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ABSTRACT

Reinforcement learning in massively parallel physics simulations has driven ma-
jor progress in sim-to-real robot learning. However, current approaches remain
brittle and task-specific, relying on extensive per-task engineering to design re-
wards, curricula, and demonstrations. Even with this engineering, typical rein-
forcement learning methods can often fail on long-horizon, contact-rich manipu-
lation tasks and do not meaningfully scale with compute, as performance quickly
saturates when training revisits the same narrow regions of state space. We in-
troduce OmniReset, a simple and scalable framework that enables on-policy
reinforcement learning to robustly solve a broad class of dexterous manipulation
tasks using fixed algorithm hyperparameters, no curricula, minimal reward en-
gineering, and no human demonstrations. Our key insight is that long-horizon
exploration can be dramatically simplified by using simulator resets to system-
atically expose the RL algorithm to the diverse set of robot-object interactions
that underlie dexterous manipulation. OmniReset programmatically generates
such resets with minimal human input, converting additional compute directly
into broader behavioral coverage and continued performance gains for dynamic
policies. We show that OmniReset gracefully scales to long-horizon dexter-
ous manipulation tasks beyond the capabilities of existing approaches and is able
to learn robust policies demonstrating a variety of dynamic, contact-rich recov-
ery behavior. Finally, we distill OmniReset into visuomotor policies that can
be transferred to the real world zero-shot, displaying robust retrying behavior to
accomplish complex, contact-rich tasks with non-trivial success rates. Project
webpage: https://omnireset.github.io

1 INTRODUCTION

Reinforcement learning (RL) in massively parallelized simulation environments (Mittal et al., 2023;
Todorov et al., 2012) has driven recent successes in sim-to-real robotics (Akkaya et al., 2019;
Hwangbo et al., 2019). While very successful for locomotion and navigation problems, these meth-
ods have seen relatively less success in robotic manipulation problems. In principle, these algorithms
can also be applied to robotic manipulation, automatically acquiring complex, contact-rich behav-
iors through repeated interaction with the simulated environment. Yet in practice, obtaining robust
and performant policies still requires extensive per-task environment and reward engineering, limit-
ing the scalability of this paradigm—particularly for long-horizon manipulation tasks. This sharply
contrasts with domains such as language modeling, where simply scaling data and compute has
yielded dramatic gains with similarly simple RL algorithms Guo et al. (2025). How can we achieve
comparable scalability for robotic manipulation?

The central bottleneck in robotic RL is that standard exploration techniques Schulman et al. (2017);
Haarnoja et al. (2018) saturate as parallelism and compute are scaled, repeatedly sampling a narrow
state—action distribution and becoming trapped in local minima Singla et al. (2024). While numerous
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Figure 1: OmniReset is a scalable framework for dexterous manipulation which uses diverse simulator
resets and large scale reinforcement learning to solve contact-rich, long horizon tasks beyond the capabilities
of existing approaches. These policies are then distilled to RGB camera observations and robustly transferred
to the real world zero-shot, where they are able to consistently solve challenging tasks over much wider ranges
of initial conditions than baselines.

advanced exploration methods have been proposed Pathak et al. (2017); Burda et al. (2018), their
added algorithmic complexity makes them difficult to scale in practice. As a result, practitioners
often rely on human intuition to reduce the exploration burden, injecting structure through task-
specific reward design Westenbroek et al. (2022); Ng et al.; Handa et al. (2023), hand-designed
curricula Lee et al. (2020a), or user-provided demonstrations Bauza et al. (2025); Peng et al. (2018);
Nair et al. (2018). Although effective in many settings, these approaches are fundamentally limited
by the amount of human effort they require. A complementary strategy is to simplify the learning
problem through additional system scaffolding—using RL only for contact-rich phases while relying
on motion planning or trajectory optimization for the remainder Lee et al. (2020b); Tang et al.
(2024); Zhou et al. (2024); Lee et al. (2020c). While this reduces exploration demands, it comes
at the cost of increased system complexity and a lack of smooth, adaptive behavior for complex
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tasks. These approaches reflect a prevailing assumption in robotics: that dexterous manipulation is
too complex to emerge from large-scale RL alone and must instead be scaffolded with additional
task-specific structure.

We argue that with the right system design, this scaffolding is unnecessary. In this work, we instead
propose systematically exposing RL to a superset of the interactions it will encounter when manip-
ulating the scene, and then allowing dexterous task-specific behaviors to emerge from large-scale
compute and optimization. Although the space of possible behaviors for robust task performance
is vast—{flipping, screwing, insertion, and other contact-rich motions—successful policies reuse a
relatively small set of recurring interaction modes, such as approaching objects, initiating contact,
and forming stable grasps. These modes can be densely covered through generic resets that do
not encode task-specific solutions. By sufficiently randomizing object poses and sampling these
interaction states, we substantially reduce the exploration burden and ensure the agent encounters
meaningful success signals. This coverage allows sparse rewards to propagate smoothly through
the state space, enabling the agent to identify high-value regions and learn how to stitch together
multiple distinct behaviors to reach these goals, without task-specific reward shaping or guidance.

Concretely, we introduce OmniReset, a scalable framework for robotic manipulation that auto-
matically generates diverse initial-state distributions to densely cover the contact-rich interactions
the robot may encounter. This coverage allows PPO Schulman et al. (2017) to fully leverage large-
scale compute, improving performance as the number of parallel environments increases. When
scaled sufficiently, OmniReset learns the emergent behavior of combining multiple interaction
modes—such as pushing, flipping, and insertion (Fig. 1)—into coherent, multi-stage strategies with-
out task-specific reward shaping, curricula, or demonstrations. Across diverse contact-rich tasks,
this approach solves long-horizon problems that are considerably out of reach for existing methods,
producing robust policies that succeed from a huge range of initial states rather than narrow distri-
butions typical of many prior approaches. Finally, we demonstrate that OmniReset can be used to
train visuomotor policies via student-teacher distillation which can robustly transfer zero-shot to the
real-world, substantially outperforming alternatives such as imitation learning.

2 RELATED WORK

Exploiting Resets in Reinforcement Learning: Exploiting simulator resets for RL is a natural idea
which has been explored in many contexts. Prior theoretical works (Kakade & Langford, 2002)
have suggested more uniform sampling over initial states, but do not provide practical algorithms.
The primary focus of many works is to make learning more tractable by generating an explicit cur-
riculum over resets (Tang et al., 2023; Dennis et al., 2020; Bauza et al., 2025), for instance through
a “reverse-curriculum” of states going backwards from the goal (Florensa et al., 2017) or using
a learned dynamics model to propose viable resets (Edwards et al., 2018; Ivanovic et al., 2019).
In contrast, a second category of methods leverage demonstrations (whether human or automati-
cally generated) to generate feasible pathways to the goal (Tao et al., 2024; Resnick et al., 2018;
Salimans & Chen, 2018; Bauza et al., 2025; Tang et al., 2024). In contrast to these prior works,
we show that neither human demonstrations, nor a curriculum is needed, but rather that the sim-
ple approach for generating diverse resets in OmniReset naturally scales to various long-horizon
manipulation problems without added algorithmic complexity. More recently, staggered environ-
ment resets (Bharthulwar et al., 2025) have been shown to improve optimization by decorrelating
rollouts, but leave the initial state distribution unchanged and thus do not alleviate exploration. In
contrast, OmniReset directly addresses exploration by enumerating diverse, task-relevant initial
states, enabling coverage of critical intermediate states that are otherwise rarely visited.

