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Figure 1: HiFun is a hierarchical framework for functional dexterous manipulation. It learns
contact-aware skills and arm-hand coordination across precise tool-use (A,E), contact-rich rotational
manipulation (D), and constrained-space manipulation (B,C,F), achieving 98.3% average success on
six real-world tasks with two dexterous hands within one hour of online training.

Abstract:1

While multi-fingered dexterous robot hands have the potential to provide human-2

level dexterity, using them for functional manipulation remains difficult because3

task success depends on precise contact, coordinated arm-hand motion, and re-4

active recovery from execution errors. Precise contact depends on complex con-5

tact dynamics that are difficult to model accurately in simulation, motivating real-6

world learning. However, real-world demonstrations in the full arm-hand control7

space are costly and noisy because each trajectory must coordinate arm motion8

with high-DoF multi-finger contact. Small execution deviations can further cause9

slipped contact or premature force application, making recovery from off-nominal10

contact states important for robust execution. To deal with these challenges, we11

propose HiFun, a hierarchical real-world RL framework for functional dexterous12

manipulation tasks. Our key insight is to decouple the control complexity into13

a functional hand skill for precise contact execution and an arm-hand coordina-14

tion policy for arm control and hand-skill activation. This design enables effec-15

tive real-time human intervention for reactive recovery learning and efficient data16

collection with Dynamic Movement Primitive (DMP) augmentation. Across six17

real-world tasks on two dexterous hands, HiFun achieves 98.3% average success18

within one hour of online training and remains robust to dynamic disturbances.19

Keywords: Dexterous Manipulation, Real-world Reinforcement Learning20

1 Introduction21

Functional dexterous manipulation is central for robot applications from factories to homes. We22

study this setting through representative tasks in precise tool use, contact-rich rotation, and23

constrained-space manipulation. For example, Thin-Handle Tool Retrieval (Fig. 1C) requires ex-24

tracting a foam-embedded handle through a narrow opening where direct grasping is blocked. The25
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robot must place fingertip contact on the exposed handle, coordinate arm motion with multi-finger26

levering to create access, and form a precision grasp without losing contact. Small contact errors27

can cause slipping, trapping, or collisions with the opening. These stages require precise contact,28

high-DoF arm-hand coordination, and recovery from contact errors, making functional dexterous29

manipulation challenging to learn and execute.30

Specifically, precise contact requires the robot to place fingertips on task-relevant regions and reg-31

ulate force as local contact changes. High-DoF arm-hand coordination requires arm motion, multi-32

finger contact, and contact timing to be synchronized within one execution sequence. Because fine-33

grained contact tasks are sensitive to small deviations, policies must recover from slipped contact,34

missed insertion, partial progress, or premature force application rather than only reproduce nominal35

successful trajectories.36

Existing learning routes have made substantial progress, but these challenges remain only partially37

addressed for functional dexterity. Precise contact can be explored at scale in simulation, enabling38

robust dexterous manipulation performance [1, 2, 3, 4, 5, 6]. However, sim-to-real transfer is diffi-39

cult for functional manipulation due to its intricate contact dynamics. High-DoF arm-hand behaviors40

can be represented by imitation learning (IL) and pretrained visuomotor policies from demonstra-41

tions and robot datasets [7, 8, 9, 10, 11, 12]. However, collecting real-world demonstrations for42

functional dexterity remains costly and noisy because each trajectory must jointly specify arm mo-43

tion, multi-finger contact, and contact timing, which are difficult for an operator to perform at the44

same time, especially considering the embodiment gap between human and robotic hands [13, 14].45

Furthermore, these demonstrations usually focus on successful cases, providing limited evidence for46

recovery after failures. Recovery from execution errors can be improved by real-world RL from on-47

line physical outcomes [15, 16, 17], but direct exploration and human correction in the full arm-hand48

action space are inefficient for learning reactive recovery.49

To address these limitations, we propose HiFun, a hierarchical real-world RL framework for func-50

tional dexterous manipulation. For fine-grained finger control and precise contact execution, HiFun51

adapts kinesthetic hand-motion priors with residual RL and real contact feedback, producing func-52

tional hand skills grounded in physical interaction. To improve exploration efficiency in high-DoF53

arm-hand coordination, HiFun freezes the hand skills as action primitives and trains a coordination54

