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Fig. 1: Play2Perfect Overview. We pretrain a single goal-conditioned RL policy on task-agnostic dexterous object manipulation,
producing a reusable dexterous prior. This pretrained play policy is then finetuned in sparse-reward RL environments derived
from CAD designs to solve diverse contact-rich assembly tasks, including tight insertions, screwing, and multi-part assembly.

Abstract—Multi-fingered robots promise the speed and dex-
terity of human hands, yet challenging problems such as precise
assembly have remained out of reach. These tasks are contact-
rich, making data collection for imitation learning difficult, and
sparse-reward, making direct exploration with reinforcement
learning (RL) intractable. Consequently, prior work has made
progress by structuring the problem with specialized grippers,
tool attachments, and environment fixtures. In this work, we
argue that before a robot can perfect precise assembly, it must
first learn to play. We further ask the question: what factors
in the process of learning to play matter for precise assembly?
We propose Play2Perfect, an RL framework for task-agnostic
pretraining through play on diverse objects and goals, which
is then perfected on precise assembly. The goal of play is to
acquire reusable manipulation priors, such as grasping, in-hand
reorientation and pose reaching. Finetuning then adapts this
general prior to assembly, focusing exploration on the final
contact-rich, high-precision interactions needed for success. We
systematically study key design choices in play pretraining,
including object diversity, training objective, trajectory diversity,
and goal precision. We show that our prior is 33x more sample-
efficient than RL training from scratch, even when provided with
dense, multi-stage rewards. We demonstrate zero-shot sim-to-real
transfer, achieving 60% success on tight insertions with only 0.5
mm contact clearance, and over 50% success on long-horizon
multi-part assembly and screwing.

I. INTRODUCTION

Robots with multi-fingered hands hold the potential to bring
speed and dexterity to the diverse tasks humans perform with
their hands. Yet, this flexibility comes at the cost of controlling

many degrees of freedom through contact, leaving challenging
domains like precise assembly out of reach for current robot
learning methods. On one hand, the contact-rich nature of
assembly makes dexterous teleoperation challenging, so most
imitation learning has focused on lower-precision pick-and-
place tasks [58, 14, 15, 39, 7]. On the other hand, assembly
is sparse-reward, defined by a part’s final pose, limiting the
use of sim-to-real RL methods that require dense-reward
shaping [56, 65, 12, 2, 19, 27, 13].

Prior work has made progress on assembly by adding
structure to the problem. One approach is to modify the
environment with custom fixtures that simplify grasping and
insertion [32, 42]. Another is to modify the robot with spe-
cialized tool attachments or end-effectors that make the control
problem easier [17, 44]. However, both strategies require per-
assembly engineering of the hardware or environment. The
use of robots with parallel-jaw grippers makes teleoperation
feasible, enabling imitation learning [3] and subsequent RL
fine-tuning [4]. Without teleoperation, RL methods often rely
on dense, task-specific rewards [S1, 52] or scripted multi-stage
controllers [55]. The reliance of these approaches on parallel-
jaw grippers still limits their speed and dexterity.

Our goal is to tackle hard, sparse-reward problems such
as precise assembly with dexterous hands, without relying on
teleoperation. The core challenge is that the sparse reward
defined by the final goal configuration of an assembly part
offers limited training signal for RL. Starting from a random



policy, the agent must discover grasping, in-hand reorienta-
tion, alignment, and contact-rich insertion before receiving
any reward. Intuitively, before learning the hard problem
of perfecting precise assembly, a robot should first learn
the easier problem of playing with objects in free space.
While the concept of learning from play has been explored
previously [33, 57, 25, 23], it remains unclear what aspects of
the play pretraining recipe matter for downstream finetuning,
especially for precise assembly. In this work, we systemati-
cally study the design choices that make play useful for pre-
cise assembly, including object diversity, trajectory diversity,
training objective, and goal precision. Across these studies,
we find a consistent takeaway: play pretraining transfers best
when it forces the robot to learn in-hand manipulation using
its fingers rather than movement with a fixed grasp.