Exploration Strategies for Reinforcement Learning: RL practitioners have designed a variety
of exploration strategies to effectively uncover goal-reaching paths for a fixed set of initial condi-
tions, with uninformative rewards. A major line of work is bonus-based exploration, where agents
receive intrinsic rewards for visiting novel or unpredictable states. Count-based methods reward
visits to rarely seen states (Ostrovski et al., 2017; Bellemare et al., 2016; Martin et al., 2017), while
curiosity-based methods provide bonuses based on prediction errors (Burda et al., 2018; Sancaktar
et al., 2022; Pathak et al., 2017). Other approaches (Osband et al., 2016; 2019; Russo et al., 2018)
promote temporally correlated exploration by injecting stochasticity at the policy or value-function
level. Finally, diversity-driven methods optimize for behavioral variety (Eysenbach et al., 2019;



Published as a conference paper at ICLR 2026

Collect Reset States Zero-Shot Transfer to

o ] Train RL Expert DISEI-|! Eo Perception Real Robot
1 EF
L-.ﬁ
Reaching Near Object 1

N

‘ . “
State-Base RL with Diverse Resets - 5
1 \‘. 1 and Massively Parallel Simulation Large Scale RGB Dataset Robust Policies With Zero

Grasped Near Goal with Visual Randomization Real-World Data

Figure 2: Sim-to-Real Pipeline with OmniReset (1) After generating partial assemblies and grasps from
the simulator, (2) we collect reset states: reaching, near object, grasped, and near goal. (3) We then train a
state-based RL policy initialized from these reset states, which is used to (4) train student-teacher distillation to
get a RGB policy. (5) We finally deploy the RGB-based policy in the real world zero-shot.

Rajeswar et al., 2023). These approaches are complimentary to our work; our main contribution is
demonstrating that large scale-scale parallelization and resetting schemes lead to the emergence of
surprising levels of dexterity without the need for advanced exploration incentives.

Leveraging Demonstrations: An alternative is to increasingly rely on human demonstrations and
imitation learning to overcome difficult long-horizon exploration. Approaches include adding aux-
iliary BC loss terms to RL objectives (Nair et al., 2018; Hester et al., 2018; Rajeswaran et al., 2017),
simply adding demonstrations to the replay buffer (Vecerik et al., 2017), and introducing reward
shaping terms which encourage RL agent to follow demonstrations (Tang et al., 2024; Reddy et al.,
2019; Koprulu et al., 2024; Peng et al., 2018). Other works have sought to squeeze more information
out demonstrations by automatically translating existing demonstrations to new initial conditions
and scenes (Mandlekar et al., 2023) or by robustifying BC policies by promoting recovery behavior
(Ke et al., 2023; Ankile et al., 2024). While our work complementarily pushes the limits of what
behaviors can be learned entirely from scratch, we expect that demonstrations (when available) can
also be incorporated into our framework to further accelerate learning.

3  GENERATING DIVERSE RESETS FOR LEARNING DEXTEROUS
MANIPULATION

This section introduces OmniReset, a scalable framework for robotic manipulation that automat-
ically constructs RL problems by generating diverse, manipulation-centric reset distributions in a
task-agnostic way. Rather than relying on task-specific curricula, demonstrations, or carefully tuned
rewards to guide exploration, OmniReset exposes standard RL algorithms to a broad superset of
key interaction states that would be rarely encountered under naive exploration. When paired with
large-scale simulation and compute, this reset design continually exposes the algorithm to diverse
interaction states, preventing convergence to narrow, suboptimal behaviors and enabling complex
multi-step manipulation skills to emerge from large-scale optimization.

3.1 PROBLEM SETTING

Reinforcement Learning Problem: We formalize the RL problems synthesized by OmniReset
as a Markov decision process (MDP) defined by the tuple (S, A, P,r,~, p), where s € S denotes
the state, a € A denotes the robot’s action, s’ ~ P(:|s, a) denotes the next state sampled from the
transition dynamics, r is the reward function, ~ is the discount factor, and sy ~ p is the initial state
distribution. We optimize for the discounted sum of rewards: J(m) = By ~p.amr D peo VT (St: ar)]s
where a ~ 7(-|s) denotes actions sampled from the policy. We focus our RL training on compact
state representations (i.e., Lagrangian states), only moving to vision-based distillation for transfer to
the real world (Sec. 5).

Task Scope and User Inputs: To effectively leverage task structure when automatically designing
RL problems we make several practical assumptions. First, we focus on manipulating rigid bodies
where the goal is to move a single user-specified object to a target configuration (potentially relative
to other objects). For example, the assembly task in Figure 1 requires picking up a table leg, moving
it to the desired hole, and screwing the pieces together—a long-horizon task requiring diverse behav-
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iors, yet framed as moving one object to a goal. Specifically, OmniReset requires the following
input from the user:

tar

Requirement 1 A rarget object s C s to be manipulated.

Requirement 2 A ser of goal configurations G C S for s"".
Requirement 3 A workspace VW C S for the robot.

At a code level, this requires that the user identify s°®" in the environment definition, provide a
means for sampling goal states, and select and operating region for the robot (such as the area over
a table top). These pieces of information place minimal burden on the user, yet nonetheless contain
rich information about problem structure which OmniReset exploits to design easily solvable RL
problems. In short, OmniReset automatically constructs a diverse initial state distribution sy ~ p
that enables RL algorithms to solve all considered tasks using a single task-agnostic reward function,
without any task-specific hyperparameter tuning or explicit curricula.

3.2 AUTOMATICALLY GENERATING RL PROBLEMS WITH DIVERSE RESETS

Reinforcement learning fails to solve long-horizon manipulation tasks when training only encoun-
ters a narrow slice of potential object configurations or robot-object interactions. To prevent this
collapse, OmniReset systematically expands coverage along two axes. First, we approximately
cover the space of pathways along which the target object can be transported to the goal by densely
resetting s*" on the tabletop, at random point in the air, and at and near the goal G. This exposes the
RL algorithm to difficult-to-discover success signals, and allows these signals to smoothly propagate
throughout the state-space as the value function is updated. Next, we cover the different ways the
robot can interact with s'%" by resetting the arm in configurations where it is reaching towards s4",
making contact with s*" from a wide variety of points, and with stable grasps on s, This ex-
poses the RL algorithm to the different ways the robot can interact with s'%" to move it towards the
goal. Altogether, this broad coverage enables the RL algorithm to discover high-value regions of the
state space and the behaviors required to reach those states. In the parlance of motion planning, we
are exposing the agent to states in “narrow passages”, allowing them to be easily traversed through
RL-based optimization.

