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Sim-to-Real Transfer

Generalization

Figure 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, acquir-
ing such data at scale in the real world is prohibitively expensive. This paper
introduces EXPERTGEN, a framework that automates expert policy learning in
simulation without any human demonstrations, while preserving strong sim-to-
real transfer performance. EXPERTGEN first initializes a behavior prior in using
a diffusion policy trained on synthetic data (e.g., Code as Policy). Reinforcement
learning is then used to steer this prior in massively parallel simulation toward
high task success by optimizing the diffusion model’s initial noise while keeping
the denosing process frozen. In this way, EXPERTGEN regularizes exploration
to remain within safe behavior manifolds, enabling stable learning from sparse
rewards without additional reward engineering. Extensive experiments on chal-
lenging manipulation benchmarks demonstrate that EXPERTGEN reliably acquires
high-quality policies with strong robustness and generalization. On long-horizon
manipulation tasks, EXPERTGEN achieves success rates of up to 85%, while on
industrial assembly benchmarks it achieves a 91.1% overall success rate, outper-
forming all baseline methods. 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 hardware.

Keywords: offline-to-online reinforcement learning, synthetic data generation

1 Introduction

Recent progress in synthetic robotics data generation has enabled scalable creation of manipula-
tion demonstrations in simulation. Existing approaches span several paradigms. Demonstration
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augmentation methods, such as MimicGen [1], expand a small number of human demonstrations
through demonstration perturbation, geometric retargeting, and skill composition [1, 2, 3]. More
recent approaches further reduce human effort by generating demonstrations from task-and-motion
planning (TAMP) or Code as Policies (CaP) built on reusable motion primitives [4, 5]. Together,
these approaches significantly reduce the cost of robotics data generation.

However, simply scaling demonstration quantity does not guarantee robust learned behaviors. Exist-
ing synthetic data generation pipelines primarily generate trajectories around nominal successful ex-
ecutions. MimicGen-style approaches rely on heuristically designed perturbation strategies around
demonstrations, while TAMP and CaP are constrained by predefined skills and planning heuristics.
Consequently, these methods provide limited coverage of failure states and recovery behaviors. In
principle, reinforcement learning (RL) can address these limitations by directly optimizing closed-
loop task success and discovering recovery behaviors through trial-and-errors. However, large-scale
RL-based robotics data generation typically requires carefully engineered dense rewards, which sub-
stantially limits scalability across tasks and domains [6, 7]. To address these challenges, this paper
proposes to treat synthetic demonstrations as a scalable behavior prior and subsequently refines this
prior through RL using only sparse task-level rewards.

To this end, this paper introduces EXPERTGEN, a scalable framework for sim-to-real expert policy
acquisition from synthetic behavior priors. EXPERTGEN first trains a diffusion policy on demon-
strations synthesized from scripted policies. These synthetic demonstrations typically encode safe
and feasible behaviors while achieving non-trivial task success rates; however, they may still exhibit
limited state coverage, incomplete recovery behaviors, or dynamics mismatch. EXPERTGEN then
adopts diffusion steering reinforcement learning (DSRL) [8], which optimizes only the diffusion
model’s initial noise while keeping the pretrained denoising process frozen. Building on this for-
mulation, EXPERTGEN extends diffusion steering to massively parallel robotics simulation using an
off-policy RL framework designed for high-throughput large-batch training. One of our key insights
is that the behavior prior need only be roughly correct; as long as expert behaviors lie somewhere on
the prior manifold, large-scale RL can still efficiently find such expert policies under sparse rewards.

Empirical evaluations on the ANYTASK [4] and AutoMate [9] benchmarks demonstrate that EX-
PERTGEN consistently improves task success rates across long-horizon manipulation and dexterous
assembly tasks, outperforming alternative policy fine-tuning paradigms such as residual RL while
requiring only sparse rewards. For sim-to-real transfer, the learned expert policies are distilled into
visuomotor policies through large-scale DAgger [10] training with point-cloud or RGB observations
under domain randomization, enabling robust zero-shot deployment on real robotic hardware.

The major contributions of the paper are

* We introduce EXPERTGEN, a scalable framework that transforms imperfect synthetic be-
havior priors into sim-to-real-ready expert policies.

* We showcase that DSRL can be effectively extended to massively parallel simulation, en-
abling high success, robustness, and generalization, while preserving behavior manifolds.

* We demonstrate robust zero-shot sim-to-real transfer of visuomotor policies distilled from
expert teacher policies, including point-cloud- and RGB-based policies.

