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Abstract

Imitation Learning (IL) is a widely used framework for learning imitative behavior
from demonstrations. It is especially appealing for solving complex real-world
tasks where handcrafting reward function is difficult, or when the goal is to mimic
human expert behavior. However, the learned imitative policy can only follow
the behavior in the demonstration. When applying the imitative policy, we may
need to customize the policy behavior to meet different requirements coming from
diverse downstream tasks. Meanwhile, we still want the customized policy to
maintain its imitative nature. To this end, we formulate a new problem setting
called policy customization. It defines the learning task as training a policy that
inherits the characteristics of the prior policy while satisfying some additional
requirements imposed by a target downstream task. We propose a novel and
principled approach to interpret and determine the trade-off between the two task
objectives. Specifically, we formulate the customization problem as a Markov
Decision Process (MDP) with a reward function that combines 1) the inherent
reward of the demonstration; and 2) the add-on reward specified by the downstream
task. We propose a novel framework, Residual Q-learning, which can solve the
formulated MDP by leveraging the prior policy without knowing the inherent
reward or value function of the prior policy. We derive a family of residual Q-
learning algorithms that can realize offline and online policy customization, and
show that the proposed algorithms can effectively accomplish policy customization
tasks in various environments. Videos are available on our website: https://
sites.google.com/view/residualq-learning.

1 Introduction

Imitation learning (IL) is a widely used framework for learning imitative behavior from demonstra-
tions. It is especially appealing for solving complicated real-world tasks where handcrafting reward
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function is difficult, or when the goal is to mimic expert behavior. For instance, IL has been widely
studied for synthesizing human-like agents from large-scale human demonstrations on challenging
real-world tasks, such as autonomous driving [4, 7, 2] and robot manipulation [50, 33, 34]. However,
when applying the imitative policy in open real-world scenarios, we may encounter different circum-
stances that impose diverse requirements beyond merely following the behavior in the demonstration,
such as reaching particular goals [39], enforcing safety [32], or complying with certain behavior
preferences [51]. In this case, we need to customize the imitative policy to meet those task-specific
objectives. Meanwhile, in many applications, we may still want the customized policy to possess
some inherent characteristics of the expert demonstration (e.g., human-like).

To this end, we formulate a new problem setting we refer to as policy customization. In the policy
customization problem, we are given a pre-trained policy, and the task is to train a new policy that 1)
inherits the properties of the prior policy; 2) satisfies some additional requirements imposed by a given
downstream task. At first glance, this newly formulated problem may seem to be seamlessly solved
by existing reinforcement learning (RL) fine-tuning algorithms [38, 35, 51, 43], where RL is applied
to fine-tune a pre-trained policy obtained from behavior cloning (BC) or offline RL [27, 25, 30].
In particular, some RL fine-tuning methods combine different forms of IL objectives with RL to
accelerate policy training, e.g., maximizing the policy likelihood on demonstration [38], regularizing
the KL-divergence between the fine-tuned and prior policies [35, 51]. Different from the policy
customization problem we consider, the IL objectives are introduced heuristically as regularization in
RL fine-tuning. Solving policy customization instead requires a principled way to design the learning
objective to jointly optimize the policy’s performance on the imitative and downstream tasks, which
has not been well-studied in the RL fine-tuning literature.

In this work, we propose such a principled approach to interpret and design the policy customization
objective with a solid theoretical basis. Formally, we formulate policy customization as a Markov
decision process (MDP) whose reward function is a linear combination of 1) the inherent reward of
the demonstration; and 2) an add-on reward specified by the downstream task. The reward weight
directly determines the trade-off between the imitative and downstream tasks for policy optimization.
However, we cannot solve this MDP with existing RL algorithms, since we can only access the
imitative policy without knowing its underlying reward.

To tackle this challenge, we propose a novel Residual Q-Learning framework that can solve the formu-
lated MDP without knowing the inherent reward or value function of the prior policy. Specifically, we
define a residual Q-function that, together with the log-likelihood of the prior policy, can conveniently
construct the maximum-entropy policy solving the target MDP. We show that the residual Q-function
can be iteratively learned with an update rule derived from soft Bellman equation [16]. Hence, the
proposed residual Q-learning method can be applied on top of any value-based maximum-entropy
RL algorithms. In particular, we derive residual soft Q-learning and residual soft actor-critic—two
model-free policy customization algorithms through RL fine-tuning—which are adapted from soft
Q-learning [16] and soft actor-critic [17] respectively. In addition, we introduce a model-based policy
customization algorithm adapted from maximum-entropy Monte Carlo Tree Search (MCTS) [47],
which enables zero-shot online policy customization when a dynamics model is available. In our
experiments, we show that the proposed residual Q-learning algorithms can effectively customize the
policies toward the additional task objective while maintaining their performance on the basic tasks
for which the prior policies are trained.

2 Policy Customization with Residual Q-Learning

2.1 Problem Formulation: Policy Customization

We consider a MDP defined by the tupleM = (S,A, r, p), where S is the state space, A is the
action space, and r : S × A → R is the reward function. Without loss of generality, we introduce
the formulation under continuous state and action spaces. The state transition probability function
p : S × A × S → [0,∞) represents the probability density of the next state st+1 ∈ S given the
current state st ∈ S and action at ∈ A. While the following formulation applies whether the reward
function r is given or not, we are primarily interested in the case when r remains unknown and,
instead, expert demonstrations are available to indicate desirable behaviors. We assume that we have
access to a maximum-entropy policy π : S ×A → [0,∞) pre-trained with imitation learning [14, 21]
methods. The policy π maximizes the entropy-augmented cumulative reward that is inherent in the
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demonstrations. The resulting optimal policy follows a Boltzmann distribution [16] as follows:

π (a|s) = 1

Zs
exp

(
1

α
Q∗(s,a)

)
, (1)

where Q∗(s,a) is the soft Q-function as defined in [16] and it satisfies the soft Bellman equation:

Q∗(s,a) = r(s,a) + γEs′∼p(·|s,a)

[
α log

∫
A
exp

(
1

α
Q∗(s′,a′)

)
da′

]
, (2)

and Zs is the normalization factor defined as
∫
A exp

(
1
αQ

∗(s,a)
)
da. The temperature coefficient α

determines the relative importance of entropy and reward in the maximum-entropy policy [16]. It is
straightforward to derive from Eqn. (1) that:

Q∗(s,a) = α log π (a|s) + α logZs. (3)

Instead of directly deploying the policy π, we aim to customize it to satisfy some additional re-
quirements for a given downstream task, specified by an add-on reward function rR : S ×A → R.
Meanwhile, we want the customized policy to inherit the characteristics of the original policy. For-
mally, we aim to leverage the pre-trained prior policy π to train a new policy for the MDP defined
by M̂ = (S,A, ωr + rR, p). The new reward function is defined as a weighted sum of the basic
reward r and the add-on reward rR so that the customized policy meets both requirements. Under this
setting, the main challenge lies in how to find the optimal policy for the new task without knowing
the prior reward r but only the imitative policy π.

