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Fig. 1: EXPERTGEN pipeline: (left) generative modeling of imperfect behavior priors; (middle) steering prior model in massively
parallel simulation using reinforcement learning; and (right) visual distillation in simulation with DAgger for zero-shot sim-

to-real transfer.

Abstract—Learning generalizable and robust behavior cloning
policies requires large volumes of high-quality robotics data.
While human demonstrations (e.g., through teleoperation) serve
as the standard source for expert behaviors, acquiring such
data at scale in the real world is prohibitively expensive. This
paper introduces EXPERTGEN, a framework that automates
expert policy learning in simulation to enable scalable sim-to-real
transfer. EXPERTGEN first initializes a behavior prior using a
diffusion policy trained on imperfect demonstrations, which may
be synthesized by large language models or provided by humans.
Reinforcement learning is then used to steer this prior toward
high task success by optimizing the diffusion model’s initial noise
while keep original policy frozen. By keeping the pretrained diffu-
sion policy frozen, EXPERTGEN regularizes exploration to remain
within safe, human-like behavior manifolds, while also enabling
effective learning with only sparse rewards. Empirical evaluations
on challenging manipulation benchmarks demonstrate that Ex-
PERTGEN reliably produces high-quality expert policies with no
reward engineering. On industrial assembly tasks, EXPERTGEN
achieves a 90.5% overall success rate, while on long-horizon
manipulation tasks it attains 85% overall success, outperforming
all baseline methods. The resulting policies exhibit dexterous
control and remain robust across diverse initial configurations
and failure states. To validate sim-to-real transfer, the learned
state-based expert policies are further distilled into visuomotor
policies via DAgger and successfully deployed on real robotic
hardware.

I. INTRODUCTION

The success of deep learning has been driven by access
to large-scale, high-quality data [1H3], as evidenced across
domains such as natural language processing [47], visual
understanding [8H10], and multimodal learning [11H13]). Sim-
ilar trends have emerged in robotics with the rise of vi-
sion-language—action (VLA) models [14-18]], which aim to
unify perception, language understanding, and control within
a single framework. Trained on internet-scale image—language
corpora, these models exhibit strong semantic generalization,
such as instruction following and spatial reasoning capabilities.
However, due to the scarcity of high-quality robotics data,
translating semantic competence into reliable physical execu-
tion remains a major challenge [19]]. In contrast to static visual
or linguistic data, robotics data must be temporally aligned
perception-action sequences that support closed-loop control,
long-horizon skill chaining, and recovery from failures. The
scarcity of such expert-level robotics data has become a
primary bottleneck for real-world execution of VLA models.

Simulation offers a scalable alternative by enabling large-
scale data generation through massive GPU parallelism. Prior
work has explored simulation-based strategies such as teleop-
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eration, which still requires substantial human effort, and pre-
defined skill libraries or scripted policies [20], which produce
limited behavioral diversity and are brittle to distribution shift
and failure states. In principle, reinforcement learning (RL)
provides a promising solution by directly optimizing closed-
loop task success and producing expert policies that generalize
across scene configurations, exhibit behavioral diversity [21]],
and demonstrate robustness to perturbations [22H24]]. In prac-
tice, however, scaling RL-based data generation remains chal-
lenging, as training high-performing expert policies typically
depends on carefully engineered reward functions. Designing
such rewards requires significant domain expertise in both
robotics and RL, limiting scalability across tasks and domains.

To address these challenges, this paper focuses on scalable

learning of sim-to-real expert policies that satisfy four key
properties: (1) spatial generalization beyond demonstrated
trajectories, (2) robust failure recovery, (3) transferability to
real-world systems, and (4) learning under sparse task-level
rewards without any reward engineering.

To this end, we introduce EXPERTGEN, which starts from

a small set of human- or LLM-generated imperfect demon-
strations in simulation that may exhibit limited state coverage,
incomplete recovery behaviors, or embodiment and dynam-
ics mismatch. These demonstrations are used to pretrain a
lightweight state-based diffusion policy, serving as imperfect
behavior priors, which is then refined in massively parallel
simulation (e.g, IsaacLab [23])) via diffusion steering reinforce-
ment learning (DSRL) [26]. DSRL optimizes for task success
by steering only the initial noise of the diffusion model, while
preserving the generative denoising process to maintain in-
distribution, human-like behaviors. EXPERTGEN instantiates
this process using FastTD3 [27] enabling efficient learning un-
der sparse, task-level rewards without any reward engineering,
and facilitating policy learning across large simulation batches.
Finally, the resulting state-based expert policies are leveraged
as teachers in a DAgger-style [28] distillation stage, producing
visuomotor policies that inherit the expert’s robustness, spatial
generalization, and failure recovery, while being deployable on
real hardware.

The major contributions of the paper are

o Scaling diffusion steering to massively parallel robotics
simulation, demonstrating that it preserves the natural
motion manifold of diffusion models while significantly
boosting success rates under sparse rewards.

« Introducing EXPERTGEN, an end-to-end framework that
transforms a handful of imperfect demonstrations into
sim-to-real-ready expert policies, bypassing the need for
manual reward engineering.

o Robust zero-shot sim-to-real transfer of visuomotor poli-
cies via large-scale DAgger-based distillation, identifying
critical bottlenecks encountered when learning from sim-
ulated expert demonstrations.

II. RELATED WORK

This section reviews related work along two complemen-
tary directions: offline-to-online reinforcement learning, and

synthetic data generation for scalable robot learning.

A. Offline-to-Online Reinforcement Learning

A growing body of work studies how to refine policies
learned from offline data using limited online interaction,
with the goal of improving generalization and closed-loop
performance while preserving strong demonstration priors.
Residual reinforcement learning (RL) [29] methods exemplify
this paradigm by constraining online learning to an additive
correction space. Residual RL has also shown promise in
improving precision for dexterous assembly [30] and robust-
ness for whole-body loco-manipulation [31]]. However, these
approaches typically require careful tuning of residual action
bounds [32] and exploration schedules [32, |33]], making them
non-trivial to scale across domains and task families.

In parallel, offline-to-online RL methods based on pre-
trained value functions [34] have gained traction due to their
strong sample efficiency, particularly in real-world settings
where online interaction is expensive [21]. Separately, diffu-
sion policies (DP) [35] have emerged as a powerful framework
for offline imitation learning, motivating specialized offline-to-
online refinement strategies. DPPO [36] fine-tunes diffusion
policies by treating the denoising process as a Markov decision
process and optimizing task rewards via RL. In contrast, dif-
fusion steering reinforcement learning (DSRL) [26] performs
online refinement by learning to steer the initial diffusion
noise using a lightweight RL adaptor, without updating the
pretrained policy weights. We build on DSRL for offline-to-
online refinement, due to its simplicity in manipulating the
diffusion noise space and preserving the learned data manifold.
We demonstrate that combining this approach with large-scale
simulation allows for constraining exploration to human-like
behaviors and enables robust sim-to-real transfer.

B. Synthetic Robotics Data Generation

Another complementary line of work addresses the scala-
bility bottleneck of robotics data collection through synthetic
demonstration generation and data augmentation. For data
augmentation, a common strategy is to algorithmically ex-
pand a small number of human demonstrations into large,
task-consistent datasets by exploiting structure in task ge-
ometry, kinematics, and skill composition. Systems such as
MimicGen [37] and its extensions—including SkillMimic-
Gen [38]], DexMimicGen [39], DemoGen [40], and Reinforce-
Gen [41]—formalize this approach by programmatically per-
turbing demonstrations or composing reusable skill primitives,
enabling scalable data generation for long-horizon, contact-
rich, and bimanual dexterous manipulation. However, these
augmentation strategies primarily exploit task structure around
successful executions and do not guarantee sufficient coverage
of failure modes or recovery behaviors.

For synthetic demonstration generation, the ManiSkill
frameworks [42} 43] utilize RL for large-scale automatic data
collection. However, these systems still requires substantial
human effort for manual task design and reward engineering.
To address this, more recent work [20, 44147 employs



scripted policies refined by LLMs to generate high-quality
datasets. While efficient, these scripted strategies often lack
behavioral diversity; consequently, the resulting policies suffer
from limited state-space coverage and lack robust recovery
capabilities when faced with out-of-distribution scenarios.