2 Related Work

Offline-to-Online Reinforcement Learning. A growing body of work studies how to refine poli-
cies learned from offline demonstrations using online interaction. Residual RL [11] constrains ex-
ploration through residual action spaces and has shown promising results in dexterous manipulation
and loco-manipulation [12, 13, 14]. However, these approaches are often sensitive to residual action
magnitudes and exploration schedules [15, 16], making them difficult to scale across diverse tasks.
More recently, diffusion policies [17] have motivated specialized offline-to-online refinement meth-
ods [18, 8, 19, 20, 21, 22]. In particular, diffusion steering reinforcement learning (DSRL) [8, 23]
refines behavior by steering the initial diffusion noise while keeping the pretrained denoising process



frozen, preserving the learned action manifold during online optimization. EXPERTGEN builds on
this formulation and extends it to massively parallel simulation for scalable expert policy learning.

Synthetic Robotics Data Generation. Another line of work addresses the scalability bottle-
neck of robotics data collection through synthetic demonstration generation and data augmentation.
Prior approaches expand small human datasets through trajectory perturbation, geometric retarget-
ing, skill composition, or reusable motion primitives [1, 2, 3, 24, 25], while more recent meth-
ods synthesize demonstrations directly from scripted policies, planning systems, or large language
model—-generated robot programs [5, 26, 27, 4, 6]. These methods substantially reduce the cost of
collecting robotics demonstrations and enable scalable generation of long-horizon and dexterous
manipulation data. However, because generated trajectories are typically centered around nominal
successful executions, they often provide limited coverage of recovery behaviors, failure states, and
out-of-distribution configurations. EXPERTGEN treats synthetic demonstrations as scalable behavior
priors and subsequently refines these priors with RL using only sparse task-level rewards.

3 Preliminaries

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

Markov Decision Process The manipulation tasks are formulated as a Markov decision process
(MDP), defined by the tuple M = (S, A, T,r,~), where S is the state space, A is the action space,
T (st41 | 8¢, az) is the transition function, r : & x A — R is the reward function, and vy € (0,1] is
the discount factor. The objective is to learn an expert policy g that maximizes the expected dis-

counted return: max, E o, [ZtT:O vir(se, ar)|, where 7 = (sg,ag, $1,0a1, ..., S1,ar) denotes
a trajectory induced by the policy interacting with the environment.

In this work, the reward function is defined as a sparse binary task success signal. Let Igucc(St)
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 7(s¢, a;) = Isuec(S¢), which provides sparse supervision by
assigning nonzero reward only upon successful task completion.

Diffusion Policy This paper considers diffusion policy for all imitation learning training. Specif-
ically, diffusion policy considers demonstrations as samples from a diffusion denoising process.
Given a state s; at time step ¢, the policy represents the conditional distribution of an action
chunk [28] a; = a4y of length H via a diffusion model [17]. During training, Gaussian
noise is progressively added to expert trajectories according to a forward process g(a’ | a?) =
N (af; Varal, (1—ag)l ), where oy, = Hle «a; defines the noise schedule. The diffusion policy
is trained to predict the injected noise using a denoising network €y, by minimizing the standard
diffusion objective:

Late = Eao o, 5 enn(0.1) Me —eg(al, sy, k’)’ﬂ _ (1)

At inference time, action trajectories are generated by iteratively applying the reverse diffusion
process starting from Gaussian noise a’* ~ N(0, I). To reduce denoising steps, we adopt Denoising
Diffusion Implicit Models (DDIM) [29] sampling, which uses deterministic denoising process.

4 EXPERTGEN

This section details EXPERTGEN, a three-stage framework (Fig. 2) for acquiring sim-to-real-ready
expert policies from imperfect but scalable synthetic demonstrations. The key idea is to first learn a
structured behavior prior from purely synthetic data, then improve this prior through sparse-reward
reinforcement learning in simulation, and finally distill the resulting state-based expert into deploy-
able visuomotor policies.
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Figure 2: EXPERTGEN training pipeline: generative modeling of imperfect behavior priors using
a state-based diffusion policy (Phase 1); steering diffusion policy in massively parallel simulation
using FastTD3 (phase 2); visual policy distillation using DAgger from expert teachers (phase 3).

4.1 Generative Behavior Prior Modeling

EXPERTGEN assumes access to a dataset of synthetic demonstration trajectories Dgyn, = {T; f;l.
Each trajectory 7; = {(s¢, a¢)}1_, is generated entirely in simulation rather than collected through
real-world teleoperation. Specifically, EXPERTGEN considers synthetic data generated from both
AnyTask [4] and SkillMimicGen [2] for tabletop manipulation tasks, as well as handcrafted policies
for contact-rich assembly tasks.

Although these synthetic demonstrations often exhibit safe and structured behaviors with nontriv-
ial task success, they typically suffer from limited state coverage, weak recovery behaviors, and
mismatch between the synthetic generation process and the target task distribution. Consequently,
directly cloning such demonstrations does not produce robust expert policies. To model this imper-
fect behavior prior, EXPERTGEN trains a state-conditioned diffusion policy mprior(as | 5¢) on Dgyy.
The diffusion policy serves as a structured generative prior that captures the motion manifold of the
synthetic demonstrations while remaining amenable to RL-based steering.

