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Abstract— Achieving human-like dexterous manipulation
through the collaboration of multi-fingered hands with robotic
arms remains a longstanding challenge in robotics, primarily
due to the scarcity of high-quality demonstrations and the
complexity of high-dimensional action spaces. To address these
challenges, we propose FAR-Dex, a hierarchical framework that
integrates few-shot data augmentation with adaptive residual
refinement to enable robust and precise arm-hand coordination
in dexterous tasks. First, FAR-DexGen leverages the IsaacLab
simulator to generate diverse and physically-constrained trajec-
tories from a few demonstrations, providing a data foundation
for policy training. Second, FAR-DexRes introduces an adaptive
residual module that refines policies by combining multi-
step trajectory segments with observation features, thereby
enhancing accuracy and robustness in manipulation scenarios.
Experiments in both simulation and real-world demonstrate
that FAR-Dex improves data quality by 13.4% and task success
rates by 7% over state-of-the-art methods. It further achieves
over 80% success in real-world tasks, enabling fine-grained
dexterous manipulation with strong positional generalization.

I. INTRODUCTION

In recent years, imitation learning [1]-[3] has emerged
as the dominant approach for dexterous manipulation, as it
enables robots to acquire complex skills directly from human
demonstrations. Most existing methods [4], [5] focus on ei-
ther the robotic arm or the dexterous hand in isolation. How-
ever, achieving human-like dexterity requires the seamless in-
tegration of multi-fingered hands with robotic arms, yet such
coordination substantially increases the dimension of action
space, making unified control particularly challenging [6],
[7]. Moreover, the scarcity of high-quality demonstrations
and the lack of fine-grained hand—object interaction details
[81, [9] further hinder real-world deployment, underscoring
that both the quantity and quality of data are essential
for training robust and generalizable policies. Therefore,
addressing these challenges calls for the development of
new frameworks that can leverage limited demonstrations,
enhance system scalability, and enable reliable arm-hand
coordination in fine-grained manipulation tasks.
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Fig. 1: Overview of the proposed FAR-Dex. (a) FAR-DexGen:
demonstration trajectories are decomposed and transformed to gen-
erate large-scale synthetic data in the simulator. (b) FAR-DexRes:
spatio-temporal residual fine-tuning is applied to four dexterous
manipulation tasks. (c) Real-world validation: the trained policy
is directly deployed in physical environments.

To alleviate the scarcity of demonstration data, prior stud-
ies [10]-[12] have developed automated data augmentation
systems in simulation, where original trajectories are trans-
formed and extended to synthesize diverse datasets. However,
such methods often suffer from significant performance
degradation when transferred to real-world environments.
To mitigate this gap, DemoGen [13] incorporates real-world
point clouds to directly generate demonstrations in physical
settings, thereby reducing domain discrepancies. Nonethe-
less, its insufficient modeling of arm-hand coordination limits
its effectiveness in fine-grained manipulation tasks.

Beyond data augmentation, another line of research seeks
to improve the fine-grained performance of dexterous manip-
ulation through residual policy refinement. The central idea
is to employ online reinforcement learning (RL) to refine a
base policy via residual corrections [14], thereby enhancing
adaptability to complex environments. Some studies have
extended this approach to dexterous manipulation [5], [15],
[16], where dynamic error compensation during execution
improves stability. However, the lack of explicit spatio-
temporal modeling limits the precision and robustness of
these methods in long-horizon manipulation tasks.

To address these challenges, we propose FAR-Dex—a
hierarchical framework (Fig. 1) that integrates few-shot data
augmentation with adaptive residual refinement, achieving
both strong generalization across tasks and precise execution.
Unlike existing approaches [13], [14], FAR-Dex not only
synthesizes diverse, detailed 3D data from limited demon-
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strations to mitigate the scarcity of high-quality samples, but
also performs residual fine-tuning by incorporating multi-
step trajectory segments and observation features, thereby
enhancing the precision and robustness of arm—hand coordi-
nation. Extensive experiments in both simulation and real-
world settings demonstrate that, compared to state-of-the-art
methods, FAR-Dex improves data quality and task success
rates by 13.4% and 7%, respectively, and achieves over 80%
success in real-world execution, effectively bridging the gap
between limited demonstrations and practical deployment.
The main contributions of this paper are as follows:

« We propose FAR-Dex, a hierarchical framework that in-
tegrates few-shot data augmentation with adaptive resid-
ual refinement, enabling coordinated arm—hand dexter-
ous manipulation with robustness and high precision,
even from limited demonstrations.