In contrast, EXPERTGEN adopts a multi-stage approach that
begins with LLM-generated scripted trajectories or human
teleop trajectories to train a state-space diffusion policy. We
then employ DSRL to fine-tune this policy for large-scale data
collection or visul distillation. By leveraging the diffusion
model as a prior, DSRL ensures that the resulting motions
remain within the natural motion data manifold specified by
the data, significantly improving sim-to-real transfer compared
to unconstrained RL. Furthermore, this steering mechanism
allows the policy to develop robust recovery behaviors using
only sparse rewards, maintaining high collection efficiency
across diverse object states with no reward engineering.

III. PRELIMINARIES

This section formalizes the learning problem and introduces
the notation used throughout the paper.

A. Constrained Markov Decision Process (CMDP)

To model sim-to-real policy learning under real-world de-
ployment constraints, we formulate the learning problem as a
constrained Markov decision process (CMDP). In addition to
maximizing task return, the policy is required to select actions
that are feasible for execution on physical hardware.

Formally, the CMDP is defined by the tuple

Mc:(Sv-AaTara’Yaf)v (1)

where S is the state space, A is the action space, T (S¢41 |
St,aq) is the transition function, r : § x A — R is the reward
function, v € (0, 1] is the discount factor, and F C S x A
denotes the feasible state—action set capturing the constraints
during real-world deployment.

At each time step ¢, the agent selects an action a; such
that (s;,a;) € F. The objective is to learn an expert policy
mg that maximizes the expected discounted return subject to
these feasibility constraints:

T
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Here 7 = (sp,ao, $1,0a1,-..,S7,ar) denotes a trajectory
induced by policy 7 interacting with the environment dynam-
ics under the feasibility constraints.

In this work, the reward function is defined as a binary task
success signal. Let [gycc(s¢) denote an indicator function that
evaluates to 1 if the task is successfully completed at state s;
and 0 otherwise. The reward is given by

(¢, at) = Lsuce(St), 3)

which provides sparse supervision by assigning nonzero re-
ward only upon task success.

B. Diffusion Policy

This paper considers diffusion policy for all imitation learn-
ing training. Specifically, diffusion policy considers demon-
strations as samples from a diffusion denoising process. Given
a state s; at time step ¢, the policy represents the conditional
distribution of an action chunk [48] a; = a;.4+ g of length [
via a diffusion model [35]. During training, Gaussian noise
is progressively added to expert trajectories according to a
forward process

q(al | a?) = N (af; varal, (1 —ax)l), 4)

where oy, = Hle «; defines the noise schedule. The diffusion
policy is trained to predict the injected noise using a denoising
network eg, by minimizing the standard diffusion objective:

Latt = Eag a1, enscon) |6 = colal s, B[] )

At inference time, action trajectories are generated by
iteratively applying the reverse diffusion process starting from
Gaussian noise a’ ~ AN(0,I). To reduce denoising steps,
we adopt Denoising Diffusion Implicit Models (DDIM) [49]]
sampling, which replaces the stochastic reverse process with

a deterministic update:
k—1 = 50
ay = VOg_1a, +

where &Y denotes the prediction of the clean action chunk.

1 _dk—l EQ(af,St,k), (6)

IV. EXPERTGEN

This section details the three major components of EXPERT-
GEN, with an illustration shown in Fig. @

A. Generative Behavior Prior Modeling

While the feasible set F is not assumed to be explicitly
known during learning, we assume access to a collection of
demonstration trajectories from an imperfect behavior prior.

DP = {TIZ-:’}vle:h

where mp denotes a prior policy that is not optimal for a given
task, but is feasible for real-world deployment.

Specifically, the prior policy mp is assumed to satisfy two
properties. First, all state—action pairs generated by wp are
feasible under real-world deployment constraints:

(5¢,a0) € F, V(s a;) € Th, Vi. (8)

Th ~ mp, (7)

Second, p achieves nontrivial task performance, in the sense
that it attains positive expected return under the binary success
reward:

T
ETNTFP lz VtH511cc(5t)] > 0. 9)

t=0
Despite satisfying these properties, the behavior prior is

imperfect. Imperfectness may arise from one or more of the
following sources:
« Incomplete state or geometry coverage, where demon-
strations span only a subset of object poses, contact
configurations, or scene layouts;
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Fig. 2: ExpertGen training pipeline: generative modeling of
imperfect behavior priors using a state-based diffusion policy
(Phase 1); steering diffusion policy in massive parallel simu-
lation using FastTD3 (phase 2); visual policy distillation using
DAgger from expert teachers after steering (phase 3).

o Limited recovery behaviors, where demonstrations suc-
ceed only under nominal conditions and do not cover
off-nominal or failure states; and

+ Dynamics or embodiment mismatch, where demonstra-
tions are generated under different physical parameters,
simplified dynamics, or approximate controllers (e.g.,
teleoperation, scripted policies, or LLM-generated plans).

As a result, the imperfect behavior prior distribution captures
feasible and structured motions but does not reliably achieve
task success across the full state distribution. EXPERTGEN
employs a diffusion policy (Section[[II-B) trained on imperfect
demonstrations to represent the behavior priors.

B. Expert Policy Acquisition

This subsection describes how EXPERTGEN acquires task-
specialized expert policies by combining diffusion steering
reinforcement learning (DSRL) with a massively parallel, off-
policy reinforcement learning algorithm based on FastTD3.
Starting from the pretrained diffusion policy described in the
previous subsection, EXPERTGEN treats the diffusion model
as a strong behavior prior and refines it toward task success
using only sparse, task-level rewards.

a) Diffusion Steering Reinforcement Learning: EXPERT-
GEN adopts DSRL to optimize task performance while pre-
serving the structure of behaviors captured by the diffusion

prior. Unlike residual or policy fine-tuning approaches, DSRL
does not modify the diffusion model parameters nor reduce the
dimensionality of the action space. Instead, it learns a steering
policy that operates in the same space as the diffusion model’s
chunked action output.

b) Off-Policy RL with FastTD3: While the original
DSRL formulation focuses on Soft Actor—Critic (SAC) [50] to
support sample-efficient learning on real robot or small-scale
simulation benchmarks, EXPERTGEN targets a fundamentally
different regime: massively parallel, large-scale simulation
training to amortize the cost of long-horizon action chunk
rollouts. Accordingly, the steering policy my is optimized
using FastTD3 [27], a scalable variant of TD3 designed for
high-throughput robotic simulation. Compared to standard
TD3 [51], FastTD3 introduces several key modifications to
TD3 including large-batch training, distributional critics [52],
and mixed exploration noise to stabilize TD3 training in a
massively parallel environment. As a result, FastTD3 demon-
strates superior efficiency compared to PPO in sparse reward
massively parallel environment settings. This parallel training
paradigm is critical for scaling ExpertGen to diverse scene
configurations and long-horizon tasks without sophisticated
shaping rewards.

C. Visuomotor Policy Distillation through DAgger

In our setting, expert policies are learned in simulation
with access to the full environment state, which may include
privileged information unavailable on real hardware. To enable
deployment, we assume access to an observation function
f S — O that maps the privileged state to an observation
space O, such as RGB images or point clouds. Deployable
policies are restricted to operate solely on observations.

Let 7g(a | s) denote an expert policy trained in simulation
using privileged state information. Rolling out 7 in simula-
tion and applying the observation function f induces a dataset
of observation—action trajectories

Dp = {15}, o = f(s¢), (10)

where a; ~ mg(- | s;). The goal of imitation learning is to
train a deployable policy w(a | o) that matches the expert’s
behavior using only observations.

A standard approach is behavior cloning, which learns 7
by minimizing the negative log-likelihood of expert actions
conditioned on observations:

TE = {(0t7 at)}tT:m

Y

While behavior cloning provides stable supervised training,
it suffers from distribution shift, as the learned policy may
encounter states at test time that are not covered by the expert
dataset.

Dataset Aggregation (DAgger) [28] addresses this limitation
by iteratively collecting data under the learner’s induced state
distribution. At iteration k, the current policy 7 is executed
in simulation to generate states {s;}, which are mapped to
observations o; = f(s;). The expert policy g then provides

Ji(m) = E(o,.a)~Dp [~ log m(ar | 01)].



corrective actions a; = mg(s;), and the aggregated dataset is
updated as

Dk :Dk_lu{(Ot,at)}. (12)

The policy is subsequently updated by minimizing the imita-
tion loss over the aggregated dataset:

Tgt1 = arg mﬂin E(o,,a,)~D, [—1ogm(as | 0f)] . (13)

Through this procedure, imitation learning distills a sim-
ulated, state-based expert policy into an observation-based
policy that can be deployed in the real world.