4.2 Expert Policy Acquisition

This subsection describes how EXPERTGEN acquires task-specialized expert policies by combining
diffusion steering with massively parallel simulation and off-policy RL.

Diffusion steering reinforcement learning Let z; denote the initial noise input to the diffusion
model. A steering policy g, (z; | s;) selects this noise conditioned on the current state. The diffusion
prior Tpyior(as | s¢) then maps (s, ;) to an action chunk. RL optimizes g, using sparse task-level
rewards, while the frozen diffusion decoder constrains the resulting actions to remain close to the
behavior distribution learned from synthetic data.

Massively parallel off-policy RL  While the original DSRL formulation focuses on Soft Actor—
Critic (SAC) [30], which prioritizes sample efficiency, EXPERTGEN targets a fundamentally differ-
entregime: massively parallel, large-scale simulation training. To support this setting, EXPERTGEN
adopts an off-policy RL training inspired by FastTD3 [31], which integrates several design choices
for high-throughput robotic learning in massively parallel simulation.

Specifically, EXPERTGEN incorporates several design choices. First, policy optimization is per-
formed using large-batch updates collected from thousands of parallel environments, substantially
improving training throughput and effective learning under sparse rewards. Second, a distributional
critic [32] is employed to improve value estimation in long-horizon sparse-reward settings. Third,
mixed Gaussian noise [33] is introduced in the steering latent space to maintain exploration diversity
across parallel environments while regularizing the steering policy to be close to the normal distri-
bution used to train the base diffusion policy. Empirically, this mixed-noise strategy is critical for
preserving the prior behavior manifold after RL steering.



4.3 Visuomotor Policy Distillation through DAgger

The expert policies learned in simulation operate on privileged states that are unavailable at deploy-
ment time. To obtain deployable visuomotor policies, the expert is distilled into an observation-
based policy 7(a | o) using Dataset Aggregation (DAgger) [10], where observations o = f(s)
consist of RGB images or point clouds. To improve sim-to-real transfer, extensive visual domain
randomization is applied during distillation, including randomized textures, lighting, object appear-
ances, and camera poses. More details are presented in Sec. 6.5.

5 Experiment Setup

Figure 3: Illustrations of the tasks in our experiments. (A) Real-world manipulation tasks. (B)
Industrial assembly tasks from AutoMate. (C) Long-horizon tasks from ANYTASK.

5.1 Benchmarks - ANYTASK

Tasks ANYTASK [4] is an automated framework 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 behaviors, 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. Figure 3 (C) visualizes two tasks from ANYTASK.

Synthetic data  The synthetic data is synthesized by AnyTask [4], which uses a LLM to program
scripted policies that invokes an existing skill library. We collect 1000 demonstrations for each task
from the scripted policies. The scripted polices are listed in Appendix C.1.

Baselines We compare EXPERTGEN against several representative baselines. Scripted Policy
directly executes the LLM-synthesized scripted policies provided by ANYTASK. Diffusion Pol-
icy evaluates policies trained purely via behavior cloning on synthetic demonstrations. Offline-to-
Online Refinement includes Residual RL [15] and SMP [34], which both initialize from pretrained
diffusion priors and improve performance through online RL. We additionally compare against the
original DSRL formulation [8], which performs diffusion steering using SAC. ExpertGen-PPO
further replaces off-policy RL with PPO to study the effect of off-policy RL in massively parallel
simulation steering. Finally, FastTD3 trains directly from sparse rewards without demonstrations or
pretrained priors, measuring the difficulty of solving these tasks from scratch. More implementation
details are provided in the Appendix.

5.2 Benchmarks - AutoMate

Tasks AutoMate [9] 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, as shown in Figure 3 (B), with tight geometric tolerances,
demanding accurate pose alignment and dexterous control.
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Figure 4: The success rates (%) of the evaluated approaches on assets from the AutoMate bench-
mark. EXPERTGEN outperforms all other baselines with an overall success of 91.1%. By introduc-
ing x-y noise, the diffusion policy demonstrates higher success rates compared to the no x-y noise.
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Synthetic data In the AutoMate benchmark, synthetic demonstrations are generated using a
scripted disassembly policy that starts from already-assembled configurations and disassemble the
parts from the sockets. Then, the disassembly trajectories are reversed and used for assembly pol-
icy learning. Because assembly and disassembly dynamics are inherently asymmetric, reversing
the trajectories introduces dynamics mismatch and imperfect contact interactions during insertion.
We collect 500 demonstrations for each task. Additionally, we consider two variants of the demon-
strations depending on whether small noise is injected in the x—y plane during the lifting phase of
the disassembly trajectories. This perturbation increases trajectory diversity near insertion regions,
producing datasets with and without z—y noise augmentation.

