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Abstract

In this report, we introduce the method proposed for the
Dexterous HO Tracker challenge in HANDS@ICCV2025.
The challenge aims to transfer human-recorded hand-object
interaction (HOI) motion capture sequences to dexterous
robotic hands in simulation. To overcome the limitations
and high learning difficulty of a single policy network, as
used in the baseline ManipTrans, we employ a Mixture of
Experts (MoE) architecture. Specifically, our model com-
prises 4 sparse experts and 1 shared expert. A router net-
work is designed to process the current observation to ac-
tivate 1 sparse expert, enabling different experts to special-
ize in specific observations and decomposing the complex
problem into more specialized sub-problems. On official
evaluation sequences, our method achieves a success rate of
76.2% on single-hand tasks and 52.8% on bimanual tasks,
securing the first place in the challenge.

1. Introduction

The field of embodied Al has developed rapidly in recent
years. Recognizing that human hands are a primary medium
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Figure 1. Our main framework follows the baseline method Ma-
nipTrans, which decomposes the transfer task into two stages.
Compared with ManipTrans, we use the Mixture of Residual Ex-
perts instead of the single policy network in the second stage.

for interaction with the physical world, many current stud-
ies [1] now focus on dexterous robotic hand manipulation.
This growing research trend has, in turn, created a signif-
icant demand for large-scale, high-precision datasets that
capture human-like dexterous manipulations. While some
studies rely on reinforcement learning (RL) [9] or teleoper-
ation [3] to generate dexterous manipulation sequences, an
alternative choice is to transfer human motion capture data
to dexterous robotic hands via imitation learning [6, 7]. The
latter methods show significant promise, driven by the in-
creasing availability of hand motion capture datasets and
advances in hand pose estimation technology [4, 5].

ManipTrans [6] is a powerful method for efficiently
transferring human bimanual skills to simulated dexterous



robotic hands, adopting a two-stage process. The first stage
involves pre-training a robust generalist hand imitator using
only hand trajectories. This imitator learns to accurately
mimic human finger motions with resilience to noise and
provides the initial actions. In the subsequent fine-tuning
stage, the hand imitator is frozen and a residual policy net-
work is trained. This network takes joint hand-object obser-
vations as input to learn interaction dynamics and outputs
residual actions to refine the initial actions.

Although this two-stage approach partially alleviates the
difficulty of learning complex hand-object interaction pat-
terns, we believe that a single policy network still strug-
gles to handle the full spectrum of complex observations.
Therefore, we introduce the core of our solution: a Mixture
of Residual Experts (MoRE). This architecture decomposes
the complex policy learning task into more specialized sub-
problems, thereby alleviating the overall learning difficulty.
Ultimately, our approach proves to be effective, securing
first place in the Dexterous HO Tracker challenge.

2. Method

Our main pipline is shown in Fig. 1, which is mainly based
on ManipTrans. We use the pre-trained hand imitator pro-
vided by ManipTrans and focus on learning the residual ac-
tion in the second stage. Specifically, we design a Mixture
of residual experts structure to replace the original single
policy network, to alleviate its learning difficulty.

The structure of MoRE is shown in Fig. 2, which in-
cludes 4 sparse experts Ej, where k € [0, 3] denotes the
expert id, 1 shared expert Fspqreq, and a router network
that is designed to process the current observation to acti-
vate 1 sparse expert, enabling different experts to specialize
in specific observations. The input of MoRE is the same as
that of ManipTrans, denoted as obs, which is first fed into
an obs encoder composed of MLP to extract the observation
features fops:

fobs = encoder(obs). (1)

Then, the observation features are fed into the router net-
work to generate the activation weights wy, for each sparse
expert:

wy, = router(fops)- 2)

To ensure sparse expert activation and that only the most
relevant Top-K experts contribute to the output, the weights
of experts outside the Top-K are set to zero:

, wy, ifwy, € TopK (w)
B 0, otherwise ’

3)

The module’s output y is calculated as the weighted sum
over all outputs of activated experts and the shared expert:

3
Yy = Z wfc . Ek(ﬂ?) + EshaTed('r)y 4)
k=0
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Figure 2. The structure of Mixture of Residual Experts. It con-
tains 1 shared expert and 4 sparse experts, which are activated by
a router network driven by the observations.

x = concat(fops, ai), &)

where a; denotes the initial action generated by the hand
imitator in the first stage. Finally, we use an action head to
predict the distribution mean of the residual action Aa and
a value head to predict the value.

To maintain the load balance among experts and prevent
expert degradation, we use a load balancing loss introduced
by [2]. In addition, we also penalize the routing entropy of
samples to enhance the determinism of the routing network:

N
Lentropy =-A Z wnlog(wn)v (6)

n=1

where w,, denotes the activation weights of each sample.

3. Experiment

Our training strategy mainly follows ManipTrans. We train
the MoRE using the Actor-Critic PPO algorithm [8], with
a training horizon of 32 frames, a minibatch size of 2048
and 1000 epochs on the official evaluation samples, which
contain 36 single-hand tasks and 39 bimanual tasks. All
experiments are conducted in Isaac Gym, simulating 6144
environments on an NVIDIA RTX 3090 GPU. Optimization
employs Adam with an initial learning rate of 5 x 10~* and
a decay scheduler.

E() E() E;(I) Ep(l)  SR(M)

Left 8.702  0.220 1.762 1.026 0.852
Right 9.807 0323  2.429 1.650 0.731
Bimanual 9.470 0.728  2.486 1.626 0.528

Overall 9.498  0.490 2.360 1.550  0.762/0.528

Table 1. Performance on HANDS @ICCV?2025 HO-Tracker chal-
lenge evaluation sequences.
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Figure 3. The expert activation patterns in our MoE architecture.
It can be seen that: (1) The experts are used relatively evenly over-
all. (2) The activated experts correspond to higher scores, showing
that the router makes confident selections. (3) Each expert focuses
on similar types of observations, and different experts handle dif-
ferent states, highlighting their specialization.

We conduct our experiments on HANDS @ICCV2025
HO-Tracker challenge evaluation sequences. The results
are shown in Table 1. It can be observed that our method
achieves a success rate of 76.2% on single-hand tasks and
52.8% on bimanual tasks, which exceeds the official base-
line and proves the effectiveness of our method.

We also further visualize and analyze the expert activa-
tion patterns on the sequence 39e5e@5, as shown in Fig. 3.
This analysis yields three key observations. First, the uti-
lization of each expert is relatively even across the rollout
steps, demonstrating that our load balancing loss effectively
prevents expert degradation. Secondly, the activated ex-
perts consistently correspond to higher weights, indicating
that the router network selects experts with high confidence.
This behavior, reinforced by our entropy penalty, aligns
with the characteristics of PPO’s online learning, where the
model progressively learns a more deterministic and suc-
cessful strategy. Finally, the visualization confirms the core
hypothesis of our method: each expert focuses on similar
types of observations, while different experts specialize in
handling distinct states, highlighting their specialization.

4. Conclusion

In this report, we present our solution for the Dexterous HO
Tracker challenge. We replace the baseline’s single policy
with a Mixture of Residual Experts to better handle com-
plex HOI dynamics, decomposing the task and enabling ex-
perts to specialize in different observations. Our approach
achieves 76.2% (single-hand) and 52.8% (bimanual) suc-
cess rates. The Analysis confirmed MoRE’s effectiveness,
showing both expert specialization and balanced utilization.

A primary limitation is the significant performance gap
between single-hand and bimanual tasks. This discrepancy

is because our MoRE is a general framework designed to
decompose observations and lacks specialized designs to
address the unique complexities of bimanual coordination.
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