policy over arm motion and skill activation, with DMP-augmented rollouts providing initial cov-55

erage. During online fine-tuning, human corrections are provided through the hand-skill interface56

to make interventions more consistent and effective, while a multi-head critic improves temporal57

coordination and intervention advantage weighting (IAW) prioritizes useful corrections for reac-58

tive recovery. Together, this factorization reduces the burden of full arm-hand demonstrations, ex-59

ploration, and correction, enabling reliable functional dexterous manipulation with efficient online60

training. We evaluate HiFun on six functional dexterous tasks across two dexterous hands, as shown61

in Fig. 1. HiFun achieves 98.3% average success within one hour of online training, outperforms IL62

and flat human-in-the-loop RL baselines, and remains robust to disturbances, while ablations verify63

the contributions of the hand-skill and coordination components.64

In summary, our contributions are: (1) a hierarchical real-world RL framework that decouples high-65

DoF arm-hand control into functional hand-skill learning and skill-conditioned coordination, en-66

abling efficient real-world learning of functional dexterous tasks; (2) residual-RL hand-skill learn-67

ing that adapts kinesthetic priors with real contact feedback for fine-grained contact execution; (3)68

skill-conditioned coordination that uses hand skills as action primitives, DMP-augmented rollouts69

for efficient initial coverage, a multi-head critic for temporal coordination of arm motion and hand70

activation, and IAW for sample-efficient online recovery learning.71

2 Related Work72

Dexterous Manipulation. Model-based control plans stable dexterous grasps from explicit ob-73

ject and contact models [18, 19], but functional manipulation depends on contact-rich dynamics74

that are difficult to model accurately. Large-scale simulation has enabled robust dexterous grasp-75

ing [20, 21, 22, 23, 24] and in-hand rotation [1, 2, 3, 4], yet functional contact dynamics involving76
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deformation, friction variation, and fine-grained force feedback remain difficult to simulate [25, 26],77

causing precise contact behaviors to transfer unreliably. IL and pretrained visuomotor policies can78

represent high-DoF arm-hand behaviors from demonstrations via diffusion-based policies [7, 27],79

transformer policies with action chunking [8, 28], and vision-language-action models [9, 12, 11].80

For dexterous arm-hand systems, however, such demonstrations require specialized teleoperation81

or capture interfaces [13, 14, 29, 30, 31], and human-to-robot retargeting can introduce contact82

noise under morphology mismatch [32]. Thus, demonstrations for functional dexterity remain costly83

and noisy, struggle to cover fine-grained finger contacts and dynamic arm-hand coordination, and84

provide limited recovery evidence. HiFun instead obtains hand-motion priors through kinesthetic85

teaching [33], adapts them into contact-aware skills with residual RL, and uses these skills to collect86

downstream coordination data, reducing direct teleoperation of all dexterous-hand DoFs.87

Real-World Reinforcement Learning. Real-world RL learns directly from physical interactions,88

capturing hardware dynamics and contact physics that are difficult to simulate [15, 34, 35]. Human-89

in-the-loop (HIL) methods improve sample efficiency by incorporating online corrections during90

training [17, 36, 37], and HIL-SERL achieves near-perfect success on precise gripper tasks with91

demonstrations and real-time guidance [17]. For functional dexterous manipulation, however, the92

high-dimensional arm-hand system degrades data precision and efficiency while increasing explo-93

ration burden, and coupled finger joints make consistent real-time correction across all DoFs dif-94

ficult [38]. Hierarchical and skill-based methods reduce exploration complexity by reusing lower-95

level behaviors or guiding policy search. Prior work chains dexterous sub-policies for long-horizon96

manipulation [39], reuses learned rotation skills for harder in-hand reorientation [5], and guides RL97

exploration with simple sub-skill controllers [40]. We adopt a hierarchical framework that decou-98

ples hand primitive skills from arm-hand coordination, shifting online learning from full arm-hand99

exploration to skill-conditioned coordination and recovery.100

3 Method101

Figure 2: Overview of HiFun, a hierarchical framework. It learns (1) a residual-RL hand skill for
contact-aware execution and (2) a coordination policy for arm motion and skill activation, initialized
by DMP rollouts and refined by value-guided fine-tuning. At execution time, it combines arm motion
and skill activation with the frozen hand skill for target approach and fine-grained contact.