Specifically, we generate these resets as follows. First, we use the grasp sampler from Mittal et al.
(2023) to calculate a set of 1000 feasible grasp points on the target object s'%", as depicted in Figure
3a. Next, we generate a set of feasible offsets for st relative to the goal G. This is accomplished
by spawning s*%" at G, and then applying small random forces to dislodge the target from the goal,
as in Tang et al. (2023). For example, for the insertion task in Figure 1, this process generates a
continuum of relative configurations between the peg and the hole where the peg is only partially
inserted. With these pre-computed quantities, we generate the following resets over the space of
robot-object configurations:

1) Reaching Resets: S* C S cap-
ture states where the robot is mov-
ing towards the target object. For our
tabletop manipulation problems, this
corresponds to resetting the target ob-
ject at diverse poses on the table top,
with the gripper spawned at random (a) Grasp Sampling. We display the grasp poses (S¢ C S) sam-

poses throughout the workspace V.  pled for the table leg. From left-to-right, the grasp sampling ranges
are broad, moderate, and narrow. Our method uses the broad range.
2) Near-Object Resets: S™NO also

spawns %" across the tabletop, but then resets the end effector to one of the pre-computed grasp
points with a small random offset and randomly set the gripper to either be open or closed. This
provides broad coverage over states where the robot is initiating contact with st*” from a wide dis-
tribution of directions, providing coverage over both non-prehensile interactions and the initiation
of stable grasps.
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3) Stable Grasp Resets: S C S covers states where prehensile manipulation occurs and the robot
has secured a stable grasp on s'%". We spawn s'®" randomly in the air throughout W, then spawn
the gripper at a feasible grasp point.

4) Near-Goal Resets: SV C S provides dense coverage over near goal states where contact rich
behavior such as insertion or twisting occur. We spawn st at one of the pre-computed offsets from
the goal G, then spawn the gripper to be in contact with s'*" as with the Near-Object resets.

Altogether, these different reset regions provide dense, approximate coverage over the space of
pathways to the goal, without prescribing a priori which behaviors are needed to solve the task. It
is important to note two important things about this reset distribution- 1) we do not order or connect
the states in any graph structure, the paths between them are completely determined by RL, 2) we
do not inform any dynamic behavior between these states, these are completely emergent from the
RL process. Indeed, as we see from our wide range of examples (Fig.1), the RL algorithm is free to
select completely different pathways through the state space when solving different tasks, utilizing
the reset states that are useful while ignoring those that are not. For example, in the Drawer
Insertion task, at convergence, the RL algorithm does not obtain stable grasps on the drawer,
but instead repeatedly flips the drawer and then pushes it into the cabinet. In contrast, for the Leg
Twisting tasks, the robot picks up the table leg, pushes it against the table to obtain a more
favorable grasp, and then twists the leg into the hole.

Practical Implementation: In practice, it can be difficult to efficiently sample feasible resets that
respect the contact constraints of the physics simulator. Sampling invalid initial conditions can lead
to pathological and non-physical behavior that destabilizes learning. Moreover, reset states must
be sampled with minimal overhead to maximize GPU-parallelism. Thus, we first sample feasible
resets during an offline phase, sampling proposed resets from the four regions defined above and
rejecting invalid samples using a combination of collision checking and stepping the simulator for
a few steps to allow for stabilization. This yields four validated datasets corresponding to the four
reset distributions described above: D, DNO D% and DN, During RL training, we sample
from Uniform(D) where D = D¢ U DN U D% U DVY. We cache these resets on-GPU to ensure
efficient sampling during training.

3.3 ALGORITHMIC DECISIONS FOR RL TRAINING

Next, we discuss key algorithmic decisions that are required for an on-policy algorithm (PPO Schul-
man et al. (2017)) to learn manipulation behavior by leveraging the diversity of reset states and scale
to the complexity of tasks we consider in this work.

Task-Agnostic Reward Structure: Leveraging the design choices described above, we use a sim-
ple, common reward function shared across all tasks:

’I“(St, at) = Tsuccess(st) + Tdist(5t> + Treach(st) + Tsmooth(sta at) + rlerm(st)~ (1

Here, 7gyccess 1S @ sparse binary reward indicating task completion, r4is; encourages minimizing the
distance of the target object s'*" to the goal, 7qn €ncourages the gripper to be near s%*", ronoom
penalizes large or rapidly changing actions, and 7, penalizes unsafe or physically invalid states
that trigger terminations. Importantly, this reward does not encode task-specific strategies as all
components and weights are kept fixed across experiments. We find that this generic structure is
sufficient for stable training across diverse manipulation tasks, and performance is largely insensitive
to the precise weighting of individual terms. See Appendix A.l for additional details.

Scaling Parallel Environments: When combined with increasing reset diversity, we found that
scaling the number of parallel environments used by PPO stabilized and accelerated learning. This
enables OmniReset to obviate curricula and task dependent rewards, significantly reducing the
amount of tuning which is required to solve a new task. Intuitively, this large batch size prevents
catastrophic forgetting in situations when many of the reset states result in unsuccessful policy be-
havior. This is necessary to ensure continued value propagation backwards from the target configu-
ration.

Asymmetric Actor-Critic: Since we have access to privileged information in a simulator, we use
an asymmetric actor-critic approach (Pinto et al., 2017) for our learning architecture. The actor
observations include a history of the five previous time-steps for the state of the robot, the poses
of all objects in the scene, and the previous actions taken by the policy. The critic takes in these
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observations as well as additional privileged parameters of the environment. We found that condi-
tioning the actor on larger observation spaces led to less stable training and led us to only provide
this information to the critic.

Generalized State-Dependent Exploration Noise: We employ the policy noise parameterization
from gSDE (Raffin et al., 2022). gSDE has a separate prediction head which determines the gaus-
sian exploration noise at each time-step and is conditioned on the features of the final layer of the
policy network. This approach enables the actor to learn different temporally-correlated exploration
strategies in different regions of the state-space, crucial for solving heterogeneous multi-stage tasks.

4 SIMULATION EXPERIMENTS

Let us first consider a study of data generation in simulation with OmniReset. We aim to address
the following questions experimentally - (Q1) Does OmniReset outperform baselines in terms of
asymptotic performance and sample complexity, enabling tasks beyond current methods? (Q2) How
do the key design decisions laid out in Section 3.3 affect performance? (Q3) Can the learned RL
policies be used to generate diverse data for sim-to-real transfer?

4.1 TASK DESCRIPTIONS

We use the following tasks to demonstrate the effectiveness of the OmniReset framework. The
Leg Twisting tasks is a replication of the the square_table task from (Heo et al., 2023),
and involves screwing in a single table leg. The Drawer Insertion task is based on the task
by the same name from (Heo et al., 2023) and requires inserting a drawer into a dresser. The
Peg Insertion task requires inserting a peg into a hole. The Cube Stacking task requires
stacking one cube on top of another with a desired orientation. The Wall Slide task requires
non-prehensile motion to push a block up against a wall into a desired orientation. Finally, the
Cupcake Placement task requires placing a cupcake on a plate at a desired orientation. For
each task, we consider both Hard and Easy variants. For the Hard variants, the target object
s'%" is distributed on the table with z — y coordinates in (z,y) € [—0.2,0.2] x [—0.15,0, 15] and
task-specific randomization over the goal position, whereas the Easy version of each task uses a
highly restricted set of initial conditions with (x,y) € [0.1,0.12] x [0.1,0.12] with a single fixed
goal location. We refer the reader to our public code release for additional task specific parameters,
but summarize each task below. Snapshots from the tasks are depicted in Figures 1 and 4

Finally, to fully demonstrate the utility of OmniReset, we solve the Four Leg task depicted in
Figure 4 by a) training independent OmniReset policies to screw in each of the four legs then b)
using a simple scripting policy to switch between the policies to complete the overall long-horizon
task. The demonstrations highlights how OmniReset can be combined with high-level planning
to push the horizon of tasks that can be solved to even greater extremes.