« We propose a data generation system that mitigates the
scarcity of fine-grained hand—object interaction data by
synthesizing diverse, physically-constrained trajectories,
thus improving efficiency and scalability.

« We design an adaptive residual refinement module
that incorporates spatio-temporal adaptive weights to
dynamically regulate the residual corrections to the
base policy, achieving more fine-grained and robust
arm-hand coordinated control.

II. RELATED WORKS
A. Data Generation based on few demonstration

In robotic manipulation, data generation has emerged as
an effective means to reduce collection costs and enhance
policy generalization. Some approaches [17]-[19] leverage
reinforcement learning to increase data diversity in simula-
tion, but RL-generated behaviors often deviate from natural
human actions. The MimicGen family [10]-[12] synthesize
human-like data through trajectory slicing in simulation, yet
they lack fine-grained 3D interaction details, resulting in
significant errors when transferred to reality. Other studies
[20]-[22] attempt to use 3D reconstruction for high-fidelity
rendering to reduce the sim-to-real gap; however, these
methods are slow and limited to static grasping tasks, restrict-
ing their training applicability. DemoGen [13] introduces
point cloud data to accelerate generation and enrich contact
information, but the reliance on point cloud stitching leads
to visual mismatches and the absence of dynamic modeling,
making it unsuitable for fine-grained manipulation.

To overcome these limitations, we leverage trajectory
segmentation [12] and 3D recombination [13] to automate
data collection via demonstration replay in IsaacLab [23].
This approach ensures high data quality for policy training
while effectively minimizing domain gaps.

B. Residual Policy Learning

In robotic manipulation, residual policies [24] are often
employed to refine base policies online and mitigate er-
ror accumulation during inference. Policy Decorator [14]
achieves rapid fine-tuning by adding lightweight residuals
at the output layer, but its application remains confined to

simulation and neglects the varying residual requirements
across different task phases. Similar to this idea, ResiP
[16] deployed residual policies to high-precision assembly
tasks by applying residual corrections on baseline actions;
however, its use of a single scaling factor across the en-
tire action space limits applicability in high-DoF dexterous
manipulation. Further, ManipTrans [15] applied the residual
paradigm to multi-fingered dexterous hand control, yet its
heavy reliance on high-quality demonstrations and strict
alignment restricts its generalization in complex scenarios.

To address this, we develop an adaptive residual refine-
ment module that utilizes trajectory and temporal context
for phase-sensitive weighting. These dimensionally aligned
weights facilitate precise, fine-grained coordination between
the robotic arm and dexterous hand.

III. METHODS
A. Problem Formulation

The coordination of multi-fingered dexterous hands with
robotic arms faces two key challenges: (i) limited human
demonstrations are both scarce and lacking in detailed 3D
interaction information; and (ii) the high-dimensional action
space makes precise control in long-horizon tasks highly
challenging. To formulate these issues, we first collect a few
human demonstrations with a trajectory length of N:

Dy = {dt = (017at)}ﬁv:1|ch ()

d andy : .
where o, = (0],0™™ 0Pa"d) includes the scene point cloud

and arm-hand states, a, = (a®™,a™9) represents control
commands, and ¢, = {T;?1 Yo 7T}?K} denotes the initial poses
of K objects. The aim is to learn a joint policy #: 0 — A
with robust and precise arm—hand coordination across tasks.

To this end, we propose FAR-Dex, a hierarchical frame-
work. As illustrated in Fig. 2, FAR-DexGen expands the lim-
ited demonstrations into a large-scale dataset D, by applying
trajectory segmentation and simulation-based augmentation,
synthesizing training data that preserve physical constrain
and rich spatial information. Building on this, FAR-DexRes
introduces a residual refinement policy 7.5, which employs
an adaptive weighting mechanism to dynamically adjust
actions based on spatio-temporal states, thereby achieving
finer arm-hand control in long-horizon tasks.

