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ABSTRACT
This paper presents the first model extraction attack against Deep

Reinforcement Learning (DRL), which enables an adversary to pre-

cisely recover a black-box DRL model only from its interaction with

the environment. Model extraction attacks against supervised Deep

Learning models have been widely studied. However, those tech-

niques cannot be applied to the reinforcement learning scenario due

to DRL models’ high complexity, stochasticity and limited observ-

able information. We propose a novel methodology to overcome

the above challenges. The key insight of our approach is that the

process of DRL model extraction is equivalent to imitation learning,
a well-established solution to learn sequential decision-making poli-

cies. Based on this observation, our method first builds a classifier to

reveal the training algorithm family of the targeted DRL model only

from its predicted actions, and then leverages state-of-the-art imita-

tion learning techniques to replicate the model from the identified

algorithm family. Experimental results indicate that our method-

ology can effectively recover the DRL models with high fidelity

and accuracy. We also demonstrate two use cases to show that our

model extraction attack can (1) significantly improve the success

rate of adversarial attacks, and (2) steal DRL models stealthily even

they are protected by DNN watermarks. These pose a severe threat

to the intellectual property protection of DRL applications.

CCS CONCEPTS
• Security and privacy; • Computing methodologies → Ma-
chine learning; Reinforcement learning;
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1 INTRODUCTION
Deep Reinforcement Learning (DRL) has gained popularity due to

its strong capability of handling complex tasks and environments.

It integrates Deep Learning (DL) architectures and reinforcement

learning algorithms to build sophisticated policies, which can accu-

rately understand the environmental context (states) and make the

optimal decisions (actions). Various algorithms and methodologies

have been designed to facilitate the applications of DRL in differ-

ent artificial intelligent tasks, e.g., autonomous driving [35], robot

motion planning [66], video game playing[40, 49, 65], etc.

As DRL has been widely commercialized (e.g., autonomous driv-

ing Wayve [2], path planning MobilEye [1]), it is important for

model owners to protect the intellectual property (IP) of their DRL-

based products. DRL models are generally deployed as black boxes

inside the applications, so the model designs and parameters are

not disclosed to the public, which prevents direct plagiarization

or modification by malicious users. From the adversarial perspec-

tive, we want to investigate the following question in this paper:

is it possible to extract the proprietary DRL model with only oracle
access? This is known as model extraction attack, which has been

widely studied for supervised DL models [14, 42, 53]. However, the

possibility and feasibility of extracting DRL models have not been

explored yet. We make the first step towards this goal.

Although various extraction techniques were designed against

supervised DL models, challenges arise when applying them to

DRL models due to significant differences of model features and

scenarios. First, some attack approaches can only extract very sim-

ple models (e.g., two-layer neural networks [31]) and datasets (e.g.,

MNIST [42]). In contrast, DRL models usually have more com-

plicated and deeper network structures to handle complex tasks,

which cannot be extracted by the above techniques. Second, the

adversary in the DRL environments has less observable information

for model extraction. Past works assume the adversary has access

to the prediction confidence scores [31, 42, 53], gradients [38] or the

side-channel execution characteristics [4, 26]. In our black-box DRL
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scenario, the adversary can only observe the predicted actions from

the DRL model, which are not enough to recover the DRL model

with the above methods. Third, supervised DL models perform pre-

dictions over discrete input samples, which are independent of each

other. However, DRL is designed to solve Markov Decision Process

(MDP) problems. Individual input samples cannot fully reflect the

inherent features and behaviors of DRL models. The adversary will

lose the information of temporal relationships if he only observes

these discrete data. Besides, compared to supervised DL models,

DRL models are more stochastic and their behaviors highly depend

in the environments with different transition probabilities.

In this paper, we propose a novel model extraction methodology

for DRL models, which can overcome the above challenges. The key

insight of our methodology is that the process of DRL model extrac-
tion is equivalent to an imitation learning task. Imitation learning

[30] is a promising technique to learn andmimic the behaviors of an

expert instead of training a policy directly based on a reward func-

tion. This exactly matches the scenario of DRL model extraction,

which is to mimic the behaviors of the targeted model. We formalize

the DRL model extraction attack, and prove its equivalence with

imitation learning.

Although there exists such a close connection, it is not easy to

directly apply imitation learning for DRL model extraction. Given a

task, DRL policies obtained from different training algorithms have

significant differences in terms of behaviors and performance (as

discussed in Section 2.2). In imitation learning, a DRL algorithm

needs to be specified as an oracle. If the adversary does not know

the training algorithm employed by the targeted model (which is

assumed in our threat model), he will have to randomly pick one

algorithm as the basis of imitation learning. The imitated model

will behave quite differently if the adversary selects a different

algorithm from the victim model.

Our solution addresses this issue by identifying the algorithm

family of the DRL model first. We build an algorithm classifier,

which is able to predict the algorithm family of a black-box DRL

model based on its behaviors and environmental states. Specifically,

(1) we use timing sequences of actions as the feature of a DRL

model to characterize its decision process and interaction with the

environment. (2) We utilize Recurrent Neural Networks as the struc-

ture of the classifier for training and prediction, which can better

understand the temporal relationships inside the feature sequence.

(3) For each DRL model, we generate different feature sequences in

environments initialized with different random seeds. This guar-

antees that the training set of the classifier is comprehensive and

includes different behaviors of the same algorithm family.

