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Abstract

We introduce  UniGraspTransformer, a  universal
Transformer-based network for dexterous robotic grasping
that simplifies training while enhancing scalability and per-
formance. Unlike prior methods such as UniDexGrasp++,
which require complex, multi-step training pipelines,
UniGraspTransformer follows a streamlined process:
first, dedicated policy networks are trained for individual
objects using reinforcement learning to generate successful
grasp trajectories; then, these trajectories are distilled
into a single, universal network. QOur approach enables
UniGraspTransformer to scale effectively, incorporating up
to 12 self-attention blocks for handling thousands of objects
with diverse poses. Additionally, it generalizes well to both
idealized and real-world inputs, evaluated in state-based
and vision-based settings. Notably, UniGraspTransformer
generates a broader range of grasping poses for objects in
various shapes and orientations, resulting in more diverse
grasp strategies. Experimental results demonstrate signifi-
cant improvements over state-of-the-art, UniDexGrasp++,
across various object categories, achieving success rate
gains of 3.5%, 7.7%, and 10.1% on seen objects, unseen
objects within seen categories, and completely unseen
objects, respectively, in the vision-based setting. Project
page: https://dexhand. github.io/UniGraspTransformer/.

1. Introduction

Dexterous robotic grasping [19, 49, 51, 53, 56] remains
a formidable challenge in the field of robotics, especially
when dealing with objects that exhibit a wide variety of
shapes, sizes, and physical properties. Dexterous hands [12,
43], with their multiple degrees of freedom and complex
control requirements, present unique difficulties in manipu-
lation tasks. While methods such as UniDexGrasp++ [49]
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Figure 1. Performance comparison among UniDexGrasp [56],
UniDexGrasp++ [49] and our UniGraspTransformer, across state-
based and vision-based settings. For each setting, success rates are
evaluated on seen objects, unseen objects within seen categories,
and entirely unseen objects from unseen categories.

have made notable progress in this area, they encounter sig-
nificant performance degradation when a single network is
tasked with a large and diverse set of objects. Additionally,
UniDexGrasp++ [49] employs a multifaceted training pro-
cess, including policy learning, geometry-aware clustering,
curriculum learning, and policy distillation, which compli-
cates scaling and reduces efficiency.

In this work, we simplify the training process of a univer-
sal network capable of handling thousands of objects while
simultaneously improving both performance and general-
izability. The workflow we propose is straightforward: 1)
For each object in the training set, we begin by training
a dedicated policy network using reinforcement learning,
guided by carefully crafted reward functions that enable the
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robot to master object-specific grasping strategies; 2) Next,
these well-trained policy networks are used to generate mil-
lions of successful grasp trajectories; 3) Finally, we train
a universal Transformer-based network, namely UniGrasp-
Transformer, in a supervised manner on this extensive tra-
jectory set, allowing the network to generalize effectively
to both the objects seen during training and new, unseen ob-
jects. Our architecture offers four key advantages:

» Simplicity. We directly distill all dedicated reinforcement
learning policies into a universal network in an offline
style, without utilizing any extra techniques like network
regularization or progressive distillation [9, 13, 49].

* Scalability. Larger grasping networks generally demon-
strate the ability to handle a broader range of objects
and exhibit greater robustness to variations in shape and
size. Our approach, which leverages offline distillation,
allows the final network, UniGraspTransformer, to be de-
signed at a larger scale, accommodating up to 12 self-
attention blocks [48]. This provides significant flexibil-
ity and capacity compared to traditional online distilla-
tion methods [49, 56], which often rely on smaller MLP
networks to ensure convergence but limit scalability. Ad-
ditionally, our dedicated policy networks are intentionally
lightweight, as each only needs to handle a single object,
ensuring efficiency without compromising performance.
Flexibility. Each dedicated policy network is trained in a
controlled, idealized environment where the full state of
the system, including object representations (e.g., com-
plete point clouds), dexterous hand states (e.g., finger-
joint angles), and their interactions (e.g., hand-object dis-
tance), is fully observable and precisely accurate. Our ar-
chitecture enables the distillation of knowledge from this
ideal setting to more practical, real-world environments
where some observations may be incomplete or unreli-
able [7, 11, 15, 36, 49, 56]. For instance, object point
clouds might be noisy, or measurements of object poses
may be imprecise. The primary role of these dedicated
policy networks is to generate diverse, successful grasp-
ing trajectories across a wide range of objects. During
the distillation process, these grasp trajectories serve as
annotated data, enabling us to train our UniGraspTrans-
former model using realistic inputs (e.g., noisy object
point clouds and estimated object poses) to predict action
sequences that closely mimic the successful grasp trajec-
tories from the ideal setting.