B. FAR-DexGen: Data Generation Module

To enable scalable dexterous manipulation under limited
demonstrations, FAR-DexGen expands few human demon-
strations into a large-scale set of physically feasible trajec-
tories while preserving visual consistency and fine-grained
interaction details. This module primarily addresses two
challenges: (i) capturing hand—object spatial interaction in-
formation, and (ii) reducing the sim-to-real transfer gap.

1) Action Sequence Parsing: In dexterous manipulation,
raw demonstrations are often unsuitable for direct policy
learning due to noise and uncontrolled environments. To
reduce real-to-sim transfer errors, we adjust the physical
parameters of the simulation environment to ensure stable
replay of the action sequences A, = {a1,a2,...,an | c;} from
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(a) FAR-DexGen: Data Generation Module

Few-shot Demonstrated data 100x Generated Data

Simulation [§
Setup

conimaney ()

Dynamic

e Constraint

Space-Trajectory
Adaptation

‘emporal Feature Residual

Adaptation

Arm Actioneight | Hand Action weight

» Embed —»

Cross-Attention Block

Sumppaquig
sdajg-oumn

Value

|

+=>

Query |

Online RL Simulation  Real-Word :_(a_u o) )
] 1
.- 7 |
- s .,

Total Action

(b) Base Policy Training

Replay Action Data from Tasks

Joint Command of Hand and Arm

7’ \ r:>>
! N g ﬁ | Training
g 5 | = ‘ Data
| 5 —— b =T )
: P % * 5 | Collect data &=~
| - d ] ! =
| [l o Robot State Point Cloud _gegm N
| i g = D,
' = - | g 3 reat
e - Sy 21
e 7 b H [ — | ‘ +
3 g : - g
! - ] E - L] Doyuin
! |
1 1

Observation Features

Pyramid Extraction
™

Trajectory with Distinct Interaction Modes Robot State

i)

PointCloud

Execution Performance

1
[ET IR T ¢ sy — i

Consistent

Model ODE

j
(@n—kyto— k) < Sover———-

Fig. 2: FAR-Dex framework pipeline. (a) Few demonstrations D;, are segmented and augmented via spatial transformations in IsaacLab
to form a large-scale dataset Dg. (b) The combined data are encoded with a pyramid convolutional network, where a consistency model
distills the denoising network of 7y, to accelerate inference (c) Building on ay,ee from m,,¢., FAR-DexRes integrates multi-step trajectory
embedding and observation features to generate adaptive weights o for spatio-temporal residual refinement in dexterous manipulation.

Dy,. Since treating the entire trajectory as unified whole
makes it difficult to balance global generalization with local
precision, we draw inspiration from prior works [12], [13]
and introduce a trajectory segmentation mechanism, dividing
trajectories into motion segments and skill segments.

o Motion segments: The process in which the robot adjusts

its pose and approaches the object from free space.

o Skill segments: The execution of fine-grained actions,

including pre-grasping, contact, and manipulation.

In practice, we compute the distance between the geomet-
ric center of the object point cloud and the dexterous hand.
When this distance falls below a predefined threshold, the
corresponding trajectory segment are marked as Skill seg-
ments. Trajectory segments located between adjacent skill
segments are classified as Motion segments. Consequently,
the action sequence is parsed into an alternating structure of
motion and skill phases:

2

where T = {fstart, fstart+15 - - - s fend—1,%end } TEpresents a set of
multiple time steps, ;" and 7} correspond to the motion
segment of approaching the k-th object and the skill segment
of interacting with the k-th object, respectively. This parsing
mechanism enables simultaneous preservation of global spa-
tial generalization and local interaction precision.

2) Action Synthesis: After parsing, FAR-DexGen gener-
ates diverse trajectories by varying the initial object poses
while maintaining a fixed initial robot configuration. Inspired
by DemoGen [13], such pose variations not only alter the
end-effector configurations within skill segments but also
propagate to adjacent motion segments, thereby constructing
a wide range of differentiated action trajectories within the
robot’s reachable workspace.

