple parallel-jaw grippers (Fang et al. 2020; Mahler et al.

2019), their limited dexterity restricts adaptability to ob-
jects with intricate geometries. Dexterous, multi-fingered
hands (Xu et al. 2023; Wan et al. 2023) offer a solution
but pose a severe control challenge for traditional analyti-
cal methods (Bai and Liu 2014; Liu et al. 2021), motivating
the shift towards learning-based approaches.

One paradigm decouples the grasping process into static
grasp pose generation followed by a dynamic grasping
through trajectory planning or goal-conditioned reinforce-
ment learning (RL) (Wan et al. 2023; Christen et al. 2022;
Wang et al. 2025). For example, UniDexGrasp++ proposes
geometry-aware curriculum learning and leverages the ge-
ometry feature for RL. However, these RL-based methods
may produce physically unrealistic joint configurations. An
alternative paradigm directly learns the entire grasping tra-
jectory through expert demonstrations from humans or rein-
forcement learning agents (Xu et al. 2023; Liu et al. 2024;
Huang et al. 2023; Lu et al. 2024; Zhang et al. 2024b,a).
These approaches tend to achieve more natural motions
but suffer from poor generalization to novel objects due to
the limited diversity of demonstrations and inherent policy
constraints. To address these failures, our AffordDex com-
bines strong, human-derived motion priors to ensure natural
movement with affordance-based guidance to achieve robust
generalization, resulting in a policy that is both natural and
functionally effective across a wide range of objects.

2.2 Affordance Prediction
Affordance defines the action possibilities an object offers to
an agent (Gibson 2014). In robotics, this translates to iden-
tifying object regions suitable for specific interactions, such
as grasping, pushing, or lifting. Predicting such affordances
is therefore critical for advanced visual understanding and
robotic manipulation, as evidenced by extensive research (Li
et al. 2019; Cao et al. 2020; Corona et al. 2020; Jiang et al.
2021; Lu et al. 2025; Shao et al. 2025). While pioneering
works like GanHand (Corona et al. 2020) introduced genera-
tive models for multi-object on-table grasps, and GEAL (Lu
et al. 2025) pioneered a dual-branch architecture for cross-
modal (3D point cloud to 2D) representation learning, their
learned affordances are often task- or category-specific. This
inherent specialization limits their ability to generalize to
novel objects or adapt to different downstream manipula-
tion requirements. By contrast, humans exhibit exceptional
proficiency in inferring universal affordances from visual
cues (Zhao et al. 2025a). Inspired by this capability, Af-
fordDex learns to infer functional affordances directly from
multi-view rendered images of 3D objects, enabling a gen-
eralizable grasping policy that is not constrained to specific
object categories or predefined tasks.

3 Methodology
To generate grasps with affordance-aware positioning and
human-like kinematics, crucial for facilitating downstream
manipulation, we propose a novel two-stage framework. The
first stage establishes a strong human motion prior by pre-
training a base policy πH , on a large-scale human motion
dataset (Zhan et al. 2024) via imitation learning. This con-
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Figure 2: Pipeline of AffordDex. To generate grasps with affordance-aware positioning and human-like kinematics, crucial
for facilitating downstream manipulation, we propose a novel two-stage framework. The first stage establishes a strong human
motion prior by training a base policy πH , on a human motion dataset via imitation learning. This constrains the policy to a
space of natural, human-like movements. Subsequently, the second stage employs reinforcement learning (RL) to refine this
coarse policy πH for precise, functional interaction. We fine-tune πH with a residual module that is guided by our Negative
Affordance-aware Segmentation (NAA) module, which provides explicit constraints on where not to touch the object. The entire
learning pipeline is further enhanced by a teacher-student distillation framework, leveraging privileged inputs to significantly
boost the final grasping performance.

strains the policy to a manifold of natural, human-like move-
ments. In the second stage, we freeze the weights of πH and
train a lightweight residual module via reinforcement learn-
ing (RL) to adapt these general motions to specific object in-
teractions. This RL refinement stage is critically guided by
two components: our Negative Affordance-aware Segmen-
tation (NAA) module, which provides explicit constraints
on where not to touch an object, and a teacher-student dis-
tillation framework that leverages privileged state informa-
tion to significantly boost the final policy’s performance. An
overview of our method is illustrated in Fig. 2.

