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Figure 1. Our residual RL method (ResFiT), performing real-world RL directly on a 29-degree-of-
freedom (DoF) wheeled humanoid platform with two 5-fingered hands, is shown here performing
the task of bimanual package handover.

ABSTRACT

Recent advances in behavior cloning (BC) have enabled impressive visuomotor
control policies. However, these approaches are limited by the quality of human
demonstrations, the manual effort required for data collection, and the diminish-
ing returns from offline data. In comparison, reinforcement learning (RL) trains
an agent through autonomous interaction with the environment and has shown re-
markable success in various domains. Still, training RL policies directly on real-
world robots remains challenging due to sample inefficiency, safety concerns, and
the difficulty of learning from sparse rewards for long-horizon tasks, especially
for high-degree-of-freedom (DoF) systems.
We present a recipe that combines the benefits of BC and RL through a residual
learning framework. Our approach leverages BC policies as black-box bases and
learns lightweight per-step residual corrections via sample-efficient off-policy RL.
We demonstrate that our method requires only sparse binary reward signals and
can effectively improve manipulation policies on high-degree-of-freedom (DoF)
systems in both simulation and the real world. In particular, we demonstrate, to the
best of our knowledge, the first successful real-world RL training on a humanoid
robot with dexterous hands. Our results demonstrate state-of-the-art performance
in various vision-based tasks, pointing towards a practical pathway for deploying
RL in the real world.
Project website: residual-offpolicy-rl.github.io.

1 INTRODUCTION

Enabling robots to learn and improve directly in their deployment environments remains a funda-
mental challenge in robotics. Recently, significant progress has been made in training visuomotor
control policies in the real world with behavior cloning (BC) from human demonstrations (Brohan
& et.al., 2022; Bousmalis et al., 2023; Brohan & et.al., 2023; Chi et al., 2023; Zhao et al., 2023;
2024; Black et al., 2024; Bjorck et al., 2025; Barreiros et al., 2025). However, this success requires

*Corresponding author: ankile@stanford.edu; work done while an intern at Amazon FAR
†Work done while at Amazon FAR

1

https://ankile.com/
https://residual-offpolicy-rl.github.io/


Paper published at RSI Workshop at ICLR 2026

significant infrastructure, as well as numerous hours of manual and cumbersome data collection.
Even if unlimited data could be collected for every task, not only is human teleoperator performance
generally suboptimal, but there is also emerging evidence that policy performance saturates with
increasing demonstrations (Ross & Bagnell, 2010; Zhao et al., 2024; Yu et al., 2024; Ankile et al.,
2024b; Jiang et al., 2025).

Reinforcement learning (RL) offers a complementary paradigm: agents learn autonomously through
trial and error in the environment. Deep RL has shown great success in various domains (Mnih et al.,
2015; Silver et al., 2016; Farooq & Iqbal, 2024; Mirhoseini et al., 2021; Guo et al., 2025; Yu et al.,
2025; Wang et al., 2024c; Torne et al., 2024b), including in-hand manipulation (Chen et al., 2022;
Qi et al., 2023) and locomotion (Radosavovic et al., 2024; Gu et al., 2024; Margolis et al., 2024;
Hwangbo et al., 2019). However, strong RL performance generally requires large amounts of data
from online interactions, so its application has been mainly in simulation (Zhao et al., 2020; Da
et al., 2025) since real-world data are expensive and potentially unsafe to gather in large amounts.

A natural direction to improve BC policies is to leverage online RL (Ankile et al., 2024b; Mark
et al., 2024; Dong et al., 2025a; Yuan et al., 2024; Tan et al., 2025), combining the strengths of each:
BC policies provide a strong prior that can regularize exploration in the RL process, while online
RL enhances policy performance by learning from interactions with the environment. However,
modern BC architectures are typically deep models with tens of millions to billions of parameters
that utilize action chunking or diffusion-based approaches, which can make it challenging to apply
RL methods directly to optimize the policy. A simple yet powerful recipe that avoids several of
the above issues is residual RL (Silver et al., 2018; Johannink et al., 2019; Alakuijala et al., 2021;
Haldar et al., 2023; Ankile et al., 2024b; Yuan et al., 2024; Dodeja et al., 2025; Dong et al., 2025a),
where RL is applied not to learn a full policy, but only to learn corrective terms on top of a fixed
base controller. Previous work has demonstrated that residual RL can indeed enhance the reliability
of a pretrained policy. Still, it has so far been limited to learning in simulation (Ankile et al., 2024b;
Yuan et al., 2024; Dodeja et al., 2025; Dong et al., 2025a) or demonstrating results in simple or
constrained settings (Silver et al., 2018; Johannink et al., 2019; Alakuijala et al., 2021; Haldar et al.,
2023); Applications to high-DoF systems learning directly in the real world are still lacking.