To ensure physical feasibility, arm joint angles are

Ay ={alt",al7i],....altg], altg]|co}

mapped to end-effector poses via forward kinematics: "™ =
FK(J*™). The corresponding object pose transformation Ac
(from initial ¢; to target c;) is uniformly sampled at 5 cm
intervals across all tasks. This systematic sampling ensures
unbiased spatial coverage during data generation,enhancing
the framework’s generalization across the workspace.

Fig. 3 illustrates this process and the resulting generated
trajectories. The transformation directly affects both arm and
hand execution. As the two components serve distinct roles
across trajectory segments, we model them separately during
synthesis, as detailed below:

Robotic Arm: For skill segment ‘L‘,f, the end-effector
poses P*™[7}] are adjusted by Ac, and converted into the
corresponding joint angles 4*™[t;] are obtained through
inverse kinematics:

@™ (] = IK(P"™[5]] - Ac) )

For motion segments 7', motion planning [25], [26]
is used to smoothly connect the end-effector pose of the
previous skill segment and the initial pose of the next one,
which are then converted into joint angles:

~arm

a*™[1"] = IK(MotionPlan(P*™ 7 [—1],P* ™1}, [0])) (4)

Dexterous Hand: In contrast, the dexterous hand primar-
ily handles contact and manipulation and is less sensitive
to spatial perturbations. Thus, its actions remain identical to
those in the original demonstrations:

él\hand [ i] — Jhand [l]

(&)

Finally, we combine the transformations of the robotic arm
and dexterous hand to obtain the complete synthesized action
sequence A; under the new initial configuration c;:

= {(@™[e"],a"™[x"), .., (@*"[zk], @™ [gk)lei} (6)

. m S m )
) 16{71771,...,1'[(,7[(}
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Fig. 3: Data generation pipeline. Demonstration trajectories are
illustrated using a top view, where transformations of the initial
object pose Ac; induce corresponding variations across different
trajectory segments. These trajectories are then deployed in the
simulation environment to collect data.

arm hand

where both @*™ and a are represented by joint angles.
Using joint-angle representation preserves true robot motion
states, enabling high-fidelity simulation replay and direct
deployment in training.

3) Data Collection in Simulation Environment: After ob-
taining the synthetic action sequences Aﬁl under different
configurations ¢; from (6), we deploy them in the IsaacLab
simulator [23] to replay action trajectories and collect ob-
servation—action pairs Dy = {d; = (0;,a;)}"_,|c;. Unlike De-
moGen’s offline stitching [13], our online synthesis captures
dynamic spatial interactions, including precise finger-object
alignment and relative pose variations. This physics-aware
process implicitly encodes critical contact constraints and
ensures viewpoint consistency, providing the policy with a
robust representation of the hand-object interaction state.

To further reduce sim-to-real transfer errors, point clouds
are transformed into the robot arm coordinate frame and
robustly aligned through cropping, clustering, and sampling
[27]. Domain randomization is applied by injecting Gaussian
noise into the observations to improve robustness against
sensing errors and environmental disturbances. In addition,
the built-in collision detection of IsaacLab ensures the phys-
ical feasibility of the trajectories.

Finally, task-specific functions are employed to filter out
failed trajectories, resulting in a training dataset D = D, UD,
that preserves both visual consistency and dynamic feasibil-
ity, providing a reliable foundation for policy training.

C. FAR-DexRes: Residual Refinement Module

To enhance online dexterous manipulation performance,
FAR-DexRes incorporates a residual refinement module
that simultaneously improves inference efficiency and fine-
grained control. Its design centers on two components: (i)
training the base policy with a consistency model to reduce
inference latency, and (ii) an adaptive residual policy for
dynamic error correction in long-horizon tasks.

1) Base Policy Training with Consistency Models:
Through FAR-DexGen, we construct a training dataset D =
D, UD, that ensures both spatial consistency and dynamic
feasibility, and use it to train the base policy 7Mpase Within
the DP3 [3] framework. While DP3 is capable of generating

high-quality action sequences, it requires O(K) sampling
steps when processing high-dimensional point clouds and
complex interactions, resulting in excessive inference over-
head that often leads to latency and instability in long-
horizon arm—hand coordination tasks.