Figure 4: Additional tasks. Visualizations of the new manipulation tasks solved with OmniReset. From left
to right: Four-Leg Table Assembly, Cube Stacking, Cupcake on Plate, Block Reorientation on Wall
4.2 BASELINE COMPARISONS IN SIMULATION

We compare to the following baselines, which bootstrap learning with expert demonstrations, pro-
viding them with more prior information about how to solve the task than OmniReset. For each of
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Figure 5: Success rates during RL training. We plot success rates over learning process for tasks described
in Sec.4. We see that OmniResetscales to task where baselines struggle to make meaningful progress, espe-
cially with the wide range of initial conditions specified in the Hard variants of tasks.

the methods, we supply 100 successful demonstrations, effectively giving the baselines additional
access to the optimal behavior, while OmniReset does not have this information. The initial con-
ditions for these demonstrations are drawn from the reaching region S, which corresponds to the
set of initial conditions the robot will encounter when solving the full task.

1) BC-PPO: We add a Behavior-Cloning (BC) loss to the PPO objective to construct a baseline
emblematic of numerous works combining BC and RL objectives (Hester et al., 2018; Rajeswaran
et al,, 2017). When training this algorithm, the environment is always reset from the reaching
region S, which reflects the ‘standard’ reset distribution typically used to solve such tasks.

2) DeepMimic: To compare with methods for motion imitation, we use DeepMimic-style reward
augmentation (Peng et al., 2018) on top of our generic rewards. During resets, a random demon-
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stration is chosen, and the agent is reset from a random point along the demonstration and is given
an auxiliary reward which provides bonuses for following the demonstration.

3) Demo Curriculum: This baseline is constructed in the spirit of method such as (Bauza et al.,
2025) and uses a success-weighted autocurriculum to sample reset states from the demonstrations.
We use PPO (Schulman et al., 2017) as the base RL algorithm to ensure a fair comparison.

Learning Curves and Success Rates: We plot learning curves for the Hard variants of each task
and the Easy variants of the Peg Insertion, Leg Twisting, and Drawer Insertion
tasks in Figure 5. Success rates are reported for initial conditions sampled from the Reaching re-
sets ST, which correspond to states from which the robot must solve the full task. We see that
OmniReset is able to consistently obtain high success rates on each of the tasks, substantially
outperforming baseline methods. While the baselines make some progress on the Easy variants of
the tasks, they consistently struggle to scale to the wider distributions of initial conditions that de-
fine the Hard variants. Appendix Figure 12 provides additional fine-grained insight into the failure
modes of the baselines. Here we plot success rates during training for initial conditions drawn from
the demonstrations that fall into the Near-Goal and Reaching regions of the state-space. This plot
demonstrates how the baselines are able to solve part of the task (i.e, when starting near the goal)
but fail to scale to the full long-horizon task (i.e, starting from a reaching position). We refer readers
to the supplementary website for a more detailed look at failure modes.
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Figure 6: Success rate over perturbations. We plot the decline in success rate (measured by ratio of success
rate between no perturbations and current level of perturbations). We find that OmniResetis robust to pertur-
bations while performance of baselines drops significantly.

Emergent Curricula: OmniReset does not rely on curricula to stabilize and accelerate learning.
We visualize how learning for OmniReset progresses over time on our website. We observe that
the diverse resets OmniReset provides enables PPO to naturally solve the problem backwards, first
learning to succeed from near-goal states and eventually learning to succeed from the entire search
space. This behavior is entirely emergent from our diverse resets and large number of parallel
environments.

Robustness of Policies: We conduct a robustness analysis on the learned policies (Fig 6). We
sample an initial condition from one of the demonstrations, perturb the initial condition with forces
of different magnitudes and report policy success from these perturbed initial conditions. We find
that baseline performance quickly degrades under small perturbations, while OmniReset is barely
affected under large perturbations.

We also analyze the ability of policies to solve the task from a wide range of initial conditions in
the scatter plots in Figure 7. These plots show success rates over various initial conditions for both
OmniResetand Demo Curriculum (the most successful baseline) on the Leg Twisting Easy
task. For each plot we show the success rate over 1000 sampled initial conditions from the full task
distribution. This plot demonstrates how the baseline struggles to achieve achieve consistent success
across the distribution of initial conditions it was trained on, while OmniReset achieves is able to
succeed across the entire workspace.

4.3 ABLATING KEY DESIGN DECISIONS

We ablate 1) the number of parallel environments (and PPO batch size) and 2) the range of reset
randomization used by OmniReseton the Leg Twisting Hard task. Figure 8 ablates the
number of parallel environments and shows success rates during training from the four different reset
distributions used by OmniReset. The reset distributions in Figure 8 are roughly ordered from left


https://omnireset.github.io/#learning-over-time

Published as a conference paper at ICLR 2026

DemoCurriculum, Hard Range of Initial Conditi DemoCurriculum, Easy Range of Initial C
015 LR L e ———————————— LR T Ty —————————
1 1 1 1
s O 1l I
1 1 1 1
1 1 1 1
0.05 0.05 1 1 0.05 1 1
1 X 1 1 1
> 0.00 > .00l Xk oy 1| > oooql * 1
1 X 1 1 1
-0.05 —0.0s{! o o0s! 1
1 1 1 1
1 1 1 1
-0.10 -0.10 I I -0.10 I I
1 1 1 1
—0.15 20,15 b a4 20,15 | b e o 4

-0.20 -0.15 -0.10 -0.05 0.00 0.05 010 0.15 0.20 -0.20 -0.15 -0.10 -0.05 0.00 0.05 010 0.15 0.20 -0.20 -0.15 -0.10 -0.05 0.00 0.05 0.10 0.15 0.20
x x x
% Goal 'm.1 Hard Initial Conditions =] Easy Initial Conditions X Successful Initial Conditions

Figure 7: Successful initial states of RL policy. For the Lew Twisting, we plot the xy configurations from
which RL polices trained with Demo Curriculum and OmniResetsucceed. We find that OmniRe setsucceeds
from a much broader range of initial conditions.
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Figure 8: Ablation on number of environments. We plot the success rates over course of RL using different
number of environments. We find that the number of environments significantly impacts training performance.

to right from the end of the task (Near-Goal) to the beginning of the task (Reaching). While runs
with a smaller number of environments can make progress at solving the task from Near-Goal states,
we observe that a large number of parallel environments are essential for scaling to the complexity
of the full multi-stage task (i.e. from reaching states). Similarly, we see that increased diversity
in the grasps used by OmniReset has a substantial effect on sample efficiency, highlighting how
densely covering the different modes of robot-object interactions is crucial for efficient and scalable
RL training.

—— Broad Grasp Sampling Range
Moderate Grasp Sampling Range
—— Narrow Grasp Sampling Range

5 DISTILLATION AND REAL-WORLD' to. Success Entire Task

We demonstrate the utility of our learned data-
generation policies by distilling them into vi-
suomotor policies deployable directly on hard-
ware from RGB inputs. Experiments are con-
ducted on a UR7e robot equipped with a Robo-
tiq 2F-85 gripper, with control and policy infer-
ence running on a PC with an RTX 4090 GPU. 02}

The robot observes 224 x 224 RGB images

from three RealSense cameras: a D455 provid- 0.0 — o o
ing the front view, a D435 for the side view, and Updates

a D415 mounted on the wrist. Using the pho-

torealistic rendering capabilities of IsaacLab Figure 9: Ablation on grasp sampling range. For
(Mittal et al., 2023), we collect 80,000 expert th1§ a}blatlon on the Leg Twisting task, we find that
rollouts with synchronized images and actions 2ining RL on narrower grasp sampling ranges leads to
for standard student—teacher distillation Chen ' or>¢ sample efficiency and lower success rate.

et al. (2021). The student policy operates at 10Hz and uses an ImageNet-pretrained ResNet-18 en-
coder and a Gaussian MLP head conditioned on the five most recent observations. See Appendix A.3
for full implementation details for distillation and transfer.
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Visual randomization. As shown in Fig. 11, to mitigate the sim-to-real visual gap, we apply ex-
tensive domain randomization following DextrAH-G (Singh et al., 2025), varying lighting, back-
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grounds, object and robot appearance, and workspace textures. Camera extrinsics are calibrated to
the real setup with additional pose and FOV jitter for robustness. We also apply standard image
augmentations including color jitter, blur, grayscale, and noise.