We propose Play2Perfect, a framework for dexterous pre-
training on general objects and goals, followed by fine-
tuning for precise assembly. In simulation, we pretrain a
goal-conditioned play policy via RL to manipulate diverse
primitive objects to random target poses, inducing a task-
agnostic manipulation prior. We then construct assembly fine-
tuning environments from assembly benchmarks [55, 20],
using sparse rewards defined by the final part configuration.
Across challenging assembly skills, this prior enables 33x
more sample-efficient learning than RL from scratch, even
when scratch policies are provided with dense, multi-stage
rewards. We further demonstrate sim-to-real transfer, achieving
60% success on tight insertions with 0.5 mm clearance and
over 50% success on long-horizon multi-part assembly and
screwing. Our contributions are:

A framework for precise assembly with dexterous hands that

first learns a task-agnostic play prior on general objects and

goals, then perfects it to new CAD-defined assembly tasks.

A systematic study of play pretraining design choices that

transfer to precise assembly, including object diversity, tra-

jectory diversity, training objectives, and goal precision.

II. PLAY2PERFECT

Play2Perfect is a framework for dexterous play pretraining
followed by sparse-reward RL finetuning for assembly. We
first train a goal-conditioned policy in simulation to manipulate
procedurally generated primitive objects to random poses
in free-space. We then use the assembly CAD design to
construct a sparse-reward RL environment for finetuning to
learn precise, contact-rich goals.

A. Dexterous Play Pretraining

We first train a task-agnostic dexterous manipulation policy
before specializing to any assembly task. The objective of
play is to acquire a reusable dexterous prior by manipulating
diverse objects to random goal poses. Concretely, we formulate
play as a goal-conditioned RL problem and train a pol-
icy (St;0¢;0t; ), where St denotes robot proprioception,
O¢; gt 2 SE(3) are the current and target object poses, and
encodes object geometry through its 3D bounding-box dimen-
sions. A single policy controls both the arm and hand attached

to it. Fig. 6 provides an overview of the key components of
play pretraining that enable transfer to downstream assembly
tasks. More details of the environment design, observations,
and action spaces are in the Appendix.

Object Diversity. We aim to acquire broad dexterous com-
petence across a wide range of objects, so that the resulting
policy provides a useful initialization for downstream finetun-
ing. To this end, we procedurally generate diverse primitive
objects in simulation comprising cuboids and cylinders. Each
object’s dimensions are sampled from a broad distribution
constrained to fit within the robot hand. We also randomize
physical properties by varying object densities and attaching
additional masses near object ends. This induces variation in
center of mass and inertia, forcing the policy to learn object-
control strategies that are not tied to a single geometry or mass
distribution. We use primitive shapes to enable fast, stable
simulation while keeping pretraining task-agnostic.

Training Objective. Play pretraining should induce
reusable dexterous skills for downstream assembly. Therefore,
we train the robot to manipulate objects through a sequence
of 6D goal poses: the first goal requires grasping and lifting
from the table, while subsequent goals require in-hand control
of object pose without drops. Each goal specifies translation
and rotation: translation teaches object motion across the
workspace, while rotation encourages in-hand reorientation.
The play reward comprises three terms: Fsmooth regularizes
actions for smooth control, I'grasp encourages lifting the object
above the table, and rgoa rewards reaching the current 6D
object goal. rgoal includes a large sparse success bonus when
d(or; 9t) < , where d = dpese is a keypoint-based 6D pose
distance that jointly captures translation and rotation error.

Trajectory Diversity. We randomize the goal sequence in
every play episode rather than training on fixed trajectories.
The first goal is sampled broadly in the robot’s workspace,
while subsequent goals are sampled near the previous goal
with significant rotations. This encourages learning of in-hand
manipulation rather than arm movements with fixed grasps.

Goal Precision. The threshold controls the precision of the
learned behavior, with = 1cm. A smaller threshold requires
more accurate goal reaching, which is important for precise
assembly, and forces fine object pose control.

B. RL Finetuning on Assembly Tasks

After training a general play policy for free-space object
manipulation, we specialize it to specific assembly skills. Each
assembly task is defined by the final desired part configuration
and uses a sparse success reward. Finetuning adapts the pre-
trained manipulation prior to the contact-rich, high-precision
interactions required for assembly. In this section, we describe
how we construct simulation environments and derive sparse
rewards directly from the assembly CAD design.

