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Abstract: Grasping arbitrary objects is challenging due to the need to understand unseen object shapes, generate plau-
sible grasp poses, and plan trajectories simultaneously. In this paper, we propose Goal-Auxiliary Tsallis Actor-Critic
(GA-TAC) method, which enhances grasping policy learning by integrating goal prediction auxiliary tasks with Tsallis
Actor-Critic [1] methods. Building on the Goal-Auxiliary Deep Deterministic Policy Gradient (GA-DDPG) [2], GA-TAC
addresses the limitations of suboptimal grasp policies by dynamically adjusting the exploration-exploitation trade-off us-
ing the Tsallis Actor-Critic method. This hybrid approach leverages the strengths of both learning paradigms and adaptive
exploration, resulting in more robust and optimal grasping policies. We demonstrate that GA-TAC significantly increases
the success rate of grasping tasks by ensuring effective exploration near critical grasping points in Dex-YCB dataset [3]
with different q-indices. We also show that GA-TAC outperforms other baselines in the Handover-Sim [4] environment
and our method is robust to unseen environments.
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1. INTRODUCTION

Grasping arbitrary objects has been a challenging task
since it requires the understanding of the shape of unseen
objects, generation of plausible grasp poses, and trajec-
tory planning for the grasp poses at the same time. Re-
cent studies have focused on the top-down grasping of ar-
bitrary objects, either by generating grasp poses [5–8], or
by learning end-to-end policies via reinforcement learn-
ing [9, 10]. However, these settings are not realistic in
cases where the robot should generate a trajectory that
reaches an object and then grasps the object.

Other previous work focus on generating 6D poses
from the object. The actual robot trajectory that reaches
the object is then generated via a motion planner [11–15].
This could be problematic in real-world settings where
open-loop planning methods could be insufficient due to
the dynamic and unpredictable nature of real-world en-
vironments, requiring more robust, adaptive strategies to
handle unforeseen changes and obstacles effectively.

Goal-Auxiliary Deep Deterministic Policy Gradient
(GA-DDPG) [2] has tackled the issue by combining imi-
tation learning (IL) and reinforcement learning (RL), and
introducing the goal prediction auxiliary task to generate
a plausible grasping pose of the robot. By using Deep De-
terministic Policy Gradient (DDPG) algorithm [16], the
robot can successfully utilize off-policy data and improve
the policy. However, since this method uses DDPG for
policy learning, it does not guarantee active exploration
near the grasping point and could generate suboptimal
grasp policies.

Tsallis Actor-Critic [1, 17] introduces a unified frame-
work for the RL problem and maximum entropy RL prob-

lem with various types of entropy. By alternating through
various entropic indices, either Shannon-Gibbs entropy-
based policy with more exploration and numerical sta-
bility, or sparse Tsallis entropy-based policy with more
greedy behaviors could be learned, and by balancing be-
tween active exploration and greedy policy, the agent can
learn the effective exploration behavior that maximizes
the reward.

We build upon the two papers, GA-DDPG [2] and
Tsallis Actor-Critic [1], to generate a grasping policy,
Goal-Auxiliary Tsallis Actor-Critic (GA-TAC), that ef-
fectively explores near the grasping point. By integrat-
ing the goal prediction auxiliary task from GA-DDPG,
which provides a plausible grasping pose, with the Tsal-
lis Actor-Critic method, we aim to balance exploration
and exploitation. Specifically, we incorporate the Tsallis
entropy framework to adjust the exploration-exploitation
trade-off dynamically, fostering more effective explo-
ration near the critical grasping points. This hybrid ap-
proach allows the robot to leverage the strengths of imi-
tation learning, reinforcement learning, and adaptive ex-
ploration strategies, thereby generating more robust and
optimal grasping policies. Our proposed method not only
ensures improved grasp success rates but also enhances
the overall efficiency and stability of the learning process.

Overall, our contributions are as follows:
1. We propose a Goal-Auxiliary Tsallis Actor-Critic

(GA-TAC) method, which integrates goal prediction aux-
iliary tasks with Tsallis entropy-based exploration strate-
gies to enhance grasping policy learning.

2. We show that the proposed method increases the
success rate of grasping objects in the Dex-YCB dataset
[3] by ensuring the robot explores critical areas more ef-
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fectively and learns more optimal grasping strategies.
3. We further compare the methods on Handover-Sim

[4] environment and show that GA-TAC outperforms the
baselines.