2.2 Residual Q-Learning

Since the reward r is unknown, we cannot directly train the new policy to maximize the total reward
through RL. Instead, it turns out that we can leverage the imitative policy π to construct the new policy
without knowing π’s underlying reward or value function. The proposed method can be applied on
top of any value-based maximum-entropy RL algorithms [16, 17, 47], which rely on the soft Bellman
update operator defined as:

Q̂t+1(s,a) = rR(s,a) + ωr(s,a) + γEs′∼p(·|s,a)

[
α̂ log

∫
A
exp

(
1

α̂
Q̂t(s

′,a′)

)
da′

]
, (4)

where Q̂t is the estimated soft Q-function for M̂ at the tth iteration. Instead of directly applying the
soft Bellman update operator to iterate Q̂t during policy learning, we define a residual Q-function as
QR,t := Q̂t − ωQ∗ and attempt to iterate this residual Q-function during policy learning. We then
derive an update rule for QR,t that does not depend on the reward or value function of π:

QR,t+1(s,a)

= rR(s,a) + ωr(s,a) + γEs′

[
α̂ log

∫
A
exp

(
1

α̂
Q̂t(s

′,a′)

)
da′

]
− ωQ∗(s,a), (5a)

= rR(s,a) + ωQ∗(s,a)− ωγEs′

[
α log

∫
A
exp

(
1

α
Q∗(s′,a′)

)
da′

]
+ γEs′

[
α̂ log

∫
A
exp

(
1

α̂
Q̂t(s

′,a′)

)
da′

]
− ωQ∗(s,a), (5b)

= rR(s,a)− ωαγEs′ logZs′

+ γEs′

[
α̂ log

∫
A
exp

(
1

α̂
(QR,t(s

′,a′) + ωα log π (a′|s′) + ωα logZs′)

)
da′

]
, (5c)

= rR(s,a)− ωαγEs′ logZs′ + ωαγEs′ logZs′

+ γEs′

[
α̂ log

∫
A
exp

(
1

α̂
(QR,t(s

′,a′) + ωα log π (a′|s′))
)
da′

]
, (5d)

= rR(s,a) + γEs′

[
α̂ log

∫
A
exp

(
1

α̂
(QR,t(s

′,a′) + ωα log π (a′|s′))
)
da′

]
, (5e)
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where Eqn. (5b) results from expressing the reward r with the soft Q-function Q∗ based on Eqn. (2).
Eqn. (5c) results from the definition of the residual Q-function and Eqn. (3). In each iteration, we can
then define the policy corresponding to the current estimated Q̂t without computing Q̂t:

π̂t(a|s) ∝ exp

(
1

α̂
(QR,t(s,a) + ωα log π(a|s))

)
. (6)

One remaining issue is that we do not have access to the underlying temperature coefficient α of
the prior policy π. Note that α is multiplied upon the reward weight ω in Eqn. (5) and Eqn. (6). In
practice, the reward weight is a hyperparameter to tune. Hence, we can define ω′ = ωα and directly
treat ω′ as the hyperparameter without the need of knowing the true α.

3 Practical Algorithms

In this section, we present three practical algorithms for policy customization under different settings
based on the update rule of residual Q-function in Eqn. (5) and the maximum-entropy policy defined
in Eqn. (6). In these algorithms, the goal is to find a policy that solves the MDP M̂ given a prior
policy π and the add-on reward function rR. We first introduce two model-free algorithms to learn
the residual Q-function and customize the policy through additional RL steps, which are adapted
from soft Q-learning [16] and soft actor-critic [17] respectively. Then we introduce a model-based
policy customization algorithm adapted from maximum-entropy MCTS [47], which enables zero-shot
online policy customization when a dynamics model is available.

Residual Soft Q-Learning. We adapt the soft Q-learning [16] algorithm to a residual soft Q-learning
algorithm for offline policy customization (i.e., policy customization via additional RL training
steps) when the action space is discrete. The residual algorithm is essentially the same as the soft
Q-learning. The only difference is that we use a function approximator parameterized by θ to model
the residual Q-function instead of the soft Q-function and denote it as QR,θ(s,a). At each iteration,
the parameters are updated by taking gradient steps to minimize the temporal-difference (TD) error:

JQR
(θ) = E(st,at,rR,t,st+1)∼D

[
1

2

(
Qtarget

R,θ̄
(st,at)−QR,θ(st,at)

)2
]
, (7)

where D is the replay buffer and the target residual Q-value Qtarget

R,θ̄
(st,at) is computed as:

Qtarget

R,θ̄
(st,at) = rR,t + γα̂ log

∑
a′∈A

exp

(
1

α̂

(
QR,θ̄(st+1,a

′) + ω′ log π(a′|st+1)
))

, (8)

with θ̄ being the target parameters. With a discrete action space, we can compute the policy distribution
exactly given the residual Q-function and the prior policy as in Eqn. (6).

Residual Soft Actor-Critic. For tasks with continuous action spaces, we adapt the soft actor-
critic [17] algorithm to a residual soft actor-critic algorithm. We aim to train a parameterized residual
Q-function QR,θ(s,a) and a policy network π̂ϕ(a|s) by alternating between policy evaluation and
improvement. In the policy evaluation step, we update the residual Q-function for evaluating the
current policy. The loss function is essentially the one in Eqn. (7) but with the target residual Q-value
computed with respect to the current policy π̂ϕ:

Qtarget

R,θ̄
(st,at) = rR,t + γEa′∼π̂ϕ

[
QR,θ̄(st+1,a

′) + ω′ log π(a′|st+1)− α̂ log π̂ϕ(a
′|st+1)

]
(9)

The formula for the residual Q-value is derived from the modified Bellman update operator of soft
actor-critic [17] following a similar procedure as in Eqn. (5). The detailed derivation is attached to
Appendix A for completeness. In the policy improvement step, we improve the policy π̂ϕ leveraging
the current estimated residual Q-value QR,θ(s,a) and the prior policy π by minimizing the expected
KL-divergence between π̂ϕ and the desired maximum-entropy policy given the current QR,θ(s,a),
which is equivalent to minimizing the loss function below:

Jπ̂(ϕ) = Est∼D
[
Ea∼π̂ϕ

[α̂ log π̂ϕ(a|st)−QR,θ(st,a)− ω′ log π(a|st)]
]
. (10)

In our experiments, we implement the algorithm based on the practical soft actor-critic algorithm
presented in [18], which incorporates auto entropy adjustment and double residual Q-functions [13].
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Residual Maximum-Entropy MCTS. The last algorithm we introduce is a model-based policy
customization algorithm adapted from the maximum-entropy MCTS [47] algorithm, which we refer
to as residual maximum-entropy MCTS. Our primary interest is in applying this algorithm in the
online setting with an offline learned dynamics model. MCTS essentially solves an online planning
problem leveraging the prior policy and add-on reward function, which enables zero-shot online
policy customization. Such a paradigm is particularly useful for problem domains like autonomous
driving, where large-scale human driving datasets [11, 49, 45] are available for learning good imitative
policies [1, 40] as well as accurate traffic predictive models for online planning [10, 29]. Note that
MCTS-based methods inherently assume a discrete action space. In practice, we may extend it to
tasks with continuous action space by discretizing the action space [41, 48].