Concretely, the expert is executed in simulation to label
actions at the student’s visited states, allowing the visual
policy to iteratively correct compounding errors and learn
robust closed-loop behavior. During distillation, extensive vi-
sual domain randomization is applied—including variations in
textures, lighting, camera poses, and object appearances—to
improve generalization and sim-to-real transfer. This combina-
tion of DAgger-style online supervision and aggressive visual
randomization yields visual policies that faithfully reproduce
expert behaviors while remaining robust to visual uncertainty
at deployment time.

V. EXPERIMENT SETUP

A. Benchmarks

a) ANYTASK: ANYTASK [20] is an automated frame-
work for task design and large-scale synthetic data generation
in robotic manipulation. For benchmarking, we select eight
tabletop manipulation tasks spanning a broad range of be-
haviors, including lifting, pushing, stacking, pick-and-place,
and drawer opening. These tasks cover both short-horizon and
long-horizon interactions, as well as contact-rich manipulation
scenarios.

Imperfect behavior priors are some scripted policies [53]
synthesized by an LLM that invokes an existing skill library.
These policies provide incomplete state coverage and lack ex-
plicit failure recovery behaviors, which constitutes the source
of imperfectness. We collect 1000 demonstrations for each task
from the scripted policies.

b) AutoMate: AutoMate [54] is a simulation benchmark
for robotic dexterous manipulation in industrial assembly, with
a particular emphasis on high-precision peg-insertion tasks.
The benchmark consists of a collection of insertion scenarios
with tight geometric tolerances, demanding accurate pose
alignment, fine-grained contact reasoning, and force-sensitive
control during execution.

In this benchmark, imperfect behavior priors are gener-
ated from a scripted policy that performs peg disassembly
starting from an already assembled configuration. Imperfect
demonstrations are obtained by reversing these disassembly
trajectories to approximate the assembly process. Because
assembly and disassembly dynamics are inherently asymmet-
ric, this inversion induces a dynamics mismatch, resulting in
demonstrations with imperfect contact interactions. We collect
500 demonstrations for each task from the scripted policy.

B. Baselines - ANYTASK

a) Scripted policy: This baseline directly executes the
LLM-synthesized scripted policies provided for each individ-
uval task in ANYTASK.

b) Diffusion policy: This baseline evaluates diffusion
policies trained purely via imitation learning on the imperfect
demonstrations, without any RL refinement.

Fig. 4: ustrations of the tasks in our experiments. (A) Real-
world manipulation tasks. (B) Industrial assemble tasks from
AutoMate. (C) Long-horizon tasks from ANYTASK.

c) Offline-to-Online Refinement: This category includes
residual RL and SMP [33]]. Both methods initialize from
a pretrained diffusion policy and subsequently improve task
performance using online reinforcement learning. Residual RL
keeps the diffusion model fixed and learns a residual action
correction on top of the diffusion output. SMP leverages pre-
trained motion diffusion models together with score distillation
sampling (SDS) to construct reusable motion priors, which are
incorporated as implicit style rewards for downstream tasks.

d) ExpertGen-PPO: This ablation replaces FastTD3 with
PPO to evaluate the effectiveness of FastTD3 in the massively
parallel simulation regime.

e) FastTD3: This baseline applies FastTD3 with no
access to demonstrations or pretrained priors. It serves to
quantify the difficulty of learning these tasks from sparse
rewards alone.

C. Baselines - AutoMate

a) Diffusion policy: Because the scripted policies pro-
vided by AutoMate solve disassembly rather than assembly
tasks, scripted-policy baselines are omitted. For diffusion
policies, two variants are evaluated depending on whether
small noise is injected in the z—y plane during the lifting
phase of the reversed demonstrations. This noise introduces
variability around the detachment plane between the peg and
socket, increasing demonstration diversity near the insertion
phase. These variants are denoted as Diffusion policy with x—y
noise and Diffusion policy without x—y noise, respectively.



Tasks Lift Lift Lift Open Push Pear Stack Banana Put Object In Place Strawberry

Methods Banana Brick Peach Drawer to Center on Can Closed Drawer In Bowl

Scripted Policy 56.3 £ 3.1 66.4 + 3.0 60.9 + 3.1 28.1 + 2.8 18.0 + 24 26.6 + 2.7 94 + 1.8 43.0 £29
Diffusion Policy 69.8 + 2.8 72.6 + 2.7 28.5 + 2.8 77.6 £ 2.6 50.5 + 3.1 163 £ 2.3 0.5+ 05 6.6 = 1.5
Residual RL 84.3 +£ 2.0 98.4 £ 0.8 759 £ 2.6 99.5 £+ 0.5 56.5 £+ 3.0 0.0+£02 13.6 £ 2.1 1.3 +£07
SMP 0.0+ 02 0.0 £0.2 0.0 £ 0.2 999 + 0.3 2.1 +02 0.0 £ 02 0.0 £ 0.2 1.2 £07
ExpertGen-PPO 89.6 + 1.9 90.0 + 1.8 819 + 24 96.7 £ 1.1 69.8 + 2.8 57.0 + 3.0 549 + 3.0 443 £ 3.0
FastTD3 0.0 + 0.2 0.0 £ 0.2 0.0 + 0.2 0.0 + 0.2 0.0 + 0.2 04 + 04 0.0 + 0.2 1.5+ 038
ExpertGen (ours) ‘ 99.8 + 0.3 ‘ 99.7 £ 04 ‘ 99.3 + 0.0 ‘ 100 + 0.1 ‘ 833 £ 2.0 ‘ 67.2 £ 29 ‘ 80.7 + 2.4 ‘ 521 £+ 3.1

TABLE I: The success rates (%) of the evaluated state-based policies on ANYTASK benchmark. Bold number indicates the

best number across all the approaches.

Tasks Lift Lift Lift Open Push Pear Stack Banana Put Object In Place Strawberry Average
Methods Banana Brick Peach Drawer to Center on Can Closed Drawer In Bowl
DTW, Jerk) | DTW, Jerk.) | DTW| Jerkl | DTW) Jerkl | DTW) Jerk.) | DTW) Jerk. | DTW) Jerkl | DTW, Jerk) | DTW) Jerk.l
Diffusion Policy 0.114 8.14 0.111 7.49 0.112 3.67 0.087 6.56 0.109 17.2 0.122 2.46 0.238 10.9 0.118 2.04 0.126 7.31
Residual RL (0.02) 0.142 6.21 0.132 1.89 0.120 3.71 0.131 5.00 0.136 3.84 0.152 2.26 0.264 8.17 0.163 6.12 0.155 4.65
Residual RL (0.1) 0.149 25.86 0.158 31.68 0.507 53.28 0.258 35.26 0.141 21.71 0.776 47.25 0.308 49.52 0.203 17.95 0.313 353
ExpertGen (ours) 0.134 2.80 0.146 6.84 0.116 7.25 0.137 7.21 0.113 5.24 0.130 1.38 0.201 7.12 0.135 9.92 0.139 5.97

TABLE II: The smoothness and feasibility measurement of the evaluated state-based policies on ANYTASK benchmark. In each
cell, the numbers stand for normalized open-ended DTW (left) and jerk cost (right), respectively. The numbers in parenthesis
after Residual RL indicate the action magnitudes. We include Residual RL training with action magnitudes of 0.02 and 0.1.

Success Rate

|

Overall 00783 00081 00703 00032
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AutoMate benchmark. EXPERTGEN

outperforms all other baselines with an overall success of 90.5%. By introducing x-y noise, the BC policy demonstrates
better state coverage and higher success rates compared to no x-y noise counterpart.

b) AutoMate: This baseline exactly replicates the single-
task expert policies introduced in AutoMate [54].