3.1 Human Hand Trajectory Imitating
In this stage, our objective is to learn a base policy πH , that
captures the kinematic priors of natural human hand mo-
tions. We formulate this task as a reinforcement learning
(RL) problem where the policy πH(at|SH

t ) learns to gen-
erate dexterous hand action at based on the current state SH

t
at time t. To facilitate the following fine-tuning stage, the
state consists of robot state Rt, object state Ot, and point
cloud representation of object Pt, i.e., SH

t = {Rt, Ot, Pt}.

Reward function. We design a reward function rH to pro-
mote both precise imitation of human hand trajectories and
the motion stability. It is composed of two terms: a finger
imitation reward rHfinger and a smoothness reward rHsmooth.

The finger imitation reward rHfinger encourages the dexter-
ous hand to closely track the reference finger poses from
human hand dataset. Following (Li et al. 2025b), we define
this reward based on the distance between the correspond-
ing keypoints F on the robot dexterous hand and the MANO
hand. The reward at time t is formulated as:

rHfinger =
F∑

f=1

wf · exp
(
−λf ∥jd,f − jh,f∥22

)
, (1)

where jd,f is the position of the f -th keypoint on the dexter-
ous hand, jh,f is its corresponding target position from the
reference trajectory, wf is weight and λf is the decay rate.

The smoothness reward rHsmooth encourages energy-
efficient movements by penalizing excessive power con-
sumption. This is computed as the element-wise product of
joint velocities and applied torques. A detailed formulation
of our reward function is available in Supp. Mat.

3.2 Negative Affordance-aware Segmentation
A significant limitation of prior work in grasp synthesis (Xu
et al. 2023; Wan et al. 2023; Zhong et al. 2025), is its neglect
of the semantic and functional context of the interaction. A
classic example is a knife: while its blade is geometrically
stable for grasping, any such grasp is functionally incorrect
and unsafe. To address limitation, we introduce the Negative
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Affordance-aware Segmentation (NAA) module to incorpo-
rate negative affordances—reasoning about which parts of
an object should not be touched. The proposed NAA has the
ability to operate in an open-vocabulary manner by harness-
ing the rich world knowledge embedded in Vision-Language
Models (VLMs) (Radford et al. 2021; Achiam et al. 2023).
This ensures that the generated grasps are not only geomet-
rically stable but also semantically coherent and task-aware.

VLMs struggle to interpret non-textured 3D meshes, as
these models primarily rely on rich visual cues learned from
images. To address this, we first apply procedural texturing
to raw meshes by (Zhang et al. 2024c), which generates se-
mantically plausible textures based on geometric analysis.
Next, we render the textured object from six cardinal direc-
tions to create a multi-view image set I as a holistic visual
representation. While this may not capture all concavities in
highly complex objects, we found it provides a sufficient ba-
sis for affordance prediction, representing a practical trade-
off between coverage and computational cost. We then query
GPT-4V (Achiam et al. 2023) to elicit a detailed description
of the object’s negative affordances.

VLMs (Radford et al. 2021) and Multimodal Large Lan-
guage Models (MLLMs) (Achiam et al. 2023) excel at
image-level understanding but struggle with the fine-grained
spatial localization required for segmentation. To solve this,
instead of asking CLIP (Radford et al. 2021) to find “blade
part” from the image, we turn the segmentation task into a
much simpler classification task. We generate a set of pre-
cise object-part masks Mi and use them as a visual prompt
to let CLIP identify which mask in Mi has the highest se-
mantic similarity to the textual description “blade part”.