To solve the online planning problem, maximum-entropy MCTS constructs a look-ahead tree T
incrementally via Monte Carlo simulation. In the tree T , each node n(s) ∈ T corresponds to a state
s. For each action a ∈ A, the node n(s) stores an estimated soft Q-value Q̂(s,a) and a visit count
N(s,a). At each iteration, simulations are conducted starting from the root node of the search tree,
which consists of two stages: 1) querying a tree policy to select actions and traversing the tree until a
leaf node is reached; 2) querying an evaluation function (e.g., Monte Carlo simulations leveraging a
roll-out policy) at the leaf node to estimate the return-to-go. After simulation, the estimated returns
are propagated backward to update all the nodes along the simulated paths. Afterward, the tree is
grown by expanding the leaf nodes reached during the simulations. Different from a typical MCTS
algorithm [8], maximum-entropy MCTS exploits maximum-entropy policy optimization. Hence, the
tree policy used in maximum-entropy MCTS is defined as:

π̂(a|s) = (1− λs)
exp( 1

α̂ Q̂(s,a))∑
a′∈A exp( 1

α̂ Q̂(s,a))
+ λs

1

|A|
, (11)

where λs = ϵ|A|/log(
∑

a N(s,a)+1) with ϵ as a hyperparameter. Given a simulated trajectory from the
root node to a leaf node, i.e., {s0,a0, · · · , sT ,aT }, the Q-values of all the visited nodes are updated
with a softmax backup:

Q̂(st,at) =

{
rR(st,at) + ωr(st,at) + γR̂ t = T − 1,

rR(st,at) + ωr(st,at) + γα̂ log
∑

a′∈A exp
(

1
α̂ Q̂(st+1,a

′)
)

t < T − 1,
(12)

where R̂ is the return-to-go estimated by querying an evaluation function on the leaf node n(sT ).
To adapt the algorithm to residual maximum-entropy MCTS, we instead have each node store an
estimated residual Q-value QR(s,a). The tree policy is revised as:

π̂(a|s) = (1− λs)
exp( 1

α̂ (QR(s,a) + ω′ log π(a|s)))∑
a′∈A exp( 1

α̂ (QR(s,a) + ω′ log π(a|s)))
+ λs

1

|A|
. (13)

During backward propagation, the residual Q-value is updated as follows:

QR(st,at) =

{
rR(st,at) + γR t = T − 1,

rR(st,at) + γVR(st+1) t < T − 1,
(14)

with VR(st+1) = α̂ log
∑

a′∈A exp
(
1
α̂ (QR(st+1,a

′) + ω′ log π(a′|st+1))
)
. In particular, we use

Monte Carlo simulations to estimate the return-to-go R. The roll-out policy is set as the prior policy
π and R is computed as the cumulative return of the add-on reward rR over the roll-out trajectories.
While the estimated R is biased, it serves as a heuristic to guide the tree search to select nodes with
future trajectories collecting high add-on rewards while staying close to the prior policy. The effect
of this biased estimation will gradually mitigate as the search tree expands to the terminal time step.

4 Related Work

Our residual Q-learning framework can be considered a principled approach to combine the objectives
of IL and RL. Prior works have proposed different approaches for this purpose. In the IL literature,
reward augmentation [9] has been introduced as a general framework to provide additional incentives
from prior knowledge into the imitation learning process. Under the Generative Adversarial Imitation
Learning (GAIL) framework, a surrogate reward can be conveniently incorporated to augment the
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learned discriminator for policy optimization [31, 3]. The augmented imitative reward is essentially
the same as the total reward in our framework. The difference is that ours aims to further customize a
trained imitative policy for downstream tasks, instead of regularizing IL with prior knowledge.

There are also a variety of works that directly design the objective function as a weighted mixture of
IL and RL objectives. In some methods, like DQfD [20], a supervised classification loss is combined
with a TD loss to train the Q-function. It regularizes the learned Q-function to assign higher values to
demonstrated actions. Other methods, such as DAPG [38] and BC-SAC [32], use a weighted mixture
of behavior cloning loss and RL objectives in their loss function. SHAIL [23] formulates the imitation
problem as a constrained RL problem with a constraint on the lower bound of policy likelihood on
demonstrations. These approaches have shown that IL can help accelerate RL learning, especially
under sparse rewards [20, 38], and vice versa [23]. As discussed in Sec. 1, similar objectives are
also adopted in some RL fine-tuning algorithms [38, 35, 51, 43]. The pre-trained policy is not only
used to initialize RL but also leveraged consistently over the fine-tuning stage as regularization. The
introduction of RL has also been shown to effectively robustify behavior cloning [32] for challenging
and safety-critical autonomous driving tasks. Conversely, IL regularization is used in offline RL
approaches, such as TD3+BC [12] and CQL [27], to prevent overestimating the values on out-of-
distribution actions and improve the robustness of offline RL policies. Different from these works
where the additional objective is treated as regularization, our framework formulates the learning task
as a new MDP and provides a principled way to interpret and design the combined objective.

One work in the literature that aligns with our motivation behind MCTS online customization is Deep
Imitative Model [39], which aims to direct an imitative policy to arbitrary goals during online usage.
It is formulated as a planning problem solved online to find the trajectory that maximizes its posterior
likelihood conditioned on the goal. Compared to theirs, we formulate the additional requirements as
rewards instead of goals, which are more flexible to specify. Also, residual Q-learning is a unified
framework for both offline and online customization.

5 Experiments

CartPole Continuous Mountain Car

Highway Parking 

Figure 1: Four tested environments: CartPole and
Continuous Mountain Car from the gym classic
control suite, and Highway and Parking from the
highway-env environments.

We evaluate the proposed algorithms on four
environments selected from different domains:
CartPole and Continuous Mountain Car envi-
ronments from the OpenAI gym classic con-
trol suite [5], and Highway and Parking from
the highway-env environments [28]. In our
experiments, we implemented our algorithms
upon Stable-Baselines3 [37] and its imitation
library [15]. In Sec. 5.1, we provide the config-
urations of our experiments, including the set-
tings of policy customization tasks in different
environments, baselines, and evaluation metrics.
In Sec. 5.2, we present and analyze the exper-
imental results of RL offline policy customiza-
tion. In Sec. 5.3, we demonstrate an example
of zero-shot online customization leveraging the
residual maximum-entropy MCTS algorithm.