To efficiently learn reliable contact-rich dexterous manipulation policies for high-DoF arm-hand102

systems, HiFun uses a hierarchical real-world RL framework (Fig. 2). It learns (1) a residual-RL103

hand skill for contact-aware execution and (2) a coordination policy for arm motion and skill activa-104

tion. Coordination uses DMP rollouts for warm start, a multi-head critic to separate arm-alignment105

and skill-activation Q-values, and IAW for advantage-weighted intervention imitation. We introduce106

formulation (Sec. 3.1), hand skill training (Sec. 3.2), and coordination training (Sec. 3.3).107

3.1 Problem Formulation108

We formulate dexterous arm-hand manipulation as Markov Decision Processes with observation109

st = (It, qt, ft), where It contains wrist and external RGB images, qt contains arm-hand proprio-110
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ception, and ft contains fingertip contact forces. The hand skill policy πskill(st, θ
ref
t ) takes a reference111

hand pose from a kinesthetic demonstration and outputs a residual correction δθt ∈ R12:112

θskill
t = θref

t + λresδθt, (1)

where λres limits residual exploration around the demonstrated motion. The coordination policy113

πcoord(st) outputs acoord
t = [∆xt, αt], where ∆xt ∈ R6 is the arm end-effector increment and114

αt ∈ [0, 1] modulates the hand skill from initial neutral hand configuration θreset:115

θhand
t = αtθ

skill
t + (1− αt)θ

reset. (2)

The robot executes (∆xt, θ
hand
t ), so πskill determines how the fingers form contact and πcoord deter-116

mines where and when that contact is used.117

3.2 Contact-Aware Hand Skill Learning118

The hand-skill policy abstracts high-dimensional finger articulation into robust, contact-aware func-119

tional skills. We acquire a kinesthetic prior using the hand-over-hand teaching interface of [33],120

collecting reference trajectories ξref = {θref
0 , . . . , θref

T } and per-finger force thresholds F
(i)
max for re-121

ward clipping. Residual RL then adapts this prior to real contact dynamics: given st and θref
t , πskill122

outputs δθt and executes Eq. (1). We train the critic on the executed hand command θskill
t so value123

estimates correspond to the actual finger configuration.124

The hand skill reward combines trajectory tracking, contact incentive, and sparse skill success:125

rskill =− ωtrack∥θcur
t − θref

t ∥2 + ωforceF(ft) + Iskill-successRskill, (3)

where F(ft) =
∑Nf

i=1 min(∥f (i)
t ∥, F (i)

max) sums clipped fingertip-force magnitudes. The tracking126

term keeps exploration near contact geometry, the force term encourages task-relevant contact, and127

the sparse bonus marks operator-labeled success. We train πskill using SAC [41] on the real robot128

and initialize replay with kinesthetic demonstrations. Once converged, πskill is frozen as (i) the skill129

primitive invoked by πcoord and (ii) a reliable intervention interface for human operators.130

3.3 Skill-Conditioned Arm-Hand Coordination131

Given the frozen hand skill, πcoord maps st to [∆xt, αt], determining where to move the arm and132

when to activate the hand skill. We use RLPD [35] for sample-efficient learning from offline ini-133

tialization data and online real-world interaction. Task completion is detected by a binary classifier134

over ResNet-10 visual features, fingertip forces, and joint torques, producing the terminal reward135

Rtask ∈ {0, 1}.136

Since the sparse reward Rtask guides approach but provides no feedback on activation timing, the137

modulation reward rmod penalizes premature activation and rewards successful activation:138

rmod =


rbonus if αt > τ and Rtask = 1

rpenalty if αt > τ and Rtask = 0

0 otherwise,
(rpenalty < 0 < rbonus) (4)

Multi-head critic. Naively training one Q-function on Rtask + rmod can make the policy avoid139

activation: early high-α trials often fail, so accumulated penalties dominate the values of high-α140

actions. To decouple spatial approach from activation timing, we use two value heads trained with141

separate TD targets: a navigation head Qnav
ϕ whose target ynav is built from Rtask, and a modulation142

head Qmod
ϕ whose target ymod is built from rmod:143

LQ(ϕ) = E
[
(Qnav

ϕ − ynav)2 + (Qmod
ϕ − ymod)2

]
. (5)