Specifically, for each image Ii ∈ I , we prompt Segment
Anything Model (SAM) (Kirillov et al. 2023) with a dense
grid of points G overlaid on Ii, which prompts SAM to per-
form an exhaustive segmentation, identifying all potential
objects and parts. The resulting collection of masks is then
refined using Non-Maximum Suppression (NMS) to elimi-
nate duplicates, yielding a clean candidate masks set Mi:

Mi = NMS(SAM(Ii, Gi)). (2)

For each mask M j
i ∈ Mi, we generate a visually

prompted image Iji by blurring regions outside the mask
with Gaussian filter following (Yang et al. 2023). The
prompted image set {Iji } is then passed to CLIP along with
the text query to compute a similarity score for each image-
text pair. The mask with the highest similarity score is se-
lected as the final segmentation mask. The mask is then pro-
jected into 3D space to segment the corresponding regions
of the object’s point cloud to get the negative affordance Nt,
as shown in Fig. 3. Our NAA is an offline, one-time process.
About 160 seconds per object on an RTX 4090 is a reason-
able one-time trade-off.

3.3 Affordance-aware Residual Learning
The negative affordance predicted from proposed NAA, we
use a residual module R to refine the pre-trained policy πH .
Since visual pose estimation is inherently less precise than
using privileged state information, directly training an effec-
tive vision-based policy can be challenging. Therefore, we

A knife.

A camera.A knife. A hammer. A candle.

Same Cat. Different Cat.

A headphone.A lightbulb.A hammer.

Figure 3: Visualization of Negative Affordances Predicted
by our NAA. The point cloud, highlighted in red, represents
the negative affordances identified on various objects. These
points denote regions that are functionally unsafe or inap-
propriate for grasping, such as a knife’s blade.

first train a state-based teacher policy πT which can access
the ground-truth states of the environment, such as object
states, to learn residual actions to refine the initial actions
predicted by πH . Once the teacher policy πT finishes train-
ing, we use an imitation learning algorithm, DAgger (Ross,
Gordon, and Bagnell 2011), to distill πT to a vision-based
student policy πS that can access oracle information and let
policy help and ease the vision-based policy learning.

State-based teacher policy. In this stage, the inputs are
robot state Rt, object state Ot, the scene point clouds Pt,
and predicted negative affordance Nt. Here the scene point
cloud is fused by multi-view depth cameras. Our goal is to
learn residual actions ∆at = πT (ST

t ) with predicted neg-
ative affordance by PPO (Schulman et al. 2017). The final
action is computed with an element-wise addition:

at = πH(ST
t ) + πT (ST

t ). (3)

Reward function. The reward function rT is defined as:

rT = −rTd − rTg + rTs − rTn (4)

where the grasp reward rTd penalizes the distance between
the dexterous hand and the object, encouraging the hand to
maintain contact with the object surface for a secure grasp.
The goal reward rTg penalizes the distance between the ob-
ject and the target goal, and the success reward rTs provides
a bonus when the object successfully reaches the goal. Also
the negative affordance reward rTn penalizes the dexterous
hand to approach the predicted negative affordance. The for-
mal definitions of all rewards are available in our Supp. Mat.

Vision-based student policy. For vision-based policy, we
only allow it to access information available in the real
world, including robot state Rt, the scene points clouds Pt,
and predicted negative affordance Nt. Then, we distill the
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Figure 4: Qualitative Comparison on UniDexGrasp (Xu et al. 2023) and OakInk2 (Zhan et al. 2024). A comparison of grasps
generated by our AffordDex with several baselines, including UniDexGrasp (Xu et al. 2023), UniDexGrasp++ (Wan et al.
2023), and DexGrasp Anything (Zhong et al. 2025).

teacher policy πT into vision-based student policy πS using
DAgger (Ross, Gordon, and Bagnell 2011), i.e.,

πS = argmin
πS

∥πT (ST
t )− πS(SS

t )∥, (5)

where the state for the teacher policy ST
t =

{Rt, Ot, Pt, Nt}, and the state for the student policy
SS
t = {Rt, Pt, Nt}.