D. Evaluation Metrics

a) Success Rate: For the ANYTASK and AutoMate
benchmark, we report the success rate evaluated over 1024
and 256 rollout trajectories respectively from each baseline
approach, with error bars denoting 95% Wilson binomial
confidence intervals [56].

b) Open-Ended Dynamic Time Warping: To evaluate the
feasibility of actions produced by the expert policies, we
measure the similarity between action trajectories sampled
from the learned expert policies and those from the imperfect
behavior priors, which are assumed to be physically feasible
and transferable to the real world. We quantify this similarity
using open-ended Dynamic Time Warping (DTW) [57]], which
allows partial and temporally misaligned trajectory matching.
This evaluation is conducted on the ANYTASK benchmark
using 100 rollout trajectories.

c) Joint-Space Jerk Cost: We also evaluate the jerk cost
for expert trajectories from the ANYTASK benchmark. Given
a joint-space trajectory ¢(t) € R™, where n is the number of
joints, we define the joint-space jerk cost as

1 /T 9
/0 1§ (02 dt.

T
where §'(t) denotes the third-order time derivative of the joint
positions. Jier is evaluated against 100 rollout trajectories.

Jjerk = (14)

VI. EXPERIMENTAL RESULTS

In this section, we discuss the major results including the
expert performance, recovery capacity, trajectory smoothness,
and visuomotor policy performance after transferring to the
real world.

A. Expert Policy Acquisition

Starting from imperfect behavior priors, EXPERTGEN con-
sistently learns near-perfect expert policies on both bench-
marks. On the ANYTASK benchmark (Table [), EXPERTGEN



achieves the highest success rates across all eight evaluation
tasks. For short-horizon tasks such as Lift, Open Drawer,
and Push, success rates approach 100%. Performance on
long-horizon tasks is comparatively lower, which is primarily
attributed to inherently difficult or unsolvable configurations
in the benchmark. Representative failure cases include objects
being placed too close to the drawer frame, causing blockage
during opening, or the banana knocks down the meat can when
dropped during stacking. Despite these challenges, EXPERT-
GEN consistently outperforms all baseline methods, achieving
the best overall success rates across both short- and long-
horizon tasks. Beyond tabletop manipulation, as shown in Fig.
EXPERTGEN attains an average success rate of 90.5% across
eight high-precision industrial assembly tasks in AutoMate,
demonstrating its ability to solve dexterous manipulation tasks
from behavior priors with inaccurate contact dynamics.

B. Failure Recovery Capacity

To evaluate failure recovery capacity, we introduce targeted
perturbations to tasks from ANYTASK, including random
gripper opening events and random external forces applied to
the end-effector in the z—y plane. Under these perturbations,
EXPERTGEN exhibits only minor performance degradation
(Table [III), with average success-rate drops of 0.5% and
28.6% across three tasks for gripper-opening and external-
force perturbations, respectively. In contrast, the base diffusion
policy is highly sensitive to such disturbances, with success
rates dropping to nearly zero when random external forces are
applied. These results demonstrate that EXPERTGEN policies
possess strong failure recovery capabilities and can provide
robust, high-quality supervision for downstream visuomotor
policy learning.

C. Smoothness and Feasibility

Before transferring these expert policies to real world,
Table |lI] further analyzes the quality of the learned behaviors
in terms of smoothness and feasibility. We report normalized
open-ended DTW to measure trajectory similarity to the
imperfect behavior priors, and joint-space jerk cost to quantify
motion smoothness. For comparison, we additionally train
Residual RL baselines with two action scales (0.02 and 0.1).
Residual RL is sensitive to the residual action scale. A smaller
action scale helps bootstrap training with higher initial success
rates, but often leads to lower asymptotic performance. In
contrast, a larger action scale allows better convergence but
can result in unnatural and jittery behaviors.

The base diffusion policy consistently achieves the lowest
DTW across most tasks, indicating strong adherence to the
demonstrated motion manifold. By contrast, Residual RL
(0.02) often deviates more substantially from the prior, despite
occasionally producing smooth motions. Residual RL (0.1)
produces noticeably jittery behaviors with significantly higher
jerk cost (35.3). EXPERTGEN achieves a favorable balance
between these metrics: while slightly increasing DTW relative
to the diffusion policy, it substantially reduces jerk on several

Methods | Lift Banana | Open Drawer | Push Pear
| Open Force | Open Force | Open Force
Diffusion Policy | 725 (7.6)) 1.9 (79.90) | 782 (8.7)) 580 (28.9)) | 47.1 (19)) 15.8 (33.11)
EXPERTGEN 99.4 (0.3]) 56.6 (43.1]) | 99.9 (0.0)) 99.7 (0.2)) 85.4 (1.21) 387 (45.3))

TABLE III: Success rates (%) with two perturbations: random
gripper opening and random external force applied to the
end-effector. Numbers in parentheses indicate the performance
drop(]) / increase(1) compared to the evaluation without any
perturbation.

TABLE IV: Real-world evaluation results of EXPERTGEN
across manipulation tasks.

Method Pointcloud RGB
Lift Push Pear  Open Lift
Banana to Center Drawer Banana
EXPERTGEN 75.0% 65.0% 85.0% -
ANYTASK [20] 73.3% 16.7% 42.5% 80%

tasks and avoids the large distributional shifts observed in
residual RL.

D. Sim-to-Real Transfer of the Visuomotor Policies

In this section, we present real-world results for EXPERT-
GEN. Our sim-to-real policies are deployed on a single-
arm Franka robot equipped with a Robotiq 2F-85 gripper.
Perception is provided by three calibrated Intel RealSense
D435i cameras, which yield a merged point-cloud and RGB
observations. All policy inference is performed on a local
workstation with an AMD Ryzen Threadripper PRO 5955WX
CPU and an NVIDIA RTX 6000 Ada GPU.

a) Point-Cloud-based Policy: EXPERTGEN teacher poli-
cies are distilled into point-cloud-based student policies using
DAgger and compared against standard behavioral cloning
(BC) policies trained from scripted-policy demonstrations on
three real-world manipulation tasks, as shown in
Both methods use the same policy architecture and visual
domain randomization strategy as Gong et al. [20] to ensure
a fair comparison.

While the two approaches achieve comparable performance
on simple pick-and-place tasks, EXPERTGEN substantially
outperforms the BC baseline on tasks involving articulation

0.8

« ExpertGen w/o DAgger

0.6

Student Success Rate

0.4

Number of Training Samples

2M 4M 6M 8M 10M 12M 14M

Fig. 5: Ablation of DAgger vs. BC in simulation. We plot the
student policy’s evaluation success rate against the number of
online training samples. Training with DAgger is important
for efficiently achieving higher success rates.



TABLE V: Ablation of o annealing in DAgger on the real-
world Lift Banana task. « is linearly decayed from 1.0
(standard BC on teacher rollouts) to the specified final value
between 50k and 100k global training steps, and the policy
continues training until 200k global steps.

Final o 0.0 0.2 0.4 1.0
65.0% 75.0% 63.3% 55.0%

Real-world Success Rate

and more complex dynamics. This result suggests that RL-
based teacher policies are critical for discovering robust strate-
gies for contact-rich interactions, which are difficult to capture
using LLM-synthesized scripted policies alone.

To verify the necessity of on-policy data collection and
training using DAgger, we compare against a BC distillation
baseline by monitoring student success rates during train-
ing (Figure 5). Utilizing DAgger consistently leads to faster
convergence and a higher success rate compared to the BC
baseline. We further investigate the sensitivity of the DAgger-
BC mixture by ablating the schedule of the teacher rollout
ratio «, as shown in While simulation evaluations
showed negligible differences, real-world experiments reveal
a sweet spot at a low, non-zero «. This suggests that retaining a
minimal level of teacher correction stabilizes the policy against
real-world noise better than fully decaying to the pure student
policy or retaining high teacher influence.

b) RGB-based olicy: We also evaluate the transfer of
EXPERTGEN to pixel-based control on Lift Banana task. In
this setting, student policies take as input of RGB images with
a resolution of 108 x 192. To facilitate sim-to-real transfer, we
adopt domain randomization techniques from Singh et al. [S8]],
including randomization of camera extrinsics, dome light
textures, object textures, and HSV jitter. Additionally, object
scaling is randomized within +10% to improve robustness to
variations in physical object dimensions.