In this work, we present an off-policy Residual FineTuning (ResFiT) approach that utilizes online
RL to enhance BC policies. By treating the base policy as a black box and learning a per-step
residual correction that is independent of chunk size and policy parameterization, we sidestep the
challenges of directly optimizing huge base policies. By carefully designing our off-policy recipe,
we make the RL process sample-efficient enough to scale to high-DoF bimanual systems, require
only sparse binary reward signals, and be safe enough for real-world deployment. We demonstrate
robust performance on sparse-reward, long-horizon, vision-based tasks, achieving state-of-the-art
results across a range of simulation tasks. We also investigate each design decision in our recipe.
To the best of our knowledge, we provide the first demonstration of RL on a humanoid robot with
five-fingered hands, trained entirely in the real world.

2 RELATED WORK

Behavior Cloning. BC has shown success in various settings, from autoregressive next-token pre-
diction (Brohan & et.al., 2022; Radosavovic et al., 2024; Cui et al., 2022; Kim et al., 2024) and
diffusion policies (Chi et al., 2023; Team et al., 2024; Zhao et al., 2024; Peebles & Xie, 2023; Black
et al., 2024), to large transformers that directly output robot actions (Zhao et al., 2023; Kim et al.,
2025; Wang et al., 2024b). Recent advances (Intelligence et al., 2025; Bjorck et al., 2025; Barreiros
et al., 2025) leverage large transformers, diffusion and flow matching heads, and action chunking
to handle long-horizon tasks and achieve impressive performance. Despite these advances, BC has
fundamental limitations. The manual effort and infrastructure needed to scale up data collection to
these levels are incredibly high, and recent work has shown diminishing returns and performance
plateaus with increasing data (Zhao et al., 2024; Jiang et al., 2025; Ankile et al., 2024b).

Finetuning BC Policies with RL. RL finetuning has been explored as a method to enhance BC
policies by allowing the agent to interact directly with the environment. However, directly finetun-
ing modern BC architectures with RL presents significant challenges. State-of-the-art BC policies
typically use action-chunking or diffusion-based approaches (Zhao et al., 2024; Chi et al., 2023)
with large neural networks, which can lead to unstable learning when combined with conventional
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Figure 2. Off-policy residual finetuning (ResFiT): A two-phase approach using online RL to im-
prove BC policies. First, we train a base policy using BC on a dataset of demonstrations and then
freeze the base. Then, we learn a residual policy with RL to correct the base actions. The RL phase
utilizes our off-policy recipe, leveraging both demonstrations and interactions, and enables more
stable and safe exploration in the real world, as we can directly control the magnitude of the resid-
uals. This residual approach is agnostic to the base policy parameterization and can be applied to
large action-chunked BC policies to provide closed-loop corrections.

RL methods. Several works address these challenges (Chen et al., 2025a; Hansen-Estruch et al.,
2023). IBRL (Hu et al., 2023) trains an imitation policy and then uses it to propose actions for
exploration and to bootstrap target values. PA-RL (Mark et al., 2024) sidesteps applying RL to com-
plex model architectures by learning a Q-function to optimize actions instead of the policy. Other
approaches (Ren et al., 2024; McAllister et al., 2025; Lu et al., 2023) specifically adapt diffusion-
or flow-based policies; e.g., DSRL (Wagenmaker et al., 2025) runs RL over the latent-noise space
of a frozen diffusion policy. These methods generally couple algorithm design with the BC policy
structure, limiting flexibility across policy classes.

Residual RL and Sample Efficiency. Residual RL (Silver et al., 2018; Johannink et al., 2019;
Alakuijala et al., 2021; Haldar et al., 2023) provides an alternative approach of learning corrections
on top of a fixed base policy, rather than optimizing the entire policy end-to-end. Recent work,
such as ResiP (Ankile et al., 2024b), combines an action-chunked BC policy with a single-step RL
residual policy; however, its on-policy RL algorithm has prohibitively high sample complexity for
real-world deployment.

Toward the goal of improved sample efficiency, prior work shows promising results through learning
from demonstrations (Rajeswaran et al., 2018) and off-policy RL (Haarnoja et al., 2018; Fujimoto
et al., 2018); drawing from a host of these related works (Hester et al., 2018; Ashvin et al., 2020;
Ball et al., 2023), we show in this work that demos can serve multiple purposes: (1) to pre-train a
BC policy, (2) to warm up a critic, and (3) to remain in a buffer to regularize the online phase.

Closest to our work, Policy Decorator (Yuan et al., 2024) and EXPO (Dong et al., 2025a) demon-
strate that off-policy RL can be used to train residual policies more sample-efficiently. However,
Policy Decorator learns residuals over entire action chunks rather than per-step corrections, while
EXPO uses base policies without chunking. Concurrently, Dodeja et al. (2025) proposes using un-
certainty estimates to guide exploration in residual RL. In all cases, RL training is performed in
simulation on single-arm tasks, specifically state-based tasks for EXPO. In contrast, we train vi-
suomotor policies directly in the real world on tasks with higher degrees of freedom and longer
horizons, demonstrating RL on a bimanual humanoid robot with two 5-fingered hands. Concurrent
work has finetuned a generalist policy with real-world residual RL (Xiao et al., 2025).