Diversity. In addition to being capable of grasping thou-

sands of distinct objects, our larger universal network,

coupled with the offline distillation strategy, demonstrates
the ability to generate a broader range of grasping poses
for objects presented in various orientations. This marks

a significant improvement over prior methods, such as

UniDexGrasp++ [49], which tend to produce repetitive,

monotonous grasping poses across different objects.

L]

In our experiments, our proposed approach demonstrates
substantial improvements over the previous state-of-the-art,
UniDexGrasp++ [49], across a range of evaluation settings.
Specifically, we evaluate our method in both the state-
based setting—where object observations and dexterous
hand states are perfectly accurate, as provided by a simula-
tor—and the vision-based setting, where object point clouds
are derived from multi-view reconstruction. Our approach
consistently outperforms UniDexGrasp++ [49] across mul-
tiple object types, including seen objects, unseen objects
within seen categories, and entirely unseen objects from
unseen categories, as illustrated in Figure 1. For instance,
our method achieves performance gains of 3.5%, 7.7%, and
10.1% over UniDexGrasp++ [49] on seen objects, unseen
objects within seen categories, and entirely unseen objects
from unseen categories, under the vision-based setting.

2. Related Works

Robotic Grasping. Robotic grasping [16, 18, 24, 57] has
been a longstanding research in robotics and computer vi-
sion, aiming to enable robots to interact with objects re-
liably and adaptively. Although significant advances have
been made in gripper-based robotic grasping [3, 6, 25, 26,
52, 61], the limited complexity of gripper structures restricts
their adaptability to objects with intricate geometries.

Dexterous grasping [19, 22, 32, 33, 49, 51, 53, 54, 56]
introduces advanced multi-fingered manipulation, enabling
more versatile grasps for objects of diverse shapes. How-
ever, controlling the highly dexterous multi-fingered sys-
tem poses significant challenges for traditional analytical
techniques [, 21, 46, 51]. Recent advances have uti-
lized learning-based methods to enable effective dexter-
ous manipulation. One approach decomposes the grasp-
ing process into two stages: generating a static grasp
pose and then performing a dynamic grasping through tra-
jectory planning or goal-conditioned reinforcement learn-
ing [2, 4, 14, 20, 44, 55, 56, 60]. Although promising diver-
sity, the generated static grasp poses are often not validated
in dynamic settings, which adversely affects the overall suc-
cess. Alternatively, another line of approach directly learns
the entire grasping process through expert demonstrations
from humans or reinforcement learning agents [17, 23, 28—
30, 37, 39, 49, 50, 58, 59]. While effective, these ap-
proaches either require complex training pipelines or suffer
significant performance degradation when a single policy is
applied across a broad range of objects, due to the limited
number of training objects and expert demonstrations, as
well as the constrained capacity of their policy networks.

To overcome these limitations, we extend the latter ap-
proach by proposing a novel pipeline that integrates online
reinforcement learning with large-model offline distillation,
simplifying training while improving scalability and grasp-
ing performance.
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Figure 2. Overview of UniGraspTransformer. (a) Dedicated policy network training: each individual RL policy network is trained to grasp
a specific object with various initial poses. (b) Grasp trajectory generation: each policy network generates M successful grasp trajectories,
forming a trajectory set D. (c) UniGraspTransformer training: trajectories from D are used to train UniGraspTransformer, a universal
grasp network, in a supervised manner. We investigate two settings—state-based and vision-based—with the primary difference being
in the input representation of object state and hand-object distance, as indicated by “*” in the figure. The architecture of S-Encoder and

V-Encoder can be found in Figure 3.