Then the actor is trained with the combined value: Q̂ϕ(s, a) = Qnav
ϕ (s, a) + Qmod

ϕ (s, a). During144

actor optimization, we evaluate Qnav with gradients stopped through αt, and evaluate Qmod with145

gradients stopped through ∆xt. This encourages the navigation head to shape arm alignment and146

4



the modulation head to shape activation timing, while both heads score the same physical action.147

With this multi-head critic, coordination training follows an offline-to-online scheme.148

Offline pre-training. To avoid the prohibitive sample complexity of learning from scratch, we149

bootstrap coordination from one demonstration containing an arm trajectory and skill-activation150

schedule. Cartesian Dynamic Movement Primitives (DMP) [42] generate diverse arm trajectories by151

randomizing initial poses while fixing the goal. DMP action labels use clipped waypoint differences152

for ∆xt and align αt with the demonstration by task progress. The resulting Ddmp provides initial-153

state coverage. We pre-train πcoord with SAC plus a global behavior-cloning term:154

Loff
π = Es∼Ddmp,a∼π[η log π(a|s)− Q̂ϕ(s, a)]

+ λgbcE(s,admp)∼Ddmp [∥āπ(s)− admp∥2],
(6)

where admp and āπ denote the DMP label and deterministic policy action. This keeps the policy near155

generated approach-and-activation behavior while allowing critic improvement.156

Online fine-tuning. Online training uses real policy rollouts and skill-level corrections to refine157

πcoord for better target alignment, skill timing, and recovery under real contact dynamics. Arm158

interventions use relative SE(3) retargeting through Gello [43] for smooth takeover, while hand in-159

terventions trigger the frozen πskill by button press rather than teleoperating all hand DoFs. Rollouts160

and intervention segments are stored for RLPD updates, and IAW weights an intervention-imitation161

loss by the critic-estimated advantage of each correction. For an intervention action aI , we estimate162

its advantage over the current deterministic action using the target critic ensemble:163

AI(s) = min
i

Q̂ϕ̄,i(s, a
I)−min

i
Q̂ϕ̄,i(s, āπ(s)). (7)

The imitation weight and loss are164

w(s) = σ(Norm(AI(s))/τI), LIAW = E(s,aI)∼DI
[w(s)∥āπ(s)− aI∥2]. (8)

The online actor objective augments the standard SAC actor loss with the IAW term, Lon
π = LSAC +165

λILIAW. IAW prevents blind cloning: corrections estimated to improve over the current policy166

receive larger weights, while low-advantage corrections have limited influence.167

4 Experiments168

4.1 Experimental Setup169

We evaluate HiFun on six real-world tasks spanning Power-Drill Actuation, Angle-Spreader Re-170

trieval, Thin-Handle Retrieval, Power-Drill Bit Removal, Pipette Dispensing, and Thin-Shaft Tool171

Retrieval, corresponding to Fig. 1A–F in order. These tasks cover precise tool-use, contact-rich172

rotation, and constrained-space manipulation. A trial is counted as successful only when the task-173

specific functional outcome is completed: tightening the target screw (A), fully extracting the target174

tools (B,C,F), removing the drill bit (D), or dispensing into the vial (E). All tasks use Franka Re-175

search 3 arms [44] with either a Sharpa hand [45] or an XHand [46], wrist RGB observations from176

an Intel RealSense D405, and a side-view D415 when needed.177

Metrics. For final evaluation, each task randomizes object poses within the training workspace178

while using the same robot reset strategy as training. We report IL data-collection time for recording179

200 demonstrations, RL data-collection time for generating 100 automated DMP rollouts without180

human labor, RL online training time for HIL fine-tuning of the coordination policy, and success181

rate, the percentage of evaluation trials that meet the task criterion. Full evaluation protocol details182

are provided in the Appendix.183

Baselines and Protocol. To evaluate HiFun, we compare against HIL-SERL [17], a state-of-the-art184

HIL-RL method that combines offline data, online RL, and real-time interventions for real-world185

manipulation. The key difference is that HiFun packages contact execution into a frozen hand skill186

and trains a hierarchical coordination policy over arm motion and skill activation, whereas HIL-187