Real-World RL. In the category of real-world RL, QT-Opt(Kalashnikov et al., 2018) utilized data
from a fleet of 7 robots operating over several weeks to train a robotic arm with a parallel jaw gripper
to grasp diverse objects. More recently, SERL (Luo et al., 2024a) demonstrated insertion and pick-
and-place policies by combining a few demonstrations with less than an hour of online interaction.
A follow-up work(Luo et al., 2024b) demonstrated more complex behaviors and bimanual control
by using a human-in-the-loop approach to overcome the exploration problem. Multiple works have
demonstrated RL in the real world for single-arm robots with grippers (Seo et al., 2024; Hu et al.,
2023; Wagenmaker et al., 2025; Yang et al., 2023), including Dong et al. (2025b), who showed
that using Q-functions to guide batch online RL is more performant than imitation-based methods.
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On higher-DOF robots for locomotion (Radosavovic et al., 2024; Gu et al., 2024) and manipulation
(Jiang et al., 2025; Chen et al., 2025b), people often learn in simulation and rely on sim-to-real
transfer to run in the real world. For manipulation, CASHER (Torne et al., 2024a) trains policies
in crowdsourced digital twins, achieving zero-shot transfer with sublinear scaling of human effort.
However, it is limited to simple manipulation due to challenges in contact simulation.

3 METHOD

Our off-policy RL method for Residual FineTuning (ResFiT) of BC policies is illustrated in Fig-
ure 2. It takes as a starting point a base policy, typically trained with BC on an offline dataset of
demonstrations using any algorithm or architecture. In our experiments, we chose a base policy with
action chunking. Then, we perform online RL using our sample-efficient off-policy recipe to learn
residual corrections on top of the base policy. In the following sections, we outline the details of the
method, including the design choices and implementation details that are crucial to its success.

3.1 BASE POLICY: BEHAVIOR CLONING WITH ACTION CHUNKING

Consider an agent that receives observation ot and performs action at at each timestep t. We first
collect a dataset Ddemos of demonstrations, e.g., through human teleoperation in the real world, con-
sisting of successful trajectories τ = (o0, a0, o1, a1, . . . ). Given this dataset, we train a base policy
πψ(at:t+k|ot) using behavior cloning to predict a sequence of k future actions at each timestep. We
train the policy to maximize the log-likelihood of the action chunks from the demonstrations, i.e.,
minψ −

∑
ot,at:t+k∈Ddemos

log πψ(at:t+k|ot).

Predicting a sequence of actions at each timestep, rather than a single action, is known to improve
performance (Lai et al., 2022; Zhao et al., 2023; Chi et al., 2023; Ankile et al., 2024a) and alleviate
compounding errors in imitation learning by effectively reducing the task horizon of the problem.

Note that although our policies receive only proprioception and image observations ot as input, and
do not have access to the actual underlying system state st, the remainder of this section will use the
state notation for simplicity.

3.2 FINE-TUNING WITH OFF-POLICY RESIDUAL RL

The above behavior cloning process produces a policy πbase that has some level of task success. We
freeze the base policy and train a new policy πres with RL to learn how to correct mistakes made by
πbase and improve policy performance in a way that is (1) agnostic to how πbase is parameterized and
trained and (2) stable since we can control the magnitude of this residual to stay relatively close to
the base policy, especially during earlier exploration phases.

Consider a Markov decision process (MDP) (Bellman, 1957) with states st ∈ S, actions at ∈ A,
rewards rt = R(st, at), discount factor γ, and horizon H . RL aims to learn the parameters θ of
some policy πθ(st) such that the expected sum of rewards R(τ) =

∑H
t=0 γ

trt for a trajectory τ is
maximized under the trajectory distribution induced by the policy. In this work, we will learn both
a critic Qϕ as well as a policy πθ, as shown in DDPG (Lillicrap et al., 2015).

Whereas standard off-policy RL methods learn Qϕ(st, at) and πθ(st), we reparameterize this for
our residual setting as Qϕ(st, a

base
t + πθ(st, a

base
t )) (similar to (Yuan et al., 2024; Dodeja et al.,

2025; Dong et al., 2025a)) and πθ(st, a
base
t ). In other words, the residual policy receives the current

observation as well as the base action; the full action is the sum at = abase
t + ares

t , and the critic
predicts the values of the full actions. We provide the full algorithm pseudocode and loss derivations
in Appendix A.

3.3 DESIGN DECISIONS

In the following, we detail the key design choices that were required to achieve stable residual
fine-tuning performance across different tasks and embodiments, and later validate these decisions
through ablations.
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Figure 3. Our simulation tasks from Robomimic and DexMimicGen, spanning
single-arm manipulation as well as bimanual coordination tasks.
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Figure 4. PPO
vs. off-policy RL
in ResFiT.