In real-world zero-shot trials, the distilled policy achieves
80% task success rate and demonstrates remarkable robustness
to visual distractors—even in cluttered workspace containing
multiple objects with similar shape and color. In contrast,
a standard behavioral cloning (BC) policy trained directly
on scripted-policy demonstrations fails to achieve any suc-
cessful trials in the real world. This comparison highlights
an important limitation of scripted policies: although they
provide a nominal sequence of actions, they lack the reactive
behaviors necessary to handle real-world sensing noise and
visual variation. In contrast, the supervision provided by an
expert teacher produces significantly stronger training signals,
enabling the student policy to learn robust visuomotor behav-
iors that transfer reliably from simulation to the physical robot.

VII. ADDITIONAL ANALYSIS

A. Imperfect Behavior Priors

The scripted policies provide incomplete state coverage,
which directly limits the quality of the learned diffusion
policy. Consequently, the diffusion policy is imperfect and

Push Pear to Center Lift Banana
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Fig. 6: Success rate (%) distribution of imperfect prior diffu-
sion policy over different initial object configurations for Push
Pear to Center (left) and Lift Banana (right).
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Fig. 7: Success rates of base diffusion policies (top) and the
EXPERTGEN policies (bottom) trained with 50, 200, , and

imperfect demonstrations on (a) Lift Banana, (b) Open
Drawer, (c) Push Pear to Center, and (d) Put Object in Closed
Drawer.

exhibits low success rates for certain initial configurations, as
shown in Fig. [6] This trend is consistent on the AutoMate
benchmark, where the diffusion policy without added x-y
noise achieves the lowest success rates among all evaluated
methods. Injecting x-y noise improves spatial coverage and
partially mitigates this issue; however, the resulting policy
remains suboptimal. By contrast, the EXPERTGEN pipeline
consistently improves performance by refining the behavior
prior through reinforcement learning. Furthermore, Table
shows that the diffusion policy lacks failure recovery capabil-
ity, as evidenced by the substantial performance degradation
under external perturbations.

B. Number of Imperfect Demonstrations

We further examine how many demonstrations are required
to learn a behavior prior that is sufficiently diverse to sup-
port effective refinement in simulation. Figure [7| reports the
success rates of both the base diffusion policies and the



EXPERTGEN policies trained with 50, 200, 500, and 1000
imperfect demonstrations on four ANYTASK tasks. Perfor-
mance remains largely unchanged once the dataset contains
more than 200 demonstrations. A noticeable performance drop
occurs only when the dataset is reduced to 50 demonstrations,
where the average success rate decreases to 58.2%. These
results suggest that EXPERTGEN does not require large-scale
demonstration datasets; instead, a relatively small number of
imperfect demonstrations (approximately 200) is sufficient
to initialize a behavior prior that can be effectively refined
through reinforcement learning.

C. Choice of RL algorithms

We adopt FastTD3 as the underlying reinforcement learning
algorithm for expert policy acquisition. As shown in Table
while ExpertGen-PPO achieves reasonable success rates on
several tasks, it consistently underperforms FastTD3 across
all eight tasks in the ANYTASK benchmark. FastTD3’s off-
policy formulation enables more efficient reuse of expensive
action-chunked rollout and more stable optimization under
sparse, task-level rewards, which are essential to the success
of EXPERTGEN.

D. Human Motions as Behavior Priors

While the main results use scripted policies as imperfect
behavior priors, human demonstrations may provide richer
motion diversity and more adaptive behaviors. To evaluate this
hypothesis, we consider the task Stack Banana on Can, on
which EXPERTGEN trained with scripted policies achieves a
relatively low success rate (67% after RL training). Specif-
ically, six human demonstrations are collected in IsaacLab
and subsequently augmented to 1,000 demonstrations using
SkillMimicGen [38]. A single-task diffusion policy is then
trained on this dataset, while all other components of the EX-
PERTGEN pipeline remain unchanged. This variant is referred
to as EXPERTGEN w/ SkillMimicGen.

The results, summarized in Fig. E], show that both the
diffusion policy and EXPERTGEN trained with SkillMimicGen
data substantially outperform their counterparts trained using
scripted policy demonstrations. These results suggest that
human motion priors provide more diverse and adaptable
behavioral patterns, which improve both imitation learning and
subsequent reinforcement learning refinement.

VIII. CONCLUSIONS, LIMITATIONS, AND FUTURE WORK

This paper presented EXPERTGEN, a scalable frame-
work for sim-to-real expert policy acquisition that combines
diffusion-based behavior priors trained on imperfect demon-
strations with diffusion steering RL in massively parallel sim-
ulation. By steering only the initial noise of a pretrained diffu-
sion policy, EXPERTGEN preserves in-distribution, human-like
behaviors while enabling effective optimization with sparse
task-level rewards. Experiments on the ANYTASK and Au-
toMate benchmarks demonstrate that EXPERTGEN reliably
produces high-quality expert policies for both long-horizon
and dexterous manipulation tasks, and large-scale DAgger

1.0-
9 o08- I op
mmm DP w/ SkillMimicGen
ExpertGen

ExpertGen w/ SkillMimicGen

Fig. 8: The success rates (%) of the evaluated state-based
policies on the Stack Banana on Can task. Diffusion Pol-
icy w/ SkillMimicGen trains a diffusion policy on human
demonstrations augmented with SkillMimicGen [38]], while
EXPERTGEN w/ SkillMimicGen refines the diffusion policy
trained with SkillMimicGen data. Using human motions as
behavior priors significantly improves the performance of both
diffusion policy and EXPERTGEN teacher performances.

distillation further validates successful transfer to real-world
visuomotor policies. Overall, these results show that learning
from imperfect demonstrations and refining behaviors by mas-
sive simulation training provides a scalable and practical path
toward high-quality synthetic robotics data generation for sim-
to-real learning.

One limitation of EXPERTGEN is that the learned expert
policies remain constrained by the coverage of the provided
demonstrations or imperfect behavior priors. When the prior
lacks certain behaviors, performance degrades in scenarios
that require qualitatively new skills—for example, flipping a
meat can back upright after it has been knocked over. Future
work could explore more flexible generative priors, such as
classifier-free guidance with weak or no state conditioning, to
synthesize novel motions beyond the demonstration distribu-
tion. This may enable more effective behavior transfer across
tasks while reducing reliance on task-specific demonstrations.
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APPENDIX A
HYPER-PARAMETERS

A. Diffusion Policy

This paper considers diffusion policy for all imitation learn-
ing training. Specifically, diffusion policy considers demon-
strations as samples from a diffusion denoising process. Given
a state s; at time step ¢, the policy represents the conditional
distribution of an action chunk [48] a; = a;.++ g of length
via a diffusion model [35]. During training, Gaussian noise
is progressively added to expert trajectories according to a
forward process

g(af | af) = N'(ay; Varay, (1—a)l),

where o = Hle «; defines the noise schedule. The diffusion
policy is trained to predict the injected noise using a denoising
network eg, by minimizing the standard diffusion objective:

15)

Laitr = ]Ea?,sf,,k,ew./\/(o,l) [HG - 69(357 St, k)H2:| . (16)

At inference time, action trajectories are generated by
iteratively applying the reverse diffusion process starting from
Gaussian noise aX ~ AN(0,I). To reduce denoising steps,
we adopt Denoising Diffusion Implicit Models (DDIM) [49]]
sampling, which replaces the stochastic reverse process with

a deterministic update:
k-1 = 50
a;, ~ =+/ap_1a; +

where &Y denotes the prediction of the clean action chunk.

1 —ap_1epal, s, k), (17

B. EXPERTGEN

The set of hyper-parameters used in this paper is shown in
Table

C. EXPERTGEN-PPO

EXPERTGEN-PPO uses PPO for expert policy Acquisition
instead of FastTD3. We list the PPO related hyper-parameters
in Table We found it important to use a large initial
log-standard deviation (e.g., 0.0) to matches with the training
initial noise distribution to maintain a relative high initial task
success.

D. Residual RL

Residual RL augments a fixed base prior policy mp with
a learnable residual policy 7y that predicts corrective actions.
Given a state s;, the base policy outputs a nominal action
ad = mo(s¢), while the residual policy predicts an additive
correction conditioned on both the state and the base action
Sa; = me (8¢, a?). The final action executed in the environment
is given by a; = a? + da;.

The critic evaluates the composed action under the envi-
ronment dynamics. The state—action value function is defined
as

Q¢(St7 atov 5at) £ Q(Z)(St?at)v

and is trained using standard temporal-difference learning with
targets computed from the combined action at the next state.