2. RELATED WORK

2.1 Robot Grasping
Previous studies on robot grasping either focused on

grasp generation or end-to-end policy methods. Meth-
ods with grasp synthesis [7,11,19,20] first generate robot
grasp for the objects and then integrate additional motion
planners for robot action generation. On the other hand,
end-to-end learning methods [9,21,22] train vision-based
grasping policies from a large-scale dataset.

Observation for vision-based grasping policies include
depth and segmentation masks [7], keypoints [23], and
point clouds [24]. In this paper, we use point cloud ob-
servations to effectively process the shape of the objects.

3. BACKGROUND

3.1 Goal-Auxiliary DDPG
Our method builds upon a powerful grasping policy

algorithm, GA-DDPG [2]. GA-DDPG is a grasping pol-
icy, π : st → at, that maps state st at timestep t to a 6D
action (3D translation, 3D rotation) at of an end effector.
States are 3D point cloud inputs, and PointNet++ [18] is
used for feature extraction. From the expert dataset col-
lected by OMG-Planner [25], the BC loss LBC is defined
as a point matching loss [26],

LBC(T1, T2) =
1

|Xg|
∥T1(x)− T2(x)∥1, (1)

where T1, T2 ∈ SE(3), and Xg is a predefined grasps set
on the gripper.

The final actor loss and critic loss for the GA-DDPG
agent is then defined as

Lϕ =
1

2
(Qϕ(s, a)− y)2 + LAUX(g, gϕ)

Lθ = λLBC(a
∗, aθ) + (1− λ)LDDPG(s, aθ)

+ LAUX(g, gθ)

y = r + γQϕ′(s′, πθ′(s′) + ϵ),

(2)

where Q′
ϕ and π′

θ are the target networks, ϵ is a pre-
defined clipped noise, aθ and gθ are action and goal from
the actor, and λ is a hyperparameter that weighs LBC and
LDDPG = −Qϕ(s, aθ).

3.2 Tsallis Entropy
The q-exponential and q-logarithm are used to define

the Tsallis entropy. The equation for q-exponential and

q-logarithm are as follows [27]:

expq(x) ≜

{
exp(x) if q = 1

[1 + (q − 1)x]
1

q−1

+ if q ̸= 1,

lnq(x) ≜

{
log(x) if q = 1 and x > 0
xq−1−1
q−1 if q ̸= 1 and x > 0

(3)

Then, the Tsallis entropy of a random variable is defined
as follows [27]:

Sq(P ) ≜ E
X∼P

[−lnq(P (X))] (4)

, where q is an entropic-index.
By changing the entropic-index, we can represent var-

ious types of entropy with Tsallis entropy. For example,
when q → 1, Sq(P ) becomes the Shannon-Gibbs en-
tropy, and when q = 2, Sq(P ) becomes the sparse Tsallis
entropy.

3.3 Tsallis Actor-Critic
Tsallis MDPs is an approach to maximum entropy RL

that generalizes maximum entropy reinforcement learn-
ing with various types of entropy [1]. By controlling
the entropic index, various types of entropy, from soft
MDPs to sparse MDPs [17], can be generated. Here,
the Tsallis entropy of a policy distribution π is defined
as S∞

q (π) ≜ Eτ∼P,π[
∑∞

t=0 γ
tSq(π(·|st))].

With this Tsallis entropy, the objective of Tsallis
Actor-Critic (TAC) is defined as

maximize
π

E
ρ,π,P

[

∞∑
t=0

γt(R(st, at, st+1) + βSq(π(·|st)],

(5)
where β is an entropy weight.

The value function and Q-function for TAC are rede-
fined as follows:

V π
q (s) := E

π,P
[

∞∑
t=0

γt(rt + βSq(π(·|st)))|s0 = s]

Qπ
q (s, a) := E[R(s, a, s′) + γV π

q (s′)|s′ ∼ P(·|s, a)]
(6)

4. METHOD

4.1 Task Setting
We focus on the task of grasping an arbitrary object in

a closed-loop setting. Our goal is to learn a 6D grasping
policy π : st → at, where st is a 3D point cloud state at
timestep t, and at is a 6D action of an end effector of the
robot.