4 Experiments
4.1 Datasets

UniDexGrasp (Xu et al. 2023). This dataset contains 3165
different object instances spanning 133 categories. Evalua-
tion is conducted on these 3,200 seen objects, as well as on
140 unseen objects from seen categories and 100 unseen ob-
jects from unseen categories. Each environment is randomly
initialized with one object and its initial pose, and the envi-
ronment consists of a panoramic 3D point cloud Pt captured
from the fixed cameras for vision-based policy learning.

OakInk2 (Zhan et al. 2024). This dataset record the manip-
ularion processes with pose and shape of the human upper-
body and objects. We pre-train our πH using about 2,200
right hand manipulation sequences in this dataset. Also we
employ objects in OakInk2 to evaluate the generalization ca-
pabilities for grasping.

4.2 Metrics
Following previous works (Xu et al. 2023; Wan et al. 2023;
Wang et al. 2025), each object is randomly rotated and
dropped onto the table to enhance the diversity of its initial
poses. We report the success rate of grasp Succ, Human-
likeness Score HLS, and Affordance Score AS across all

objects and grasp attempts. A grasp is considered success-
ful if the object reaches the target goal within 200 steps in
simulator. The Human-likeness Score HLS assesses the an-
thropomorphic quality of the grasp, which is obtained by
prompting the Gemini 2.5 Pro (Comanici et al. 2025) to an-
alyze a visual sequence of the grasp execution. This met-
ric is specifically to rate the resemblance of the dexterous
hand’s motion to that of a typical human, yielding a quan-
titative measure of naturalness. The Affordance Score AS,
in contrast, evaluates the functional correctness of the grasp
by penalizing contact with inappropriate object parts. This
metric is calculated using a point cloud of 100 “negative af-
fordance” points sampled from our NAA. Specifically, the
score is incremented by one for each fingertip that maintains
a distance greater than 2cm from any point in this negative
set, thus rewarding functionally sound grasps.

4.3 Implementation Details
We conduct our experiments in IssacGym (Makoviychuk
et al. 2021) simulator. During training, 4096 environments
are simulated in parallel on an NVIDIA RTX 4090 GPU.
For the network architecture, we use MLP with 4 hidden
layers (1024,1024,512,512) for the policy network and value
network in the state-based setting, and an additional Point-
Net+Transformer (Mu et al. 2021) to encode the 3D scene
point cloud input in the vision-based setting. Other detailed
hyperparameters are shown in our Supp. Mat.

Dexterous hand configuration. We use the Shadow Hand,
which features 24 active degrees of freedom (DOFs). The
wrist has 6 DOFs controlled by force and torque, while
the fingers have 18 active DOFs controlled by joint angles.
Specifically, the thumb has 5 DOFs, the little finger has 4,
and the remaining three fingers each have 3. Additionally,
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Method Seen Obj. Unseen Obj.
Seen Cat.

Unseen Obj.
Unseen Cat. OakInk2

Succ ↑ HLS ↑ AS ↓ Succ ↑ HLS ↑ AS ↓ Succ ↑ HLS ↑ AS ↓ Succ ↑ HLS ↑ AS ↓
State-Based Setting

PPO (Schulman et al. 2017) 24.3 - - 20.9 - - 17.2 - - - - -
DAPG (Rajeswaran et al. 2017) 20.8 - - 15.3 - - 11.1 - - - - -
GSL (Jia et al. 2022) 57.3 - - 54.1 - - 50.9 - - - - -
ILAD (Wu, Wang, and Wang 2023) 31.9 - - 26.4 - - 23.1 - - - - -
UniDexGrasp (Xu et al. 2023) 79.4 6.9 12 74.3 6.4 15 70.8 6.3 18 68.4 5.9 18
UniDexGrasp++ (Wan et al. 2023) 87.9 5.4 28 84.3 5.2 26 83.1 5.0 27 79.6 4.9 28
DexGrasp Anything (Zhong et al. 2025) 71.2 - 20 69.1 - 18 67.3 - 22 65.9 - 24
AffordDex 89.2 8.6 4 87.7 8.5 7 85.2 8.1 9 82.2 8.2 10

