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Abstract— Universal dexterous grasping on different objects
with diverse geometries is a crucial challenge in robotics for
evolving towards human-like manipulation. In order to handle
the high degrees of freedom (DoF) of dexterous hands, universal
dexterous grasping methods adopt online Reinforcement Learn-
ing (RL) algorithms, particularly Proximal Policy Optimization
(PPO), to learn action policies. Although PPO is a common
choice, standard PPO itself often leads to insufficient exploration
and slow policy improvement in complex, high-dimensional
action spaces in dexterous hands. While recent RL algorithms
exploit action chunking to enhance exploration, existing methods
rely on high DoF Q-functions, making them unsuitable for
universal dexterous grasping. To address these limitations, we
propose Action Chunking Proximal Policy Optimization (ACPPO),
a novel on-policy RL method whose policy outputs a chunk of
actions from a single state. By reformulating the PPO objective
over action chunks and using a standard state-value function as
the critic, ACPPO retains PPO’s simplicity while encouraging
temporally coherent exploration and avoiding the curse of
dimensionality. Our ACPPO outperforms PPO in grasp success
rate by 5.7% and 4.6% on seen and unseen splits, respectively,
with 9.4% faster training time.

I. INTRODUCTION

Dexterous hands [1]-[3] are robotic grippers that aim to
emulate the versatility of the human hand. While achieving
human-level dexterity would unlock a whole new field
of applications, dexterous grasping [4]-[6] still remains a
significant challenge due to the high degrees of freedom
(DoF) and diversity of the target objects.

Recent works [7]-[10] utilize Reinforcement Learn-
ing (RL) [11], especially Proximal Policy Optimization
(PPO) [12] to learn universal dexterous grasping across
diverse objects [13], varying in size and geometry. However,
while PPO itself has proven to be excellent in robotic
environments with small DoF [14]-[17], the algorithm alone
struggles in the high-DoF dexterous grasping environment.
Therefore, recent work on universal dexterous grasping
augments PPO with additional techniques such as Curriculum
Learning [7], Residual Learning and Mixture of Experts [9],
Transformers [10], or Motion Objectives [8].

One promising direction for dexterous grasping is action
chunking reinforcement learning (ACRL), where the policy
outputs a short sequence of actions at each decision point.
By committing multi-step commands, action chunking en-
courages temporally coherent exploration, reduces irregular
movement near contact events, and allows efficient inference
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by using one policy forward pass for the next i environment
steps.

Despite its potential, no prior ACRL method has been
successfully applied to high-DoF dexterous grasping since
existing designs are fundamentally incompatible with the
scale of the problem. Prior action chunking methods learn
a chunked action-value function Q(s;, as.1+n—1) [18]-[20],
where the action space dimension h|.A| becomes impractical
for dexterous hands with 20+ DoF. [21].

Based on this observation, we propose Action Chunking
Proximal Policy Optimization (ACPPO), the first method
to apply action chunking in the domain of dexterous grasping.
Our key insight is to integrate the action chunking mechanism
directly into the actor and the on-policy surrogate objective,
while completely avoiding intractable chunked Q-functions
and offline data. Instead, ACPPO uses a simple, scalable state-
value critic V (s), allowing temporally coherent exploration
while preserving the simplicity of PPO.

II. PRELIMINARIES
A. Markov Decision Processes

A standard reinforcement learning problem can be formally
defined as a Markov Decision Process (MDP) [11]. The MDP
is defined by the tuple (S,.A,p,r,v), where S is the state
space, A is the action space, p(s¢1|st,at) : S X A — S is
the transition probability function, r(s,a) : S X A — R is
the reward function, and 7y € [0, 1) is the discount factor. The
behavior of the agent is determined by a stochastic policy
m(als).

In our universal dexterous manipulation setup, the states
consists of the concatenation of robot states, PointNet
features [22] of the target object, and the desired goal position
of the object. The goal of the policy is to maximize the
cumulative discounted reward, designed to guide the dexterous
hand to grasp objects with diverse geometries.

B. Reinforcement Learning in Dexterous Grasping

Recently, reinforcement learning has been adopted in the
domain of dexterous grasping since it can learn the high
Degree-of-Freedom (DoF) action policies without requiring
explicit access to the environmental dynamics. One major
direction of exploiting reinforcement learning is focused
on imitation learning [23]-[25], where policies are trained
to mimic expert demonstrations. These methods focus on
reducing distribution shift, and collecting demonstrations
efficiently, for example through human videos.