Policy Distillation. Policy distillation [5, 10, 13, 34, 38,
40, 41, 47] provides an effective approach for transferring
knowledge from high-performance policies to a single uni-
versal policy, promoting both model compactness and gen-
eralization across diverse tasks.

In robotics, recent works have focused on combining
imitation learning and reinforcement learning [17, 29, 37,
38, 47, 49] to enable student agents to learn from teacher
demonstrations. This research generally follows two main
approaches based on the source of demonstrations. The first
approach directly trains the student policy on pre-collected
human demonstrations, such as teleoperated human mo-
tions or recorded human videos [8, 17, 29, 37]. While ef-
fective, gathering extensive demonstrations can be costly,
particularly for complex tasks like dexterous grasping with
diverse objects in varied poses, limiting the student’s gener-
alization capacity. The second approach generates demon-
strations using pre-trained policies within the generalist-
specialist learning framework [9, 13, 31, 45, 49, 50, 56].
Here, the task space is divided into sub-tasks, with rein-
forcement learning policies specialized and trained for each.
These policies are then distilled into a single universal pol-

icy, enhancing the agent’s ability to generalize across the
full task space. Despite the progress made, a single net-
work handling a broad range of objects often experiences
performance drops due to the limited teacher policies and
the constrained capacity of student networks, which strug-
gle to capture the complexity of the entire task space.

Our approach addresses these challenges by initially
training dedicated policies (i.e., teachers) for each object,
resulting in a dataset of 3,200 objects and 3.2 million grasp-
ing trajectories. We then leverage UniGraspTransformer
(i.e., student) to perform offline universal policy learning,
utilizing up to 12 self-attention blocks to process diverse
grasping trajectories and better preserve the diversity of
teacher policies. This approach significantly enhances dex-
terous grasping performance across various settings.

3. Methodology

Problem Formulation. The objective is to train a robust
universal network, UniGraspTransformer, that enables a
dexterous, five-fingered robotic hand to grasp a variety of
tabletop objects in diverse initial poses. Isaac Gym 3.0 [27]
is utilized as our simulator.
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Input Type Elements (Dimension)

Proprioception (167)

Wrist position (3) and rotation (3); Finger-joint angle (22), angular velocity (22) and force
(22); Finger-tip position (5x 3), quaternion rotation (5x4), linear velocity (5x3), angular
velocity (5x3), force (5x3) and torque (5x3).

Previous Action (24) ‘ Wrist force (3) and torque (3); Finger-joint angles (18).

Object State (16)

Object-goal distance (3).

Object center (3), quaternion rotation (4), linear velocity (3), and angular velocity (3);

Hand-Object Distance (36) ‘ Hand body points to object point cloud distances (36).

Time (29)

Current time (1); Sine-cosine time embedding (28).

Table 1. Input types for our dedicated policy networks, organized into five groups. Definitions for each element within these groups are
provided in the appendix. These inputs are also applicable to our UniGraspTransformer.

Dexterous Hand. In our implementation, we use the
Shadow Hand [43], which has 18 active degrees of free-
dom (DOFs) in the fingers—?5 for the thumb, 4 for the little
finger, and 3 each for the remaining fingers—along with an
additional 6 DOFs at the wrist. This gives the dexterous
hand a total of 24 active DOFs. The wrist’s active DOFs
are controlled via force and torque, while the fingers’ active
DOFs are managed through joint angles. In addition, each
finger, except for the thumb, has a passive DOF that won’t
be directly controlled.

Overview. As shown in Figure 2, the UniGraspTransformer
training process comprises three main stages: 1) Dedicated
Policy Network Training (Section 3.1), where individual re-
inforcement learning (RL) policy networks are trained, each
dedicated to a single object across various initial poses; 2)
Grasp Trajectory Generation (Section 3.2), where each pol-
icy network generates M successful grasping trajectories
for downstream training. Each trajectory is a sequence of
steps capturing the comprehensive knowledge of the envi-
ronment, including robotic action (e.g., finger-joint angles)
and object state (e.g., pose and point cloud); 3) UniGrasp-
Transformer Training, where all successful grasping trajec-
tories from various objects and initial poses are used to train
UniGraspTransformer in both state-based (Section 3.3) and
vision-based (Section 3.4) settings. This supervised train-
ing process allows UniGraspTransformer to generalize well
to both seen and unseen objects.