Simulation Construction from CAD. Each assembly task
is specified by a CAD design containing K parts A =
fpigf=l and their final assembled poses. We convert this
design into a sequence of assembly steps using assembly-by-
disassembly [54, 63]: starting from the completed assembly,



we identify feasible part removals and reverse this order to
obtain an assembly sequence. Each step requires inserting a
part p' into a fixture F', defined by the parts that are already
assembled. We instantiate each step as an RL environment
with randomized part and fixture poses on the table.
Inferring Sparse Assembly Rewards. Assembly finetuning
uses only sparse success rewards derived from the CAD-
specified part configurations. For each part-fixture pair, the
CAD design specifies the desired relative transform TJ: of
the part p' in the fixture frame f'. We denote the current
part pose as p} 2 SE(3) and compute the final goal pose as
O = F{T . where T is the CAD-derived part transform.
For contact-rich assembly skills, we derive a small set of
assembly motion, where the final goal gy, corresponds to the
assembled pose (see Fig. 7). For insertion, this adds an aligned
pre-insertion pose at the onset of contact. For screwing, we
generate poses along the thread at fixed 90 rotational offsets.

C. Training Details and Sim-to-Real Transfer

RL Algorithm and Domain Randomization. We train
both play pretraining and assembly finetuning policies with
Split and Aggregate Policy Gradients (SAPG) [49], which
prior work [23] found to outperform PPO [41] for dexterous
play. To enable sim-to-real transfer, we train all policies with
domain randomization modeling action latency, proprioceptive
observation delays, and noise in both current and goal object
poses. Additional details are provided in the Appendix.

CAD-Based Object Pose Tracking. At deployment, we
reuse the assembly CAD meshes for real-world 6D pose
tracking with FoundationPose [59]. We track both the current
part pose and the fixture pose. The policy runs closed-loop at
60Hz, while the object pose tracking runs at 30Hz.

III. EXPERIMENTS

We design experiments to answer the following questions:
1. Can dense rewards overcome the need for play pretraining?
2. Which play pretraining design choices matter most?
3. Can Play2Perfect policies transfer to the real world?

Task Design. Our robot consists of a 22-DoF Sharpa
five-fingered hand mounted on a 7-DoF KUKA iiwa 14
arm. We evaluate on three tasks: 1) Tight-Insertion,
inserting a T-shaped peg into holes with increasingly tight
contact clearances; 2) Assemble-Beam, a multi-part beam
assembly constructed from Fabrica [55]; and 3) Screw-Leg,
screwing a furniture leg into a table fixture, constructed from
FurnitureBench [20]. The original parts in Fabrica and Fur-
nitureBench are small and designed for parallel-jaw grippers.
We therefore 3D print 3 -scale parts for Assemble-Beam
and a 3 -longer leg for Screw-Leg, making the tasks more
suitable for dexterous hands and reliable for visual tracking
under occlusion. All tasks are illustrated in Fig. 1.

Evaluation Metrics. We report two primary metrics: Suc-
cess Rate, which measures whether the assembly part reaches
its final goal configuration within a tolerance of = lcm, and
Completion Time, which measures the average time required to

complete the task, including approach, grasping, transport, and
contact-rich interaction. In simulation, we report results over
500 rollouts with randomized initial part and fixture poses. In
the real world, we evaluate each task over 10 rollouts using a
fixed fixture pose and randomized initial part poses.

A. Can Dense Rewards Overcome the Need for Play?

Setup. We first test whether a general dexterous prior
improves RL learning compared to training from scratch. We
measure success rate as a function of RL wall-clock time and
compare Play2Perfect against two scratch baselines: Scratch
(sparse reward), which uses the same sparse assembly success
reward as Play2Perfect, and Scratch (dense reward), which
also receives task-specific reward shaping for grasping, lifting,
and tracking a sequence of 10 waypoints from the initial
part pose to the fixture. In addition to the four main tasks,
we include a simplified Tight-Insertion (Fixtured)
task, where the T-peg starts propped up on a fixture.
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Fig. 2: Dexterous Play Pretraining Enables Efficient Down-
stream Assembly Learning. Across four assembly tasks,
Play2Perfect rapidly learns successful policies from the shared
dexterous prior, reaching high success within 2-5 hours. In
contrast, training from scratch fails to make progress.