Vision-Based Setting
PPO (Schulman et al. 2017) 20.6 - - 17.2 - - 15.0 - - - - -
DAPG (Rajeswaran et al. 2017) 20.8 - - 15.3 - - 11.1 - - - - -
GSL (Jia et al. 2022) 54.1 - - 50.2 - - 44.8 - - - - -
ILAD (Wu, Wang, and Wang 2023) 27.6 - - 23.2 - - 20.0 - - - - -
UniDexGrasp (Xu et al. 2023) 73.7 6.2 16 68.6 6.1 18 65.1 6.0 17 62.8 5.6 20
UniDexGrasp++ (Wan et al. 2023) 85.4 5.4 29 79.6 5.1 25 76.7 4.8 28 74.4 4.7 29
AffordDex 87.0 8.3 10 82.8 7.8 14 79.2 8.0 15 77.3 7.8 13

Table 1: Quantitative comparisons on UniDexGrasp (Xu et al. 2023) and OakInk2 (Zhan et al. 2024). HLS denotes Human-
likeness Score, while AS is Affordance Score.

HTI NAA Distillation Succ ↑ HLS ↑ AS ↓
State-Based Setting

85.4 5.2 27
✓ 87.9 8.2 22
✓ ✓ 89.2 8.6 4

Vision-Based Setting
70.1 5.0 27

✓ 84.9 5.6 28
✓ ✓ 85.8 7.2 13

✓ ✓ 86.9 8.1 20
✓ ✓ ✓ 87.0 8.3 10

Table 2: Ablation Study on UniDexGrasp (Xu et al. 2023)
in Seen Object.

Method Succ ↑ HLS ↑ AS ↓
UniDexGrasp++ (Wan et al. 2023) 87.9 5.4 28

UniDexGrasp++ + HTI 88.2 7.8 23
UniDexGrasp++ + NAA 88.0 5.9 19

UniDexGrasp++ + HTI + NAA 88.8 8.0 12

Table 3: Results on UniDexGrasp (Xu et al. 2023) in Seen
Object in state-based setting.

each finger, excluding the thumb, includes a passive, non-
controlled DOF.

4.4 Comparison with SOTA Methods
We evaluate AffordDex by first training a state-based pol-
icy and then distilling it into a vision-based one. For com-
parison, we compare AffordDex with several state-of-the-
art methods. These include RL and imitation learning al-
gorithms like PPO (Schulman et al. 2017), DAPG (Ra-
jeswaran et al. 2017), and ILAD (Wu, Wang, and Wang

2023). We also compare against methods with advanced
learning paradigms such as GSL (Jia et al. 2022) (generalist-
specialist), UniDexGrasp++ (Wan et al. 2023) (geometry-
aware curriculum learning), UniDexGrasp++ (Wan et al.
2023) which proposes a geometry-aware curriculumn learn-
ing and generalist-specialist learning, and DexGrasp Any-
thing (Zhong et al. 2025), diffusion-based dexterous grasp
generation models.

Since DexGrasp Anything (Zhong et al. 2025) generates
only the final static grasp pose rather than a grasping motion,
the HLS is not applicable in this setting. To evaluate grasp
robustness, we apply a random external force ranging from
0 to 200N to the object to simulate object’s gravity.

Tab. 1 compares our AffordDex with these SOTA meth-
ods using a universal model for dexterous robotic grasping
across both state-based, vision-based and even across dataset
settings. Our method achieves highest scores in grasping
success rate, outperforming other state-of-the-art methods.
This improvement stems from our proposed Human Hand
Trajectory Imitating, where the policy learns to generate
correct and stable grasp poses from human hand motion.
This not only greatly enhances the grasp success rate but
also leads to a significant improvement in our method’s
human-likeness score (HLS). The significantly lower Af-
fordance Score AS validates the effectiveness of our Nega-
tive Affordance-aware Segmentation module. This result in-
dicates that the module successfully guides the policy away
from functionally inappropriate regions, leading to grasps at
the most suitable locations.