3.1. Dedicated Policy Network Training

Our training set consists of 3,200 unique tabletop objects.
For each object, we train a dedicated policy network across
various initial poses, using PPO [42] as our reinforcement
learning optimization algorithm. During training, each ob-
jectis randomly rotated to enhance the initial pose diversity.
Once trained, each policy network can successfully grasp its
corresponding object across a range of poses.

Input. Table | summarizes the input types for our dedi-
cated policy networks, organized into five groups: 167-d

proprioception, 24-d previous action, 16-d object state, 36-
d hand-object distance, and 29-d time. These groups are
concatenated into a single 272-d input vector.

Network Architecture. Each policy network is a 4-layer
MLP with hidden dimensions of {1024, 1024, 512, 512},
followed by an action prediction head implemented as a sin-
gle fully connected layer. This head outputs a 24-d vector
(18 DOFs for the fingers and 6 DOFs for the wrist) rep-
resenting the action for the current time step. The value
network shares the same architecture as the policy network,
also comprising 4 MLP layers with identical hidden dimen-
sions, but it outputs a single scalar value.

Reward Function. The reward function R is defined as:

R:Rd+(1_fc)Ro+fc(Rl+RQ+R5)7 (1)

where the grasp reward R, 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 contact flag f. is setto 1 if the distance between the hand
and the object is below a specified threshold; the reward R,
encourages the hand to remain open until contact is made
with the object; once contact is established (i.e., f. = 1),
the lift reward R; encourages the hand to perform the lifting
action; the goal reward R, penalizes the distance between
the object and the target goal; and the success reward R,
provides a bonus when the object successfully reaches the
goal. The formal definitions of all rewards are available in
the appendix. The reward function in Eq. | is applied to
each grasp trajectory, consisting of 7" steps. In our imple-
mentation, we set 1" = 200.

3.2. Grasp Trajectory Generation

Each dedicated policy network is now able to grasp its
assigned object across various initial poses, achieving an
average success rate of 94.1% across the 3,200 training
objects. For each object, we randomly rotate it and use
its corresponding policy network to generate a successful
grasp trajectory. This process is repeated M (M = 1000)
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times per object, resulting in a dataset D of 3,200 x
M successful grasp trajectories. Each trajectory, 7 =
{(S1,41),...,(St,A¢),..., (ST, Ar)}, is a sequence of
steps, where A; represents robotic action (18 active DOFs
for the fingers and 6 active DOFs for the wrist) at timestep-
t, and S; represents the observation of proprioception, pre-
vious action, object state, hand-object distance, time, and
object point cloud, as defined in Table 1. The dataset D is
then used to train our UniGraspTransformer in a supervised
manner, as described in Section 3.3.

3.3. UniGraspTransformer Training

The objective is to use the generated trajectory dataset D
to train a universal grasp network, UniGraspTransformer,
capable of grasping a variety of tabletop objects in diverse
initial poses. UniGraspTransformer is designed to general-
ize to both seen objects from the training set and previously
unseen objects within either seen or unseen categories.
Settings. We train UniGraspTransformer under two set-
tings: (1) a state-based setting, where object point clouds
are perfectly accurate, with direct access to object’s posi-
tions and rotations, and (2) a vision-based setting, where
object point clouds are estimated and reconstructed using
five cameras mounted at the top and borders of the table,
with object’s positions and rotations estimated rather than
directly obtained. The primary distinction between these
two settings is the method of acquiring object point clouds
and the availability of oracle-level object states.

We use the state-based setting to illustrate the key com-
ponents of UniGraspTransformer, and describe its adapta-
tion to the vision-based setting in Section 3.4.