Baselines We compare against two baselines on AutoMate. Diffusion Policy trains diffusion poli-
cies purely via imitation learning on the reversed demonstrations, without RL refinement. We evalu-
ate variants trained with and without the additional z—y noise augmentation. AutoMate reproduces
the single-task expert policies proposed in AutoMate using the original benchmark training setup.

5.3 [Evaluation Metrics

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 [35].

Wasserstein-2 Distance To quantify the distributional shift from the base diffusion policy, we
measure the Wasserstein-2 distance between the action distributions induced by each evaluated ap-
proach and the pretrained diffusion model. For each task from ANYTASK, we randomly sample 5
states from each of 10 demonstration trajectories, resulting in a total of 100 evaluation states. At
every sampled state, we generate 512 action samples from the pretrained diffusion policy and 512
action samples from the evaluated method. The empirical Wasserstein-2 distance is then computed
between the two action distributions and averaged across all sampled states.

6 Experimental Results

Place
w Lift Lift Lift Open Push Pear Stack Put Object In Strawberry
Methods Banana Brick Peach Drawer to Center | Banana on Closed In Bowl
Can Drawer
Scripted Policy 563+3.1 | 664+£30 | 609+3.1 | 28.1+28 | 180+24 | 26.6+2.7 94+ 1.8 43.0+29
Diffusion Policy 69.8+28 | 726 £2.7 | 285+28 | 77.6 £2.6 | 505+3.1 | 163+23 0.5+0.5 6.6 £ 1.5
Residual RL 8434+20 | 984+0.8 | 759+2.6 | 99.5+0.5 | 56.5+3.0 00+0.2 13.6 £2.1 1.3+£07
SMP 0.0+£0.2 0.0+0.2 00+0.2 | 99.9 +0.3 2.1+0.2 00+0.2 0.0+0.2 1.24+0.7
DPPO 96.0+£1.0 | 96.7+£1.1 | 95213 | 98.1+£09 | 26.7+32 7.8+0.8 1.0+ 0.7 40+14
DSRL 724+£26 | 77.8+£25 12407 | 949+14 | 448+3.0 6.5+ 1.5 1.2+0.7 30+1.2
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 1.54+038
ExpertGen-PPO 89.6+19 | 90.0+1.8 | 81.9+24 | 96.7+1.1 | 69.8£28 | 57.0£3.0 549+3.0 443 £3.0

ExpertGen (ours)

99.8 0.3 | 99.7 + 0.4

993+0.0 | 100+0.1 | 833+£20 | 67.2+£29 | 80724 | 521+3.1

Table 1: The success rates (%) of the evaluated state-based policies on ANYTASK benchmark. Bold
number indicates the best number across all the approaches.



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.

6.1 Expert Policy Acquisition

Starting from imperfect synthetic behavior priors, EXPERTGEN consistently learns near-perfect ex-
pert policies on both benchmarks. On the ANYTASK benchmark (Table 1), EXPERTGEN achieves
the highest success rates across all eight evaluation tasks. For short-horizon tasks, success rates
approach 100%. Performance on long-horizon tasks is comparatively lower, which is primarily at-
tributed to inherently unsolvable configurations in the benchmark. Failure cases include objects
being placed too close to the drawer frame, causing blockage during opening. Despite these chal-
lenges, EXPERTGEN consistently outperforms all baseline methods. The strong improvement over
DSRL reveals the importance of the design choices in Sec. 4.2 that support massively-parallel simu-
lation. Beyond tabletop manipulation, as shown in Figure 4, EXPERTGEN attains an average success
rate of 90.5% across nine high-precision industrial assembly tasks in AutoMate, demonstrating its
ability to solve dexterous manipulation tasks from behavior priors with inaccurate contact dynamics.

6.2 Failure Recovery Capacity

Methods | Lift Banana | Open Drawer | Push Pear

|  Open Force | Open Force |  Open Force
Diffusion Policy | 725 (7.6))  1.9(79.9]) | 782 (8.7)) 58.0(289)) | 47.1(19])) 158 (33.1})

Residual RL | 83.8 (1.0)) 46.7 (37.5)) | 969 (2.6]) 99.7(0.21) | 57.1(0.71) 38.4(18.1])
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 2: Success rates (%) with two perturbations: random gripper opening and random external
force applied to the end-effector. Number in parentheses indicate the performance drop ({) / increase
(1) compared to no perturbation. Bold number indicates the best success rates.

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 degrada-
tion (Table 2), 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. Residual RL suffers from similar amount of performance drop compared to
EXPERTGEN, because they are both trained with RL under perturbation. However, EXPERTGEN
consistently showcases higher success rate than Residual RL even with the perturbation. These
results demonstrate that EXPERTGEN policies possess strong failure recovery capabilities and can
provide high-quality supervision for DAgger distillation.