Dynamics randomization. To reduce the
control gap, we calibrate kinematics to hard-
ware and deploy the same task-space opera-
tional space controller (Khatib, 1987) in sim-
ulation and reality, with the policy predicting
end-effector pose deltas that are converted to
torques using identical Jacobian-based control.
We perform system identification of key actu-
ator parameters (friction, armature, and delay)
to match real joint behavior following PACE
(Bjelonic et al., 2025), then randomize con-
troller gains and physical parameters around
identified values during RL training. We ad-
ditionally randomize object mass and friction
to improve robustness to contact dynamics, and
apply a curriculum that progressively reduces

Figure 10: Sim2Real Tasks. Simulation setup for pre-
training (top) and real-world deployment (bottom) of
peg insertion (left), leg twisting (middle), and drawer
assembly (right).

the action space to encourage smaller, smoother motions. We emphasize that this curricula was used
to improve sim-to-real transfer, and is not necessary for learning high-performing policies in simula-
tion. Indeed, the simulation only evaluations we report are trained without the curricula, maintaining
our claim that OmniReset does not rely on complex training curricula for behavior generation.

Real-World Transfer. We successfully de-
ploy a distilled OmniReset policy on the Peg
Insertion,Leg Twisting, and Drawer
Insertion tasks, as shown in Figure 10. The
distilled RGB policies, trained on 80,000 sim-
ulation trajectories spanning a wide range of
initial conditions, achieve zero-shot real-world
success rates of 85.37% on Peg, 56.36% on
Leg, and 15.38% on Drawer, as summarized
in Table 1. This substantially outperforms a
behavior cloning Diffusion Policy baseline Chi
et al. (2025), which achieves ~2% success
across tasks when trained on 100 demonstra-
tions.

We additionally report first-try success, defined
as completing the task with a single grasp and
execution (i.e., no dropping and regrasping),
as well as throughput, measured as successful
completions per minute. These metrics high-
light that there remains significant room for im-
provement in efficiency and reliability. Full
real-world evaluation details are provided in
Appendix A 4.

Qualitatively, the OmniReset visuomotor
policy exhibits robust retrying behavior, recov-
ering from initial failures and successfully com-

Figure 11: Visual randomizations. Examples of do-
main randomization applied during training. We vary
lighting conditions, backgrounds, object and robot ap-
pearance, and workspace textures, along with camera
pose and field-of-view jitter, to improve robustness to
real-world visual variation.

pleting the task. For examples of these behaviors, see our project website. Overall, these results
demonstrate that OmniReset provides a scalable foundation for training sim-to-real policies capa-
ble of handling substantially broader initial condition distributions than prior approaches.
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Table 1: Sim-to-real performance across tasks: We report state-based RL performance in simulation, dis-
tilled image policy performance in simulation and real-world deployment, and a behavior cloning baseline
trained on only 100 real-world demos.

Metric Peg Leg Drawer
State RL Success Rate (Sim) 94.97% 93.94% 89.60%
Distilled Image Policy Success Rate (Sim) 55.45% 43.69%  84.00%
Distilled Image Policy Success Rate (Real) 85.37% 56.36% 15.38%
Distilled Image Policy First-Try Success Rate (Real) 21.95% 43.64%  5.77%
Distilled Image Policy Throughput (success/min, Real) 1.49 0.63 0.31
Real-Only BC (100 demos) Success Rate (Real) 2.44% 1.82% 1.92%

6 CONCLUSION

In this work we presented OmniReset, a simple and scalable system for data generation in simu-
lation for complex, dexterous tasks. The primary insight in OmniReset is showing that a diverse,
minimally structured set of reset states paired with large-batch on-policy reinforcement learning
in simulation can lead to the emergence of surprisingly complex dexterous behavior. We provide
a general purpose recipe to instantiate data generators across a variety of manipulation tasks, and
demonstrate both the efficacy of this paradigm in simulation and it’s ability to train robust policies
which can be successfully transferred directly to the real world. However, the preset framework has
several limitations which leave the door open for exciting future works. OmniReset is dependent
on the quality of grasps obtained by the grasp sampler, which can fail to generate diverse grasps
on complex, highly non-convex objects. Moreover, pre-computing stable grasps for tasks which re-
quire bimanual manipulation or dexterous hands will present additional challenges, and whether the
techniques and principles behind OmniReset will scale to such settings remains an open question.
Moreover, OmniReset uses relatively modest levels of dynamics randomization for RL training
compared existing sim-to-real approaches, and we expect there to be additional challenges training
policies which must adapt their behavior to solve the task over a wide range of potential operating
conditions. For distillation and transfer, even in simulation our RGB policies achieve much lower
success rates than the state-based experts. We expect that reaching higher success rates will re-
quire additional research into how to best combine techniques such as DAgger and RL directly from
images. Moreover, we found that scaling the RGB dataset to be as large as possible continually
improved performance up to the 80k trajectories we were able to train on with our compute budget,
and we believe obtaining a deeper understanding of scaling laws for this setting will prove valuable.
Xu et al. (2023).

7 REPRODUCIBILITY STATEMENT

We have made efforts to ensure reproducibility of our results by describing the steps of our data
generation and training pipeline (Sec. 3), our distillation and transfer pipeline (Sec. 5), and our
experimental results (Sec. 4). Additional ablation studies are provided in the Appendix.
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A APPENDIX

A.1 DETAILED REWARD SPECIFICATION

We provide the full specification of the task-agnostic reward introduced in Equation 1. The reward
consists of a weighted sum of safety and task-related terms that are shared across all environments,
with identical weights and no task-specific tuning.

Safety and regularization terms. To encourage stable and physically plausible behavior, we pe-
nalize large actions, rapid changes in actions, and excessive joint velocities:

Tsmooth (St, @t) = _/\act”atng — Arate||ar — at—1||§ - )‘vel‘th% 2
Additionally, we include a large penalty for invalid or unsafe robot states:
Tterm (8t) = — Aabnormal - 1[abnormal state]. 3)
In practice, we use weights Ayt = 1074, Aae = 1073, Ayer = 1072, and Aapnormar = 100.
Task-related terms. We include several dense reward components that guide the agent toward
successful completion of the task.

First, we encourage the end-effector to approach the target object:

rreach(st) = Areach <1 — tanh <||pee_p‘)bj|>> 5 “4)

g
where pe. and pop; denote the end-effector and target object positions, respectively.

