
Emergent Dexterity via Diverse Resets and Large-Scale
Reinforcement Learning

Patrick Yin1,∗, Tyler Westenbroek1,∗, Octi Zhang2, Joshua Tran1, Ignacio Dagnino1,
Eeshani Shilamkar1, Numfor Mbiziwo-Tiapo1, Simran Bagaria3, Xinlei Liu1,

Galen Mullins3, Andrey Kolobov3, Abhishek Gupta1

Abstract—Reinforcement learning (RL) in massively parallel
simulation has driven major progress in sim-to-real robotics,
but current approaches remain brittle and task-specific, relying
on per-task reward shaping, curricula, and demonstrations. We
introduce OmniReset, a simple and scalable framework that
enables on-policy RL to robustly solve a broad class of dexterous
manipulation tasks using fixed hyperparameters, no curricula,
minimal reward engineering, and no human demonstrations.
Our key insight is that long-horizon exploration can be dra-
matically simplified by using simulator resets to systematically
expose the RL algorithm to the diverse robot–object interactions
underlying dexterous manipulation. OmniReset programmati-
cally generates such resets with minimal user input, converting
compute directly into broader behavioral coverage and continued
performance gains. We show that OmniReset scales to long-
horizon dexterous manipulation tasks beyond the capabilities
of existing approaches, and that the resulting policies can be
distilled into RGB visuomotor policies that transfer zero-shot to
real hardware with robust retrying behavior. Project website:
https://omnireset.github.io.

I. INTRODUCTION

RL in massively parallel simulators [1], [2] has fueled recent
sim-to-real successes [3], [4], but standard exploration [5],
[6] saturates as compute is scaled, repeatedly sampling a
narrow state distribution and getting stuck in local min-
ima [7]. Practitioners typically inject task-specific structure
through hand-designed rewards [8], [9], curricula [10], or
demonstrations [11]–[13], or scaffold the problem with motion
planning [14], [15]. These approaches are bounded by the
human effort they require.

We argue that with the right system design this scaffolding
is unnecessary. Although the space of dexterous behaviors is
vast, successful policies reuse a small set of recurring inter-
action modes: approaching, contacting, grasping, and goal-
directed contact-rich motion. By systematically resetting the
simulator to states that densely cover these modes, sparse
rewards propagate smoothly through the state space and large-
scale RL can stitch together multi-stage strategies on its own.

We introduce OmniReset, which automatically generates
diverse, manipulation-centric reset distributions from mini-
mal user input (a target object, goal set, and workspace).
Combined with large-batch on-policy PPO [5], OmniReset
solves long-horizon contact-rich tasks (table-leg assembly,
drawer insertion, peg insertion, cube stacking, non-prehensile
reorientation, cupcake placement) without task-specific reward
shaping, curricula, or demonstrations. We further distill the
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Fig. 1. OmniReset uses diverse simulator resets and large-scale RL to
solve contact-rich, long-horizon tasks. Policies are distilled to RGB inputs
and transferred to the real world zero-shot.

resulting state-based policies into RGB visuomotor policies
that transfer zero-shot to a UR7e arm with robust retrying
behavior.

II. GENERATING DIVERSE RESETS FOR RL

Setup and User Inputs. OmniReset formulates each task
as an MDP with a single user-specified target object star ⊂ s, a
goal set G ⊂ S, and a robot workspace W ⊂ S. From these, it
constructs a diverse initial-state distribution ρ that lets a single
task-agnostic reward solve all considered tasks.

Reset Distributions. We pre-sample 1,000 feasible grasp
points on star using the IsaacLab grasp sampler [1], and pre-
compute near-goal offsets by spawning star at G and applying
small perturbations [16]. We then form four reset regions
(Fig. 2):

• Reaching (SR): star on the table, gripper at random poses
in W .

https://omnireset.github.io
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Fig. 2. Sim-to-real pipeline. (1) Generate partial assemblies and grasps; (2)
collect Reaching, Near-Object, Grasp, and Near-Goal resets; (3) train a state-
based RL policy from this reset distribution; (4) student–teacher distillation
to an RGB policy; (5) deploy zero-shot.

• Near-Object (SNO): star on the table, gripper at a
sampled grasp point with small offset; gripper open or
closed.

• Stable Grasp (SG): star in the air, gripper at a feasible
grasp.

• Near-Goal (SNG): star at a near-goal offset, gripper in
contact.

We reject infeasible samples offline (collision check-
ing + simulator stabilization) to obtain validated datasets
DR, DNO, DG, DNG. During training we sample uniformly
from their union, cached on-GPU. Crucially, the reset states
are not ordered or graph-connected; the trajectories that link
them are entirely emergent from RL.

Algorithmic Choices. We use a single shared reward across
tasks:

r = rsuccess + rdist + rreach + rsmooth + rterm,

with weights fixed across all experiments. Three additional
choices matter for scaling: (i) very large parallel-environment
counts to prevent forgetting and maintain value propagation;
(ii) an asymmetric actor–critic [17] that exposes privileged
state only to the critic; and (iii) gSDE exploration noise [18]
for temporally correlated, state-dependent exploration in het-
erogeneous multi-stage tasks.

III. SIMULATION EXPERIMENTS

We evaluate on six contact-rich tasks (Leg Twisting,
Drawer Insertion, Peg Insertion, Cube
Stacking, Wall Slide, Cupcake Placement),
each with Easy (narrow initial conditions, fixed goal) and
Hard (wide initial conditions, randomized goals) variants.