To mitigate this, FAR-DexRes incorporates a consistency
model [28], [29] inspired by ManiCM [30], distilling the
multi-step DP3 denoising into a single-step predictor to
enforce consistency across noise scales. Given a clean action
sequence a € RT*“, a noisy sample 4, at scale n is obtained
following DDIM [31], and the teacher model denoises it
through a K-step ODE solver ®(-) to produce d, .

Since d, and d,_; are consistent on the low-dimensional
action manifold, the consistency network gy is distilled to
minimize cross-scale prediction discrepancies by learning
from the teacher’s noise prediction model gg- with the
following loss:

Zem(8) =B |26 (@it t) — 8o (@nsta) |3 (D)

This enforces consistent predictions across noise levels
and constrains the action distribution on the low-dimensional
manifold. At inference, the model only requires the observa-
tion o, to generate a high-quality action dy in a single step:

as = go(fp(or),t; = 0) (®)

where fy(-) is the observation encoder. To enhance point
cloud representation, we replace the MLP in DP3 with a
four-stage recursive PointNet encoder. Each stage integrates
PointWise convolutions with global-local feature aggrega-
tion via ReLU activation, distilling geometric information
into a 128-dimensional embedding. This hierarchical design
captures both local geometric details and global context,
enabling efficient real-time dexterous manipulation with re-
duced inference latency.

2) Adaptive Residual Policy Refinement: Although the
consistency-distilled 7y,se from (7) can rapidly generate
control actions ap.se in mMost cases, its training relies solely
on offline data and lacks critical contact details from online
interaction. During real execution, this deficiency often pre-
vents timely correction of out-of-distribution states, leading
to the gradual accumulation of prediction errors. To address
this issue, we introduce a residual policy 7.5, which dynam-
ically adjusts control signals through online reinforcement
learning. This design preserves global smoothness while
enabling fine-grained corrections during contact phases.

To ensure the residual policy adaptively corrects phase-
specific errors, we design a cross-attention weighting net-
work. Specifically, we utilize a temporal horizon of H steps
to capture multi-step features, where the corresponding H-
step observation sequence ®,,s and trajectory embeddings
Ey,j serve as the key K and value V, respectively. As
shown in Fig. 2-c, the base action apase; 1S projected as the
query Q to interact with these features. To preserve temporal
context, learnable positional embeddings are added before
applying Layer Normalization. The process yields element-
wise weights o; via a Sigmoid-activated linear layer:
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Fig. 4: Demonstration Data Collection System in the Real World.

O = MultiAttn(Q = Qpase,, K,V = {Etraqu)obs}) 9

where o, € R from (9) is strictly aligned with the action
space, enabling each action component to receive an inde-
pendent residual weight modulation. The total action aioal
can thus be expressed as:

(10)

Trained via PPO [32], m.s employs a warm-start strategy
[14] to ensure stability. By generating adaptive residual
action ares; to refine the base action apyge; from Mpgee, FAR-
DexRes significantly improves dexterous manipulation in
complex, long-horizon tasks and real-world scenarios.

Qtotal,t = dbase,t + Ot © Ares s

IV. EXPERIMENTS

We conduct comprehensive experiments in both simulation
and real-world to investigate the following questions:

« What advantages does our method offer in data gener-
ation compared to existing approaches?(Sec.IV-B)

« How does the adaptive residual policy improve perfor-
mance in dexterous manipulation tasks? (Sec.IV-C,D)

o How are adaptive residual weights o; distributed in
arm-hand coordinated control? (Sec.IV-E)

o As a real2sim2real framework, how do the two transfer
stages affect performance in real tasks? (Sec.IV-F)

A. Experimental Setup

1) Robot Data Collection System: As shown in Fig. 4,
the experimental setup consists of a 7-DoF Realman Gen72
robotic arm, a 10-DoF Casbot POS dexterous hand, and an
Intel RealSense L515 RGB-D camera for capturing scene
point cloud. Demonstrations are collected using a 3D Space-
Mouse for precise end-effector control, while finger joint
angles measured by a teleoperation data glove are mapped to
the dexterous hand for natural teleoperation. For each task,
two expert demonstrations are recorded at 20 Hz to ensure
the capture of fine-grained motion details.