(18)

Hyperparameters | ANYTASK AutoMate
Generative Behavior Prior Modeling
Architecture U-Net [39] U-Net
Number of groups 8 8
Kernel size 5 5
Number of channels [128, 256] [128, 256]
Diffusion step embedding dim. 16 16
Condition type FiLM FiLM
Action chunk length 16 8
Number of epochs 500 500
Batch size 256 256
Number of demonstrations 1000 500
Expert Policy Acquisition
Receding horizon 8 8
Critic learning rate 3e-4 3e-4
Actor learning rate 3e-4 3e-4
Buffer size 8196 x 1024 8196 x 256
Batch size 8196 8196
Policy noise 0.001 0.001
std_min 0.005 0.005
std_max 0.4 0.4
Number of updates 8 8
Number of steps 4 4
Number of atoms 101 101
v_min 0.0 0.0
v_max 100.0 400.0
Discount factor 0.99 0.99

TABLE VI: EXPERTGEN hyperparameters. The right two
columns indicate the hyerparameters for ANYTASK and Au-
toMate, respectively.

Hyperparameters | ANYTASK

Expert Policy Acquisition

Receding horizon 8
Number of steps 64
Learning rate Se-4
Learning rate schedule fixed
Discount factor 0.995
e_clip 0.2
Entropy coefficent -2e-4
Initial logstd 0.0

TABLE VII: EXPERTGEN-PPO hyperparameters.

The residual actor is optimized to maximize the critic while
keeping the base policy fixed:

max By p [Qo (s, mp(se), mo(se, mp(se))]. (19)

We also adapt FastTD for learning the residual policy .

The list of hyper-parameters used for residual RL is shown in

Table

E. Score-Matching Motion Priors (SMP) [55]]

Given a pretrained diffusion policy ¢y that models the
distribution of expert action chunks, Score-Matching Motion
Priors (SMP) repurpose this frozen diffusion model as a task-
agnostic motion prior via score distillation sampling (SDS).
During policy learning, an action chunk aY generated by
the current policy is evaluated under the diffusion prior by



Hyperparameters | ANYTASK
Residual RL
Warm-start steps 10240
Action scale 0.02
Receding horizon 8
FastTD3
Critic learning rate 3e-4
Actor learning rate 3e-4
Buffer size 8196 x 1024
Batch size 8196
Policy noise 0.001
std_min 0.005
std_max 0.4
Number of updates 8
Number of steps 4
Number of atoms 101
v_min 0.0
v_max 100.0
Discount factor 0.995

TABLE VIII: Residual RL hyperparameters.

injecting Gaussian noise € ~ N(0, I) using the same forward
diffusion process,

ab = Vapal + v1—age

The denoising network then predicts the injected noise as
¢ = €p(af, s;, k). The squared error ||é — €||2 provides a score-
matching signal that measures how well the policy-generated
action aligns with the expert demonstration distribution cap-
tured by the diffusion model.

To integrate this signal into reinforcement learning, SMP
converts the SDS loss into a bounded prior reward,

(20)

Tsmp = exp(—ws [|€ — €]3) , 21
where w, controls the strength of the motion prior. To reduce
variance arising from a single diffusion timestep, the SDS loss
is evaluated over a fixed set of diffusion steps and averaged
before computing the reward. This prior reward is combined
with a task-specific reward to train the policy using standard
reinforcement learning algorithms, while keeping the diffusion
model fixed throughout training. As a result, SMP provides a
reusable and stationary behavior regularizer that encourages
policy-generated actions to remain in-distribution with respect
to expert demonstrations, without requiring adversarial train-
ing or access to the original dataset during policy optimization.

To maintain fair comparison, SMP also employs FastTD3
as the underlying RL algorithm. Table [IX] lists all the hyper-
parameters for our SMP implementation.

Hyperparameters | ANYTASK

Warm-start steps 10240
Action scale 0.02
Receding horizon 8

TABLE IX: SMP hyperparameters.

Fig. 9: An overview of the selected eight tasks from ANYTASK
benchmark.

APPENDIX B
BENCHMARKS

A. ANYTASK

ANYTASK [20] is an automated framework for automatic
task design and large-scale synthetic data generation in robotic
manipulation. For benchmarking, eight tabletop manipulation
tasks are selected (an overview is shown in Fig. [9), covering a
diverse set of behaviors including lifting, pushing, stacking,
pick-and-place, and drawer opening. Together, these tasks
span short-horizon and long-horizon interactions, articulated
objects, and contact-rich manipulation scenarios.

Imperfect behavior priors are some scripted policies [33]]
synthesized by an LLM that invokes an existing skill library.
These policies provide incomplete state coverage and lack ex-
plicit failure recovery behaviors, which constitutes the source
of imperfectness. All scripted policies are shown in Fig.
We collect 1000 demonstrations for each task from the scripted
policies.

A state-based diffusion policy is trained to generate action
chunks with a horizon of 16, conditioned on a structured state
vector. The definitions of the state and action representations
are summarized in Table [X] For tasks involving fewer than two
rigid objects or no articulated objects, the corresponding state
dimensions are zero-masked. Task specification is encoded
via a learned task embedding, obtained as the output of a
lightweight MLP applied to a one-hot task index.



State | Dimension
End-effector pose 16
robot arm joint positions 9
Two object positions 6
Two object 6D rotations 12
Articulated object position 3
Articulated object 6D rotation 6
Articulated joint position 1
Task embedding 16
Action | Dimension
End-effector position 3
End-effector 6D rotation 6
Gripper action 1

TABLE X: State condition and action definitions for state-
based diffusion policy for the ANYTASK benchmark.

Fig. 10: Visualization of the selected nine assets from Au-
toMate benchmark covering three difficulty levels (easy,
medium, and hard).

B. AutoMate

AutoMate [54]] is a simulation benchmark for robotic dex-
terous manipulation in industrial assembly, with a particular
emphasis on high-precision peg-insertion tasks. The bench-
mark consists of a collection of insertion scenarios with tight
geometric tolerances, demanding accurate pose alignment,
fine-grained contact reasoning, and force-sensitive control
during execution. For evaluation, nine assets are selected
from AutoMate, evenly spanning three difficulty levels: easy
(success rate > 80%), medium (success rate between 40%
and 80%), and hard (success rate < 40%), where difficulty is
defined based on the performance of single-task expert policies
provided by AutoMate. An overview of the selected assets is
shown in Fig. [I0}

In this benchmark, imperfect behavior priors are gener-
ated from a scripted policy that performs peg disassembly
starting from an already assembled configuration. Imperfect
demonstrations are obtained by reversing these disassembly
trajectories to approximate the assembly process. Because
assembly and disassembly dynamics are inherently asymmet-
ric, this inversion induces a dynamics mismatch, resulting in
demonstrations with imperfect contact interactions. We collect
500 demonstrations for each task from the scripted policy.

The scripted policy for disassembly is shown in Fig. 2] in-
cluding three skill functions, _disassemble_plug_from
socket, _1ift_gripper, and _randomize_gripper
pose.

A state-based diffusion policy is trained to generate action
chunks with a horizon of 8, conditioned on a structured state
vector. The definitions of the state and action representations
are summarized in Table [XIl The 32-dimensional task embed-
ding is computed from a pretrained point-cloud autoencoder
similar to AutoMate [54].

State | Dimension
End-effector pose 16
Held positions 3
Held 6D rotation 6
Task embedding 32
Action | Dimension
End-effector position 3
End-effector 6D rotation 6

TABLE XI: State condition and action definitions for state-
based diffusion policy for the AutoMate benchmark.

APPENDIX C
ADDITIONAL RESULTS

A. Sim-to-Real Transfer of the Visuomotor Policies
We present the full list of sim-to-real evaluation results
including Lift Peach task in Table

TABLE XII: Real-world evaluation results of EXPERTGEN
across four manipulation tasks.

Lift Push Pear Open Lift
Method ‘ Banana ‘ to Center Drawer ‘ Peach
EXPERTGEN 75.0% 65.0% 85.0% 80.0%
ANYTASK [20] 73.3% 16.7% 42.5% 62.1%

B. Additional AutoMate Results

We present the full list of AutoMate evluation results
in Fig. [T]] including an additional hard assembly task (ID.
00726). On this hard task, on which AutoMate can only
achieve a success rate of 6.2%, EXPERTGEN still achieves
the near 100% success.