Input Process. As detailed in Section 3.2, each trajec-
tory T = {(S1,41),...,(St Ap), ..., (ST, Ar)} consists
of T time steps. At each step ¢, we train UniGraspTrans-
former with S;—which includes information on proprio-
ception, previous action, object state, hand-object distance,
time, and object point cloud—as input to predict the corre-
sponding action Ay, a 24-d vector. Table 1 provides dimen-
sions for each component: proprioception (167-d), previous
action (24-d), object state (16-d), hand-object distance (36-
d), and time (29-d). For encoding the object point cloud, an
object encoder named S-Encoder, which has a similar struc-
ture as the PointNet [35], is trained specifically for the state-
based setting, encoding the point cloud into an 128-d feature
(see Figure 3). Thus, the model has six input vectors: 167-d
proprioception, 24-d previous action, 16-d object state, 26-
d hand-object distance, 29-d time and 128-d object feature.
As illustrated in Figure 2(c), each input vector is mapped
to a 256-d token via an individual MLP network. These six
tokens serve as the input to UniGraspTransformer.

Network Architecture and Loss Function. As illustrated
in Figure 2(c), UniGraspTransformer consists primarily of
several self-attention blocks, followed by a 4-layer MLP

Input Reconstruction
l1024x3 110243
1D Convx2 ] [ Reshape ]
J1024x256 [ 3072
Average Pooling ] [ MLP ]
] 256 1256
MLPx2 | [ mep
llzs 256
MLP
Feature
Encoder Decoder

Figure 3. Illustration of the network architecture of the object point
cloud encoder, S-Encoder, in the state-based setting. The process
begins with sampling 1,024 points from the object point cloud,
producing an input with a dimension of 1024 x 3. This input is
passed through the encoder, producing a 128-dimensional object
feature, which the decoder then uses to reconstruct the 1,024 sam-
pled points, with the Chamfer Distance serving as the loss func-
tion. During inference, only the encoder is used to convert an
object point cloud into a 128-dimensional object feature.

head that outputs a 24-d action prediction. By default,
we use 12 self-attention blocks. For a given data pair
(S, A¢) at time step ¢ from trajectory T, we first convert
S; into six tokens as previously described. These tokens are
then fed into UniGraspTransformer to produce the predic-
tion P,. The model is optimized using L2 loss, defined as
L =|[A; — B2

3.4. Adaptation to the Vision-Based Setting

Input Adaptation. In the vision-based setting, we use five
cameras mounted at the table’s top and borders to estimate
the object point clouds. The estimated point clouds consist
of two components: 1) the partial object point cloud and 2)
the hand point cloud, which is segmented and removed in
our implementation. In the state-based setting, the object
point clouds are uniformly sampled from the object mesh,
which are complete and accurate. This difference affects the
input to UniGraspTransformer as follows: 1) for object state
representation, we use the center of the partial object point
cloud as the object position and apply PCA on this partial
cloud to represent the object rotation; 2) we use the partial
object point cloud to calculate hand-object distance; and 3)
we re-train a dedicated object encoder, termed V-Encoder,
to extract features from the partial object points. Other con-
figurations, such as network architecture, loss function, and
supervision signals, remain unchanged.

V-Encoder. In Section 3.3, for the state-based setting, we
train an S-Encoder (see Figure 3) that encodes complete ob-
ject point clouds into object features. In contrast, in the
vision-based setting, we only have access to partial object
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State-Based Setting (%)

Vision-Based Setting (%)

Method

. Unseen Obj. Unseen Obyj. . Unseen Obj. Unseen Oby;.

Seen Obj. Seen Cat. Unseen Cat. Seen Obj. Seen Cat. Unseen Cat.
PPOT [42] 24.3 20.9 17.2 20.6 17.2 15.0
DAPG' [39] 20.8 15.3 11.1 17.9 15.2 13.9
ILAD' [55] 31.9 26.4 23.1 27.6 23.2 20.0
GSLT [13] 57.3 54.1 50.9 54.1 50.2 44.8
UniDexGrasp [56] 79.4 74.3 70.8 73.7 68.6 65.1
UniDexGrasp++ [49] 87.9 84.3 83.1 854 79.6 76.7
Ours ‘ 91.2 89.2 88.3 ‘ 88.9 87.3 86.8

Table 2. Comparison with state-of-the-art methods using a universal model for dexterous robotic grasping across both state-based and
vision-based settings, evaluated by success rate. Evaluation on unseen objects from either seen or unseen categories assesses the models’
generalization capability. | indicates results reported in UniDexGrasp++ [49]. “Obj.”: Objects. “Cat.”: categories.

point clouds. To extract their features, we re-train a V-
Encoder, maintaining the same network architecture as the
S-Encoder. The key modifications are as follows: 1) the
input consists of 1,024 sampled points from the partial ob-
ject point cloud; 2) a distillation loss is applied to regularize
the V-Encoder’s latent features, with supervision provided
by the latent features of the corresponding complete object
point cloud extracted by the S-Encoder. After training, the
V-Encoder can extract a 128-d object feature from partial
object point clouds.