5.1 Environmental Setup

Environments. The detailed configurations of the environments can be found in Appendix B. We
mainly describe the policy customization task settings here. In each environment, we design the basic
and add-on rewards to illustrate a practical application scenario, where the basic reward corresponds
to some basic task requirements and the add-on reward reflects customized specifications such as
behavior preference or additional task objectives.

• CartPole balancing: In the cartpole environment, the basic task is to balance the pole as
long as possible. During policy customization, we demand an additional task that requires
the cart to stay at the center of the rack. To validate if the additional objective is satisfied, we
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monitor the average absolute position error of the cart which is defined as ēx =
∑T

t=1 |xt|/T ,
where xt is the coordinate of the cart with respect to the center of the rack.

• Continuous mountain car: In the mountain car environment, the basic task is to climb the
mountain with the least energy consumption. During policy customization, we enforce an
additional preference to avoid negative actions whenever possible. This corresponds to use
cases where certain actions are less favorable. To monitor the change in action distribution,
we count the number of negative actions executed during each episode, denoted as nneg.

• Highway navigation: In the highway environment, the basic task is to navigate the vehicle
safely and efficiently through the traffic. The vehicle can switch to arbitrary lanes to overtake
the other vehicles. During policy customization, we enforce an additional preference to
stay on the rightmost lane whenever possible. This reproduces driving habits that human
drivers may have in real life. For example, drivers may prefer to drive on the rightmost
lane to avoid missing the exits or when they want to drive the car slowly. We compute the
average normalized lane index over an episode to validate if the desired behavior emerges,
which is defined as Īlane =

∑T
t=1 Ilane,t/2T , where Ilane,t ∈ {0, 1, 2} is the lane index with

the leftmost lane as the lane 0 and the rightmost lane as the lane 2.

• Parking: In the parking environment, the basic task is to park the car in the target parking
slot. During policy customization, we add an additional requirement to avoid touching
the boundaries of the parking slots during parking, which is considered good practice to
avoid scratching other cars and to leave sufficient space for neighboring parking slots. We
compute the non-violation rate to monitor if the requirement is met, which is defined as the
percentage of episodes where the constraint is not violated, denoted as γno-violation.

Baselines. In our experiments, we mainly compare the performance of four categories of policies:

• RL prior policy: We train an RL policy optimizing the basic reward. It serves as the prior
policy for policy customization. For environments with discrete action space (i.e., CartPole
and Highway), we train the RL prior policy using soft Q-learning. For environments with
continuous action space (i.e., Continuous Mountain Car and Parking), soft actor-critic is
used. At test time, we also evaluate its performance on the overall task without customization,
which serves as a baseline to show the effectiveness of the proposed algorithms.

• IL prior policy: We train another IL prior policy that imitates the RL prior with GAIL [21].
As discussed in Sec. 2, the proposed residual Q-learning algorithms are primarily motivated
to customize imitative policy without knowledge of its inherent reward. The IL prior policy
serves as a baseline for comparison with the residual-Q policy customized from the IL prior
policy. In GAIL, we use soft Q-learning as the policy learning algorithm when the action
space is discrete, and use soft actor-critic when the action space is continuous.

• Residual-Q customized policies (Ours): In each environment, we train two residual-Q
customized policies leveraging the RL and IL prior policies respectively. They are mainly
compared against the corresponding prior policies to validate the effectiveness of policy
customization. We apply residual soft Q-learning for environments with discrete action
space and apply the residual soft actor-critic for environments with continuous action
space. Besides, we evaluate the zero-shot customization ability of the proposed residual
maximum-entropy MCTS algorithm in the Highway environment.

• RL with total reward: We also train an RL policy with the total reward (i.e., r + ωrR).
Note that we do not intend to treat it as a baseline for fair comparison under the policy
customization setting. We aim to compare the residual-Q policies with it to validate that the
customized policies indeed solve the overall task M̂.

Metric. We are mainly interested in validating the performance of the proposed policy customization
methods from two perspectives: 1) whether the policy is customized toward the add-on reward; 2)
whether the customized policy still possesses the characteristics of the prior policy, in other words,
maintains the same level of performance on the basic task. Hence, we use the average basic reward
and the success rate of completing the basic task as metrics to evaluate the policies’ performance on
the basic task. Meanwhile, we use the average add-on reward and task-specific metrics introduced
above as the metrics for evaluating the policies’ performance with respect to the customized objective.
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5.2 RL Offline Customization

The experimental results of RL offline customization are summarized in Table 1. In all the envi-
ronments and with either RL or IL prior policies, the customized policies significantly outperform
the prior policies on the add-on task objectives. Meanwhile, the customized policies maintain the
same level of performance as the prior policies on the basic tasks. It validates that the proposed
residual-Q algorithms can tailor the policies for customized requirements while maintaining their
original characteristics. One interesting observation is that the policy customization improves the
performance of the IL policy on the basic task in the Parking environment. One factor is that GAIL
does not perform well in the first place. The Parking environment is indeed more challenging than
the other environments given the continuous action space and, more importantly, the nature of the
task—navigation in tight space under the non-holonomic constraint. Another aspect we think can
explain this phenomenon is that the add-on reward implicitly guides the policy to improve its basic
task performance. As shown in Appendix E, it is difficult for the imitative policy to stop the vehicle
accurately at the target parking slot. Since GAIL merely learns to match the trajectory distributions
under the expert and learned policies without the knowledge of the actual task objective, it is chal-
lenging for the imitative policy to precisely localize such a narrow parking space. In contrast, the
add-on boundary violation constraint confines the vehicle trajectory within the parking space once
the vehicle approaches the target parking slot. Hence, the policy is able to reach the goal point faster
and receives higher returns even on the basic parking task.

In Table 1, we also compare the customized policies against the RL policies trained with the total
reward function, named RL Full Policy in the table. In environments with discrete action spaces,
the residual soft-Q learning policies behave very similarly to the RL full policies. Meanwhile, the
residual soft actor-critic agents have different reward patterns compared to the RL full policies. We
think the behavior difference is mainly due to the approximation errors in value and policy networks.
The proposed residual-Q framework relies on the prior policy to acquire knowledge of the basic task.
Thus, a suboptimal prior will affect the performance of the customized policy, especially on the basic
task. It also explains the performance difference between the policies customized from RL and IL
priors. Inspired by the observation mentioned above on IL policy customization, we think a practical
solution to mitigate this issue is partially incorporating some basic task objectives into the add-on
reward if available. It is reasonable for many practical use cases even with an imitative prior. While it
is difficult to precisely describe the underlying reward function of human experts, we can comfortably
assume that they follow some obvious commonsense objectives (e.g., collision avoidance). In this
way, our method can be considered a more principled framework for the general synergy between IL
and RL beyond policy customization where the reward functions are completely decomposed.