SERL keeps a flat policy architecture that directly outputs full-DoF arm-hand actions.188
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Task IL Data
Collection

(mins)

RL Data
Collection

(mins)

RL Online
Training
(mins)

Success Rate (%)
HIL-SERL

(Glove+Gello)
HIL-SERL

(Ours Interv.)
HiFun
(Ours)

Behavior
Cloning (BC)

Diffusion
Policy (DP)

Sharpa Main Validation Tasks

Power-Drill Actuation 150 34 60 15 62 — 30‡ 100 15 30
Angle-Spreader Retrieval 60 13 55 – 40 — 0‡ 100 30 60
Thin-Handle Retrieval 80 17 60 – 28 — 0‡ 100 35 40
Power-Drill Bit Removal 80 21 22 – 60 — 20‡ 100 30 36

XHand Portability Tasks

Pipette Dispensing 100 14 60 12 60 — 32‡ 90 12 26
Thin-Shaft Tool Retrieval 100 14 20 – 30 — 0‡ 100 20 58

Average 95.0 18.8 46.2 4.5 13.7 98.3 23.7 41.7

Table 1: Main results. Success rates are computed over 50 trials. “–” marks HIL-SERL
(Glove+Gello) settings where direct arm-hand teleoperation can not consistently provide reliable
corrections for contact-rich tasks. ‡a — b reports arm approach success (a) and final task success
with the required hand contact (b). Averages use final-task success and count “–” as 0.

HIL-SERL (Glove+Gello) uses AnyTeleop [14] for hand-mapped teleoperation and Gello [43] for189

arm control, testing the benefit of the hand-skill intervention interface over full arm-hand correction.190

HIL-SERL (Ours Interv.) uses the same learned intervention interface as HiFun but keeps a flat191

full-DoF policy, isolating the benefit of the hierarchical architecture beyond the intervention mech-192

anism. All RL methods are initialized from an offline demo buffer containing 100 DMP-generated193

trajectories and trained online for up to one hour, a cap that pilot runs found sufficient while limiting194

variability from operator attention and intervention timing.195

For IL baselines, Behavior Cloning (BC) [47] and Diffusion Policy (DP) [7] are trained with196

200 successful teleoperated demonstrations per task to test whether offline imitation from human197

demonstrations can handle functional dexterous tasks, where small contact or timing deviations198

often cause failure. To distinguish training-data coverage from the learning paradigm, the Appendix199

reports additional IL baselines trained on the same successful trajectory sources as HiFun.200

4.2 Main Results201

We evaluate the performance of HiFun by comparing it against representative baselines that include202

both RL and IL paradigms. Tab. 1 shows the strongest performance: 98.3% average success across203

six tasks and two hands with 18.8 minutes of RL data collection and 46.2 minutes of online training.204

To further validate the autonomy of HiFun, we monitor the intervention rate over time, defined as205

the ratio of intervention steps to total steps per episode. In the Appendix, intervention-rate curves206

show human guidance approaching zero by the end of training, indicating autonomous execution.207

Despite sharing the same RL backbone and initial data, HiFun substantially outperforms the HIL-208

SERL baselines, which we attribute to intervention quality and exploration efficiency. Specifically,209

standard teleoperation methods (Glove+Gello) generate noisy interventions due to morphology mis-210

matches and retargeting errors, leading to inconsistent demonstrations (for instance, wrist shaking211

when operating a power drill) and a degraded replay buffer. For tool retrieval tasks with complex212

hand motions, obtaining successful corrections becomes exceedingly challenging, leading to com-213

plete failures marked “–” in Tab. 1. Using our hand-skill intervention interface improves correction214

quality, as HIL-SERL (Ours Interv.) rises to 13.7% average success, but its flat full-DoF policy215

remains far below HiFun. The staged success results marked with ‡, such as 40 — 0, 28 — 0, and216

30 — 0, show that this flat policy often approaches the target but fails to complete reliable hand con-217

tact. This indicates that the absence of hierarchical decomposition still limits exploration efficiency,218

particularly for tasks with complex hand motions. For example, a flat policy for Thin-Handle Re-219

trieval must discover sustained non-prehensile levering, precision grasping, and collision avoidance220

as one multi-stage contact sequence, which requires many full arm-hand interactions, producing221

many noisy rollouts before the correct contact sequence is found. Overall, the results indicate that222

our hierarchical structure effectively improves intervention quality by leveraging fine-grained hand223

skill primitives and enables more efficient learning by simplifying the exploration space.224
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Data Source Comparison