4. Experiments

Datasets. We utilize the UniDexGrasp++ [49] dexterous
grasping dataset, comprising 3,200 objects across 133 cate-
gories for training. Evaluation is conducted on these 3,200
seen objects, as well as on 140 unseen objects from seen
categories and 100 unseen objects from unseen categories.
For seen objects, we generate test initial poses separately
from those used during training, applying this protocol for
both dedicated policy network evaluation and UniGrasp-
Transformer evaluation.

Evaluation Protocols. Following UniDexGrasp++ [49],
each object is randomly rotated and dropped onto the ta-
ble to enhance the diversity of its initial poses. This process
is repeated 1,000 times for robust evaluation. A grasp is
considered successful if the object reaches the target goal
within 7" = 200 steps. We report the average success rate
across all objects and grasp attempts. The evaluation is per-
formed in two configurations: a state-based setting and a
vision-based setting. The state-based setting represents an
ideal scenario where the object point cloud is entirely ac-
cessible and flawlessly accurate. Conversely, in the vision-
based setting (see Section 3.4), the object point cloud is re-
constructed using depth images captured from five differ-
ent viewpoints by five cameras. Additionally, the dexterous
hand may partially occlude the object, resulting in only a
portion of the object’s point cloud being accessible.

Implementation Details. For a single dedicated policy net-
work, we create 1,000 simulation environments, and update
the policy network every 16 steps over 10K iterations, with
a learning rate of 3e-4. Training is conducted parallelly on
16 NVIDIA V100 GPUs, requiring 80 hours for 3,200 ded-
icated policies. The UniGraspTransformer model is trained
with a batch size of 800 trajectories over 100 epochs, us-
ing a fixed learning rate of le-4. Training is performed
on 8§ NVIDIA A100 GPUs and takes around 70 hours to
complete. The object encoders, both state-based and vision-
based, are trained on point cloud data with a batch size of
100. Training runs for 800K iterations with a learning rate
of 5e-4 on an NVIDIA A100 GPU, requiring 40 hours.

4.1. Main Results

Dedicated Policy Networks. As detailed in Section 3.1,
we train an individual policy network for each of the 3,200
training objects. During evaluation, each policy is used ex-
clusively with its corresponding object, achieving an aver-
age success rate of 94.1%. However, these dedicated poli-
cies cannot be evaluated on unseen objects, as they lack gen-
eralization capability.

UniGraspTransformer. Table 2 compares our UniGrasp-
Transformer with state-of-the-art methods using a univer-
sal model for dexterous robotic grasping across both state-
based and vision-based settings. Our model outperforms
UniDexGrasp++ [49] by 3.3% and 3.5% on seen objects
in the state-based and vision-based settings, achieving suc-
cess rates of 91.2% and 88.9%, respectively. Furthermore,
our UniGraspTransformer demonstrates strong generaliza-
tion capabilities, achieving high success rates on unseen ob-
jects and unseen categories in both settings. It surpasses
UniDexGrasp++ [49] by 4.9% (7.7%) and 5.2% (10.1%)
on unseen objects from seen categories and unseen objects
from unseen categories in the state-based (vision-based) set-
ting. The transition from seen to unseen categories further
verifies the generalization capability of our approach, with
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Trajectory Number (M) ‘ 02K 05K 1K
‘ 872 893 91.2

Success Rate (%)

Table 3. For each of the 3,200 dedicated policy networks, we gen-
erate M successful grasping trajectories, which are then distilled
into UniGraspTransformer. We analyze the impact of varying M.