C. Failure recovery capacity

We present the full failure recovery capacity results includ-
ing the Residual RL in Table including residual RL.
Residual RL demonstrates similar robustness as EXPERTGEN
under mild perturbation such as randomly open the gripper,
however, its success rates drastically drop when more aggres-
sive perturbations are added such as randomly applying a force
to the end-effector.
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Fig. 11: he success rates (%) of the evaluated approaches on selected assets from AutoMate benchmark. EXPERTGEN

outperforms all other baselines with an overall success of 91.1%. By introducing x-y noise, the BC policy demonstrates

better state coverage and higher success rates compared to no x-y noise counterpart.

Methods | Lift Banana | Open Drawer | Push Pear
|  Open Force |  Open Force |  Open Force
Diffusion Policy | 72.5 (7.6]) 1.9 (799)) | 782 (8.7)) 58.0(289])) | 47.1 (1.9)) 15.8 (33.1))
Residual RL | 97.6 (0.5]) 3.5 (94.5)) | 995 (0.0)) 924 (7.1}) | 56.4 3.41) 156 (37.4])
EXPERTGEN 99.4 (0.3]) 56.6 (43.1)) | 99.9 (0.0}) 99.7 (0.2)) | 85.4 (1.21) 38.7 (45.3))

TABLE XIII: Success rates (%) with two perturbations: random gripper opening and random external force applied to the
end-effector. Numbers in parentheses indicate the performance drop(]) / increase({) compared to the evaluation without any

perturbation.

D. Smoothness and Feasibility

Table ml reports the full evaluation of motion smoothness 0.30 -
and feasibility, measured by jerkness and open-ended DTW, 0.25 -
respectively. We additionally include Residual RL baselines
with two action magnitudes (0.02 and 0.1). Although action- 0.20 1
magnitude scheduling is not implemented here, it is common 5 0.15 4
practice to begin training with a small action magnitude (e.g., 0.10 4
0.02) for stability and gradually increase it (e.g., to 0.1) to '
improve convergence. To isolate the effect of a larger action 0.05 'l
magnitude, we evaluate the smoothness and feasibility of 0.00 -
policies trained directly with an action magnitude of 0.1. As o MY “\0\){5\ Qo’L\ Qo M
shown in Table [XIV] Residual RL with action magnitude ot g&eﬂe (.\es\d“\ e S\cNa
0.1 exhibits substantially higher jerkness (35.3) and increased
DTW distance (0.3125), indicating jerky and less feasible
action trajectories. An overall open-ended DTW and jeckness 30 -
cost averaged across eight tasks are shown in Fig. [12]
E. Human Motions as Behavior Priors g 20 -

We select the Stack Banana on Can task, on which EXPERT- ;if,
GEN attains a relatively low success rate (67.2%), to evaluate B 104
the effectiveness of using human motion data as the source
of the behavior prior. Specifically, six human demonstrations . - -
are collected in IsaacLab and augmented to 1,000 demon- 0'. \ \ \
strations using SkillMimicGen [38]]. A single-task diffusion 5.\0“?0\‘0J e (ouf® X ?\\’\0‘0’1— a\a\,\O'\'
policy is then trained using this dataset, while all remaining ot E‘I@eﬁ v\ec;\d"a aesd”

components of the EXPERTGEN pipeline are kept unchanged.
This variant is referred to as EXPERTGEN w/ SkillMimicGen.
The results, summarized in Table @ show that both the
diffusion policy and EXPERTGEN trained with SkillMimicGen
data substantially outperform their counterparts trained using
scripted policy demonstrations.

Fig. 12: Overall smoothness and feasibility evaluation of state-
based policies on ANYTASK benchmark. The feasibility (top)
is measured by normalized open-ended DTW and smoothness
(bottom) is measured by jerk cost. Residual RL (0.1) exhibits
substantially higher jerkness and DTW distance.



Tasks Lift Lift Lift Open Push Pear Stack Banana Put Object In Place Strawberry Average
Methods aSKS Banana Brick Peach Drawer to Center on Can Closed Drawer In Bowl
DTW| Jerk.|] | DTW{ Jerk.] | DTW| Jerk.] | DTW| Jerk.] | DTW| Jerk.] | DTW| Jerk.] | DTW{ Jerk.| | DTW{ Jerk.] | DTW| Jerk.|

Diffusion Policy 0.114 8.14 0.111 7.49 0.112 3.67 0.087 6.56 0.109 17.2 0.122 2.46 0.238 10.9 0.118 2.04 0.126 7.31
Residual RL (0.02) 0.142 6.21 0.132 1.89 0.120 371 0.131 5.00 0.136 3.84 0.152 2.26 0.264 8.17 0.163 6.12 0.155 4.65
Residual RL (0.1) 0.149 25.86 0.158 31.68 0.507 53.28 0.258 35.26 0.141 21.71 0.776 4725 0.308 49.52 0.203 17.95 0.313 353
ExpertGen (ours) 0.134 2.80 0.146 6.84 0.116 7.25 0.137 7.21 0.113 5.24 0.130 1.38 0.201 7.12 0.135 9.92 0.139 597

TABLE XIV: The smoothness and feasibility measurement of the evaluated state-based policies on ANYTASK benchmark.
In each cell, the numbers stand for normalized open-ended DTW (left) and jerk cost (right), respectively. The numbers in
parenthesis after Residual RL indicate the action magnitudes. We include Residual RL training with action magnitudes of 0.02
and 0.1.

Methods ‘ Diffusion Policy  Diffusion Policy w. SkillMimicGen =~ EXPERTGEN  EXPERTGEN w. SkillMimicGen
Success rate (%) \ 16.3 £ 2.3 643 +£29 672 +£2.9 79.2 £+ 2.5

TABLE XV: The success rates (%) of the evaluated state-based policies on ANYTASK benchmark including Diffusion Policy w.
SkillMimicGen that trains a diffusion policy on human demonstrations augmented with SkillMimicGen [38]] and EXPERTGEN
w/ SkillMimicGen that refines Diffusion Policy w/ SkillMimicGen. Bold number indicates the best number across all the
approaches.

def scripted_policy (env):
import torch

# Object id for banana
banana_id = 1

# Step 1: Pick up the banana. This skill will grasp the banana and lift it with an internally
defined distance.
pick (env, banana_id)

# Step 2: Compute the target position for lifting.

# We want to ensure the banana is lifted upward by at least 20 cm relative to its initial
position.

# Get the initial position of the banana (batched tensor of shape (N, 3)).

initial_banana_pos = get_object_initial_position(env, banana_id)

# Define a 1lift offset of 0.25 m (2

( cm) to ensure it meets the 20 cm requirement.
lift_offset = torch.tensor([0.0, O.

5
0, 0.25], device=initial_banana_pos.device) .reshape(1l, 3)

# Broadcast the 1lift offset and add to the initial banana position

target_pos = initial_banana_pos + lift_offset

# Step 3: Move the robot’s end effector to the target position while keeping the gripper closed.
move_to (env, target_pos, target_orientation=None, gripper_open=False)

# Step 4: Ensure the gripper remains closed to keep a firm grasp.
close_gripper (env)

Fig. 13: Scripted policy for Lift Banana



def scripted_policy (env) :
import torch

# Object id for soft_brick
soft_brick_id = 1

# Step 1: Pick up the soft_brick. This skill will grasp the soft_brick and 1ift it with an
internally defined distance.
pick (env, soft_brick_id)

# Step 2: Compute the target position for lifting.

# We want to ensure the soft_brick is lifted upward by at least 20 cm relative to its initial
position.

# Get the initial position of the soft_brick (batched tensor of shape (N, 3)).

initial_soft_brick_pos = get_object_initial_position(env, soft_brick_id)

# Define a 1lift offset of 0.25 m (2

( cm) to ensure it meets the 20 cm requirement.
1lift_offset = torch.tensor([0.0, O.

