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Abstract: Learned policies trained end-to-end on large datasets often remain brit-
tle in high-precision tasks and struggle with generalization. We find that these
limitations largely stem from a lack of structure and focus in data collection. Our
key insight is to leverage dense data collection only for the critical segment of
contact-rich tasks and to rely on traditional planning during simple free-space
motion. We propose an automated data-collection scheme in combination with
offline deep reinforcement learning for the critical segment of the task, eliminat-
ing reliance on a teleoperator’s skill and on online policy updates. Across four
challenging real-world tasks, using only 2-2.5h of autonomous data collection,
we achieve an average success rate of 96 %, compared to the strongest baseline at
55 %. Notably, performance remains high in out-of-distribution scenarios where
end-to-end approaches struggle. Our results pave the way for targeted data collec-
tion for contact-rich tasks and for high success rates in precision applications. We
will upload all our videos, training datasets, and evaluation datasets. Website.
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1 Introduction

End-to-end robot learning has recently become very popular [1, 2, 3], especially in contact-rich
manipulation tasks that are hard to model analytically. This progress has been further accelerated
by large-scale data collection [4, 5]. Yet certain limitations of end-to-end policies become apparent:
they struggle with high-precision tasks, and generalization to out-of-distribution (OOD) scenarios
remains limited. It is still unclear whether simple data scaling will close this gap, especially given
that data collection pipelines remain expensive [6, 7].

We argue that at least part of this gap is not merely a matter of scale, but of what data is collected
and how tasks are structured. Specifically, we show that high-precision tasks usually fail at the
contact-rich, critical segment — such as an insertion with tight clearance. The other parts of the
task typically involve unconstrained free-space motion and are thus easier to handle. End-to-end
approaches treat these fundamentally different phases uniformly during data collection and policy
learning [1, 2, 3, 6, 7].

We propose to exploit this structure explicitly. Our key insight is to densely collect data where it
matters — at the critical segment. For the remainder of the task, we go to the other extreme and
solve it without using robot-specific data, using off-the-shelf pose estimation and motion planning.
Recent advances in language-guided image segmentation [8] and pose estimation [9] make such
sequential pipelines increasingly practical for real-world manipulation while reducing the reliance
on robot data.

First, we introduce a scheme for autonomous data acquisition that performs dense data collection
at the critical segment, in combination with offline deep reinforcement learning (DRL) for policy
learning. The autonomous data-acquisition scheme eliminates the constant dependency on a human
teleoperator. For deployment, we propose combining the learned policy with motion planning for
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Figure 1: Method. (Left) First, we record a single demonstration in the scene using kinesthetic
teaching. The scene layout remains unchanged for the subsequent data collection. (Middle) The
demonstration is replayed until the critical segment is reached, and then we execute a mixed greedy-
random policy Texplore for dense data collection, yielding successful and failed rollouts. We combine
data collection with offline DRL to obtain a learned policy my. (Right) In deployment, 7, for the
contact-rich segment is sequentially chained with off-the-shelf pose estimation and motion planning.

free-space motion and switching policies based on contact events and Q-function values. We eval-
uate our approach on four challenging real-world tasks and difficult out-of-distribution scenarios.
Using only 2h to 2.5h of wall-clock time for autonomous data collection, our method achieves
success rates of 94 to 98 % across four real-world tasks and 96 % on average, outperforming base-
lines that achieve no more than 55 %. While end-to-end methods struggle under out-of-distribution
conditions, our approach maintains high success rates.

In summary, we present three core contributions. (1) We propose a compositional framework that
leverages dense data collection and a learned policy in an offline manner for the critical task segment,
while relying on motion planning for free-space motion. (2) We introduce an autonomous data-
collection scheme that leverages mixed greedy-random exploration for dense data collection at the
critical segment. (3) During deployment, we integrate planning and learning using contact events
and Q-functions for policy switching, achieving success rates above 94% across all tasks.