2) Parameter settings: In the training configuration, the
trajectory segmentation threshold is set to 0.1m to distinguish
motion and skill segments. The temporal length H is fixed
at 8 steps to capture multi-step features. For RL fine-tuning,

TABLE I: Comparison of different data generation methods

Method ‘ Generation Time (7;) Generation Quality (1)
MimiGen [10] 8.3ms 68.3%
DemoGen [13] 9.1ms 74.5%
FAR-DexGen (Ours) 10.3ms 87.9%

all tasks employ sparse rewards defined by target proximity,
object lifting height, and hand—object distance. The cross-
attention block is implemented with a single layer. All
network training and inference are executed on an Intel i9-
14700K CPU and a NVIDIA RTX 4090D GPU.

3) Task Design: To comprehensively evaluate perfor-
mance in complex contact and fine-grained manipulation, we
design four dexterous tasks, each capped at 1500 steps. As
shown in Fig.1-b, these tasks require the dexterous hand to
complete precise interactions under different contact modes:

« Insert Cylinder: Hold a cylindrical object and insert it
into a narrow hole, which requires spatial alignment.

« Pinch Pen: Retrieve a pen from a pen holder using a
thumb—index pinch, which is sensitive to pose errors.

« Grasp Handle: Grasp and slightly rotate a kettle handle,
which demands continuous finger joint adjustment.

« Move card: Move a card to another tabletop using a lat-
eral thumb—index pinch, needing precise coordination.

4) Baselines: In the data generation stage, we compare
FAR-DexGen with MimicGen [10] and DemoGen [13] to
evaluate differences in synthesis efficiency and data quality.
In the policy execution stage, FAR-DexRes is benchmarked
against several mainstream baselines, including ACT+3D
[1], DP3 [3], ManiCM [30], IDP3 [33], FlowPolicy [34],
and ResiP [16]. The first five methods belong to end-to-
end imitation learning paradigms, while ResiP combines
imitation learning with reinforcement learning refinement.
To ensure fairness in comparison, we implement ResiP with
its base policy replaced by DP3 instead of DP.

5) Evaluation metrics: At the data generation level, we
evaluate efficiency and quality using two metrics: time per
trajectory generation 7, and generation quality 1,. At the
policy execution level, we adopt task success rate 1, and
per-step inference time 75 as evaluation criteria.

B. Data Generation Performance

In the data generation evaluation, we compare FAR-
DexGen with MimicGen and DemoGen. For the Insert-
Cylinder task, 100 trajectories are first generated, with the
average generation time per trajectory 7T, serving as the
efficiency metric. To evaluate the data generation quality,
we train a unified DP3 baseline individually on the datasets
produced by each candidate method. The task success rates
of these resulting models are recorded as an indirect proxy to
quantify the quality of the underlying data generation (1),).

As shown in Table I, MimicGen achieves the fastest gen-
eration speed, followed by DemoGen, while FAR-DexGen
requires slightly more time due to point cloud alignment
and joint angle conversion. However, the gap with the fastest
method is only 2 ms, demonstrating strong competitiveness.
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TABLE II: Overall Performance Comparison with Baseline Methods in Simulation.

Methods Task Success Rate 17, 1 Per-step Interference time 7y |
Insert Cylinder  Pinch Pen  Grasp Handle Move Card | Insert Cylinder Pinch Pen  Grasp Handle = Move Card
ACT+3D [1] 23% 25% 46% 34% 4.5ms 4.6ms 4.5ms 4.3ms
DP3 [3] 83% 77% 80% 53% 29.1ms 31.5ms 29.8ms 29.6ms
ManiCM [30] 24% 22% 54% 45% 4.4ms 4.8ms 5.2ms 5.5ms
IDP3 [33] 80% 68% 73% 86% 31.6ms 32ms 31.7ms 32.4ms
Flow Policy [34] 25% 48% 43% 47% 3.2ms 3.7ms 3.3ms 3.6ms
ResiP [16] 85% 79% 80% 87% 29.3ms 32.5ms 31.9ms 30.2ms
FAR-DexRes (Ours) 93% 83% 88% 95% 3.0ms 4.3ms 3.8ms 4.3ms
4 3 TABLE III: Ablation Study of the RL Components.
—9 I ? atl »
? - § "w _: \ ‘ : Ablation Insert Pinch  Grasp Move
i Resip FlowPolicy ManiCM w/o RL 86% 65% 72% 73%
: w/o Traj-Embed. 82% 58% 69% 80%
; > @ 3 w/o Obs-Feat, 86% 8% A%  82%
A wlo Time-steps 87%  15%  70%  86%
FAR-DexRes (Ours) | 93% 83% 88% 95%
FAR-Dex (Ours) 1 ACT+3D DP3 IDP3