We use Update-to-Data ratio (UTD) > 1, as prior works have shown that increasing the UTD,
i.e., the number of model updates one takes per data point collected in the environment, can be an
effective way of improving sample efficiency (Ball et al., 2023; Chen et al., 2021). We also use n-
step returns (in particular, our n = 3), similar to CQN (Seo et al., 2024) and IBRL (Hu et al., 2023),
which is shown to help with long-horizon and sparse-reward tasks (Park et al., 2025). Whereas
Monte Carlo methods roll out the entire trajectory before doing updates, and standard Q-learning
looks ahead just 1 step with value bootstrapping rt + γQ(st+1, at+1), here we instead look ahead
n steps:

∑n−1
i=0 γir + γnQ(st+n, at+n) (Sutton & Barto, 2018). Note that we omit this detail in

Algorithm 1 (see Appendix A) for simplicity.

A common issue for off-policy RL is that when the Q-function gets queried with out-of-distribution
actions, the values can often be overestimated due to the use of function approximation. Drawing
from RLPD (Ball et al., 2023), we add layer normalization (Ba et al., 2016) to the critic to mitigate
catastrophic overestimation without explicitly constraining the policy, which turns out to be crucial
to the performance of the policy.

We also incorporate several other established practices in our implementation. Following TD3 (Fuji-
moto et al., 2018), we employ delayed actor updates (every 2-8 critic updates) to alleviate instability
that stems from updates done with poor value estimates, we use Polyak averaging (τ = 0.005)
to update target networks, and we perform target policy smoothing by adding noise to the action
that forms the Q target, to help with brittle behavior caused by sharp peaks in learned Q func-
tion approximators. We also use Randomized Ensembled Double Q-Learning (Chen et al., 2021)
for reducing overestimation bias, by computing TD-targets as y = r + γmini∈S Qϕi

(s′, πθ(s
′))

from a random subset S of N Q functions, while policy updates utilize the full ensemble:
∇θ 1

N

∑N
i=1 Qϕi(s, πθ(s)). For visual inputs, we adopt a shallow ViT (Dosovitskiy et al., 2020)

encoder with DrQ-style (Kostrikov et al., 2021) random shift augmentations to help with overfitting,
introduced by Hu et al. (2023). Finally, we use our demonstration data not only to train our base
policy but also during the online RL phase via symmetric sampling (Ball et al., 2023), by sampling
50% of each batch from the offline data, and the remaining 50% from the growing online buffer.

4 EXPERIMENTAL SETUP

4.1 SIMULATION EXPERIMENTS

We evaluate ResFiT’s real-world tractability via simulation experiments using realistic constraints:
a single simulation environment, image and robot joint state observations (no privileged object state
information), and sparse binary rewards. We test our approach on tasks from Robomimic (Man-
dlekar et al., 2021) and DexMimicGen (Jiang et al., 2025), which vary in terms of robots, control
modes, degrees of freedom, task horizons, and precision requirements. Our experiments utilize the
Robosuite environment (Zhu et al., 2020), which is built on MuJoCo (Todorov et al., 2012), and we
operate at a control frequency of 20 Hz.

Tasks. Our task selection (see Fig. 3) spans two categories: single-arm manipulation tasks and
bimanual coordination tasks. For single-arm, we use Can and Square from Robomimic. These
tasks use a Franka robot with a parallel-jaw gripper and have an action space dimension of 7, 6 for
the delta end-effector pose, and 1 for the gripper action. To demonstrate the versatility of ResFiT,
we also include the bimanual BoxCleanup, CanSort, and Coffee tasks from DexMimicGen,
which require coordinated control of two arms with 6-DoF dexterous hands. BoxCleanup uses
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Figure 5. Success rates of different approaches on our simulation tasks, showing ResFiT converging
to high-performing policies for all tasks. Note that all approaches here start with the same number
of demos.

dual Frankas to coordinate picking up a box lid and placing it precisely on top of the box, testing
spatial coordination and alignment. CanSort and Coffee both use a GR1 humanoid robot with
a fixed base; CanSort entails picking up and passing a cylinder between its hands, and Coffee
requires grasping a small coffee pod and placing it precisely into a coffee maker before closing the lid
with the other hand. The bimanual tasks have action spaces with 24 dimensions: 6 for the absolute
end-effector pose per arm, and 6 for the actuated joint positions per hand. Note that the end-effector
control modes differ between these robots, dual Frankas use delta pose control (same as single-arm),
while the GR1 uses absolute pose control. For all tasks, we use the released demonstration datasets
with 300 demos from the Multi-Human dataset per single-arm task and 1000 demos created with
DexMimicGen per bimanual task.