2 Related Work

Data collection strategies. Imitation Learning typically relies on teleoperation data [2, 10, 11].
DRL on hardware similarly requires human intervention [12]. Automated data acquisition schemes
are mostly limited to simulation. Assembly-by-disassembly generates demonstrations by automatic
disassembly and trains a DRL policy using imitation rewards [13]. Other approaches use search for
data generation [14, 15] or to augment initial human demonstrations [16]. In contrast, we propose
an automated data-acquisition scheme for the real world for the critical task segment.

Contact-rich manipulation. Methods relying on pure motion planning use fine-tuned pose esti-
mation to achieve high success rates [17, 18, 19]. Learned policies achieve close to 100% when
ground-truth 6D object poses are available [13, 20, 21]. HIL-SERL demonstrated 100% success rate
with DRL and vision input, but only for short-horizon tasks [12, 22]. Imitation policies typically
achieve around 80% success rate on complex tasks [2, 23, 24], and we show that their failure cases
are concentrated at the critical segment. For traditional control methods, direct force or hybrid force-
position control has been proven essential for contact-rich tasks [25, 26], with first learning-based
models adopting the approach [3, 27, 28, 29].

Modular Policies. A large body of work separates different stages of manipulation tasks into ded-
icated sub-policies [30, 31], which can also be trained independently on heterogeneous data and
combined through diffusion guidance [32] or a learned router [33]. For robotic foundation models,
mixture-of-experts architectures have become popular, enabling scalable multitask learning by spe-
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cializing lightweight experts across behaviors [34, 35]. In contrast to prior approaches that compose
multiple learned policies, we exploit the structure of contact-rich manipulation itself, learning only
the critical segment to improve robustness and OOD generalization.

3 Method

3.1 Problem Setup

We model contact-rich interaction as an MDP M = (S, A, p,P,r,~), where s; € S and a; € A
are the state and action at time step ¢, p(sg) is a distribution over initial states, P(s;+1 | St,at)
are the unknown transition dynamics, 7 = r(s;,a:) € R is a reward function encoding the task,
and v € [0,1) is a discount factor. We observe the scene with a single wrist camera and obtain
state estimates of task-relevant objects using pose estimation. Our goal is to collect a dataset for
training a policy m9 : & — A for the critical segment parameterized by a neural network with
parameters ¢ that maximizes the expected discounted return J(mg) = E[>,° ~v'r;]. An overview
of our methodology is provided in Figure 1.

3.2 Autonomous Offline Data Collection

We first set up the scene with the objects at fixed locations in the workspace. If necessary, fixtures can
be 3D printed to keep the objects in place (Appendix A.1). Then, we record a single demonstration
that performs the task using, for example, kinesthetic teaching, and put all objects back to their initial
locations. Our further scheme relies on keeping the scene layout unchanged during data collection.

We start by replaying the demonstration trajectory until the critical segment of the task is reached.
In practice, we define the critical task segment based on the uncertainty of the pose estimation
(Appendix A.5). Then, we execute an explorative data-collection policy

a~ U(A) with probability p

1
ajy with probability 1 — p, M

7Texplore(st) = = {

where U is the uniform distribution, p € [0, 1] is a probability threshold, and a} is a greedy action.
There are multiple ways to instantiate greedy policies [36, 37, 38, 13]. We use the action that
minimizes the distance to the goal state s, with a velocity v:

(ot A s
’ H(Sg + ASgrasp) - St”2’

@)

where Asgragp i the randomized grasp offset to the reference demonstration, and the state is the
Cartesian end-effector pose. Additionally, we apply a safety filter to the action (1) to prevent explo-
ration from drifting outside the critical segments, constraining the end-effector position to a sphere
with center Sg,re and radius rgfe.

This combination of random and optimal actions provides dense coverage of the critical segment
while maintaining high success rates. The data collection episodes end either by truncation (timeout-
based) or by task completion. The task reward r; is a sparse reward determined by the distance of
state s, to the final state of the hardcoded trajectory sg: 7t = Riuccess * 1(||S¢ — (8¢ + ASgrasp) [|l2 <
€). Computing the reward state-by-state eliminates the need for a pre-trained vision-based reward
classifier [39, 40], which would require additional demonstrations. Instead, we obtain a vision-based
classifier as the result of the DRL training in the form of the Q-function.