Second, we provide a dense shaping signal based on the relative pose between the manipulated

object and the goal:
1 Terr aerr
Tdist(5¢) = Adist - 5 {eXP (” ”> + exp (” | ﬂ , 5)
o o

where ¢, and O, denote position and orientation errors computed in the goal frame.
We also include a sparse success reward:

Tsuccess (St) = Asuccess + 1[position and orientation thresholds satisfied], (6)
which activates when both position and orientation errors fall below predefined thresholds.
Implementation details. The full reward is implemented as a weighted sum of the above terms
with fixed coefficients across all tasks. In particular, we use:

Areach = 0.1, Adist = 0.1, Asuccess = 1.0.
Notably, all reward components and weights are shared across tasks without modification. We find
that performance is largely insensitive to moderate changes in these weights, and that the primary

driver of successful learning is the coverage of the initial state distribution rather than reward shap-
ing.
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A.2 ADDITIONAL SIMULATION RESULTS
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Figure 12: Success Rates on Different Stages of Task. We plot the success rates for the Leg Twisting
task when starting from states that are in the Near-Goal region and also the Reaching Region of the state space.
When evaluating these success rates, we sample resets from the demonstrations used by the baseline algorithms
to ensure the resulting policies start from in-distribution states. We see that the baselines can achieve moderate
success rates when starting close to the goal (Near Goal), but struggle to make meaningful progress on the full
long-horizon task (captured by the reaching resets).

A.3 DISTILLATION AND TRANSFER DETAILS

A.3.1 ROBOT KINEMATICS

Accurate modeling of robot kinematics is a prerequisite for sim-to-real transfer. We use a Universal
Robots UR7e for all real-world experiments. However, each physical UR7e deviates from its nom-
inal model due to manufacturing tolerances in link lengths and joint offsets. As a result, using the
default URDF leads to systematic pose errors that accumulate along the kinematic chain.

To address this, we regenerate the URDF using the factory-provided calibration file specific to our
robot. This ensures that forward kinematics in simulation closely match the real system. Without this
calibration step, we observe consistent end-effector pose misalignment, which significantly degrades
performance on precision tasks such as insertion.

For safety, we align joint limits between simulation and the real system, with one exception for the
wrist joints. Specifically, we reduce the wrist joint limits from [—360°, 360°] to [—180°,180°] in
simulation. This prevents the policy from exploiting extreme joint rotations during training, which
could lead to the robot hitting joint limits during real-world execution and triggering safety stops.

In addition, we augment the wrist camera mount region with an enlarged, invisible collision geom-
etry in simulation. This acts as a safety buffer to discourage behaviors that bring the wrist-mounted
camera into contact with the environment. We find that these conservative modifications improve
the reliability of deployment without negatively impacting task performance.

A.3.2 ROBOT DYNAMICS AND SYSTEM IDENTIFICATION

Even with matched kinematics, sim-to-real transfer fails without accurate modeling of robot dynam-
ics and actuation. A key requirement is that the interface between the policy and the robot, which
maps low-frequency position outputs to high-frequency joint torques, is identical in simulation and
on hardware.

We therefore re-implement the same controller with identical gains in both simulation and real-
world execution, ensuring identical computation of torques from end-effector commands. Small
implementation details are critical. For example, Jacobian computations must be consistent. We
found that default simulator choices, such as computing Jacobians at link centers of mass, can differ
from real implementations and lead to subtle but important discrepancies.
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Sysid Fit: Sim vs Real (Total RMSE=6.96°)
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Figure 13: Effect of system identification. Comparison of chirp trajectory fit with and without system
identification.
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After aligning the controller, residual mismatch remains due to unmodeled actuator dynamics. In
particular, the UR7e exhibits significant joint friction. We perform system identification of actuator
parameters following PACE (Bjelonic et al., 2025) by executing open-loop trajectories and minimiz-
ing the error between simulated and real joint trajectories using CMA-ES.

We identify friction, armature, and motor delay parameters. To ensure sufficient excitation, we use
chirp trajectories that span a wide range of velocities. After system identification, we achieve an
under 2 degree RMSE in joint space. In contrast, if we use zero-defaults for these parameters, we
have approximately a 7 degree RMSE in joint space (see Fig. 13 for details).

This level of accuracy is sufficient for successful transfer in tasks such as Peg Insertion. How-
ever, more sensitive tasks, such as flipping a drawer in the Drawer Insertion task, highlight
that even small residual control errors can lead to significant performance degradation and failure.
Reducing this control gap between simulation and hardware remains an important direction for fu-
ture work.

A.3.3 GRIPPER MODELING

We use a Robotiq 2F-85 gripper mounted on the UR7e. Accurate modeling of the gripper is impor-
tant for transfer, particularly for contact-rich manipulation.

Due to limitations of the physics engine, since PhysX does not support closed kinematic chains,
we approximate the gripper using mimic joints in simulation. If the gripper is instead modeled
with unconstrained joints, the resulting system behaves as a compliant mechanism, similar to a
spring-damper system, which does not match the real hardware. In this case, the policy can exploit
unrealistic deformation modes that do not transfer to the real world.

To avoid this issue, we enforce rigid coupling via mimic joints. We use a simplified binary gripper
action, open or close, rather than modeling the full internal control loop. While this introduces some
mismatch relative to the real system, we find that it is not performance-limiting for our tasks. In
practice, careful tuning of gripper force and speed parameters is required to approximately match
the effective behavior in simulation.

A.3.4 CONTACT MODELING

We use signed distance fields (SDFs) for contact modeling of objects, which is critical for accurately
representing contact geometry in assembly tasks such as threaded insertions. Compared to simpler
collision approximations, SDF-based contacts provide more precise surface interactions, which we
find important for successful sim-to-real transfer.

We also find that the simulation timestep plays a key role in contact fidelity. Using a simulation
timestep of sim_dt = 1/120 provides a good balance between computational efficiency and accu-
rate contact modeling for the tasks considered in this work.

Despite these improvements, and the use of extensive randomization (Section A.3.7), certain
contact-rich behaviors remain difficult to transfer reliably. For example, strategies that rely on ex-
ploiting fine contact interactions, such as reorienting a peg by pushing it against the back of the
hole, often fail due to small discrepancies in contact dynamics. Improving contact modeling to bet-
ter capture such interactions remains an important direction for future work, including exploring
more accurate contact models or integrating multiple physics simulation backends.

A.3.5 CONTROLLER DESIGN

Controller design plays a central role in both policy learning and sim-to-real transfer. We use a
torque-level operational space controller (Khatib, 1987) that tracks a desired end-effector pose.

Given current joint positions ¢ and velocities ¢, we compute the end-effector pose error e € RS,
consisting of position and orientation error (represented as axis-angle). The desired task-space force
is:

F=K,e—Kqi, (7)
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where & = J(q)q is the end-effector velocity, J(g) is the Jacobian, and K,, K4 are diagonal stiffness
and damping matrices.

Joint torques are then computed via:

T=J(q F. (8)

We additionally clip the pose error to bound the maximum task-space force, and apply torque limits
at execution time:

T < Clip(T, —Tmax; Tmax)~ 9)

Importantly, we do not apply torque clipping during simulation training, as we found that satura-
tion adversely affects learning performance by distorting the policy’s action-to-dynamics mapping.
Instead, torque limits are enforced only during real-world deployment for safety and hardware pro-
tection.

In practice, we use separate gains for translational and rotational control. These gains are tuned
empirically via teleoperation to achieve smooth, stable, and responsive behavior. For damping, we
follow a critical damping heuristic and set:

Ki=2/K,, (10)

which ensures fast convergence without oscillations under a second-order system approximation.
We command joint torques to the robot at S00Hz with policy end effector pose commands updating
at 10Hz.