5
0, 0.25], device=initial_soft_brick_pos.device) .reshape(l, 3)
# Broadcast the 1lift offset and add to the initial soft_brick position

target_pos = initial_soft_brick_pos + lift_offset

# Step 3: Move the robot0027s end effector to the target position while keeping the gripper
closed.
move_to (env, target_pos, target_orientation=None, gripper_open=False)

# Step 4: Ensure the gripper remains closed to keep a firm grasp.
close_gripper (env)

Fig. 14: Scripted policy for Lift Brick

def scripted_policy(env):
import torch

# Object id for peach
peach_id = 1

# Step 1: Pick up the peach. This skill will grasp the peach and lift it with an internally
defined distance.
pick (env, peach_id)

# Step 2: Compute the target position for lifting.

# We want to ensure the peach is lifted upward by at least 20 cm relative to its initial position.
# Get the initial position of the peach (batched tensor of shape (N, 3)).

initial_peach_pos = get_object_initial_position(env, peach_id)

# Define a 1lift offset of 0.25 m (25 cm) to ensure it meets the 20 cm requirement.
lift_offset = torch.tensor([0.0, 0.0, 0.25], device=initial_peach_pos.device) .reshape (1, 3)

# Broadcast the 1lift offset and add to the initial peach position
target_pos = initial_peach_pos + lift_offset

# Step 3: Move the robot0027s end effector to the target position while keeping the gripper
closed.

move_to (env, target_pos, target_orientation=None, gripper_open=False)

# Step 4: Ensure the gripper remains closed to keep a firm grasp.
close_gripper (env)

Fig. 15: Scripted policy for Lift Peach



Scripted policy - Open Drawer

def scripted_policy(env) :
obj_id =1
open_drawer (env, obj_id)

Fig. 16: Scripted policy for Open Drawer

Scripted policy - Push Pear to Center

def scripted_policy(env) :
import torch
# Push the pear (object_id=1) to target xy (0.4, -0.5) using iterative, state-based pushes
pear_id =1
target_xy = make_a_tensor(env, [0.4, -0.44])
push_or_pull_object_to_xy(env, pear_id, target_xy)

Fig. 17: Scripted policy for Push Pear to Center

Scripted policy - Stack Banana on Can

def scripted_policy(env) :
import torch
banana_id = 2
can_id = 1

# 1) Pick the banana
pick (env, banana_id)

# 2) Lift to 25 cm above initial height

init_banana = get_object_initial_position(env, banana_id) # (N, 3)

lift_offset = torch.tensor([0.0, 0.0, 0.18], device=init_banana.device) .reshape(l, 3)
lifted_pos = init_banana + 1lift_offset

move_to (env, lifted _pos, target_orientation=None, gripper_open=False)

can_position = get_object_position(env, can_id)

target_position = can_position.clone ()

place (env, target_position)

Fig. 18: Scripted policy for Stack Banana on Can



Scripted policy - Put Object in Closed Drawer

def scripted_policy(env) :
import torch
obj_id = 1 # drawer
strawberry_id = 2

# 1) Open the upper drawer
open_drawer (env, obj_id, reset_after_open=True)

# 2) Pick the strawberry
pick(env, strawberry_ id)

# 3) Lift strawberry 23 cm above its initial position

init_straw = get_object_initial_ position(env, strawberry_id) # (N, 3)

lift_offset = torch.tensor([0.0, 0.0, 0.23], device=init_straw.device) .reshape(l, 3)
lifted_pos = init_straw + lift_offset

move_to (env, lifted _pos, target_orientation=None, gripper_open=False)

# 4) Place location: use upper drawer’s (x, y) and fixed z = 0.23

drawer_pos = get_articulated_obj_part_pos(env, obj_id, ’upper_drawer’, _use_bbox_center=True) #
(N, 3)

z_const = torch.full ((drawer_pos.shape[0], 1), 0.23, device=drawer_pos.device)

place_target = torch.cat ([drawer_pos[:, :2], z_const], dim=1) # (N,3)

# Move to place location and open gripper directly (no pre-place)
move_to (env, place_target, target_orientation=None, gripper_open=False)
open_gripper (env)

Fig. 19: Scripted policy for Put Object in Closed Drawer

Scripted policy - Place Strawberry in Bowl

def scripted_policy(env):
import torch
strawberry_id = 2
bowl_id =1

# 1) Pick the strawberry
pick (env, strawberry_id)

# 2) Lift to 25 cm above initial height

init_strawberry = get_object_initial position(env, strawberry_id) # (N, 3)

lift_offset = torch.tensor([0.0, 0.0, 0.18], device=init_strawberry.device) .reshape(l, 3)
lifted_pos = init_strawberry + lift_offset

move_to (env, lifted pos, target_orientation=None, gripper_open=False)

bowl_position = get_object_position(env, bowl_id)

target_position = bowl_position.clone ()

place (env, target_position)

Fig. 20: Scripted policy for Put Object in Closed Drawer



def _disassemble_plug_from_socket (self) :
"""ift plug from socket till disassembly and then randomize end-effector pose."""

if_intersect = np.ones(self.num_envs, dtype=np.float32)

env_ids = np.argwhere (if_intersect == 1) .reshape(-1)
lift_distance = self.disassembly_dists » 3.0
self. lift gripper (lift_distance, self.cfg_task.disassemble_sim_steps, env_ids)

self.step_sim _no_action ()

if_intersect = (self.held_pos[:, 2] < self.fixed_pos[:, 2] + self.disassembly_dists) .cpu() .numpy ()
env_ids = np.argwhere(if_intersect == 0).reshape(-1)

self._randomize_gripper_pose (self.cfg_task.move_gripper_sim steps, env_ids)

def _1lift_gripper(self, 1lift_distance, sim_steps, env_ids=None):
"""Lift gripper by specified distance. Called outside RL loop (i.e., after last step of
episode) . """

ctrl_tgt_pos torch.empty_like (self.fingertip_midpoint_pos) .copy_(self.fingertip_midpoint_pos)

ctrl_tgt_quat = torch.empty_like(self.fingertip_midpoint_quat) .copy_(self.fingertip_midpoint_quat)

ctrl_tgt_pos[:, 2] += lift_distance

lifted = self.fixed _pos[:, 2] > self.disassembly_dists * 0.95

ctrl_tgt_pos[lifted, :2] += torch.randn((self.num_envs, 2), dtype=torch.float32,
device=self.device) * 0.02

if len(env_ids) == 0:

env_ids = np.array(range (self.num_envs)) .reshape (-1)

self._move_gripper_to_eef_ pose(env_ids, ctrl_tgt_pos, ctrl_tgt_quat, sim_steps, if_log=True)

def _randomize_gripper_pose(self, sim_steps, env_ids):
"""Move gripper to random pose."""

ctrl_tgt_pos torch.empty_like (self.gripper_goal_pos) .copy_(self.gripper_goal_pos)
ctrl_tgt_pos[:, 2] += self.cfg_task.gripper_rand_z_offset

# ctrl_tgt_pos = torch.empty_like(self.fingertip_midpoint_pos) .copy_(self.fingertip_midpoint_pos)

fingertip_centered _pos_noise = 2 * (

torch.rand((self.num_envs, 3), dtype=torch.float32, device=self.device) - 0.5
) # [-1, 11
pos_noise = torch.tensor ([

0.03, 0.03, 0.02 + self.disassembly_dists[0]
], device=self.device)
fingertip_centered_pos_noise = fingertip_centered pos_noise @ torch.diag(pos_noise)
fingertip_centered_pos_noise[:, 2] -= (0.02 + self.disassembly_dists[0]) / 2.0
ctrl_tgt_pos += fingertip_centered_pos_noise

# Set target rot
ctrl_target_fingertip_centered_euler = (
torch.tensor (self.cfg_task.fingertip_centered_rot_initial, device=self.device)
.unsqueeze (0)
.repeat (self.num_envs, 1)
)

fingertip_centered_rot_noise = 2 * (

torch.rand((self.num_envs, 3), dtype=torch.float32, device=self.device) - 0.5
) # [-1, 1]
fingertip_centered_rot_noise = fingertip_centered_rot_noise @ torch.diag(

torch.tensor (self.cfg_task.gripper_rand_rot_noise, device=self.device)
)
ctrl_target_fingertip_centered_euler += fingertip_centered_rot_noise
ctrl_tgt_quat = torch_utils.quat_from_euler_xyz(
ctrl_target_fingertip_centered_euler[:, 0],
ctrl_target_fingertip_centered_euler[:, 1],
ctrl_target_fingertip_centered_euler[:, 2],

)

self._move_gripper_to_eef_ pose(env_ids, ctrl_tgt_pos, ctrl_tgt_quat, sim_steps, if_log=True)

Fig. 21: Scripted policy for AutoMate disassembly tasks.
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