Results. Fig. 2 shows that Play2Perfect solves all tasks
within roughly 2-5 hours of wall-clock RL training, whereas
both scratch baselines produce no successful rollouts even
after 24 hours. On the simplified Tight-Insertion
(Fixtured) task, scratch training becomes feasible, as
shown in Fig. 5. However, Scratch (dense reward) re-
quires over 100 hours to reach near-perfect success, while
Play2Perfect reaches the same success rate in only 4 hours,
yielding a 33  speed-up. Moreover, the policy learned by
Scratch (dense reward) remains brittle: it balances the peg
using the thumb rather than forming a stable grasp. Under
external force perturbations, its success rate drops to 20%



with a 10N perturbation and eventually to 0% under larger
perturbations. In contrast, Play2Perfect maintains over 75%
success even under the largest perturbations, indicating that
play pretraining induces a more robust manipulation strategy.

B. Which Design Choices in Play Pretraining Matter Most?

Setup. We next ablate key play pretraining choices and
measure how they affect downstream RL finetuning on
Tight-Insertion. Results are averaged over 3 finetuning
seeds. We vary four factors: 1) Object Diversity: pretraining
on 10, 100, or 1000 objects sampled from the same primitive
distribution, with 1000 as Play2Perfect’s default; 2) Training
Objective: comparing Play2Perfect’s full 6D goal-pose objec-
tive against Translation-only, which rewards only translational
error along the same goal-pose sequences, and Rotation-only,
which first lifts the object to a random 6D pose and then
samples only rotational goals at a fixed position; 3) Trajectory
Diversity: we compare using random goal trajectories (ours)
against fixed sets of 10 or 100 trajectories; and 4) Goal
Precision: varying the success threshold for goal-reaching
across lcm (ours), Scm, and 10cm.
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Fig. 3: What Matters in Pretraining for Downstream
Assembly Finetuning? We vary key play pretraining choices
and finetune each policy on Tight-Insertion. Curves
show success rates during finetuning across 3 seeds.

Results. Fig. 3 shows that all four design choices affect
downstream assembly finetuning. 1) Object Diversity: Increas-
ing object diversity improves transfer, but with diminishing
returns: pretraining on 100 and 1000 objects yields simi-
lar learning speed and final performance, suggesting that a
moderately diverse object set is sufficient for this task. 2)
Training Objective: Orientation control is critical. Translation-
only pretraining learns grasping and lifting, but does not
learn object orientation control, so it fails to provide the in-
hand reorientation prior needed for assembly. Rotation-only
pretraining transfers well, but learns more slowly than full 6D
pose-goal pretraining, likely because it provides less practice
coupling reorientation with translational object motion. 3)

Trajectory Diversity: Fixed sets of 10 and 100 trajectories per-
form similarly, while online random trajectories learn fastest,
suggesting that broader coverage of goal-pose transitions better
matches downstream assembly. 4) Goal Precision: Precise
goals are important. A loose 10cm threshold fails to transfer
because coarse goal reaching does not require accurate object-
pose control. A Scm threshold eventually learns, but more
slowly than the lcm threshold, indicating that precise play
induces priors better matched to tight-clearance assembly.

C. Can Play2Perfect Transfer to the Real World?

Setup. We evaluate whether assembly policies finetuned in
simulation can transfer zero-shot to the real world. We deploy
Play2Perfect on Tight-Insertion, Assemble-Beam,
and Screw-Leg, using FoundationPose [59] for pose track-
ing and no real-world finetuning. For Assemble-Beam, we
evaluate each step separately to isolate per-step performance.

TABLE I: Real-World Assembly Results. Completion times
are mean  std over successful trials and measure the full task
duration, including grasping, transport, and final contact-rich
assembly. SR = Success Rate. CT = Completion Time.

Tight-Insertion Assemble-Beam Screw-Leg

10mm 2mm  O05mm Step 1  Step 2 Insert Screw
SR 10/10  9/10 6/10 8/10 7/10 7/10  5/10
CT (s) 6.8+1.5 9.44+19 11.1£5.1 6.9+19 6.4+25 15.6£29

Results. Table I shows that Play2Perfect transfers to
the real world across all three assembly tasks. On
Tight-Insertion, the policy maintains high success as
clearance tightens, achieving 10/10 at 10 mm, 9/10 at 2 mm,
and 6/10 at 0.5 mm. Completion time increases from 6:8 1:5s
to 11:1 5:1 s as the policy performs additional local search for
tighter alignment. On Assemble-Beam, both steps succeed
reliably, with 8/10 success on Step 1 and 7/10 on Step 2,
each completed in under 7 s on average. On Screw-Leg,
Play2Perfect achieves 7/10 success on insertion and 5/10
on full screwing, with successful trials taking 15:6  2:9 s
including both phases. Completion time measures the full
task duration, including approaching the object, grasping it,
reorienting and transporting it, and executing the contact-rich
assembly interaction. These fast execution times demonstrate
the advantage of using dexterous hands for assembly, as
well as the ability of RL to discover efficient manipulation
strategies. See the Appendix for more analysis.