4.2 Goal-Auxiliary Tsallis Actor-Critic
We propose a Goal-Auxiliary Tsallis Actor-Critic

(GA-TAC) agent for 6D grasping of arbitrary objects. By
introducing an extra Tsallis Entropy term to the original
DDPG objective, we can balance between the exploration
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Fig. 1. Overall network architecture used for GA-DDPG [2] and GA-TAC. PointNet++ [18] is used for feature extraction
and the auxiliary goal prediction losses are used for both the actor network and the critic network.

Table 1. The result of baselines and GA-TAC with various q-indices on the Dex-YCB dataset [3]. The results with *
were reproduced using the code available on the official code repository. For DDPG, the agent was re-trained without
pretraining phase to compare the effectiveness of exploration. For GA-DDPG and GA-TAC, the results were averaged
over 3 seeds and for each seed, the result was tested for 30 episodes for each object.

item
Success Rate (%) ↑

BC* DDPG* TAC

q=1.0 q=1.2 q=1.5 q=1.8 q=2.0

cracker box 53.3 64.4 (± 15.4) 61.1 (± 15.8) 61.1 (± 13.5) 84.4 (± 10) 80 (± 10) 70 (± 10)

sugar box 83.3 75.6 (± 8.4) 74.4 (± 8.4) 74.4 (± 7.7) 83.3 (± 6.9) 78.9 (± 6.9) 80 (± 8.8)

tomato soup can 73.3 67.8 (± 8.4) 76.7 (± 10.7) 76.7 (± 17.6) 74.4 (± 5.1) 82.2 (± 5.1) 67.8 (± 7.7)

mustard bottle 96.7 87.8 (± 13.5) 91.1 (± 18.6) 91.1 (± 19.2) 82.2 (± 3.3) 96.7 (± 3.3) 88.9 (± 3.8)

potted meat can 36.7 43.3 (± 12.0) 46.7 (± 23.3) 46.7 (± 5.8) 63.3 (± 3.8) 57.8 (± 3.8) 57.8 (± 13.5)

bleach cleanser 60 84.4 (± 10.7) 81.1 (± 11.7) 81.1 (± 19.2) 91.1 (± 8.8) 90 (± 8.8) 91.1 (± 15.4)
bowl 86.7 85.6 (± 22.2) 97.8 (± 5.1) 97.8 (± 3.8) 97.8 (± 5.8) 96.7 (± 5.8) 91.1 (± 15.4)

mug 90 56.7 (± 14.5) 71.1 (± 13.5) 71.1 (± 7.7) 74.4 (± 6.9) 64.4 (± 6.9) 58.9 (± 13.5)

foam brick 73.3 80 (± 5.7) 64.4 (± 12.6) 64.4 (± 22.7) 75.6 (± 11.5) 63.3 (± 11.5) 67.8 (± 10.2)

average 72.6 71.7 (± 8.0) 73.6 (± 9.4) 73.8 (± 5.2) 80.7 (± 2.3) 78.9 (± 2.4) 74.2 (± 4.1)

and exploitation of the agent, thus effectively exploring
through the environment with high returns.

We first start with the DDPG loss function from Equa-
tion (7). From Equation 7, the loss function for the actor
and the critic of the agent is as follows:

Lϕ =
1

2
(Qϕ(s, a)− y)2 + LAUX(g, gϕ)

Lθ = λLBC(a
∗, aθ) + (1− λ)LDDPG(s, aθ)

+ LAUX(g, gθ),

We introduce a Tsallis Entropy term (4) for additional
regularization for exploration of the agent. That is, the
loss for the actor and the critic of the agent for GA-TAC

is as follows:

Lϕ =
1

2
(Qϕ

q (s, a)− y)2 + LAUX(g, gϕ)

Lθ = λLBC(a
∗, aθ) + (1− λ)LTAC(s, aθ)

+ LAUX(g, gθ)

y = r + γQϕ′

q (s′, πθ′(s′) + ϵ),

(7)

where q is an entropic index of Tsallis entropy, and
LTAC = −Qϕ

q (s, aθ).

5. EXPERIMENTS

5.1 Training
The overall network architecture for both GA-DDPG

[2] and GA-TAC are as in Figure 1. We experiment with

1631



Table 2. The result of baselines and GA-TAC with various q-indices on the Handover-Sim [4] benchmark. The results
with * were reproduced using the code available on the official code repository. For DDPG, the agent was re-trained
without pretraining phase to compare the effectiveness of exploration. For GA-DDPG and GA-TAC, the results were
averaged over 3 seeds and for each seed, the result was tested for 144 episodes for each object.