Fig. 5: Visualization of object interactions in simulation, compared
with typical failure cases from existing methods

In terms of quality, by incorporating fine-grained hand—object
interaction details and physical constraints, FAR-DexGen
significantly improves data generation quality, yielding suc-
cess rates 19.6% and 13.4% higher than MimicGen and De-
moGen, respectively, thereby demonstrating clear advantages
in both efficiency and quality.

C. Policy Performance in Simulation

In simulation, we construct four dexterous manipulation
tasks, and evaluate each method by executing 100 trials per
task in simulation. At each reset, the planar position of the
object is randomly perturbed by 1 cm. The evaluation metrics
include task success rate 1), and per-step inference speed 7.

1) Success Rate Comparison: As shown in the left panel
of Table II, FAR-DexRes achieves over 83% success across
all four tasks, with Insert and Move reaching 93% and 95%,
respectively, representing an average improvement of 7%
over the best baseline, ResiP. Fig. 5 further illustrates its su-
perior stability and coherence during hand—object contact. In
comparison, ACT+3D struggles to generate smooth actions,
DP3 and IDP3 lack fine-grained coordination, ManiCM and
FlowPolicy often suffer from premature finger closure in
high-dimensional action spaces, and ResiP, while benefiting
from RL-based refinement to improve interaction details,
remains limited by its uniform residual scaling, which cannot
flexibly generate multi-DoF actions.

By contrast, FAR-DexRes incorporates trajectory seg-
mentation and temporal information, and outputs adaptive
residual weights aligned with the dimensionality of the
action space, enabling dynamic coordination between the
robotic arm and multi-fingered hand across different task
phases. This mechanism ensures stability in long-horizon
complex tasks while achieving greater precision in fine-
grained manipulation, leading to superior performance across
all four tasks.

2) Inference Speed Comparison: The right panel of Table
IT presents the per-step inference time of different meth-
ods across the four tasks. DP3, IDP3, and ResiP require
multi-step denoising iterations with large conditional U-
Nets [35], resulting in an average of about 30 ms per step.
ACT+3D incurs its primary overhead from the Transformer
encoder—decoder structure, remaining stable at around 5 ms.
ManiCM and FlowPolicy compress multi-step denoising into
single-step inference through consistency distillation [28]
and flow matching [36], achieving the fastest speed in some
tasks but with limited overall success rates.

In contrast, FAR-DexRes employs consistency distillation
together with efficient convolutional feature extraction and a
lightweight spatio-temporal adaptive module, keeping over-
head below 0.03 ms, which is negligible. Although not the
fastest in every task, it consistently maintains an inference
time around 3.8 ms while achieving the highest success rates
across all four tasks, demonstrating the best balance between
accuracy and speed. This level of latency also meets real-
world deployment requirements, ensuring reliable control.

D. Ablation Study

To further assess the contribution of RL-based refinement,
we conduct an ablation study on its individual components.
As shown in Table III, removing RL refinement leads to an
overall drop in success rates across all four tasks, indicat-
ing that RL refinement effectively supplements fine-grained
interaction information.

Additional ablations highlight the critical role of trajectory
segmentation and temporal modeling in dexterous manipula-
tion. For two-finger coordination tasks such as Pinch Pen and
Move Card, removing trajectory embedding reduces success
rates by 25% and 15%, respectively. For Insert Cylinder
and Grasp Handle tasks, incorporating observation features
improves success rates by 7% and 14%. Notably, in the
absence of trajectory embedding, even with RL refinement,
performance falls below that of a direct visuomotor policy,
suggesting that sparse rewards alone are insufficient to sup-
port fine-grained interactions.
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Fig. 6: Residual Weight Variation Curves, where the Hand and Arm
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Fig. 7: Position Generalization Success Rate Curves. As the degree
of randomization increases, we record the task success rates of FAR-
DexRes(Ours), DP3 [3], and ResiP [16].