Stack Put Object In
Closed

Drawer

6.3 Preserving the Action Manifold
Place
Banana on Strawberry

Tasks Lift Lift Lift Open
Methods Banana Brick Peach Drawer Can In Bowl

Residual RL 0.234+0.04 | 022+£0.02 | 0.20£0.02 | 0224+0.02 | 0.234+0.01 | 0.23 £0.02 0.24 £ 0.01 0.20 £ 0.02
ExpertGen (ours) 0.08+0.03 | 0.15+0.04 | 0.04£0.04 | 0.09+0.11 | 0.14+0.05 | 0.38 £0.15 0.39 £0.12 0.18 & 0.08

Push Pear
to Center

Table 3: The Wasserstein-2 distance between the evaluated policies and base diffusion policies.

Before sim-to-real transfer, Table 3 evaluates how well different fine-tuning approaches preserve the
pretrained diffusion-policy action manifold. Specifically, we measure the Wasserstein-2 distance
between the action distributions generated by the learned policy and the base diffusion policy.

We train Residual RL with a relatively small residual action magnitude (0.02), as larger resid-
ual actions substantially reduce the initial success rate and lead to unstable learning. Despite re-
maining closer to the behavior prior, Residual RL still exhibits higher Wasserstein-2 distances on
short-horizon tasks and fails to achieve meaningful performance gains on long-horizon tasks, where



success rates remain near zero. In contrast, EXPERTGEN consistently achieves among the lowest
Wasserstein-2 distances across tasks while attaining substantially higher task success rates, demon-
strating that diffusion steering effectively preserves the pretrained action manifold while enabling
effective policy improvement through RL.

6.4 Ablating the mixed Gaussian noise

We claim that a key design choice enabling manifold-preserving steering at scale is the mixed Gaus-
sian exploration noise in the steering latent, with per-environment std drawn from [0 pin, Omax] =
[0.005,0.4]: its high-noise components force the steering policy to succeed under latents near the
N (0, T) distribution used to train the diffusion prior, implicitly regularizing steered latents to remain
in-distribution. To isolate this effect, we shrink the noise range by one and two orders of magnitude
on three tasks, reporting final success rate (SR) and Wasserstein-2 distance to the prior:

Tasks Lift banana Open drawer Stack banana
[O—miny Umax] SRT WQ\L SRT Wal SRT WQJ,
[0.005,0.4] (ours) 99.8 0.08 100 0.09 672 0.38
[0.001,0.01] 99.8 0.37 99.6 0.19 759 0.65

[0.0001,0.002] 99.6 1.09 100 050 564 0.84

Reducing the noise range removes this regularization: asymptotic success increases slightly as RL
exploits the latent space more freely, but W5 drastically grows by 2-10x — the expert drifts off
the prior manifold and mitigate the sim-to-real transfer capacity. Thus our mixed range attains
comparable success while staying closest to the prior, directly substantiating the Sec. 4.2 claim and
showing that the contribution is not a backbone swap but the design choices that make noise-space
steering simultaneously scalable and manifold-preserving.

6.5 Sim-to-Real Transfer of the Visuomotor Policies

Observation Method Number of Demos.  Lift Banana  Lift Brick  Push Pear to Center ~ Open Drawer

Point-cloud EXPERTGEN DAgger 75.0% - 65.0% 85.0%
ANYTASK [4] 20k 73.3% - 16.7% 42.5%

RGB EXPERTGEN 20k 80.0% 65.0% 45.0% 65.0%
ANYTASK [4] 20k 80.0% 55.0% 35.0% 10.0%

Table 4: Real-world evaluation results of visuomotor policies. Policies are trained from either EX-
PERTGEN or ANYTASK [4] scripted-policy rollouts. While ANYTASK achieve reasonable perfor-
mance on simple pick tasks, they struggle in contact-rich manipulation, highlighting the importance
of EXPERTGEN’s RL-refined teacher policies for robust sim-to-real transfer.

In this section, we present real-world results for EXPERTGEN on selected tasks from ANYTASK.
Details of the real-world setup can be found in the Appendix C.3.

Real-world transfer of visuomotor policies EXPERTGEN teacher policies are distilled into
point-cloud-based policies using DAgger and into RGB-based policies using standard behavioral
cloning (BC). These policies are compared against counterparts trained from ANYTASK [4] scripted-
policy demonstrations. For RGB policies, training uses 20k offline demonstrations with extensive
visual domain randomization [36, 37], including randomized camera extrinsics, dome light textures,
object textures, table textures, and HSV jitter. The RGB policy takes 224 x 224 RGB images to-
gether with end-effector poses as input. All methods use the same policy architecture and domain
randomization strategy to ensure a fair comparison. As shown in Table 4, while both approaches
achieve comparable performance on simple pick-and-place tasks, EXPERTGEN consistently outper-
forms the ANYTASK on tasks involving articulation or complex contact dynamics, such as Push
Pear to Center and Open Drawer. These results suggest that RL-refined teacher policies are critical
for providing supervision for complex interactions that are difficult to capture from scripted policies.