Baselines and Ablations. First, we examine how off-policy residual RL on top of an action-chunked
base policy compares to directly performing off-policy RL to learn a single-action policy, starting
from the same demos. For this, we chose the state-of-the-art algorithm RLPD (Ball et al., 2023), an
off-policy approach that includes both offline demos and online data in each training batch, and uses
layer norm to help alleviate the overestimation of the value function. However, with default settings,
it is unable to solve our high-DoF tasks when learning from images. Instead, we create an optimized
version of RLPD by incorporating the same off-policy RL design decisions (see Sec. 3.3) that we
use in our method. We refer to this off-policy RL implementation as “Tuned RLPD.” This means
that the same number of demos are used, the same off-policy RL algorithm is used, and the same
vision encoders and network architectures are used; the main difference is whether a base policy is
being used. For another baseline of using demos but not performing residual learning, we compare
to IBRL (Hu et al., 2023), which uses a pre-trained BC policy during RL to propose actions and
bootstrap target values. Finally, we include an online BC fine-tuning baseline called “Filtered BC,”
which starts with the same base policy as ResFiT, but does not use residual RL to perform the fine-
tuning. It fine-tunes by iteratively performing rollouts and adding successes back into the dataset for
continued BC training. This approach is similar in spirit to reward-weighted regression (Peters &
Schaal, 2007) (with 0/1 weights) and self-imitation (Oh et al., 2018; Riedmiller et al., 2021), which
prior work has shown can improve performance over the demo-only case (Bousmalis et al., 2023;
Ankile et al., 2024a; Lampe et al., 2023; Wang et al., 2024a).

We also ablate layer norm for actor and critic MLPs, demo inclusion during online RL, the UTD
ratio, and n-step returns. Finally, we compare to on-policy residual RL (Ankile et al., 2024b).

4.2 REAL-WORLD EXPERIMENTS

We demonstrate ResFiT on a real-world bimanual dexterous manipulation platform - the wheeled
Vega humanoid from Dexmate. Vega has two 7-DoF arms, two 6-DoF OyMotion dexterous hands,
and 2 image streams coming from a Zed camera mounted on its 3-DoF head. We use absolute joint
position control in the real world for each of these joints, making the action space dimension 29.

Tasks. We perform two tasks in the real world: WoollyBallPnP and PackageHandover. In
WoollyBallPnP, the right hand picks up a ball from a random table location and puts it into
a randomly placed bin. In PackageHandover, the right hand picks up a deformable package,
hands it to the left hand, and places it into a bin on the left side of the workspace.

Real-world Infrastructure. Our real-world setup includes safety limits implemented using the
force-torque sensor in the robot’s wrists, and a collision checking implementation to prevent robot
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Figure 6. Impact of UTD ratio (left) and n-step (right) on the BoxCleanup and Coffee tasks.

self-collisions. We developed a system for performing RL in the real world, where the operator
either lets each episode time out or marks the episode result as success or failure, and then resets
the scene. During RL training, we noticed that the bottleneck in wall-clock time was due to the
model updates, as opposed to the data collection, due to the high UTD ratio. To enable higher data
throughput, we split the actor and the learner into separate processes. In particular, after a completed
trajectory that either succeeded, failed, or timed out, the learner process loads the latest replay buffer
and performs model updates, while the data collector resets the scene and starts the next trajectory
with the actor process. Note that the only reward for these rollouts was a single 1 at the end of
successful episodes, and 0 otherwise.

Evaluation protocol. Real-world robot evaluations often suffer from confounding factors like envi-
ronmental drift and lighting changes, especially when policies are evaluated sequentially rather than
in matched conditions (Barreiros et al., 2025; Kress-Gazit et al., 2024). To address these issues and
fairly quantify performance differences between pre-trained and fine-tuned policies, we use blind
A/B testing with matched initial conditions. For each evaluation round, we (1) sample a random
scene configuration (object, tote), (2) randomly assign each policy to labels A and B, (3) execute
both policies from identical initial states, and (4) reveal policy identities after completion. This ap-
proach attempts to mitigate evaluator bias, controls for sensitivity to initial conditions, and ensures
that both policies face nearly identical environmental conditions in each round.

5 RESULTS

5.1 SIMULATION RESULTS

We evaluate various aspects of ResFiT on simulated benchmark tasks, consisting of both single-
arm and bimanual manipulation tasks. On the simulated BoxCleanup task, we first compare our
off-policy residual RL recipe to an existing approach (Ankile et al., 2024b) of performing residual
RL in sim with the on-policy PPO (Schulman et al., 2017) algorithm. As shown in Figure 4, our
approach converging at 200k steps versus 40M steps, we see a ∼200× boost in sample efficiency,
demonstrating the need for off-policy approaches when considering performing the RL directly in
the real world.

Examining the main simulation results in Figure 5, we first observe that ResFiT converges to near-
perfect policies for all tasks. We find that for the simplest task Can, the baseline off-policy methods,
as well as the ablated versions of our method, achieve high success rates over ∼150k steps, whereas
ResFiT converges faster at ∼75k steps. In the Square task, only ResFiT and our optimized off-
policy approach (“Tuned RLPD”), which does not use a base policy but incorporates all of ResFiT’s
other off-policy RL design decisions, can achieve over 90% success rate in 150k steps.