5.3 MCTS Online Customization

We choose the Highway environment to demonstrate the zero-shot online customization ability of
residual maximum-entropy MCTS. We implement residual maximum-entropy MCTS based on the
MCTS planner provided by the highway-env environment. The planner leverages the ground-truth
dynamics model of the environment for roll-out simulation. The results are summarized in Table 1.
MCTS online customization is able to achieve similar performance as the RL offline counterpart.

6 Discussion and Limitations

In our residual Q-learning framework, we formulate policy customization as an MDP whose reward
function balances the utilities of the imitative and add-on tasks. It provides the theoretical foundation
to determine the synergy between the IL and RL objectives in a principled manner. As discussed
in Sec. 1 and Sec. 4, different approaches have been proposed in the RL fine-tuning literature to
combine IL and RL objectives. We investigate two representative methods under the context of policy
customization. The detailed analysis can be found in Appendix D.

One common approach is regularizing the divergence between the trained RL and prior policies
during policy updates. It has been widely used in offline RL algorithms to address the distributional
shift issue [26, 46], and Advantage Weighted Actor-Critic (AWAC) [35] demonstrates the benefits
of such policy regularization in stabilizing and accelerating RL fine-tuning. Note that when using
KL-divergence to measure the distance between policies, the regularized optimal policy becomes
a maximum-entropy policy with the advantage weighted by the prior policy [35]. We can reduce
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Table 1: Experimental Results of Residual-Q Policy Customization

Env. Policy Basic Task Add-on Task

Succ. Rate Basic Reward ēx Add-on Reward

CartPole

RL Prior Policy 100% 427.21± 2.25 0.15± 0.11 −31.11± 22.82
RL Customized 100% 425.73± 2.74 0.05± 0.05 −11.18± 10.12

IL Prior Policy 100% 422.17± 4.19 0.19± 0.12 −38.57± 24.26
IL Customized 100% 423.37± 4.28 0.07± 0.06 −14.12± 12.09

RL Full Policy 100% 425.27± 3.10 0.05± 0.04 −10.72± 7.43

Env. Policy Succ. Rate Basic Reward nneg Add-on Reward

Cont.
Mt. Car

RL Prior Policy 100% 95.78± 0.64 42.26± 1.29 −4.23± 0.13
RL Customized 100% 95.61± 0.43 37.90± 0.75 −3.79± 0.07

IL Prior Policy 100% 92.84± 2.35 64.40± 21.03 −6.44± 2.10
IL Customized 100% 94.41± 0.06 41.08± 1.01 −4.11± 0.10

RL Full Policy 100% 95.14± 0.21 27.86± 3.87 −2.79± 0.39

Env. Policy Succ. Rate Basic Reward Īlane Add-on Reward

Highway

RL Prior Policy 97.22% 44.67± 2.43 0.46± 0.28 9.17± 5.54
RL Customized 97.19% 42.23± 1.55 0.97± 0.05 19.42± 0.99
RL ME-MCTS 98.00% 42.71± 1.65 0.96± 0.07 19.19± 1.38

IL Prior Policy 96.04% 40.03± 0.02 0.50± 0.40 10.06± 8.07
IL Customized 93.00% 40.36± 0.34 0.99± 0.01 19.88± 0.24
IL ME-MCTS 97.00% 40.68± 0.46 0.99± 0.01 19.85± 0.30

RL Full Policy 96.35% 41.98± 1.53 0.97± 0.01 19.49± 1.24

Env Policy Succ. Rate Basic Reward γno-violation Add-on Reward

Parking

RL Prior Policy 99.09% −7.08± 2.65 57.61% −1.55± 3.71
RL Customized 98.73% −7.60± 3.07 96.09% −0.03± 0.20

IL Prior Policy 70.91% −12.37± 9.05 11.27% −4.94± 5.52
IL Customized 83.59% −7.93± 4.84 66.07% −0.32± 0.73

RL Full Policy 99.34% −6.81± 2.39 74.24% −0.38± 0.72

The evaluation results are computed over 4000 episodes for model-free policies and 100 episodes for maximum-
entropy MCTS (ME-MCTS). The statistics with ± are in the format of mean± std.

our residual Q-learning policy to a form equivalent to the AWAC policy by replacing the residual
Q-function in Eqn. (6) with the soft Q-function corresponding to the add-on reward. It is equivalent to
heuristically estimating the optimal Q-function as the sum of the optimal Q-functions corresponding
to the basic and add-on rewards. Hence, the synthesized policy is not the optimal solution to the target
MDP but a greedy approximation [44, 24]. We found that this greedy customized policy performed
much worse than residual Q-learning in the most challenging Parking environment.

Alternatively, some works [46, 51] have explored adding the policy divergence to the reward function.
It has been shown to outperform policy regularization in offline RL setting [46]. However, we found
that it made the learning task much more difficult in our policy customization problem—soft actor-
critic, for example, failed to find a customized policy that at least perform well on the basic parking
task. We believe that one crucial factor contributing to the failure of divergence-based regularization
is that the basic and add-on rewards are mostly orthogonal in our setting. The add-on reward only
encodes additional task requirements; thus, we heavily rely on the prior policy to embed the desirable
behavior on the basic task. Merely regularizing the KL-divergence is therefore insufficient—being
close to the prior policy in terms of probabilistic distance does not necessarily imply behavior
that accomplishes the basic task objective. Besides, incorporating the policy likelihood into the
reward function makes it more challenging to update the Q-function in practice. For example, in
Appendix D.3, we show that our residual Q-learning algorithm is theoretically equivalent to directly
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solving an MDP whose reward function is a weighted sum of the add-on reward and the log-likelihood
of the prior policy. However, similar to the case of divergence-augmented reward, soft actor-critic
failed to find a solution in Parking environment.

Limitations. As discussed in Sec. 5.2, one limitation of our current algorithms is that the performance
of policy customization is bottlenecked by the imitative prior policy. Policy customization not only
requires it to perform well on the trajectory distribution under the imitative prior policy itself but,
more importantly, we need the imitative policy to accurately indicate desired behavior with respect to
the basic task objective on the trajectory distribution under the customized policy. Hence, without
careful design, our algorithms would suffer from the distributional shift issue. While, in practice, this
issue can be mitigated by partially incorporating some basic task objectives into the add-on reward
if available, a more principled and fundamental solution is to obtain a diverse imitative prior that is
best suited for customization. Generative models, such as normalizing flows [42] and, more recently,
diffusion models [22, 6, 19], have been shown promising in constructing such a diverse behavior prior.
We will investigate their applications in the policy customization problem in future work. Also, we
only demonstrate MCTS online customization with an ideal perfect dynamics model in our current
experiments. In future work, we will combine residual maximum-entropy MCTS with offline learned
predictive models to achieve zero-shot online customization in more practical scenarios.
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A Policy Evaluation for Residual Soft Actor-Critic