Another line of work focuses on on-policy learning,
where the policy is updated with its own rollouts. Our
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Fig. 1: Evaluation rollouts comparing ACPPO (top) and PPO (bottom). Seen and unseen test cases on seen-category and
unseen-category objects. Trained on the same reward and environment, ACPPO produces more stable and successful grasps,

outperforming standard PPO.

universal dexterous manipulation setup is mainly part of
this group, since it is costly to collect demonstrations for
thousands of different objects. PPO is widely used in this
setting, since it offers stable training with clipped surrogate
objectives. While PPO-based methods have shown promising
results in universal dexterous grasping, they typically rely
on additional mechanisms such as curriculum learning [7],
residual learning [9], or transformer backbones [10]. This is
primarily due to the high dimensional action space, which
leads to the challenging exploration and the inefficiency of
step-wise action learning in such complex systems.

C. Proximal Policy Optimization

Given a batch of trajectories collected by the behavior
policy mp, (typically the policy from the last update),
PPO [12] performs multiple epochs of first-order updates
on a clipped surrogate objective that controls the deviation
of my from g, .

Define the clipping minimum operator C. and the per-step
importance sampling ratio p;(#) as:

Ce(p, A) := min (pA, clip;*£(p) A), (1
 ml(as | 8¢)
pt(e) T 7T90(at | St)7 (2)

where clip} T¢(p) := max(1 — ¢, min(p, 1 + ¢)).

Let A, denote an estimate of the advantage A™o (st,az)

(e.g., through GAE). PPO maximizes the clipped surrogate
Lovol6) = E [Ce(pr(0), Ar). 3)
0

This keeps p: inside the trust region [1 — €, 1 + €], following
the behavior of TRPO [26] while retaining a simple first-order
update. The full details of PPO are provided in [V-A]

D. Action Chunking

Action chunking is a method that predicts and executes a
sequence of actions rather than single-step commands [27].
In Imitation Learning, action chunking has been known
to improve the robustness of learned policies, and handle
non-Markovian behaviors of human demonstrations [28],
[29]. Recent work have integrated action chunking into
reinforcement learning, reporting that action chunking leads
to efficient critic learning and encourages temporally coherent
exploration [18]-[20].

However, these designs are impractical for dexterous
grasping. Prior action chunking RL methods focus on learning
the chunked action value function Q(s;, Gt.t+r—1) With chunk
length h. The action input dimension R"/“! is tractable for
low-DoF robots such as manipulators, (DoF < 7) but becomes
unmanageable for dexterous hands with 20+ DoF [21]. In
addition, several action chunking RL methods [19], [20] rely
on an offline dataset, which is intractable for universal grasp-
ing. Universal grasping inevitably requires high dimensional
visual features of the target objects, making it extremely costly



to cover the state space as offline datasets. Architecturally,
the transformer backbones used in some prior work [18]
add expressibility to the chunked action value function, but
also become computationally costly as the action dimension
increases in dexterous hand settings.

To address these limitations, we propose Action Chunking
Proximal Policy Optimization (ACPPO), a fully online action-
chunked RL method that operates by learning the state value
function V'(s). By avoiding the high dimensional chunked Q)
function, we mitigate the effect of Rl while retaining the
benefits of action chunking.

III. METHOD

We implement our algorithm based on PPO, one of the
most widely used on-policy reinforcement learning algorithms,
which uses only the estimate of V() as the critic. Our primary
challenge is to reformulate the objective over action chunks
while keeping the relative objective function unbiased, and
maintaining a stable importance sampling ratio.

A. Naive Action Chunking for PPO

A naive way to add action chunking to PPO is to keep
the step-wise actor unchanged and form a h-step open-loop
likelihood ratio:

Pth :H

at-‘,—k |3t+k)
o, at+k|8t+k)

“

The corresponding objective function becomes:

L0(0) = E [Ce(pn(8). A7 (s1:avain-) ) |- )

However, this objective function is biased. Since early
actions within the chunk alter later actions through the
states, multiplying step-wise ratios does not correct the state
visitation inside the chunk. Furthermore, the product of ratios
causes an exploding/vanishing behavior, making the objective
almost always clipped.