Task Success Rate (%) Data Collection Time (mins)
(w/ DMP) (w/ Human) (w/ DMP) (w/ Human)

Angle-Spreader Retrieval 100 85 13 60
Power-Drill Bit Removal 100 100 21 80

Component Ablation (Success Rate %)
Task Ours (Full) w/o Multi-head w/o IAW (Uniform BC) w/o Interv. BC
Angle-Spreader Retrieval 100 85 60 40
Power-Drill Bit Removal 100 75 60 40

Table 2: Coordination policy analysis. Top: DMP rollouts vs. human demonstrations for warm-
start data. Bottom: ablations of the multi-head critic and intervention advantage weighting (IAW).

Furthermore, even with 200 expert demonstrations per task, IL baselines struggle with precise and225

contact-rich tasks. BC suffers from compounding error in long-horizon execution, reaching only226

15% on Power-Drill Actuation and 12% on Pipette Dispensing. DP improves by modeling mul-227

timodal action distributions, achieving 60% on Angle-Spreader and 58% on Thin-Shaft Tool, but228

still fails on the Bit Removal (36%) and Pipette (26%) tasks. These failures highlight deficiencies229

in fine-grained alignment and reactive behavior, indicating that successful offline demonstrations230

weakly cover contact deviations and provide limited recovery signal. To separate data coverage231

from the learning paradigm, we additionally report IL baselines in the Appendix trained with suc-232

cessful trajectories from HiFun. These policies remain brittle under precise alignment requirements233

and off-nominal contact states, indicating that purely offline training makes them sensitive to distri-234

bution shifts during inference. Our method addresses this issue by incorporating online exploration235

and human interventions to refine closed-loop behaviors. In summary, the results show that our236

method achieves both more efficient and effective learning of contact-rich functional dexterous ma-237

nipulation tasks compared with the baselines.238

Robustness Evaluation. We evaluate whether HiFun can recover from off-nominal states using239

20 perturbation trials per task. The perturbations cover three failure modes: (1) randomized object240

poses across all tasks, (2) approach-phase displacements for alignment-sensitive tasks, including241

Power-Drill Actuation, Tool Retrieval, and Pipette Dispensing, and (3) drill-chuck re-tightening242

for Power-Drill Bit Removal. HiFun maintains near-perfect robustness across both embodiments,243

achieving 20/20 success on four Tool Retrieval tasks, and 18/20 success on Power-Drill Actuation244

and Pipette Dispensing. The remaining failures stem from screw-drill angular misalignment or vial245

motion after alignment. Successful trials show that HiFun re-aligns before contact and suspends246

hand-skill activation until contact is reachable (Fig. 1), supporting recovery through delayed activa-247

tion rather than fixed replay. Additional examples are available in the supplementary video.248

4.3 Ablation and Analysis249

1) Arm-Hand Coordination: Tab. 2 analyzes coordination policy training from two aspects: (i) the250

effect of warm-start data sources (DMP rollouts vs. human demonstrations) and (ii) the contributions251

of the multi-head critic and intervention advantage weighting (IAW) through component ablations.252

Data Source Analysis. Compared with human demonstrations, DMP rollouts achieve the same or253

higher final success (100%) with about 4× less collection time (Tab. 2), indicating that automatically254

collected DMP data can serve as a practical alternative to labor-intensive human demonstrations.255

Additional trajectory-distribution analysis is provided in the Appendix.256

Effect of Multi-head Critic. Tab. 2 shows that the multi-head critic is important for complex arm-257

skill coordination: removing it drops success from 100% to 85% on Angle-Spreader and to 75% on258

Bit Removal. To explain this drop, we measure how close the arm end-effector is to the target when259

the trained policy triggers the hand skill. The multi-head critic keeps 95% of activations within260

the 2.00 cm pre-contact region, while the single-head variant increases the 95th-percentile error to261

4.58 cm. This indicates that a single-head critic activates the skill before the arm is sufficiently262

aligned, because it conflates sparse terminal success rewards with smaller modulation penalties.263