In this section, we derive the policy evaluation step of the residual soft actor-critic algorithm in-
troduced in Sec. 3. In the soft actor-critic algorithm, the policy evaluation step aims to iteratively
compute the soft Q-value of a policy π̂, which relies on repeatedly applying a modified soft Bellman
backup operator given by:

Q̂t+1(s,a) = rR(s,a) + ωr(s,a) + γEs′∼p(s′|a)

[
Ea′∼π̂

[
Q̂t(s

′,a′)− α̂ log π̂(a′|s′)
]]

. (15)

We can then derive an update rule for the residual Q-function from the modified soft Bellman backup
operator following a similar procedure as in Eqn. (5):

QR,t+1(s,a)

= rR(s,a) + ωr(s,a) + γEs′

[
Ea′∼π̂

[
Q̂t(s

′,a′)− α̂ log π̂(a′|s′)
]]
− ωQ∗(s,a), (16a)

= rR(s,a) + ωQ∗(s,a)− ω′γEs′ logZs′ − ωQ∗(s,a)

+ γEs′ [Ea′∼π̂ [QR,t(s
′,a′) + ω′ log π(a′|s′) + ω′ logZs′ − α̂ log π̂(a′|s′)]] , (16b)

= rR(s,a)− ω′γEs′ logZs′ + ω′γEs′ logZs′

+ γEs′ [Ea′∼π̂ [QR,t(s
′,a′) + ω′ log π(a′|s′)− α̂ log π̂(a′|s′)]] , (16c)

= rR(s,a) + γEs′ [Ea′∼π̂ [QR,t(s
′,a′) + ω′ log π(a′|s′)− α̂ log π̂(a′|s′)]] . (16d)

B Environment Configuration

In this section, we introduce the detailed configurations of the selected environments, including the
definitions of the state and action spaces, observations, and reward functions.

CartPole balancing. In the cartpole environment, a pole is attached to a cart by an unactuated joint.
The cart is moving along a track. The states are defined as the coordinate of the cart along the track, x,
the angle of the pole, δ, the velocity of the cart, v, and the angular velocity of the pole, δ̇. The action
is a binary variable indicating the direction of the force exerted on the cart, i.e., A = {"left", "right"}.
The goal of the basic task is to balance the pole by exerting forces on the cart, which is considered to
be successful if the pole does not fall down for 500 steps. The basic reward function is a sum of two
components, which are:

Survival Reward : rsurvival(s,a) = 1, (17)

Balancing Reward : rbalance(s,a) = −
10|δ|
0.2095

. (18)

During policy customization, we demand an additional task that requires the cart to stay at the center
of the rack. The corresponding add-on reward is defined as rR(s,a) = −|x|/2.4, which penalizes the
deviation from the center of the rack at each time step.

Continuous mountain car. In the mountain car environment, the car is placed at the bottom of a
sinusoidal valley with a randomized initial position. The states are defined as the horizontal coordinate
of the car, x, and the velocity of the car, v. The action is the directional force f applied to the car.
The goal of the basic task is to accelerate the car to reach the goal state on top of the right hill with
the least energy consumption. It is considered successful if the car reaches the goal within 999 steps.
The basic reward function is designed as a sum of the following two components:

Goal Reward : rgoal(s,a) = 100× 1(s = sg), (19)

Energy Cost : renergy(s,a) = −0.1f2. (20)

During policy customization, we enforce an additional preference to avoid negative actions whenever
possible. The add-on reward is defined as rR(s,a) = −0.5× 1(f < 0) to penalize negative force.

Highway navigation. In the highway environment, we navigate the vehicle on a three-lane highway

around other vehicles. The state vector of the i-th vehicle is defined as si =
[
xi, yi, vx,i, vy,i, θi, θ̇i

]⊺
,

where xi, yi are the xy-coordinates, vx,i, vy,i are the velocities along the x- and y-axes, θi is the yaw
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angle, and θ̇ is the yaw rate. The ego vehicle controlled by the policy is indexed with i = 0. The
observation collects the normalized states of all the vehicles. The discrete action space consists of five
meta-actions that govern the corresponding built-in controllers provided as part of the environment.
The meta-actions define different high-level behaviors in the highway environment, referred to as
"switch left", "switch right", "faster", "idle", and "slower" [28]. The goal of the basic task is to drive
the vehicle through the traffic safely and efficiently. The task is considered successful if the car is
driven without collision over 40 steps. The basic reward function consists of three components:

Survival Reward : rsurvival(s,a) = 1, (21)
Velocity Reward : rvelocity(s,a) = 0.4vnorm, (22)

Collision Cost : rcollision(s,a) = −0.5× 1(isCollision(s) = 1), (23)

where vnorm is defined as (
√

v2
x,0+v2

y,0−20)/10 and clipped into [0, 1], and isCollision is a built-in
function to determine if the ego collides with the other vehicles. During policy customization, we
enforce an additional preference to stay on the rightmost lane whenever possible, which is formulated
as an add-on reward function defined as:

rR(s,a) = 0.5
Ilane(s)

num of lanes− 1
, (24)

where the function Ilane gives the index of the lane where the car is driving, with the leftmost lane
indexed with 0.

Parking. In the parking environment, we control a vehicle in the parking lot. The states of the vehicle
are defined the same as in the highway environment. The observation consists of the current state,
s, and the target parking state, sg. The actions are the longitudinal acceleration command, a, and
the steering angle command, δ. The goal of the basic task is to park the vehicle at the target parking
space within a minimal number of time steps, the task is considered successful if the error between
the vehicle state and the target parking state becomes smaller than a threshold value within 100 steps.
Hence, the basic reward is simply defined as r(s,a) = −wT ∥s− sg∥. During policy customization,
we add an additional requirement to avoid touching the boundaries of the parking slots during parking,
the add-on reward is defined as rR(s,a) = −1(Violation(s) = 1), where Violation is a function
detecting whether the vehicle violates the enforced boundary constraint.

C Implementation Details and Hyperparameters

In this section, we introduce the detailed implementation of the proposed algorithms and the hyperpa-
rameters we used in our experiments for each environment. We implemented the proposed algorithms
and all the baseline methods upon Stable-Baselines3 [37] and its imitation library [15]. In addition,
we implemented the residual maximum-entropy MCTS based on the MCTS planner provided by the
highway-env environment. All the experiments were conducted on Ubuntu 16.04 with Intel Core
i7-7700 CPU @ 3.60GHz × 8, GeForce GTX 1070/PCIe/SSE2, and 32 GB RAM.

C.1 Algorithm Implementation

Residual Soft Q-Learning was implemented upon the standard deep Q-network (DQN) from Stable-
Baselines3 [37]. In specific, we substituted the target Q-value with the target residual Q-value defined
in Eqn. (8) when computing the TD error for the loss function.