Self-Attention Blocks (K) | - 6 12
| 855 89.7 91.2

Success Rate (%)

Table 4. Analysis of the impact of different numbers of self-
attention blocks in UniGraspTransformer. The model consists of
K self-attention blocks followed by a 4-layer MLP head. “-” in-
dicates a configuration that uses only the MLP head without any
self-attention blocks.

Object Number ‘ 400 800 1,600 3,200 (All)
Success Rate (%) ‘ 92,5 91.8 913 91.2

Table 5. Analysis of distilling varying numbers of dedicated policy
networks (one policy per object) into UniGraspTransformer. The
evaluation is conducted on the corresponding seen object set.

Method ‘ DAgger UniGraspTransformer
Success Rate (%) | 88.2 92.5

Table 6. Analysis of distilling 400 dedicated policies into one uni-
versal policy, via online or offline methods. The evaluation is con-
ducted on the corresponding seen object set.

only a minimal drop in success rate observed in both the
state-based (91.2% to 88.3%) and vision-based (88.9% to
86.8%) settings.

4.2. Ablation Studies

Unless otherwise specified, the ablation studies are con-
ducted on the 3,200 seen objects.
Scalability of UniGraspTransformer. Our approach em-
ploys a two-step process: initially, dedicated policy net-
works are individually trained for each object using rein-
forcement learning to generate a set of successful grasp tra-
jectories. These trajectories are then distilled into a sin-
gle universal network, UniGraspTransformer. This design
allows us to investigate the scalability of UniGraspTrans-
former in terms of trajectory set size, network capacity, and
the number of objects it can manage. The following studies
are conducted under the state-based setting.

* Trajectory Set Size. As shown in Table 3, UniGrasp-
Transformer demonstrates strong scalability in handling
an increasing number of trajectories. The success rate im-
proves as the number of grasping trajectories per object
used for training grows, indicating the model’s ability to
effectively learn and generalize from diverse trajectories
across various objects.

Proprio-  Prev. Obj.  Ob;j. Hand- . SR

ception  Action State Feat. Obj. Dist. tme (%)
v v v 78.4
v v v v 86.6
v v v v v 89.9
v v v v v v 91.2

Table 7. Effects of different input components on UniGraspTrans-
former Training. “Prev.”: previous. “Obj.”: Object. “Feat.”: fea-
ture. “Dist.”: distance. “SR”: success rate.

Center of PCA of Success Rate
Partial Object  Partial Object (%)
83.2
v 86.4
v v 88.9

Table 8. Utilizing approximate estimations—specifically, the cen-
ter and PCA of partial object point clouds—enhances performance
compared to the baseline without these estimations.

* Network Capacity. As illustrated in Figure 2(c), our
UniGraspTransformer consists of input MLP layers, K
self-attention blocks, and a 4-layer MLP head. Table 4
presents an analysis of the impact of network capacity
on performance. The results show that increasing the
number of self-attention blocks enhances the success rate,
indicating that UniGraspTransformer scales effectively
with additional self-attention layers. Specifically, the suc-
cess rate improves from 85.5% (without self-attention
blocks) to 89.7% with 6 blocks and finally reaches 91.2%
with 12 blocks.

* Object Number. Table 5 shows the success rate of our
UniGraspTransformer when distilling varying numbers of
object-specific policy networks, evaluated across differ-
ent object sets with 400, 800, 1,600, and 3,200 objects.
The results indicate a high and stable success rate, with a
slight decline as the number of objects increases.

* Online vs. Offline. Table 6 compares the online distilla-
tion method: DAgger with MLPs, to our offline distilla-
tion method: UniGraspTransformer. The results highlight
the advantages of offline distillation with large policy net-
works when handling a diverse set of teacher policies.

Input of UniGraspTransformer. Table 7 presents an anal-

ysis of different input components and their effects on per-

formance. The basic input includes proprioception, previ-
ous actions, and object state. We progressively enhance the
input by incorporating features from the state-based object
encoder, hand-object distances, and temporal information.

The performance improves consistently, indicating that Un-

iGraspTransformer effectively utilizes diverse information

sources to enhance robotic grasping capabilities.

UniGraspTransformer in the Vision-Based Setting. As

described in Section 3.4, the vision-based setting involves

estimating object point clouds from five cameras, result-
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Distillation ‘ Success Rate (%)

86.7
v 88.9

Table 9. Impact of using a vision-based object encoder with and
without distillation loss on UniGraspTransformer’s performance.