B. Action Chunking PPO

For an accurate and more robust objective, we define a
chunked actor 7(+|$s.1+p—1) that predicts the next h sequence
of actions from the current state. Also, we define the chunked
advantage as follows:

AT (54, Qppyn—1)
h—1
=Y ek A V0 (s008) = VT (si). (6)
k=0

Since the actor outputs a h step sequence of actions, the
importance sampling ratio now becomes:

W&(at:t+h71|st)
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Algorithm 1 Action-Chunked PPO (ACPPO)

Init policy 7y, value V
while not converged do
for each rollout do
fort=0:T do
if t mod h = 0 then
L sample chunk az.;p,_1 ~mg(|s¢)
cache log g, , (1, 0)
Execute ay, store (s, ar, ¢, di, Vy(st))
Compute GAE returns f%u,
Compute Chunked Advantage AZQO
for update epoch e = 1: F do
Sample B batches from the chunk boundary
Policy: maximize L£%:ppo ()
Value: minimize Ep [(V¢(su) - Ru)Z]
Update (6, ¢) with LR «
.~ Update behavior policy mg, < 7
return 7y

Using these formulas, we can exactly formulate the relative
objective function for the policy gradient as:

J(0) = T (6o)
(T-1)/h
= E > Ao (0) AL (sin, ainaanan—1)
7""(,;007779 p) 1—0
aj~mo,

®

Eq. [] is reduced into the relative objective function of
standard PPO when h = 1. Replacing the chunked advantage
with the chunked GAE estimate and applying importance
ratio clipping, we obtain the objective function of ACPPO:

Lhcppo(0) = ItE{C (Pfhffmk(‘g)> AZQO(St,at:Hh—l))} 9)

The ACPPO training loop is summarized in Algorithm [I|
and the complete derivation of ACPPO is clarified in

C. Benefits of Action Chunking in Dexterous Manipulation

By training a policy to output action sequences, ACPPO
provides several key advantages that are particularly impactful
for high-DoF dexterous manipulation tasks. The core benefit,
which has also been observed by previous action chunking
studies [19], [27]-[29], is temporally coherent exploration.

Standard on-policy training often begins with high-
frequency, jittery motions. Because these small random
actions cancel each other out, this form of exploration
effectively traps the agent within a small, local domain of
the state space. Action chunking encourages the execution
of smoother, multi-step maneuvers, allowing the policy to
explore a much larger portion of the vast state space of the
high DoF dexterous hand. While this broader exploration may
result in a slower discovery of the global optimum direction, it
allows the policy to gain a more comprehensive understanding
of the environment’s dynamics. This foundation leads the
policy to build a better grasp in the long term, yielding higher
final performance.



TABLE I: Experiment results of ACFQL, PPO, ACPPO on
the DexGraspNet dataset.

Method Train (%) Test (%) %:22‘?5
Seen  Unseen )
ACFQL 79.1 77.2 79.0 10,126
PPO 82.3 82.1 82.0 11,702
ACPPO (Ours) 87.9 87.8 86.6 10,600

Beyond exploration, the chunked actor also benefits in
inference. First, it improves inference speed by reducing the
frequency of policy forward passes by h. Furthermore, the
action chunks act like a low-pass filter on the commanded
motion: when only part of the dexterous hand (e.g. one or
two fingers) makes early contact with the objects, single-step
policies often overreact with large whole-hand corrections.
However, the chunked policy, on the other hand, continues
the planned action sequence, avoiding oscillatory movement
while the grasp is being completed.

IV. EXPERIMENT
A. Experiment Settings

We evaluate our method on the DexGraspNet [30] dataset,
which consists of 5519 object instances from 133 object
categories. Following UniDexGrasp++ [7], we use 3200
object instances for the training set, and construct two
distinct test sets: (i) Seen-category objects, containing 141
unseen instances from categories included in the training
set; (ii) Unseen-category objects, containing 100 objects
from novel categories. For training ACPPO and the baseline
PPO, we construct 3200 parallel simulation environments on
IssacGym [31], and train for 20000 iterations on a single
NVIDIA RTX A6000 GPU. For testing, we run 400 inferences
for each object in the testing set. A rollout is considered
successful if the object is placed at the desired location z > 0
after all action sequences have been executed. For fairness,
we keep total environment steps and network sizes matched
across methods and use i = 2 for all ACRL methods in the
main results.

B. Experiment Results

We compare our method with the baseline reinforcement
learning algorithms Action Chunking Flow-Q-Learning [19],
Proximal Policy Optimization [12]. The chunk size of the
action chunking methods were set to 2, which denotes the
actor outputs two consecutive actions from a single state.

Table || shows that our method outperforms all baseline
algorithms in universal dexterous grasping. Compared to PPO,
ACPPO improves success by +5.6% on the train set and
by +5.7%/4+4.6% on the seen/unseen test sets, respectively,
while reducing training time by 9.4%.