DAgger distillation To verify the necessity of DAgger training, we ablate the schedule of the
teacher rollout ratio o on Lift Banana task. Specifically, « is linearly annealed from 1.0 to a final



value between 50k and 100k global training steps, and training continues until 200k steps. While
simulation success rates remain similar across different schedules, real-world performance exhibits
a clear sweet spot at a low, non-zero final a. The highest success rate of 75.0% is achieved with
a final o = 0.2, compared to 65.0% for pure student training (o« = 0.0), 63.3% for a = 0.4, and
55.0% for maintaining full teacher influence (o« = 1.0). These results suggest that retaining a small
amount of teacher correction improves robustness to real-world noise, while both fully removing the
teacher and excessively relying on teacher rollouts degrade performance.

7 Conclusion and Limitations

This paper introduced EXPERTGEN, a scalable framework for sim-to-real expert policy acquisition
from imperfect synthetic behavior priors. EXPERTGEN first learns a structured diffusion-policy
prior from synthetic demonstrations and subsequently refines this prior through diffusion steer-
ing reinforcement learning in massively parallel simulation using only sparse task-level rewards.
Across long-horizon manipulation and dexterous assembly benchmarks, EXPERTGEN consistently
improves robustness, recovery behaviors, and task success rates compared to the pretrained policy
while preserving the action manifold. Furthermore, the resulting expert policies can be distilled
into visuomotor policies through DAgger and transferred zero-shot to real robotic hardware. These
results indicate that learning from imperfect synthetic priors and refining them through large-scale
sim-to-real RL is a scalable strategy for robotics expert policy acquisition. The main limitation of
EXPERTGEN lies in that the performance is bounded by the quality and diversity of the synthetic
behavior priors. While RL steering can substantially improve robustness and recovery behaviors,
extremely poor or highly biased priors may limit the performance and exploration coverage.
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A Additional Analysis

A.1 Imperfect Synthetic Behavior Priors

The scripted policies provide in-
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figurations, as shown in Figure 5.
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This trend is also consistent on the
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diffusion policy without added z— X (m) X (m)

y noise achieves the lowest success
rates among all evaluated methods.
Injecting x—y noise improves spa-
tial coverage and partially mitigates
this issue; however, the resulting policy remains suboptimal. Furthermore, Table 3 shows that the
diffusion policy lacks strong failure recovery capability, as evidenced by the substantial performance
degradation under external perturbations.

Figure 5: Success rate (%) distribution of imperfect prior dif-
fusion policy (left) and EXPERTGEN (right) over different ini-
tial object configurations for Push Pear to Center.

To further isolate the impact of imperfect priors, we conduct two controlled experiments summarized
in Table 5. First, to study limited state coverage, the Lift Banana task is trained using demonstra-
tions in which the initial banana pose is restricted to only the left half of the workspace. Under
this setting, the base diffusion policy experiences a substantial performance degradation outside the
demonstrated region, whereas EXPERTGEN is able to partially extrapolate beyond the demonstrated
initial-state distribution, achieving over 50% success. Second, to evaluate robustness to dynamics
mismatch, the prismatic drawer-joint friction in the Open Drawer task is increased from 0.2 to 0.5,
requiring a firmer grasp during drawer opening. While this modification significantly degrades the
base diffusion policy, EXPERTGEN exhibits only negligible performance drop after steering. This
robustness to dynamics mismatch is consistent with the AutoMate experiments, where priors gen-
erated by reversing disassembly trajectories contain substantial dynamics discrepancies relative to
the assembly process. Overall, these results demonstrate that EXPERTGEN can effectively refine
imperfect synthetic behavior priors by improving spatial generalization, robustness, and recovery
behaviors through reinforcement learning.

Table 5:' Spccess rates under prior deficiencies. —j-—— Base Policy  EXPERTGEN
Arrows indicate performance drops compared to —
Limited state coverage 39.2 (30.6)) 76.8 (23.2))

the setting without prior deficiency. Joint dynamics mismatch 314 (412]) 992 (0.1))
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Figure 6: Success rates of base diffusion policies (left) and the EXPERTGEN policies (right) 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.
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We further examine how many demonstrations are required to learn a behavior prior that is suf-
ficiently diverse to support effective refinement in simulation. Figure 6 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. Performance 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.

A.3 Choice of RL algorithms

We adopt FastTD3 as the underlying RL algorithm for expert policy acquisition. As shown in
Table 1, 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 rollouts and more stable opti-
mization under sparse, task-level rewards, both of which are essential to the success of EXPERTGEN.

In addition, preliminary experiments with the original DSRL formulation based on Soft Actor—Critic
(SAC) exhibit substantially lower asymptotic performance under the extensive domain randomiza-
tion and perturbation settings used in EXPERTGEN.