Contact-rich manipulation requires tight integration of perception and force feedback, particularly
during the insertion phase [29]. For this reason, we employ hybrid force-position control [25, 29]
during the critical, force-sensitive interactions. Specifically, we apply a desired force along the
insertion axis and position-control the remaining degrees of freedom. This enables compliant and
force-controlled behavior with precise positioning, and the same is applied during deployment.
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3.3 Policy Learning

To minimize data collection effort, we require a sample-efficient learning algorithm. Similar to
RLPD [41], we build on top of SAC [42] and employ improvements for sample efficiency. To mit-
igate Q-function overestimation, we add layer normalization [43] to the critic and use Randomized
Ensembled Double Q-Learning [44], where we train Ng Q-functions and select a random subset .S
of size Ng s to compute the TD-targets as

yr =1t + YEarmon, IZIélél Q3. (st41,a’) —alogmy(a’ [ si1)] - 3)

The Q-functions and policy are trained via the standard SAC objective [42] using y;. Since our
setting does not rely on online learning, we fix the entropy coefficient « rather than adapting it
during learning. This setup is a significant algorithmic and architectural simplification compared to
online policy optimization.

3.4 Full Task Execution

Interaction with the scene is done using a language-guided segmentation model (SAM3 [8]), which
we prompt with commands such as “’purple Lego brick”, ”gray plastic cover with circular grille”,
and yellow cardboard salt box” for our tasks. We feed the segmentation masks into an off-the-shelf
pose estimation model [9, 45] to obtain 6D pose estimates for the two objects in the scene that we
manipulate, unless otherwise specified. Pose estimation is run multiple times to refine the estimates
throughout the trajectory (Appendix A.5). The pose estimates serve as the basis for motion planning,
which uses simple waypoint following. Our formulation can easily be extended to include trajectory
optimization or obstacle avoidance.

All waypoints for motion planning are defined relative to the object’s 6D pose and based on the single
demonstration. The robot first moves towards the pick-up object until it reaches a specified waypoint.
Then, we grasp the object and transport it to the critical segment (also using waypoints). The learned
policy is triggered once contact is made, i.e., if ||F||2 > Finreshold [46, 471 (Appendix A.2). Then, the
learned policy is executed and terminated based on the learned Q-functions and a threshold Agyccess
to detect successful insertion:

Nq
1
Q(Stvﬂ'e(st)) = NQ § Qqﬁi (Staﬂ—e(st)) > Asuccess “)
1=1

We additionally use a hysteresis-style detection to avoid false negative cases. Further details and ex-
amples for the Q-function-based success classification are in Appendix A.4. After the learned policy
terminates, any remaining motions, such as a push-down to complete the insertion, are executed.

4 Experimental Results

4.1 Task descriptions

We evaluate our approach on multiple challenging real-world tasks that require handling deformable
components, precise alignment, and contact-rich interaction, as shown in Figure 2. Experimental
details are provided in Appendix A.7.

Shelf stocking: This task requires stocking a tightly packed shelf with a yellow salt box. Most
objects on the shelf are made of cardboard and may deform during interaction. The policies need to
learn to react to those changes, precisely align the salt box, and perform an additional push to fully
complete the insertion. Partial success is if the object is placed on the shelf, but not inserted.

Lego stacking tasks have recently enjoyed popularity in the robot learning community. The task is
to pick up a brick and stack it on another 4 x 2 brick from an unknown position on the base plate.



Figure 2: Tasks. We evaluate our method on four challenging real world tasks: shelf stocking, Lego
stacking, mounting two PBT/PC-molded parts (fan cover), and a difficult version of the fan cover
task that we train on scene distractors, similar objects, and changing ground surfaces. For all tasks,