In contrast, joint-space PD control or inverse kinematics combined with joint PD results in sig-
nificantly worse performance. These controllers are more prone to jamming and unstable motion.
Empirically, both RL training and distilled policy performance are substantially worse under joint-
space control formulations. A deeper investigation into the interaction between controller design
and policy learning remains an important direction for future work.

A.3.6 ACTION SPACE

We use a relative Cartesian action space, where the policy predicts incremental end-effector pose
updates. We find that this choice is critical for stable RL training. In particular, using small action
magnitudes significantly improves exploration and learning. In contrast, absolute Cartesian actions
or large action scales lead to unstable behavior, where the robot exhibits large, wild motions and
fails to learn.

During training, we use an action scale of (0.02,0.02,0.02,0.02,0.02,0.2) for (x,y, z, 75,7y, 7).
We assign a larger scale to the final rotational dimension to encourage exploration of twisting mo-
tions, which are important for tasks such as leg twisting, while remaining beneficial for other tasks.
More generally, we find that larger action magnitudes are better tolerated at the wrist, where mo-
tions have more localized effects, whereas large motions at the base joints can lead to unstable global
movements.

For sim-to-real transfer, we further reduce the action scale to (0.01,0.01,0.002,0.02,0.02,0.2).
This reduction improves stability and mitigates aggressive motions that can degrade performance on
hardware. In particular, we decrease the translational components, especially along the vertical (2)
axis, to prevent the gripper from applying excessive forces during contact.

To avoid destabilizing the learned policy, we do not switch directly to the smaller action scale.
Instead, we apply a curriculum that gradually transitions from the original training scale to the
reduced scale, conditioned on task success. This allows the policy to adapt smoothly to the more
conservative control regime while preserving previously learned behaviors. Note that this is not a
curriculum over behaviors or state distributions, since the policy is already succeeding, but rather a
parameter curriculum designed specifically to facilitate stable sim-to-real transfer.

We also note that simply clipping actions to enforce smaller motions is not effective, as it introduces
discontinuities that degrade optimization and can cause RL training to collapse. Gradually adjusting
the action scale through a curriculum provides a more stable alternative.
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Category Parameter Range / Distribution
Robot friction (static) U(0.3,1.2)
Robot friction (dynamic) U(0.2,1.0)
Insertive object friction U(1.0,2.0) (static), U(0.9,1.9) (dynamic)
Dynamics Table friction U (0.3, 0.6) (static), U(0.2, 0.5) (dynamic)
Robot mass scale xU(0.7,1.3)
Insertive object mass U(0.02, 0 2) kg
Receptive object mass scale U(0.5,1.5)
Table mass scale U(0.5,1.5)
Joint friction, armature, damping ~ xU(0.8,1.2)
Motor delay U({0,1,2}) steps
Actuation / Sys-ID OSC gains xU(0.8,1.2)
Gripper stiffness x log U(0.5,2.0)
Gripper damping x log U(0.5,2.0)
Object pose x ~ U(0.3,0.55), y ~ U(—0.1,0.5),

State Reset

End-effector pose

z ~U(0.3,0.7),

y ~ U(=0.4,0.4), 2 ~ U(0,0.5),
pitch ~ U(w/4,3m/4), yaw ~ )

U(r/2,3m/2

Visual (Camera)

Third person camera position
Third person camera rotation
Third person camera focal length
‘Wrist camera position

Wrist camera rotation

Wrist camera camera focal length

+5 cm per axis
+2° per axis
+2.0

+1lcm

+1°

+1.0

2~ U(0,0.3), SO(3)
)

Texture vs. color
Texture map

texture w.p. 0.5, color w.p. 0.5
U(texturemaps) (if texture)

. Diffuse color U(0,1)® (if color)
Visual (Appearance) Texture scale U(0.7,5.0)
Roughness U(0.0,1.0)
Metallic U(0.0,1.0)
Specular U(0.0,1.0)
HDRI texture map U(texture_maps)
Lighting HDRI rotation U(SO(3

HDRI intensity U (1000, 4000)

Color jitter
Gaussian blur
Random grayscale
Gaussian noise

brightness = 0.1, contrast = 0.1, saturation = 0.1, hue = 0.05
kernel size = 5, o ~ U(0.1, 2.0)

p=0.05

std = 0.01

Image Augmentation

Table 2: Domain randomization and state initialization used during training. Parameters are either
sampled directly from distributions or applied as multiplicative scaling to nominal values (denoted
by X).

A.3.7 RANDOMIZATIONS

We apply domain randomization across dynamics, actuation, state initialization, and visual observa-
tions, as summarized in Table 2. We find that these randomizations significantly improve sim-to-real
transfer and robustness.

For camera setup, we first calibrate extrinsics using ArUco markers in the real environment. We
then manually refine alignment by adjusting camera pose and field-of-view (FOV) in simulation to
match overlaid real and simulated images. To account for residual calibration error and potential
perturbations such as camera movement, we randomize camera pose and focal length within small
ranges around the calibrated values.

For visual observations, we follow extensive domain randomization similar to DextrAH-RGB (Singh
et al., 2025), varying lighting, backgrounds, object and robot appearance, and workspace textures.
We randomize between 920 high-dynamic range conditions (HDR) for lighting and 957 texture
paths for object and gripper fingertip textures. In addition, we apply standard image augmentations
including color jitter, blur, and grayscale.
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We note that the ranges of randomization were not extensively tuned, and were chosen to provide
broad coverage of plausible variations. Future work could study how to more systematically se-
lect these ranges, either by narrowing them to improve data efficiency and alignment with the real
system, or by expanding them further to increase diversity and potentially improve robustness.

A.3.8 CAMERA PLACEMENT

We find that camera placement is critical for successful RGB-based distillation. In particular, using
a wrist-mounted camera together with third-person cameras positioned close to the workspace along
the z-axis provides significantly better performance than top-down viewpoints.

We use two third-person cameras: one capturing the entire tabletop region for grasping, and another
focused on the insertion area for contact-rich interactions. This setup helps reduce partial observ-
ability by ensuring that both pre-contact and contact phases of the task are well observed.

In practice, we find that a single third-person camera can already achieve reasonable performance.
We choose to use both third-person cameras to maximize performance.

A.3.9 RL TRAINING AND FINETUNING

We train RL policies using an asymmetric actor-critic setup (Pinto et al., 2017), where the policy
observes object and robot positions, while the critic has access to privileged information such as
object mass and other physical parameters. The policy input consists of a stack of 5 frames at 10 Hz
to provide short-term temporal context, whereas the critic does not use any history. We find that this
design significantly improves training stability under large-scale domain randomization.

We find that directly training RL policies with system-identified dynamics, particularly high joint
friction, leads to poor learning performance. In practice, the policy struggles to explore effectively
and training often fails to converge.

To address this, we adopt a staged training procedure. We first train the policy to convergence un-
der simplified dynamics, without system-identified parameters (with zero friction, armature, and
motor delay), which enables efficient exploration and stable learning. We then apply a curriculum
that gradually transitions the environment dynamics toward the system-identified parameters, con-
ditioned on task success. In conjunction with this transition, we also increase controller gains to
ensure that the robot remains responsive under higher friction. Note that this is not a curriculum
over behaviors or state distributions, since the policy is already succeeding, but rather a parameter
curriculum designed specifically to facilitate stable sim-to-real transfer.