A.4 Human Motions as Behavior Priors

While the main results use scripted policies for generating synthetic data, human demonstrations
may provide richer motion diversity and more adaptive behaviors. To evaluate this hypothesis,
we apply SkillMimicGen [2] to Stack Banana on Can task, on which EXPERTGEN trained with
scripted policies achieves a relatively low success rate (67%). Specifically, six human teleoperation
trajectories are collected in IsaacLab and subsequently augmented to 1,000 demonstrations using
SkillMimicGen. A single-task diffusion policy is then trained on this dataset, while all other com-
ponents of the EXPERTGEN pipeline remain unchanged. This variant is referred to as EXPERTGEN
w/ SkillMimicGen.

The results, summarized in Figure 7, 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 RL refinement.

1.0 Figure 7: Success rates (%) of the evaluated
© 0.8~ T state-based policies on the Stack Banana on
s I Can task. Diffusion Policy w/ SkillMim-
ﬁ 0.6 - icGen trains a diffusion policy on human
§ 0.4 - demonstrations augmented with SkillMim-
g icGen [2], while EXPERTGEN w/ SkillMim-
Y 0.2- icGen further refines the diffusion policy

- trained on SkillMimicGen data. Using hu-

0.0- . man motions as behavior priors significantly

_—

= DP w/ SKilMimicGen improves the performance of both the diffu-

ExpertGen sion policy and EXPERTGEN.
ExpertGen w/ SkillMimicGen
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B Hyper-parameters

B.1 Diffusion Policy

This paper considers diffusion policy for all imitation learning training. Specifically, diffusion policy
considers demonstrations as samples from a diffusion denoising process. Given a state s; at time
step ¢, the policy represents the conditional distribution of an action chunk [28] a; = ay.445 of
length H via a diffusion model [17]. During training, Gaussian noise is progressively added to
expert trajectories according to a forward process

q(af | af) = N(af; vagal, (1—ap)l), )

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:

Lait = Eag o, 1, ooy |6 = eolal s, B[] 3)

At inference time, action trajectories are generated by iteratively applying the reverse diffusion
process starting from Gaussian noise a’* ~ A/(0, I). To reduce denoising steps, we adopt Denoising
Diffusion Implicit Models (DDIM) [29] sampling, which replaces the stochastic reverse process with
a deterministic update:

af ' = Vap_1a) + /1 — ar_1e9(ay, si, k), “)

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

B.2 EXPERTGEN

The set of hyper-parameters used in this paper is shown in Table 6

B.3 EXPERTGEN-PPO

EXPERTGEN-PPO uses PPO for expert policy Acquisition instead of FastTD3. We list the PPO re-
lated hyper-parameters in Table 7. 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.

B.4 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 a = 7 (s;), while
the residual policy predicts an additive correction conditioned on both the state and the base action
da; = mp(st, ag). The final action executed in the environment is given by a; = a? + day.

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

Qos(s1,a),6a,) 2 Qgp(se,ar), (5)

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

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

max B, p [Qs(st, mp(se), mo(se, mp(s0)))] - (6)

We also adapt FastTD for learning the residual policy my. The list of hyper-parameters used for
residual RL is shown in Table 8.
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Hyperparameters \ ANYTASK AutoMate
Generative Behavior Prior Modeling
Architecture U-Net [38] 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 6: EXPERTGEN hyperparameters. The right two columns indicate the hyerparameters for
ANYTASK and AutoMate, 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 7: EXPERTGEN-PPO hyperparameters.

B.5 Score-Matching Motion Priors (SMP) [34]

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 a9 generated
by the current policy is evaluated under the diffusion prior by injecting Gaussian noise € ~ N (0, I)
using the same forward diffusion process,

Vay, ég +V1—age.

~k
a; =

)
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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 04
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 8: Residual RL hyperparameters.

The denoising network then predicts the injected noise as é = e(a¥,s;, k). The squared error
||é — €||3 provides a score-matching signal that measures how well the policy-generated action aligns
with the expert demonstration distribution captured by the diffusion model.

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

Tsmp = exp(—wS Ilé — eH%) , (8)
where wj 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 training or access to the original dataset during policy optimization.

To maintain fair comparison, SMP also employs FastTD3 as the underlying RL algorithm. Table 9
lists all the hyper-parameters for our SMP implementation.

Hyperparameters | ANYTASK

Warm-start steps 10240
Action scale 0.02
Receding horizon 8

Table 9: SMP hyperparameters.