DDPG* TAC

q=1.0 q=1.2 q=1.5 q=1.8 q=2.0

Success Rate (%) ↑ 15.7 (± 2.9) 9.3 (± 3.4) 13.7 (± 6.3) 19.4 (± 8.9) 2.5 (± 2.6) 19.2 (± 6.8)

Mean Acc. Time (s) ↓ 7.3 (± 0.2) 7.3 (± 0.2) 7.3 (± 0.2) 7.4 (± 0.0) 7.2 (± 0.6) 7.3 (± 0.1)

the Franka Emika Panda arm, which has a 7-DoF arm
with a parallel 2-finger gripper. We use ShapeNet [28]
for the objects for grasping in the training phase, as in
GA-DDPG [2] setting. A task scene is generated with
objects in random poses, placed on a tabletop in a PyBul-
let Simulator [29]. The maximum horizon for the policy
is set to 30 timesteps and an episode terminates when ei-
ther a maximum horizon is reached or an agent success-
fully grasps the object. The observation is an RGB-D
image with size 112×112. Note that we do not pre-train
the agent using behavioral cloning to compare the explo-
ration with different q values. The hyperparameters for
each example were set to be the same as in GA-DDPG
[2], except for the entropic indices in GA-TAC methods.
The training was conducted over three random seeds, and
for each seed, the training took about 15 hours with 4
Nvidia RTX 3090 GPUs.

5.2 Baselines
We compare the grasping performance on the Dex-

YCB [3] benchmark dataset. The compared baseline al-
gorithms are as follows.
• OMG-Planner [25] + BC We train a behavioral
cloning policy with expert demonstrations collected from
Optimization-based Motion and Grasp Planner (OMG
Planner) [25]. OMG-Planner plans a robot trajectory
to grasp the robot, given a planning scene and a set of
pre-defined grasps from the target object [11, 12]. With
planned trajectories as expert demonstrations, the behav-
ioral cloning agent utilizes the point-matching loss func-
tion [26] to learn the policy.
• GA-DDPG [2] We also re-train a GA-DDPG agent
from scratch and compare the result with Tsallis Actor-
Critic based policies.

5.3 Grasping Performance
We evaluate the effectiveness of adapting Tsallis En-

tropy to the grasping policy on 9 Dex-YCB [3] objects.
To effectively compare the result of exploration on the
policy, we train the agents without pre-training, unlike
[2]. For GA-DDPG and GA-TAC, the results were aver-
aged over 3 seeds and for each seed, the result was tested
for 30 episodes for each object. The results for the grasp-
ing performance on YCB objects are as in Table 1. As
shown in the table, GA-TAC performed the best in all of
the objects except for the mug and the foam brick objects.
Also, GA-TAC with q = 1.5 showed the highest aver-
age performance among all methods, which states that

effectively balancing between exploration and exploita-
tion leads to the best performance.

5.4 Human-to-Robot Handover Performance

We further compare the result on Handover-Sim
benchmark [4]. As in the original paper [4], we do not
further train the agents in the benchmark and use the
same agent trained for the ShapeNet [28] objects. In this
benchmark, the agent must adeptly receive the object be-
ing handed over by the human, ensuring that there is no
collision between the agent and the human hand and that
the object is not dropped. As in Table 2., we find out that
effective exploration finds optimal policies that are robust
to unseen environments, even when a new constraint is
introduced.

6. CONCLUSION

In this study, we addressed the challenge of grasp-
ing arbitrary objects by proposing the Goal-Auxiliary
Tsallis Actor-Critic (GA-TAC) method. By integrating
goal prediction auxiliary tasks with Tsallis entropy-based
exploration strategies, GA-TAC enhances grasping pol-
icy learning and addresses the limitations of previous
approaches. By adjusting the exploration-exploitation
trade-off, the agent learns more effective exploration near
critical grasping points and shows the highest perfor-
mance in the Dex-YCB dataset [3]. We further show that
our method is robust to unseen settings, and also shows
the best performance compared to the baselines.

Our method could be further improved with more in-
troduction of additional constraints to the problem. Espe-
cially in Human-to-Robot handover settings, one could
additionally integrate Safe RL method, as in SafeTAC
[30], to integrate effective exploration with Safe rein-
forcement learning that does not violate the collision con-
straint.
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