R, | Rqwl/PointCloud Ry w/ Center | SR (%)

v 90.3
v 929
v v 94.1

Table 10. Impact of incorporating reward R, and two variants of
reward Rg on the performance of dedicated policy networks.

ing in incomplete point clouds. Unlike the state-based
setting—where complete object states, including rotation,
are accessible—object rotation information is unavailable
in this configuration. A baseline solution in the vision-
based setting is to omit the point cloud center and object
rotation inputs. Alternatively, the center of partial object
point clouds can substitute the center of full point clouds,
and principal component analysis (PCA) can approximate
object rotations. Table 8 compares these alternatives with
the baseline, demonstrating that these estimations improve
performance over the baseline lacking any estimation.

In Section 3.4, we introduce a distillation loss for train-
ing the vision-based object encoder, enabling it to extract
a 128-dimensional feature from partial object point clouds.
This distillation process transfers knowledge from the state-
based object encoder, which encodes complete object point
clouds into a single feature, to the vision-based encoder. Ta-
ble 9 studies the impact of using a vision-based object en-
coder with and without distillation loss on UniGraspTrans-
former’s performance, showing a 2.2% improvement in suc-
cess rate, underscoring the value of distillation in training
the vision-based encoder.

Reward Functions for Dedicated Policy Network. As
outlined in Section 3.1, the dedicated policies are trained
with reward functions defined in Eq.1. We explore two re-
ward functions: (1) the grasp reward R4, which penalizes
the distance between the dexterous hand and the object, and
(2) the reward R,, which encourages the hand to stay open
until it contacts the object. In our default setup, R is com-
puted by measuring the distances between 36 hand points
and the object point clouds. In Table 10, we examine an
alternative version where R, is based on distances between
the 36 hand points and the object center. Additionally, Ta-
ble 10 assesses the impact of including or excluding the re-
ward R,. A well-designed reward function enhances the
performance of all dedicated policy networks, achieving an
average success rate of 94.1% across 3,200 training objects.
Please refer to our supplementary material for more details.

e
o

o
=

—— UniDexGrasp++ (State-Based)
—— Ours (State-Based)
Ours (Vision-Based)

0 50 100 150 200
Steps

Mean Hand Joint Angles
f=
o

e
o

Figure 4. Quantitative analysis of grasp pose diversity.

SCELEY

Figure 5. Comparison of grasp poses generated by the state-based
universal model from the UniDexGrasp++ [49] (top row) and our
UniGraspTransformer (bottom row). Each column displays two
distinct grasp poses for the same object with the same initial pose.

Diversity Analysis on Grasp Pose. Figure 4 provides a
quantitative comparison of grasp pose diversity between
the state-based UniDexGrasp++ [49] and both the state-
based and vision-based versions of UniGraspTransformer.
During inference, each model generates 10 successful 200-
step trajectories for each of the 3,200 training objects, with
mean hand joint angles (normalized) used to represent the
hand state at each step. The plotted range in Figure 4
demonstrates that UniGraspTransformer exhibits a broader
range, indicating its capability to produce diverse grasp
poses across a variety of objects. Figure 5 presents visual
examples that highlight the greater diversity of grasp poses
generated by our model compared to the previous method.

5. Conclusion

In this work, we introduce UniGraspTransformer, a univer-
sal Transformer-based network that streamlines the train-
ing process for dexterous robotic grasping while enhanc-
ing scalability, flexibility, and diversity in grasping strate-
gies. Our approach simplifies traditional complex pipelines
by employing dedicated reinforcement learning-based pol-
icy networks for individual objects, followed by an effi-
cient offline distillation process that consolidates success-
ful grasping trajectories into a single, scalable model. Our
UniGraspTransformer is capable of handling thousands of
objects in varied poses, exhibiting robustness and adaptabil-
ity across both state-based and vision-based settings. No-
tably, our model significantly improves grasp success rates
on seen, unseen within-category, and fully novel objects,
outperforming the current state-of-the-art with substantial
gains in success rates across various settings.
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