Training the RL policy from scratch takes approximately 8 hours for Peg Insertion, 16 hours
for Leg Twisting, and 24 hours for Drawer Assembly using 4 L40S GPUs. Fine-tuning
with the curriculum takes approximately 8 hours on 1 L40S GPU for Peg Insertion, 24 hours
on 4 L40S GPUs for Leg Twisting, and 24 hours on 1 L40S GPU for Drawer Assembly.

A.3.10 SEED SELECTION

We observe that policies trained
with different random seeds can ex-
hibit substantially different behav-
iors, with some transferring more re-
liably to the real world than oth-
ers. For example, in the peg inser-
tion task, certain policies learn to re-
orient the peg by dropping it above
the hole and re-grasping it as shown
in Fig. 14a. While effective in sim- (a) Behavior which doesn’t transfer well. We show an example
ulation, this strategy requires precise Of a behavior which doesn’t transfer well, where the policy reorient
timing and accurate gripper behavior, the peg by dropping it above the hole and re-grasping it.

making it sensitive to sim-to-real dis-

crepancies and prone to failure on hardware.

23



Published as a conference paper at ICLR 2026

To mitigate this, we train multiple policies with different random seeds and select among them
using an offline proxy metric. Specifically, we evaluate each policy under injected action noise and
measure its success rate. We then select the policy with the highest performance under noise. This
metric serves as a proxy for robustness to control error and sim-to-real mismatch, and we find that
it correlates well with real-world performance.

A.3.11 STUDENT-TEACHER DISTILLATION

We collect 80K trajectories from a state-based expert under extensive randomization (Section A.3.7)
and use them to train a visuomotor policy. The policy consists of an ImageNet-pretrained ResNet-
18 encoder followed by a 4-layer MLP with 512 hidden units, trained via supervised learning. The
policy takes as input a stack of 5 consecutive frames and predicts the mean and standard deviation
of a Gaussian action distribution.

Following DextrAH-RGB (Singh et al., 2025), we find that combining pose reconstruction with KL
matching to the expert’s action distribution leads to the best distillation and transfer performance.
In particular, our most performant policies are trained with a KL loss and deployed only using the
mean action. Without pose reconstruction, the RGB policy sometimes fails to reliably localize and
grasp objects. We also find that end-to-end training, with gradients propagated through the visual
encoder, is critical; freezing the encoder significantly degrades performance.

We experiment with alternative representations and architectures, including DINO features and fine-
tuning larger pretrained models such as Pi-0.5, but do not observe significant performance improve-
ments. These approaches substantially increase training cost, suggesting that larger models may
only provide benefits at larger data scales or across more diverse tasks.

We also evaluate action chunking and diffusion-based policies, but find that they underperform sim-
ple MLP policies. We hypothesize that this is due to the high-frequency and reactive nature of the
expert RL policy, particularly in contact-rich assembly tasks where small corrective motions and
jittering are important.

In terms of data scaling, we observe that using 10K-80K trajectories yields similar performance
in simulation, but real-world transfer improves significantly with larger datasets. Training for a
sufficient number of iterations is also important; we train for approximately 350K iterations (about
2 days on a single H200 GPU). Collecting 80K trajectories requires approximately 24 GPU hours
on a 3090 GPU. Further study is needed to better understand the relationship between dataset size,
training time, and transfer performance.

Despite these efforts, RGB policy performance in simulation remains limited (approximately 50%
success rate), indicating a gap between imitation learning and robust deployment. This suggests
that incorporating online adaptation methods in simulation, such as image-based DAgger or RL
fine-tuning, may be necessary to achieve higher performance. We leave this to future work.

A.3.12 INFERENCE SPEED

We deploy the policy at 10 Hz using a non-blocking control pipeline. Sensor data is collected asyn-
chronously at their native frequencies. At each control step, the policy retrieves the most recent
observation from each sensor that precedes the current timestep, performs inference, and sends the
resulting action to the robot.

This design enables smooth and responsive motion, but introduces latency due to sensor delay, data
processing, and policy inference. Our setup uses a RealSense D415 wrist camera, along with D435
and D455 third-person cameras, all streamed over USB 3.2. We measure approximately 30 ms of
sensor-to-PC delay and an additional 5 ms for processing. Policy inference using a ResNet18-MLP
architecture takes approximately 5 ms on an NVIDIA RTX 4090 GPU, resulting in a total end-to-end
latency of roughly 40 ms.

Despite not incorporating explicit latency randomization during training, we find that policies remain
smooth and robust under this level of delay. However, fast inference speed is critical. When we
artificially increase inference latency to 60 ms, policies exhibit significant jitter and performance
degrades substantially.
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These results highlight the importance of low-latency inference for stable control and suggest that
robustness to delay remains an important direction for future work.

A.4 REAL WORLD EVALUATION DETAILS

Evaluation Setup. We deploy the policy at 10 Hz, matching the control frequency used during
simulation training. At the start of evaluation, the robot joints are reset to a fixed initial configuration;
no further resets are performed, and the policy continuously rolls out in the environment.

To improve robustness, we implement a simple stuck-detection mechanism. If the robot’s joint
positions exhibit negligible movement over a 2-second window (maximum joint displacement below
0.002 radians across all joints), we override the policy by commanding the gripper to open for 1
second. This helps the robot recover from situations such as failed grasps or unfavorable contact
configurations. Triggering this mechanism is not counted as a failure in our evaluation.

With this mechanism, the robot operates continuously without manual resets. We define a trajectory
as a failure only if human intervention is required, such as repositioning the robot or the object. This
typically occurs when the robot becomes stuck or takes excessively long to complete the task.

Initialization Distribution. For evaluation, we sample initial object configurations by uniformly
randomizing their positions on the table. We intentionally include challenging setups, such as objects
in contact that require separation, stacked objects, or objects placed far from the workspace center,
for example near the robot base, to stress test the policy’s capabilities.

Physical Setup. Task success also depends on aspects of the physical setup. We use a compliant
silicone mat on the workspace, which facilitates manipulation by allowing slight deformation during
contact, particularly for reorientation and flipping behaviors. The mat is secured to the table using
command strips to prevent motion.

For the Peg Insertion and Leg Twisting tasks, we additionally fix the receptive objects,
such as the peg hole and tabletop, to the workspace using command strips. This is important because,
in simulation, these objects are static, and the policy learns to reorient the insertive object relative
to a fixed reference. Without securing them, the receptive objects may move during interaction,
leading to failures. If the robot applies sufficient force to dislodge these fixtures during evaluation,
we exclude the corresponding trajectory from success rate calculations.

For the Drawer Assembly task, directly fixing the drawer is insufficient due to larger interaction
forces. Instead, we secure an L-shaped 3D-printed bracket behind the drawer box, following (Heo
et al., 2023), which provides a more stable constraint. We find that the policy largely ignores this
additional structure, likely due to domain randomization during training. Additionally, to address
height misalignment caused by the drawer lip, we use layered mats with a cutout to align the drawer
bottom with the workspace surface, which significantly improves insertion success. Reducing re-
liance on such environment modifications is an important direction for future work, for example
through the use of bimanual manipulation.

For all tasks, we mount a stage light above the workspace to ensure consistent lighting conditions
throughout the day.

Metrics and Evaluation Duration. We continuously run the policy for approximately 25 minutes
for the peg and drawer tasks, and 50 minutes for the leg task, collecting 41, 52, and 55 trajectories,
respectively.

We define a first-try success as completing the task without re-grasping or re-inserting the object
(e.g., dropping the object and attempting again counts as a retry). Throughput is computed as the
total number of successful trajectories divided by the total evaluation time.
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