IV. CONCLUSION

We presented Play2Perfect, a framework for precise contact-
rich assembly that finetunes a dexterous prior learned through
play. By play pretraining across diverse objects, Play2Perfect
enables fast RL on assembly tasks by adapting the prior to
precise contact interactions. Our ablations show that object
diversity, objectives, trajectory diversity, and goal precision all
affect downstream performance. Finally, Play2Perfect transfers
zero-shot to challenging real-world dexterous assembly tasks.
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APPENDIX TABLE II: Play policy architecture and SAPG hyperpa-

A. Additional Ablation Results rameters.
We repeat the play pretraining ablations from the main papBarameter Value
on Screw-Leg to evaluate whether the observed design prin-actor network LSTM[1024] + MLP[1024, 1024, 512, 512]
ciples generalize beyond Tight-Insertion. We netune Critic network MLP[1024, 1024, 512, 512]
each pretrained policy using the same sparse assembly rewaeining rate 1 10*
and training procedure as Play2Perfect. All curves report t”?:étgtﬁﬁfﬁzgze ?186%%4
success rate (_jurmg assembly netuning across three seed%ntropy bonus scale  0.002
Results. Fig. 4 shows that the conclusions frompiscount factor 0.99
Tight-Insertion also hold on Screw-Leg. First, in- GAE parameter 0.95
creasing object diversity improves both learning stabilityPPO clip range 01

and nal performance. Pretraining on 1000 objects reaches
approximately 80% success, whereas the 10- and 100-object

variants improve initially but remain unstable and nish subThe actor uses an LSTM to integrate interaction history and
stantially lower. This suggests that broader object diversifffer unobserved object properties, followed by a multilayer
becomes particularly valuable when transferring to assemiplgrceptron that outputs the arm and hand actions. We use an
tasks whose geometry differs signi cantly from the objectgsymmetric actor—critic architecture. While the actor receives
encountered during play. Second, the training objective muginly the observations available at deployment, the critic addi-
teach orientation control. The full 6D pose objective performgonally receives noise-free and undelayed observations, palm
best, while Rotation-only also enables successful netuninghd object velocities, reward signals, and stateful progress
but learns more slowly and reaches slightly lower perfofeatures such as the minimum goal distance reached and
mance. Translation-only fails entirely, further demonstratinghether the object has been lifted. This privileged information
that grasping and transporting an object without learning ifs used only during training. The same RL algorithm and

hand reorientation does not provide a sufcient prior fopyperparameters are used for both pretraining and netuning.
assembly. Third, trajectory diversity is critical on this task.

The policy pretrained with online random trajectories rapidlpp. Play Pretraining Details
reaches approximately 80% success, while policies traine

on xed sets of 10 or 100 trajectories make little progress, : L
Compared with the Tight-Insertion results, this larger The start of each episode, a procedurally generated object is

L . . L random n th le. The r m r
gap indicates that broad coverage of object-pose transﬂmnggced at a random pose on the table e robot must grasp

. . : ) ; a%nd lift the object, then manipulate it through a sequence
especially important for transferring to substantially dn‘ferenmc randomlv sampled 6D doal poses. Each obiect is formed
manipulation sequences. Finally, precise play goals are neges- y b g P ) )

sary. With a goal precision of 1 cm, netuning rapidly reaches y tigidly combining two cuboid or capsule primitives. The
high success, whereas the 5 ¢m and 10 cm variants failpnmary component de nes the graspable region, and its length