As illustrated in Fig. 4, our method generates a diverse
set of grasps. Crucially, it consistently identifies function-
ally appropriate grasp locations and forms natural hand pos-
tures. This combination of functional awareness and natu-
ralness makes the generated poses highly effective for direct
application in downstream manipulation tasks.
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w/o HTI w/ HTI

Figure 5: Ablation Study on Human Hand Trajectory Im-
itating (HTI). Without the human motion prior, the policy
converges to a solution that, while potentially successful, is
kinematically awkward and non-humanlike.

w/o NAA w/ NAA

Figure 6: Ablation Study on proposed NAA, which guides
the policy to a correct and safte position. The higher Affor-
dance Score (AS) for the NAA-guided grasp confirms its
superior functional quality.

4.5 Ablation study
Unless otherwise specified, the ablation studies are con-
ducted on the seen objects under the state-based setting.

Human Hand Trajectory Imitating. The results in Tab. 2
and Fig. 5 show the critical role of pre-training on human
trajectories (HTI). When this imitation stage is omitted, the
policy, while still capable of finding geometrically stable
grasps, produces motions that are kinematically unnatural.
This is quantitatively reflected in a sharp increase in the
Human-Likeness Score (HLS). Such configurations are not
merely an aesthetic issue, they can be inefficient, unpre-
dictable, and detrimental to downstream tasks that require
fluid, human-centric interaction.

NAA. As shown in Fig. 7, a naive approach combining an
MLLM (Achiam et al. 2023) with SAM (Kirillov et al. 2023)
(denoted as GPT+SAM) proves ineffective for this task. This
baseline first uses the MLLM’s coarse localization ability to
provide prompts to SAM. However, because MLLMs like
GPT-4V (Achiam et al. 2023) excel at image-level under-
standing but struggle with the fine-grained spatial localiza-
tion required for segmentation, this process often results in
the segmentation of the entire object. In contrast, our NAA
module solves this by converting the segmentation task into
a simpler classification problem. By first using SAM to gen-
erate accurate mask proposals and then using CLIP to select

Input Object w/ GPT+SAM w/ NAA

Figure 7: Ablation Study on proposed NAA, which has ca-
pability to segment fine-grained negative affordance.

the one with the highest semantic similarity to the negative
affordance description, NAA achieves precise segmentation.

As shown in Fig. 6 and Tab. 2, the guidance from NAA
results in a significant decrease in the Affordance Score AS,
which indicates that the policy successfully learns to make
contact at more rational and safer locations on the object.
By generating functionally sound grasps, AffordDex greatly
improves the feasibility of performing downstream tasks.

Teacher-student distillion. Without the teacher-student dis-
tillion (Distillation) grasping accuracy decreases signifi-
cantly. This is primarily due to the lack of privileged in-
formation guidance, which makes it challenging for the
single-stage RL policy to learn the position to grasp. As
shown in Tab. 2, the policy without teacher-student distil-
lation demonstrates lower grasping success rate.

4.6 Extension to Other Grasping Methods
Notably, our proposed modules demonstrate strong general-
izability by significantly enhancing other RL-based meth-
ods, such as UniDexGrasp++ (Wan et al. 2023). Specifi-
cally, the Human Hand Trajectory Imitating (HTI) module
markedly improves the naturalness and human-likeness of
its generated poses. Simultaneously, the Affordance-aware
Residual Learning, guided by negative affordances from our
Negative Affordance-aware Segmentation (NAA), substan-
tially boosts the semantic appropriateness of its grasp loca-
tions on the object, as shown in Tab. 3.

5 Conclusion

In this paper, we present AffordDex, a novel framework for
generating dexterous grasps that are not only successful but
also human-like and functionally correct. Our key insight is
that the challenges of naturalness and functional correctness
can be effectively decoupled and then synergized: a strong
motion prior learned from human data constrains the policy
to a manifold of natural poses, while a visual understand-
ing of negative affordances guides the policy to safe and
appropriate contact regions. Extensive experiments validate
that this approach significantly outperforms state-of-the-art
baselines in success rate, pose naturalness, and contact ap-
propriateness. We believe this work lays a crucial foundation
for more general-purpose embodied agents and opens new
avenues for research in dexterous manipulation.
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