C Benchmarks

C.1 ANYTASK

ANYTASK [4] is an automated framework for automatic task design and large-scale synthetic data
generation in robotic manipulation. For benchmarking, eight tabletop manipulation tasks are se-
lected (an overview is shown in Fig. 8), covering a diverse set of behaviors including lifting, push-
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| Lift peach | | Open drawer |

Figure 8: An overview of the selected eight tasks from ANYTASK benchmark.

ing, 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 [5] synthesized by an LLM that invokes an
existing skill library. These policies provide incomplete state coverage and lack explicit failure
recovery behaviors, which constitutes the source of imperfectness. All scripted policies are shown
in Fig. 17. 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 10. For tasks involving fewer than two rigid objects or no articulated objects, the correspond-
ing 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 10: State condition and action definitions for state-based diffusion policy for the ANYTASK
benchmark.
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C.2 AutoMate
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Figure 9: Visualization of the selected nine assets from AutoMate benchmark covering three diffi-
culty levels (easy, medium, and hard).

AutoMate [9] 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 col-
lection 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 diffi-
culty is defined based on the performance of single-task expert policies provided by AutoMate. An
overview of the selected assets is shown in Fig. 9.

In this benchmark, imperfect behavior priors are generated 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. Be-
cause assembly and disassembly dynamics are inherently asymmetric, 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 disassem-
bly is shown in Fig. 19 including three skill functions, _.disassemble plug_-from socket,
_lift_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 11. The 32-dimensional task embedding is computed from a pretrained point-cloud autoen-
coder similar to AutoMate [9].

C.3 Real-World Evaluation

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. The RGB observations additionally includes a Re-
alSense D405 wrist mounted camera. All policy inference is performed on a local workstation with
an AMD Ryzen Threadripper PRO 5955WX CPU and an NVIDIA RTX 6000 Ada GPU.
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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 11: State condition and action definitions for state-based diffusion policy for the AutoMate
benchmark.

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 1lift 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 lift offset of 0.25 m (25 cm) to ensure it meets the
20 cm regquirement.

lift offset = torch.tensor([0.0, 0.0, 0.25],
device=initial banana_pos.device) .reshape (1, 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)

Figure 10: Scripted policy for Lift Banana
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def scripted_policy(env):
import torch

# Object id for softbrick
soft brick.id =1

# Step 1: Pick up the soft_brick. This skill will grasp the
soft brick and 1lift 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 lift offset of 0.25 m (25 cm) to ensure it meets the
20 cm regquirement.

lift _ offset = torch.tensor([0.0, 0.0, 0.25],
device=initial_soft brick_pos.device) .reshape(l, 3)

# Broadcast the lift offset and add to the initial soft._brick
position
target_pos = initial_soft._brickpos + lift_offset

# Step 3: Move the robot(0027s 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)

Figure 11: Scripted policy for Lift Brick
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Scripted policy - Lift Peach

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 lift 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_peachpos + lift_offset

# Step 3: Move the robot(027s 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)

Figure 12: Scripted policy for Lift Peach

Scripted policy - Open Drawer

def scripted-policy (env):
objid = 1
open_drawer (env, obj_id)

Figure 13: Scripted policy for Open Drawer

Scripted policy - Push Pear to Center

def scripted_policy(env) :
import torch
# Push the pear (object_.id=1l) 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)

Figure 14: Scripted policy for Push Pear to Center
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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, 0.187,
device=init_banana.device) .reshape (1, 3)

lifted-pos = init._banana + lift_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)

Figure 15: Scripted policy for Stack Banana on Can

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)

liftedpos = 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=1l) #
(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)

Figure 16: Scripted policy for Put Object in Closed Drawer
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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 (1, 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)

Figure 17: Scripted policy for Put Object in Closed Drawer
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def _disassemble plug_from_socket (self):
"""Lift plug from socket till disassembly and then randomize
end-effector pose."""

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

env_ids = np.argwhere(if_intersect == 1) .reshape(-1)

lift distance = self.disassembly_dists x 3.0

self. lift_gripper (lift_distance, self.cfg_task.disassemble_sim_steps,

env_ids)

self.step_-sim-no_action ()

if_intersect = (self.heldpos([:, 2] < self.fixedpos[:, 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 _lift_gripper(self, lift_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.fingertipmidpoint_pos) .
copy-(self.fingertip-midpoint_pos)

ctrl_tgt_quat = torch.empty_like(self.fingertip-midpoint_quat) .
copy-(self.fingertipmidpoint_quat)

ctrl tgtpos[:, 2] += lift_distance

lifted = self.fixedpos[:, 2] > self.disassembly.dists = 0.95

ctrl tgt pos[lifted, :2] += torch.randn((self.num.envs, 2),
dtype=torch.float32, device=self.device) x 0.02

if len(env_ids) ==

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)

Figure 18: Scripted policy for AutoMate disassembly tasks.
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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 tgtpos[:, 2] += self.cfg_task.gripper_rand_z_offset

# ctrl tgt_pos = torch.empty_like(self.fingertipmidpoint_pos) .copy
_( self.fingertipmidpoint_pos )

fingertip_centered_pos_noise = 2 *x (
torch.rand((self.numenvs, 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 *x (
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)

Figure 19: Scripted policy for AutoMate disassembly tasks.
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