E. Robustness Analysis

1) Residual Weight Analysis: The previous ablation study
confirmed the critical role of trajectory embedding in dex-
terous manipulation. To further investigate their underlying
mechanism, we analyze the temporal evolution of adaptive
residual weights in the Grasp Handle task. Specifically, the
residual weights o, € R'*!7 are divided into arm weights
o™ ¢ R™7 and hand weights of* € R10 and their
averages are recorded over time, as illustrated in Fig. 6.

The results indicate that 6™ and 6*"¢ apply distinct ad-
justments to the robotic arm and dexterous hand at the same
time step. During the initial motion phase, the residual policy
dominates: 6™ becomes negative to constrain deviations in
arm motion, while 674" is positive to guide the hand into a
pre-grasp state. As the interaction skill phase begins, both
weights gradually approach zero, indicating that the base
policy assumes control while the residual policy provides
only fine-grained corrections to ensure stable and precise
contact. This dynamic pattern is consistently reproduced in
subsequent motion and skill phases.

These findings demonstrate that residual weights with
trajectory embeddings allow flexible allocation of arm—hand
coordination across different stages: actively correcting devi-
ations in motion segments and maintaining fine-grained con-
trol in skill segments. This mechanism substantially enhances
both the stability and precision of dexterous manipulation.

2) Positional Generalization Analysis: However, relying
solely on the dynamic adjustment of trajectory segments is
insufficient to demonstrate robustness in diverse scenarios.
To further validate the positional generalization capability of

TABLE 1V: Performance of FAR-DexRes in the Real World.

Method Insert Pinch  Grasp Move
ACT+3D [1] 20% 0% 40% 25%
DP3 [3] 65% 70% 70% 45%
ManiCM [30] 20% 0% 35% 40%
IDP3 [33] 75% 65% 65% 80%
FlowPolicy [34] 25% 10% 35% 40%
ResiP [16] 80% 70% 75% 80%
FAR-DexRes (Ours) | 85% 80% 80% 90%
Task Progress

Grasp Handle Pinch Pen Insert Cylinder

Move Card

Fig. 8: Real-World Validation

FAR-DexRes, we introduced random perturbations of 1-5
cm in the x—y directions to the initial object poses across
four tasks, generating 100 trajectories for testing under each
setting. As shown in Fig. 7, FAR-DexRes maintained success
rates above 55% even under extreme perturbations of 5 cm,
significantly outperforming ResiP and DP3. These results
indicate that, by leveraging multi-steps trajectory embed-
ding and observation feature extraction, FAR-DexRes can
establish correct correspondences even when test conditions
deviate from the training distribution, thereby exhibiting
stronger positional generalization and robustness.

E. Real-World Validation

After completing the simulation experiments, we deployed
the trained policies to real-world settings and conducted 20
trials for each task. Due to sensing delays and environmental
disturbances, all methods exhibited slightly lower success
rates in reality compared to simulation. As shown in Table
IV, our approach achieved success rates exceeding 80%
across all tasks, consistently outperforming the baselines,
with improvements of 10% over ResiP in the Pinch and
Move tasks. Furthermore, as illustrated in Fig. 8, our method
demonstrated more stable and precise performance in both
five-finger grasping and two-finger pinching scenarios.

V. CONCLUSION AND LIMITATION

This work presents FAR-Dex, a framework that integrates
efficient data augmentation with adaptive residual refinement
for dexterous manipulation. Experimental results show that
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FAR-Dex outperforms existing methods in both data quality
and task success rates. Further analysis verifies that FAR-Dex
adaptively adjusts individual arm—hand action components
by introducing spatio-temporal features, enabling higher pre-
cision control and positional generalization. Real-world ex-
periments further validate its potential for handling complex
multi-finger manipulation tasks under few-shot conditions.

Despite its success, FAR-Dex faces high simulation costs
and the inherent limitations of domain randomization in
bridging the sim-to-real gap. Future work will focus on
integrating 3D rendering and efficient data collection to
reduce transfer errors. Additionally, incorporating force and
tactile sensing will be essential to enhance precision and
robustness in complex manipulation.
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