Baselines. We compare against three demonstration-based
baselines, each given 100 successful demonstrations: BC-
PPO [19], [20], DeepMimic-style reward augmentation [12],
and a success-weighted Demo Curriculum in the spirit of
DemoStart [11].

Results. As shown in Fig. 3, OmniReset consistently
obtains high success rates across tasks and substantially out-
performs baselines, particularly on the Hard variants where
prior methods fail to scale to wider initial-condition distri-
butions. The baselines often make partial progress on the
Easy variants but collapse as the initial-condition distribution
widens.

Emergent reverse curriculum. Although no curriculum is
specified, OmniReset naturally solves tasks “backwards”:

Fig. 3. Success rates during training. OmniReset scales to tasks where
demonstration-based baselines struggle to make meaningful progress, espe-
cially on Hard variants with wide initial-condition distributions.
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Fig. 4. Success by task stage on Leg Twisting. Baselines achieve
moderate success near the goal but cannot stitch together the long-horizon
reaching task. OmniReset solves both, illustrating the emergent backward
propagation of value induced by diverse resets.

it first succeeds from Near-Goal resets, then Grasp, Near-
Object, and finally Reaching, purely as a side-effect of broad
reset coverage and large batch sizes. Fig. 4 visualizes this on
Leg Twisting: the demonstration-based baselines plateau
at moderate success when starting near the goal and fail almost
entirely from reaching states, while OmniReset propagates
value backwards through the state space and ultimately suc-
ceeds from the entire workspace.

Robustness. We perturb sampled initial conditions with
random forces of varying magnitude and report the resulting
drop in success (Fig. 5). Baselines degrade sharply under even
small perturbations, while OmniReset is nearly invariant



Fig. 5. Robustness to initial-state perturbations. Relative success rate vs.
perturbation magnitude. OmniReset is largely unaffected; baselines collapse.

0 500 1000 1500 2000
Updates

0.0

0.2

0.4

0.6

0.8

1.0

Su
cc

es
s 

Ra
te

Success From
Near-Goal Resets

0 500 1000 1500 2000
Updates

0.0

0.2

0.4

0.6

0.8

1.0

Su
cc

es
s 

Ra
te

Success from
Grasped Resets

0 500 1000 1500 2000
Updates

0.0

0.2

0.4

0.6

0.8

1.0
Su

cc
es

s 
Ra

te
Success from

Near-Object Resets

0 500 1000 1500 2000
Updates

0.0

0.2

0.4

0.6

0.8

1.0

Su
cc

es
s 

Ra
te

Success
Entire Task

65536 environments
32768 environments

16384 environments
8192 environments

4096 environments
2048 environments

Fig. 6. Parallel-environment ablation on Leg Twisting Hard. Success
rates from each reset region across training. Small environment counts solve
only the Near-Goal portion; large counts are required for the full long-horizon
task.

across the perturbation range, a direct consequence of training
over a much broader initial-state distribution. Scatter plots
over the workspace (omitted for space) show OmniReset
succeeding across the full x–y region, whereas the strongest
baseline (Demo Curriculum) succeeds only in narrow patches
near the demonstrated initializations.

Ablations. We ablate (i) the number of parallel envi-
ronments and (ii) the breadth of grasp sampling on Leg
Twisting Hard (Fig. 6). With few environments, PPO
can solve the task only from Near-Goal resets and never
propagates value back to Reaching states; large parallelism
is essential for the full multi-stage task. Likewise, narrowing
the grasp-sampling range degrades both sample efficiency and
final success. Together, these confirm that dense coverage of
robot–object interaction modes (not algorithmic novelty) is the
primary driver of OmniReset’s performance.

IV. DISTILLATION AND REAL-WORLD TRANSFER

We distill state-based OmniReset policies into RGB vi-
suomotor policies for zero-shot deployment on a UR7e with
a Robotiq 2F-85 gripper. Using IsaacLab’s photorealistic ren-
dering [1], we collect 80k expert rollouts and train a ResNet-
18 + Gaussian MLP student [21] on three RealSense views
(D455 front, D435 side, D415 wrist) at 10 Hz. We apply visual
domain randomization following DextrAH-G [22] (lighting,
backgrounds, textures, camera pose/FOV jitter) and dynam-
ics randomization with system-identified actuator parameters
following PACE [23], and use a shared task-space operational-
space controller [24] in sim and real.

Table I reports zero-shot real-world success rates of 85.4%
(Peg), 56.4% (Leg), and 15.4% (Drawer), more than an order
of magnitude above the BC baseline. Qualitatively, the policies
exhibit robust retrying behavior: they recover from initial grasp
failures and re-engage the object until task completion (see
videos at https://omnireset.github.io/#evaluations).

TABLE I
SIM-TO-REAL PERFORMANCE. DISTILLED OMNIRESET POLICIES

TRANSFER ZERO-SHOT, FAR OUTPERFORMING A DIFFUSION POLICY [25]
BC BASELINE TRAINED ON 100 REAL DEMOS.

Metric Peg Leg Drawer

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

V. CONCLUSION

OmniReset shows that a diverse, minimally structured
reset distribution paired with large-batch on-policy RL is
sufficient to produce surprisingly dexterous behavior on long-
horizon contact-rich tasks, without curricula, demonstrations,
or task-specific reward shaping, and that the resulting policies
transfer zero-shot to hardware. Limitations include reliance
on the quality of pre-computed grasps (challenging for highly
non-convex objects and bimanual or multi-finger settings),
modest dynamics randomization compared to large sim-to-real
pipelines, and a remaining sim-to-real gap for the distilled
RGB policies that we expect can be narrowed by combining
DAgger with on-policy RL from images and by scaling the
distillation dataset further.
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