For the harder tasks with more DoFs and longer horizons, like BoxCleanup, CanSort, and
Coffee, baselines and ablated versions either collapse to zero success rate or take longer to achieve
high performance, while ResFiT can still converge to near-perfect task performance efficiently. On
Coffee, which has the longest task horizon while still requiring the most precision, we notice that
not having demos during the online RL of ResFiT phase may not matter, but all of the approaches
without action-chunking fail in this sparse reward and vision-based setting.

Across all tasks, the Filtered BC baseline remained stable but showed minimal improvement over
the initial BC policy performance. We hypothesize that this is because the main failure mode is
precision, which is hard to gain without explicit value maximization. In general, we find that Filtered
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BC is able to improve BC policies that start from a lower initial performance (e.g., ∼20%), but
quickly saturate, which is supported by previous work (Ankile et al., 2024a).

In Figure 6, we study the effect of UTD and n-step returns for sparse reward tasks. Here, we
see the importance of using an n-step larger than 1 for tasks where rewards are sparse. However,
since a larger n-step also increases bias, a too large value can affect performance. For UTD ratios,
we find that for a task with a horizon length of 150-250 steps, such as BoxCleanup, UTD values
greater than 1 provide clear benefits, but gains plateau at moderate values. Specifically, learning is
noticeably slower for a UTD of 1

2 , but increasing to very high UTDs of 8 or higher, as in some prior
work, yields diminishing returns, with UTDs of 4 already capturing most of the benefit while still
being stable.

Figure 7. Real-world results of applying ResFiT, where our residual RL approach shows a signif-
icant boost in performance over the base model, on a 29-DoF bimanual wheeled humanoid robot
with two 5-fingered hands.
5.2 REAL-WORLD RL RESULTS

In the real world, we apply our methods to two tasks, WoollyBallPnP and PackageHandover.
We use ACT (Zhao et al., 2024) as the base policy for both tasks, but any BC method would in
principle work.

For WoollyBallPnP, we trained our base ACT policy on a pick-and-place task with around 1,000
demonstrations across 4 different objects with random robot start locations, random object locations,
and random placement tote locations. We then evaluated it on the object that it most struggled with:
a small, gray, and woolly ball. The base policy achieved only 14% success on this task, with the
main failure mode being hovering and missed grasps with the dexterous hand. With 134 rollouts of
autonomous RL execution (≈ 15 minutes worth of robot execution data) specifically on this woolly
ball, ResFiT boosted the performance of the base model from 14% to 64%.

PackageHandover is a more difficult task since it requires two-arm coordination and involves a
longer task horizon before experiencing any potential reward. For this task, our base policy was able
to achieve a 23% success rate with around 900 demonstrations, and after 343 RL episodes (≈ 76
minutes worth of data) in the real world, ResFiT was able to boost the task performance to 64%. To
the best of our knowledge, this is the first demonstration of real-world RL performed on a bimanual
dexterous manipulation humanoid with two five-fingered hands, trained fully in the real world.

6 DISCUSSION

By learning single-step residual corrections atop a frozen base policy, we resolve a key tension:
action chunking improves BC but creates intractably high-dimensional action spaces for RL (870
dims in our case). The base policy also serves a dual purpose beyond initialization — it acts as an
implicit safety constraint and provides an exploration prior that enables RL from sparse rewards in
high-DOF spaces.

The primary limitation is that learned behaviors remain constrained around the base policy. A
promising direction is distilling the improved combined policy back into the base to create room
for further residual improvements, particularly in multitask settings. Our real-world results validate
this approach on bimanual dexterous platforms, though enabling fully autonomous improvement
without human supervision for resets and reward labeling remains an open challenge.
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A ALGORITHM DETAILS

We present the full pseudocode for ResFiT in Algorithm 1 and derive the critic and actor losses
below.

Algorithm 1 ResFiT: Residual fine-tuning w/ Off-Policy RL

Input: pre-trained base πb, dataset of demos Doffline
Initialize: residual policy πθ, Q ensemble Qϕ1

, . . . QϕN
, vision encoder fω , empty bufferDonline

Initialize: set target networks θ′ ← θ, ϕ′
i ← ϕi

1: for step = 1, 2, . . . ,buffer warmup steps do
2: Sample noise ϵt ∼ U(−noise scale, noise scale)
3: Step env with at = ϵt + ab

t where ab
t ∼ πb(st)

4: Observe next state st+1, reward rt, done flag dt
5: Add transition (st, a

b
t , at, st+1, a

b
t+1, rt, dt) to Donline

6: end for
7: repeat
8: ab

t ∼ πb(st) and ar
t ∼ πθ(st, a

b
t)

9: Step env with at = ab
t + ar

t
10: Add (st, a

b
t , at, st+1, a

b
t+1, rt, dt) to Donline

11: Repeat UTD times:
12: Sample batch B evenly from Doffline, Donline
13: Update critic using B:
14: ar

t+1∼πθ′(st+1, a
b
t+1)