Residual Soft Actor-Critic was implemented upon the standard soft actor-critic (SAC) from Stable-
Baselines3 [37]. Similar to the case of residual soft Q-learning, we substituted the target Q-value
with the target residual Q-value defined in Eqn. (9) when computing the TD error for the critic loss.
In addition, we added the log-likelihood of the prior policy into the actor loss as in Eqn. (10).

Residual Maximum-Entropy MCTS was implemented upon the MCTS planner provided by the
highway-env environment. We first adapted it to the maximum-entropy MCTS proposed in [47] and
then implemented the residual maximum-entropy MCTS upon it. The pseudo-code of the proposed
algorithm is presented in the Algorithm 1.

C.2 Hyperparameters

RL prior policy. We adopted the hyperparameters from RL Baselines3 Zoo [36] for the Cart Pole,
Continuous Mountain Car and Highway environments. For the Parking environment, we adopted
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the hyperparameter provided in Stable-Baselines3’s document [37]. We further adjusted the learning
rate and increase the number of training steps for better performance. The final learning rate and the
number of training steps for each environment are summarized in Table 2.

IL prior policy. The IL prior policies were trained by imitating the RL prior policies with GAIL.
The same RL algorithms used to train the RL experts were used as the policy learning algorithms in
GAIL. Thus, we adopted the same hyperparameters for the policy learners. For each environment, we
further tuned the following hyperparameters specified in the Stable-Baselines3 imitation library [15]:

• expert_min_episodes: The minimum number of episodes of expert demonstration.

• demo_batch_size: The number of samples contained in each batch of expert data.

• gen_replay_buffer_capacity: The capacity of the generator replay buffer, i.e., the
maximum number of state-action pairs sampled from the generator that can be stored.

• n_disc_updates_per_round: The number of discriminator update steps after each itera-
tion of generator update.

The final values of these hyperparameters for each environment are summarized in Table 3.

Residual Q-learning policies. The model-free residual Q-learning policies were trained with the
same hyperparameters of their corresponding RL prior policy. The additional hyperparameters are
summarized in Table 4. For the Parking environment, we scaled ω′ by 10 times at the first 105 training
steps, so that the residual Q-learning policy was trained to copy the prior policy. We found that it
could accelerate the exploration at the early stage and stabilize the training process. For residual
maximum-entropy MCTS, the hyperparameters include ω′, maximum iterations Itermax, planning
horizon H , and the exploration coefficient ϵ. The final values of hyperparameters we used in the
Parking experiment are summarized in Table 5.

Table 2: Learning Rate and Training Steps of RL Policies

Hyperparameter Cart Pole Mountain Car Highway ParkingContinuous

Learning Rate 2.3× 10−3 3× 10−4 10−4 10−3

Number of Training Steps 105 105 5× 105 8× 105

Table 3: Hyperparameters of GAIL Imitated Policies

Hyperparameter Cart Pole Mountain Car Highway ParkingContinuous

expert_min_episodes 103 104 103 104

demo_batch_size 1024 1024 1024 1024
gen_replay_buffer_capacity 2048 2048 2048 2048
n_disc_updates_per_round 4 4 4 4

Table 4: Hyperparameters of Residual Q Policies

Hyperparameter Prior Policy Cart Pole Mountain Car Highway ParkingContinuous

α
RL 1 0.1 1 0.0097
IL 1 0.1 1 auto

α̂
RL 1 0.1 1 auto
IL 1 0.1 1 0.0611

ω′ RL 1 0.1 1 0.0097
IL 1 0.1 1 0.0611
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Table 5: Hyperparameters of Residual Maximum-Entropy MCTS

Hyperparameter Prior Policy Value

ω′ RL 1
IL 1

Itermax
RL 150
IL 150

H
RL 6
IL 6

ϵ
RL 0.1
IL 1

D Ablation Study

In this section, we investigate three alternative algorithm designs for policy customization to illustrate
the advantages of the proposed residual Q-learning framework. In Sec. D.1 and D.2, we study two
alternatives where the KL-divergence between the customized and prior policies is used to incorporate
the behavior prior into the customized policy. In Sec. D.3, we study a theoretically equivalent form of
residual Q-learning that can be directly solved with off-the-shelf RL algorithms.

D.1 Greedy Reward Decomposition

As discussed in Sec. 6, one common method to infuse IL objective into RL is directly regularizing the
divergence between the trained RL and prior policies during policy updates. As shown in AWAC [35],
when using KL-divergence to measure the distance between policies, the regularized optimal policy
becomes a maximum-entropy policy with the advantage weighted by the prior policy. If we directly
adapt it to solve the policy customization problem, the customized policy is essentially defined as the
solution to the following optimization problem at each policy update step:

π̃t = argmax
π̃∈Π

Ea∼π̃(·|s)

[
Q̃R,t(s,a)− α̂ log π̃(a|s)

]
− λDKL(π̃(·|s)∥π(·|s)), (25)

where Q̃R,t is the soft Q-function of the MDP with only the add-on reward rR(s,a), which is defined
iteratively with the following update rule:

Q̃R,t+1(s,a) = rR(s,a) + γEs′∼p(s′|a)

[
Ea′∼π̂t

[
Q̃R,t(s

′,a′)− α̂ log π̃t(a
′|s′)

]]
. (26)

The closed-form solution to the optimization problem is given as:

π̃t(a|s) ∝ exp

(
1

α̂+ λ

(
Q̃R,t(s,a) + λ log π(a|s)

))
. (27)

We can reduce our residual Q-learning policy to the same form by simply replacing the residual
Q-function in Eqn. (6) with the soft Q-function Q̃R,t. The resulting policy solves the optimization
problem in Eqn. (25) but with an entropy weight of α̂− λ in the objective function. If we consider
it for the policy customization problem, it is essentially equivalent to heuristically estimating the
optimal Q-function as the sum of the optimal Q-functions corresponding to the basic and add-on
rewards. Hence, the synthesized policy is not the optimal solution to the target MDP but a greedy
approximation [44, 24]. We compare residual Q-learning with this greedily customized policy on
the Continuous Mountain Car and Parking environments. As shown in Table 6, residual Q-learning
outperforms the greedy policies on both the basic and add-on objectives, especially on the challenging
Parking environment. Compared to the prior policy, greedy customization compromises the policy’s
success rate on the basic parking task to customize them towards satisfying the add-on objective.
However, the greedy policy still has a significantly lower non-violation rate compared to the residual
Q-learning policy. It validates that our framework is a more principled method to jointly optimize the
IL and RL objectives for policy customization than divergence-based regularization.
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Table 6: Greedy Reward Decomposition Experimental Results

Env. Policy Basic Task Add-on Task

Succ. Rate Basic Reward nneg Add-on Reward

Cont.
Mt. Car

RL Greedy 100% 95.59± 0.51 39.47± 0.77 −3.95± 0.08
RL Residual-Q 100% 95.61± 0.43 37.90± 0.75 −3.79± 0.07