learn. Loose play objectives can therefore be solved withoatft?d cross-sectional dimensions are sampled from [S; 30] cm.
" piay obj . d WIToR secondary component is attached near one end, with length
acquiring the ne object-pose control required to initialize . . ; .
recise. contact-rich assermbl Sampled from [1;15] cm and cross-sectional dimensions from
P ' Y- [0:5;12] cm. We independently randomize the component den-
B. Simulation and Computational Resources sities, sampling the primary component from [300; 600] k§=m
Al policies are trained in Isaac Sim on a single NVIDIA2Nd the secondary component from [300;2000] k§=This
RTX A6000 GPU. The physics simulation runs at 120 HRroduces broad variation in geometry, mass, center of mass,
while the policy outputs actions at 60 Hz. Play pretrainingnd inertia. _
uses 24,576 parallel simulation environments and is run forEPisode Initialization and Goal Sampling. At the start of
7 days. Each downstream assembly policy is netuned f&&ch episode, the robot is initialized around a default joint
1 day using 12,228 parallel environments. We use few@Pn guration with uniform noise of 0:1 rad. The object
environments during netuning because modeling contact-ridh Placed above the center of the table with its position
assembly interactions requires more GPU memory than tfgdomized within 10 cm and its orientation sampled ran-
free-space manipulation used during play pretraining. For es@@mly. The rst goal is sampled within the robot's reachable
wall-clock comparison, all methods within the same gure ar@orkspace, with position relative to the table center sampled as

run on the same GPU type with identical hyperparametets? [0:35;0:35] m, y 2[0:1;0:2] m, and z 2 [0:15;0:52]

dPretraining Environment and Procedural Objects. At

environment counts, and training budgets. m. After reaching a goal, the next goal is sampled relative to
. _ _ it with a translation of up to 0:1 m and a rotation of up to
C. Policy Architecture and RL Algorithm 90 . This produces smooth but diverse goal trajectories that

We train the play policy using Split and Aggregate Policyequire repeated in-hand reorientation. Each episode lasts at
Gradients (SAPG) [49], a population-based variant of PPf@ost 600 control steps (10 s). It terminates early if the object
that improves exploration in massively parallel environmentfalls below the table, the hand moves more than 1:5 m from



Fig. 4: Additional pretraining ablations on Screw-Leg. We repeat the four play pretraining ablations from the main paper

on a second downstream assembly task. The results reinforce the same overall conclusion: pretraining transfers best when i
teaches precise 6D in-hand object control across diverse objects and goal trajectories. On this task, weaker object-diversity,
trajectory-diversity, and goal-precision variants degrade more sharply than on Tight-Insertion.

Fig. 5: Dexterous Play Pretraining Induces Robust Assembly Strategies. After simplifying the initialization with an easy-
grasp xture, Scratch (dense reward) can learn the task, but it relies on a brittle strategy that balances the object rather than
robustly grasping it. This shortcut fails sharply under external force perturbations. In contrast, Play2Perfect learns a more stable
grasping and recovery strategy, maintaining high success across perturbation magnitudes.

the object, the contact force measured at the table exceeds 480 = [0:14;0:03;0:03] m, ensuring a consistent trade-off
N, or the maximum number of goal successes is reached. between translational and rotational errors across objects.
Keypoint-Based Pose Representation. We represent each Policy Observations and Action Space. The policy re-
6D object pose using four keypoints de ned in the local objeeleives a 140-dimensional observation containing robot pro-
frame. Given dimensions s = [ssy;s;], the keypoints are prioception, the current object pose, the goal pose, and an

placed at object geometry descriptor. Robot proprioception includes
82 32 _ 32 .32 _ 39 the 29 joint positions and velocities, previous joint-position
< §=2 Sy =2 S =2 S x=2 =

K@) = 4sy=25 4 y=25 -4 sy=25 4 g y:25. (D) targe_zts, palm pose, and the positions of the ve ngertips
©s=2 s =2 s ,=2 5, =2 relative to the palm. We represent the current and goal object
poses using four keypoints de ned by the dimensions of the
For a pose 0 = (R; t,), each keypoint is transformed into theobject's primary component. The policy observes the object
world frame as orientation, the current keypoints relative to the palm, the
0 = Rokj +tg: (2) keypoint displacements from the current pose to the goal,
and the three object dimensions. Using relative keypoint
representations reduces dependence on absolute workspace
d(0;g9) = maxko; g ik,: (3) coordinates while conditioning the policy on object geometry.
! The policy outputs 29 joint-position commands for the 7-
This provides a single metric that jointly captures translatiddoF arm and 22-DoF hand. Arm actions are represented as
and rotation error. For policy observations, we de ne thdelta joint-position targets, while hand actions are represented
keypoints using the dimensions of the object's primary compas absolute joint-position targets. All commands are clipped
nent. For reward computation, we instead use xed dimensiotts the corresponding joint limits and smoothed using an

We de ne the distance between current and goal poses as
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