15: Compute at+1 = ab
t+1 + ar

t+1

16: y = rt + (1− dt) ∗ γ ∗minsubset(i) Qϕ′
i
(st+1, at+1)

17: Update ϕi, ω to minimize MSE(Qϕi
(st, at), y)

18: Update critic targets ϕ′
i ← ρϕ′

i + (1− ρ)ϕi
19: Update actor using latest B:
20: Update θ to maximize:

1
N

∑N
i=1 Qϕi(st, πθ(st, a

b
t) + ab

t)

21: Update actor target θ′ ← ρθ′ + (1− ρ)θ
22: until convergence

For the critic, recall the Bellman equation describing the optimal action-value function for a standard
Q⋆(st, at):

Q⋆(st, at) = E
st+1∼P

[
rt + γmax

a′
Q⋆(st+1, a

′)
]
. (A.1)

We train our value approximator Qϕ to approximate Q⋆ by using the Mean-Squared Bellman Error
(MSBE) loss, which simply tells us how close our approximator is to satisfying the Bellman equa-
tion. Given a dataset D of transitions (st, at, rt, st+1, dt), st+1 is the resulting state from taking
action at from state st, rt is the resulting reward, and dt indicates whether state st+1 is terminal.
Using our policy in place of the maxQ, the loss for our residual setting becomes:

L(ϕ) = E
(st,at,rt,st+1,dt)∼D

[(
Qϕ(st, at)− (A.2)

(
rt + γ(1− d)Qϕ(st+1, a

base
t+1 + πθ(st+1, a

base
t+1))

))2


where abase
t+1 = πbase(st+1). Moving on to the policy, recall that given an optimal action-value

function Q⋆(s, a), the optimal action a⋆ can be found by simply taking the max over actions of
Q⋆(s, a). So in our case of continual actions, and given that Q is differentiable, we can train our
policy πθ(s) by simply performing gradient ascent on the value function, with respect to the policy
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parameters:
L(θ) = − E

(st,abase
t )∼D

[
Qϕ(st, a

base
t + πθ(st, a

base
t ))

]
. (A.3)

B IMPLEMENTATION DETAILS

B.1 BC HYPERPARAMETERS

We list the hyperparameters used for the training of the BC policies we used as the base policies in
subsequent experiments in Table B.1. In these experiments, we use the Hugging Face LeRobot (Ca-
dene et al., 2024) implementation of the Action-Chunking Transformer (ACT) (Zhao et al., 2023) as
a stand-in for any action-chunked large BC model.

Table B.1. ACT BC Training Hyperparameters for Different Tasks
Hyperparameter Can Square BoxCleanup CanSort Coffee

Training Configuration

Total Steps 50,000 50,000 50,000 100,000 200,000
Batch Size 256
Learning Rate 1e-4
Weight Decay 1e-4
Backbone LR 1e-5
Gradient Clip Norm 10.0

Policy Architecture (ACT)

Chunk Size 20
Action Steps 20
Observation Steps 1
Vision Backbone ResNet-18
Pretrained Weights ImageNet
Model Dimension 512
Attention Heads 8
Feedforward Dim 3200
Encoder Layers 4
Decoder Layers 1
VAE Enabled False
Dropout 0.1

Evaluation Configuration

Rollout Frequency 1,000 1,000 1,000 1,000 5,000
Num Parallel Envs 16
Episodes per Eval 100
Camera Size 84
Render Size 84
Policy Image Keys agentview agentview agentview frontview agentview

robot0 eye in hand robot0 eye in hand robot0 eye in hand robot0 eye in left hand robot0 eye in left hand
robot1 eye in hand robot0 eye in right hand robot0 eye in right hand

Checkpoint selection Best

The datasets are standard datasets provided by Robomimic (Mandlekar et al., 2021) and DexMim-
icGen (Jiang et al., 2025), hosted here and here, respectively.

Before we start BC training, we convert the datasets into the LeRobotDataset format. The
resulting converted datasets can be found here:

• https://huggingface.co/datasets/ankile/
robomimic-mh-can-image

• https://huggingface.co/datasets/ankile/
robomimic-mh-square-image

• https://huggingface.co/datasets/ankile/
dexmg-two-arm-box-cleanup

• https://huggingface.co/datasets/ankile/
dexmg-two-arm-can-sort-random

• https://huggingface.co/datasets/ankile/dexmg-two-arm-coffee

For all datasets, we use only the RGB observations and the robot state, and render the camera obser-
vations at a resolution of 84 by 84. For all environments except CanSort, we use the agentview
as the third-person camera and frontview for CanSort. We use wrist cameras for all robots.
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We use all the LeRobot default hyperparameters for the ACT model, except that we set the chunk
size equal to the control frequency of 20 to have each chunk span 1 second of real-time, as is most
standard implementations (Zhao et al., 2023; Black et al., 2024).

To select the checkpoint to use, we typically choose the one with the highest evaluation success rate
during training.