IL Greedy 100% 93.96± 0.08 46.10± 1.53 −4.61± 0.15
IL Residual-Q 100% 94.41± 0.06 41.08± 1.01 −4.11± 0.10

Env Policy Succ. Rate Basic Reward γno-violation Add-on Reward

Parking

RL Greedy 84.07% −7.38± 2.90 70.39% −0.26± 0.64
RL Residual-Q 98.73% −7.60± 3.07 96.09% −0.03± 0.20

IL Greedy 69.06% −7.63± 4.96 48.79% −0.49± 0.87
IL Residual-Q 83.59% −7.93± 4.84 66.07% −0.32± 0.73

D.2 Augmenting Reward with Policy KL-Divergence

Alternatively, some works [46, 51] have explored adding the policy divergence to the reward function
as an IL objective. In this subsection, we investigate this line of approaches for policy customization.
We formulate the reward function of the target MDP to solve as the sum of the add-on reward and a
policy divergence regularization term. In particular, we follow [51] to augment the add-on reward
with a penalty whose expectation regularizes the KL-divergence between the customized and prior
policies. Formally, the reward function is defined as:

řt(s,a) = rR(s,a)− β log
π̌t (a|s)
π (a|s)

, (28)

where π̌t denotes the customized policy after the tth iteration of policy update, and β is a hyperpa-
rameter to balance the add-on reward and the policy regularization term. We can then apply standard
RL algorithms to customize the policy toward this reward function. We evaluated this method in
the Parking environment with soft actor-critic as the learning algorithm. As shown in Figure 2, It
failed to find a customized policy that at least perform well on the basic parking task—The success
rate was persistently close to zero during the learning procedure. We believe that one crucial factor
contributing to its failure is that the basic and add-on rewards are mostly orthogonal in our setting.
The add-on reward only encodes additional task requirements; thus, we heavily rely on the prior
policy to embed the desirable behavior on the basic task. Merely regularizing the policy divergence
is therefore insufficient—being close to the prior policy in terms of probabilistic distance does not
necessarily imply behavior that accomplishes the basic task objective.

D.3 Augmenting Reward with Policy Log Likelihood

The last alternative algorithm we investigate is a theoretically equivalent form of residual Q-learning.
Observe that if we add ω′ log π(s,a) to both sides of Eqn. (5), we obtain:

Qaug
R,t+1(s,a) = rR(s,a) + ω′ log π(s,a) + γEs′

[
α̂ log

∫
A
exp

(
1

α̂
Qaug

R,t (s
′,a′)

)
da′

]
, (29)

where Qaug
R,t (s,a) = QR,t(s,a) + ω′ log π(s,a). It is then straightforward to see that Qaug

R,t is the
soft Q-function corresponding to the reward function rR(s,a) + ω′ log π(s,a), which means that
we can find a policy equivalent to the residual Q-learning one, simply through solving the MDP
Maug = (S,A, rR + ω′ log π, p) with off-the-shell RL algorithms. We test this equivalent algorithm
in the Parking environment. As shown in Figure 2, similar to the case with divergence-augmented
reward, soft actor-critic failed to find a customized policy that can complete the basic parking task.
We think it is because estimating Qaug

R,t is inherently difficult since the complex policy log-likelihood
function is embedded into the reward. In contrast, when estimating Qaug

R,t , our residual Q-learning
framework fully leverages our prior knowledge on log π and only estimates the residual part during
policy customization. Thus, residual Q-learning can more efficiently explore and optimize the policy.
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(a) (b)

Figure 2: Learning curves in the Parking environment for different algorithms, including residual soft
actor-critic, soft actor-critic with divergence-augmented reward (Appendix D.2), and soft actor-critic
with likelihood-augmented reward (Appendix D.3). We plot the curves of the non-violation rate and
success rate over the number of episodic steps in subplots (a) and (b) respectively. The error bands
indicate standard deviations computed over four trials with different random seeds.

(a) IL Prior Policy

(b) IL Residual-Q

Time

Figure 3: Representative examples from the Parking environment comparing the results of executing
the IL prior and the residual Q-learning policy customized from the IL prior.

E Visualization

In this section, we visualize some representative examples from the Parking environment. As shown
in Figure 3, the IL policy fails to stop the car within the target parking slot, while the customized
policy is able to do so with the guidance of the boundary violation constraint. As shown in Figure 4,
compared to the RL prior policy, the proposed residual Q-learning policy finds a very different and
violation-free parking route, whereas the greedily customized policy gets stuck and fails to reach
the target parking slot. Also, it is worth noting that the customized policy behaves differently from
the RL full policy. As discussed in Sec. 5.2, we think the behavior difference is mainly due to the
approximation errors in value and policy networks, which results in an imperfect prior policy.
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(a) RL Prior Policy (b) RL Full Policy (c) RL Greedy (d) RL Residual-Q

T
im

e

Figure 4: Representative examples from the Parking environment comparing the results of executing
RL prior, RL full policy, and policies customized from RL prior with different approaches.
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Algorithm 1 Residual Maximum-Entropy MCTS
Input: Current state s0; Prior policy π; Hyperparameter ω′; Maximum iterations Itermax; Planning
horizon H; Exploration coefficient ϵ.
Output: Root node n0 of the built tree.

1: Initialize the root node n0(s0).
2: Initialize iteration counter Iter = 0.
3: while Iter < Itermax do
4: nT−1 ← SELECTION(n0)
5: nT ← EXPANSION(nT−1)
6: R← SIMULATION&EVALUATION(nT )
7: BACK-PROPAGATION(nT , R)
8: end while
9: return n0

10: function SELECTION(n0)
11: nT−1 ← n0

12: while nT−1 is non-terminal do
13: if nT−1 is not fully expanded then
14: return nT−1

15: else
16: nT−1 ← child node of nT−1 with action sampling from Eqn. 13.
17: end if
18: end while
19: return nT−1

20: end function

21: function EXPANSION(nT−1)
22: if nT−1 is non-terminal and T ̸= H then
23: nT ← expand nT−1 with an untried action.
24: return nT

25: else
26: return nT−1

27: end if
28: end function

29: function SIMULATION&EVALUATION(nT )
30: if nT is non-terminal and T ̸= H then
31: nterminal ← Roll-out(nT )
32: else
33: nterminal ← nT

34: end if
35: {sT ,aT , · · · , sterminal,aterminal} ← extract from nterminal.
36: R←

∑terminal
t=T γt−T rR(st,at)

37: return R
38: end function

39: function BACK-PROPAGATION(nT , R)
40: t← T − 1
41: while t ≥ 0 do
42: QR(st,at)← Eqn. 14
43: N(st,at)← N(st,at) + 1
44: t← t− 1
45: end while
46: end function
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