Simply increasing the penalties does not resolve the conflict, as it can over-suppress activation to264
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Task Ours (πskill) Kinesthetic Replay DexPilot∗ AnyTeleop∗

Power-Drill Actuation 20/20 0/20 18/20 19/20
Angle-Spreader Retrieval 20/20 0/20 7/20 5/20
Thin-Handle Retrieval 20/20 0/20 0/20 0/20
Power-Drill Bit Removal 20/20 5/20 3/20 3/20

Pipette Dispensing 20/20 0/20 20/20 20/20
Thin-Shaft Tool Retrieval 20/20 0/20 0/20 0/20

Table 3: Hand Motion Control Comparison. Success rate over 20 trials.

avoid penalty accumulation. By decoupling arm-alignment and skill-activation value learning, the265

multi-head critic enables efficient arm movement with better-timed hand-skill activation.266

Effect of IAW. During online fine-tuning, intervention actions provide an additional imitation loss267

for the actor objective. IAW weights each intervention-imitation loss by the critic-estimated ad-268

vantage in Eq. (7), comparing the human correction with the current policy action. We compare it269

with two variants: Uniform Interv. BC, which keeps the imitation loss but assigns all interventions270

equal weight, and w/o Interv. BC, which removes this imitation loss from the actor objective. Uni-271

form Interv. BC drops success to 60% and w/o Interv. BC to 40%, while HiFun attains lower cycle272

time (6.69 s) than both variants (9.21 s and 10.03 s). These results show that intervention imitation273

helps, but uniform cloning can copy noisy or lower-value corrections and pull the actor away from Q274

maximization. The Appendix further shows that IAW assigns separated weights to weak and strong275

corrections (0.175 vs. 0.884 mean), with high-weight corrections occurring where the current policy276

action has lower estimated value. Thus, IAW concentrates imitation on states where the policy needs277

guidance while limiting low-advantage corrections that could conflict with the critic objective.278

2) Hand Motion Control Comparison: To isolate contact execution, Tab. 3 compares the learned279

residual hand skill πskill with open-loop kinesthetic replay and retargeted teleoperation, with280

DexPilot∗ and AnyTeleop∗ reported after task-specific tuning. Ours succeeds in all 20 trials on all281

tasks, while Kinesthetic Replay succeeds only partially on Power-Drill Bit Removal (5/20) and fails282

elsewhere because geometric trajectories without force feedback cannot sustain precision contact or283

constrained extraction; retargeted teleoperation reaches 20/20 on Pipette but drops on constrained284

retrieval and drill-bit removal due to fine-grained thumb-finger retargeting errors. Thus, residual285

contact modulation is necessary for reliable functional hand skills across both embodiments.286

5 Conclusion287

Functional dexterous manipulation on real robots is difficult because precise contact, arm-hand co-288

ordination, and recovery are tightly coupled in a high-dimensional control space. We present HiFun,289

a hierarchical real-world RL framework that learns contact-aware hand skills separately and freezes290

them for coordination and human intervention. The resulting skill-conditioned policy optimizes291

arm motion, skill activation, and recovery without directly exploring or correcting all arm-hand292

DoFs. DMP-augmented rollouts warm-start coordination, the multi-head critic improves temporal293

arm-hand coordination, and IAW prioritizes useful interventions for recovery learning. Across six294

real-world tasks and two dexterous hands, HiFun achieves 98.3% average success within one hour295

of online training and remains robust to dynamic disturbances. These results suggest that struc-296

turing dexterous learning around functional hand skills is a practical path toward efficient, reliable297

real-world manipulation with multi-fingered hands.298

6 Limitations299

HiFun assumes task-relevant hand skills learned from kinesthetic priors and real contact feedback.300

This improves fine-grained contact execution and reduces full arm-hand exploration, but tasks de-301

manding contact behaviors beyond the learned skill set may fail and require additional priors, on-302

line adaptation, or reusable hand-skill libraries. Our method also targets reliable low-level execu-303

tion rather than open-ended planning or language-conditioned generalization. This scope makes304

it complementary to VLA policies and world models: HiFun could provide contact-rich low-level305

controllers and consistent autonomous rollouts, while pretrained models provide task selection and306

semantic grounding. Combining pretrained reasoning with HiFun controllers remains future work.307
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