B.2 RESIDUAL RL HYPERPARAMETERS

We list detailed hyperparameters for the main off-policy RL Method, ResFiT, presented in this paper
in Table B.1.

Table B.2. Hyperparameters for Residual RL Training Across Tasks

Hyperparameter Can Square BoxCleanup CanSort Coffee

Training Configuration

Total Timesteps 200,000 200,000 300,000 300,000 500,000
Batch Size 256
Buffer Size 200,000 200,000 300,000 300,000 300,000
Learning Starts (steps) 10,000
Offline Episodes 300 300 1,000 1,000 1,000
Demo source Multi-Human Multi-Human DexMimicGen DexMimicGen DexMimicGen
Offline Fraction 0.5
Episode timeout (steps) 200 300 300 300 400

Algorithm Parameters

Discount Factor (γ) 0.99 0.99 0.99 0.995 0.995
N-step Returns 3 3 3 5 5
Updates per Iteration 4
Actor Updates per Iteration 1
Update Every N Steps 1
Critic Warmup Steps 10,000

Learning Rates & Optimization

Actor Learning Rate 1× 10−6 1× 10−6 5× 10−6 1× 10−6 1× 10−6

Critic Learning Rate 1× 10−4

Critic Target Tau 0.005
Actor LR Warmup Steps 0

Action & Exploration

Control Frequency (Hz) 20
Action Scale 0.1 0.1 0.2 0.1 0.2
Stddev Max 0.05
Stddev Min 0.05
Stddev Clip 0.3
Random Action Noise Scale 0.2
Use Base Policy for Warmup True

Network Architecture

Actor Last Layer Init Scale 0.0
Actor Hidden Dim 1024
Actor Feature Dim 128
Encoder Type ViT
Use Layer Norm True

More explanation of some of the above hyperparameter terms:

• Batch Size: The batch size is the total batch size after combining the sampled data from the
offline and online buffers.

• Learning Starts: Before we do any model updates, we roll out the policy with random
action noise in the environment for this number of steps, which is standard practice in
off-policy RL.

• Updates per Iteration: This is essentially the Update-to-Data (UTD) ratio of the RL proce-
dure. For the sim experiments, we take a single step in the environment and then perform
this number of critic model updates.
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• Updates per Iteration: Similar to prior work (Chen et al., 2021; Ball et al., 2023; Hu et al.,
2023), we update the actor only one time for every environment step, regardless of how
many critic updates we take.

• Critic Warmup Steps: Because we start with a pre-trained base policy, the combined policy
that the Q-function is supposed to estimate the expected returns for is not entirely randomly
initialized, and as such, we run a number of TD-backups according to equation Eq. (A.2)
so that the Q-function will be initialized to represent the starting policy better.

B.3 TUNED RLPD HYPERPARAMETERS

Table B.3. Key Parameter Differences: RLPD vs Residual RL

Parameter Category Residual RL RLPD
Core Algorithm Differences

Base Policy Required (ACT policy) None (direct RL)
Action Space Residual actions Direct actions
Observation Space Includes base action Standard observations

Learning Rate Differences

Actor Learning Rate 1× 10−6 (Can/Square/CanSort/Coffee) 1× 10−4 (all tasks)
5× 10−6 (BoxCleanup)

Critic Target Tau 0.005 0.01

Training Differences

Critic Warmup Steps 10,000 0
Actor Init Scale 0.0 (zero initialization) None (default init)
Action Scale 0.1-0.2 (task dependent) 1.0 (all tasks)

Exploration Differences

Stddev (Can/Square/Box) 0.05 0.1
Stddev (CanSort/Coffee) 0.025 0.1
Random Noise Scale 0.2 1.0
Use Base Policy Warmup True N/A

B.4 REAL-WORLD RL SYSTEM

Here, we describe the detailed setup of our real-world experiments. We build a simple system for
conducting residual RL fine-tuning in physical environments. The policy execution is controlled via
a keyboard interface, which allows the user to:

• Roll out the residual policy with exploration noise.

• Reset the robot to its initial pose, with small random perturbations added to improve policy
robustness.

• Mark the episode as a success, which terminates the episode and assigns the last transition
reward = 1, done = 1.

• Mark the episode as a failure, which terminates the episode and assigns the last transition
reward = 0, done = 1.

We also impose a maximum time limit based on the average episode length observed in the
demonstration data for each task. If an episode times out, all transitions within it are assigned
reward = 0, done = 0.

Thanks to the residual formulation, the real-world RL policy does not begin with purely random
exploration but instead generally follows a reasonable trajectory toward task completion. However,
the residual policy and/or the exploration noise may occasionally drive the robot into collisions.
To prevent hardware damage during RL exploration, we use the force-torque sensor equipped on
the Dexmate robot and implement a force–torque-based termination mechanism. If the measured
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force or torque magnitude exceeds a manually determined threshold, the episode is immediately
terminated and the final transition is marked with reward = 0, done = 1.
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