Figure [2] illustrates the learning dynamics. While ACPPO
rises more slowly in the early stage, it soon overtakes PPO
and converges to a higher success rate. We attribute the
initial lag to the temporally coherent exploration induced
by action chunks, which spreads exploration around over

0.8

0.6

0.4

Success Rate

0.2

0 0.5 1 1.5 2 2.5 3

Training Time (s)

Fig. 2: Training curves of PPO (red) and ACPPO (blue); both
trained for the same number of iterations.

a broader region of the state-space. As the critic improves,
the actor receives more informative advantage estimates and
accelerates learning. In terms of efficiency, ACPPO also
benefits from fewer policy forward passes (one every h steps),
which contributes to the observed speedup. Qualitatively,
ACPPO rollouts exhibit fewer oscillations during pre-grasp
alignment and stabler grasp poses as displayed in Fig. [T).

V. CONCLUSION

We introduced Action Chunking Proximal Policy Op-
timization (ACPPO), an on-policy algorithm that predicts
short action sequences while retaining a simple state-value
critic. By reformulating the PPO surrogate over action chunks
and training with a chunked advantage, ACPPO encourages
temporally coherent exploration and reduces policy inference
frequency. On DexGraspNet, ACPPO outperforms PPO and
ACFQL across train, seen, and unseen splits, and reduces
training time.

While our study focuses on state-based policies, distillation
into vision-based policies via DAgger [32] is feasible and
could extend our research to sim-to-real transfer. Furthermore,
a key limitation of our work is that action chunking can
reduce reactivity to sudden perturbations inside a chunk.
While perturbations are not a major concern in simulated
universal dexterous grasping environments, this can emerge
as a major problem when adapting to real, dynamic settings.
Future work could extend our approach to adaptive/learned
chunk lengths, integrating curriculum or residual controllers,
and real-to-sim transfer with tactile sensing to address this
issue.
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APPENDIX
A. Derivation of Proximal Policy Optimization

Define the importance ratio p:() and advantage as
A”(st,at):

pu(6) = TS ((ZJ;)), (10)
A”(st,at) = QW(St, at) — V”(st). (11)

The relative objective function 7 (8) — 7 (6p) for the policy
gradient can be formulated as follows:

J(0) — T (0o)

T-1

D At AV (s141) — Vﬂeo(st)l
t=0

TN(po m9,p) l

TN(PO g,P)

T-1
E 2.7
T~(po,mo,p)ay~Tay | 10

[ZW Q™0 (8¢, at) — Vﬂe“(st))] (12)

+ To(alst)
7o, (aylst)

A”O(st,a;)}. (13)

Since the expectation that depends on the current policy
hard to utilize, define the surrogate objective function:

ZWPt

This surrogate objective function is accurate up to the first
order, i.e.:

i

w»

IC(G, 00)

0 (s¢, at)] (14)

TN(I?UJTGO \P)

VoI (0)| = VoK(6;00)| (15)

0=00 =0o

PPO maximizes the surrogate objective function while
keeping the current policy 6 close to the driving policy 8y by
clipping the importance ratio. The corresponding objective

function can be written as:
. — o
Laip(®) = E [Cc(pi(6), A7) |

While using A™ directly in the PPO term has no bias, it
causes variance as a tradeoff. Therefore, we use a Generalized
Advantage Estimate (GAE) AGAE A with temporal-difference
residuals d;:

(16)

(5,5‘15) =71t + YV (st41) — Via(st) (17)
A?AE(X) Zw)\) Setl. (18)
1=0

The GAE estimators are now biased, but have smaller
variance compared to A™% . Using GAE, we finalize the PPO
objective function as:

Lero(f) = B {ce (pt(o),A?AEW)] (19)

B. Action Chunking PPO

Define the chunked importance sampling ratio as:
7o (st n—1]5¢)

ch
0) := .
pt’h( ) Weo(@t:t+h—1|8t)

Starting from [T12] we apply a h-step tower property:
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This formula is exact, regarding that all actions inside the
chunked are conditioned on the same state, independent of
each other. However, simply using the cumulative discounted
advantage Y 7' A(s,a) causes a high variance. Instead, we
define a chunked advantage:

A™% (St7 (lt:t+h71)
h—1
=3 ek F AV (s00) — V0 (s,).
k=0
Note that
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Using the chunked advantage, we can rewrite:
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The final ~ is exactly the approximation we make for the
surrogate objective function in [I4] For further reducing the
variance, we can replace the chunked advantage with GAE
estimates:

~
~

(Slhv alh:lh+h71)
TN(PUJTGO \P)

T—1
A T
A =" (k.

k=0
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