With the identified training algorithm, we are now able to use

state-of-the-art techniques from the imitation learning community

to conduct DRLmodel extraction attacks. Specifically, we adopt Gen-

erative Adversarial Imitation Learning (GAIL) [23], which trains a

discriminative model and generative model to imitate the behaviors

of the targeted DRL policy. The contest between these two models

can guarantee that our replication has very similar behaviors as

the targeted one on the same environment.

Our attack solution can extract models with high similarity

of training algorithm families, behaviors and performance as the

targeted models. Extensive experiments show the adversary can

achieve 100% of performance accuracy, and 97% of behavior fidelity

for various tasks and algorithms. We further provide two use cases

to demonstrate that this attack can (1) significantly enhance the

adversarial attacks by increasing the transferability of adversarial

examples, and (2) easily invalidate the IP protection of watermark-

ing mechanisms. This can bring severe economic loss as well as

safety threats to the DRL-based applications. We expect this study

can raise people’s awareness about the privacy threats of DRL

models, as well as the necessity of defense solutions.

The key contributions of this paper are:

• We formally define DRL model extraction and prove the equiva-

lence between this attack and imitation learning.

• We propose a novel method to identify the algorithm family of

a black-box DRL model.

• We propose an end-to-end DRL model extraction attack based

on imitation learning.

• We conduct extensive experiments and case studies to illustrate

the effectiveness and severity of our attack method.

The rest of this paper is organized as follows. Section 2 intro-

duces the background of DRL. Section 3 presents the threat model

and formal definition of DRL model extraction. We also give for-

mal analysis of its equivalence with imitation learning. Section 4

exhibits our DRL extraction attack. Section 5 evaluates the effec-

tiveness of the proposed attack, followed by two case studies in

Section 6. Section 7 discusses some open issues. We summarize

related works in Section 8 and conclude in Section 9.

2 BACKGROUND
2.1 Reinforcement Learning
Reinforcement Learning (RL) is a type of machine learning technol-

ogy that enables an agent to interact with an environment and learn

an optimal policy by maximizing the cumulative reward from the

environment. A RL problem can be modeled as a Markov Decision

Process (MDP), represented as a tuple (S,A, P, 𝑟 , 𝛾), where
• S is a finite state space, which contains all the valid states in the

environment;

• A is a finite action space, from which the agent chooses an

action as the response to the state it observes;

• P : S × A × S → [0, 1] is the state transition probability. For

two states 𝑠, 𝑠 ′ and an action 𝑎, the output of P denotes the

probability that 𝑠 is transited to 𝑠 ′ by taking action 𝑎;

• 𝑟 (𝑠, 𝑎) is the reward function that outputs the expected reward

if the agent takes action 𝑎 at state 𝑠;

• 𝛾 ∈ [0, 1) is the discount factor that denotes how much the

agent cares about rewards in the distant future relative to those

in the immediate future. A smaller factor values places more

emphasis on the immediate rewards.

A RL policy 𝜋 : S × A → [0, 1] describes the behaviors of an
agent in an MDP. It denotes the probability of an action 𝑎 ∈ A the

agent will take on a state 𝑠 ∈ S. Then the goal of a reinforcement

learning is to identify a policy 𝜋∗ that maximizes the expected

cumulative rewards:

𝜋∗ = argmax

𝜋

𝑇∑
𝑡=𝑡0

∑
𝑎𝑡 ∈A(𝑠𝑡 )

𝛾𝑡−𝑡0𝑟 (𝑠𝑡 , 𝑎𝑡 )𝜋 (𝑠𝑡 , 𝑎𝑡 ) (1)
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where 𝑇 is the termination timestep. In practice, instead of ob-

serving 𝜋 ’s action distribution probability on a certain state 𝑠 , we

usually only capture 𝜋 ’s optimal action 𝑎, and thus the policy can

be formulated as 𝜋 (𝑠) = 𝑎.

2.2 RL with Deep Neural Networks
Despite RL has been studied for a long time and achieved tremen-

dous success in some tasks [41], traditional approaches to solve

the RL problem lack scalability and are inherently limited to rela-

tively simple environments. Deep Reinforcement Learning is then

introduced, which adopts Deep Neural Networks (DNNs) to un-

derstand and interpret complex environmental states, and make

the optimal decisions. Due to the great capabilities of neural net-

works in learning high-dimensional feature representations and

function approximation properties, DRL can achieve outstanding

performance in mastering human-level control policies in various

tasks with high-dimensional states [35, 66]. There are generally

three common approaches to solve reinforcement learning tasks.

Value-based Approach. The agent performs certain actions ac-

cording to its policy to maximize its reward. The optimal behaviors

of the policy 𝜋 are defined by the Q-function which obeys the

following Bellman equation,

𝑄𝜋 (𝑠, 𝑎) = E[𝑟 (𝑠, 𝑎) + 𝛾 max

𝑎′
𝑄𝜋 (𝑠 ′, 𝑎′)] . (2)

This equation shows the maximum return value 𝑄𝜋 (𝑠, 𝑎) from
state 𝑠 and action 𝑎 is the sum of the immediate reward 𝑟 and

the return obtained following the optimal policy until the end of

the episode. When the agent interacts with the environment and

transits from state 𝑠 to the next one 𝑠 ′, this approach estimates the

value of𝑄𝜋 (𝑠, 𝑎). Once we obtain all the values of each state-action

pair, we can select the optimal action 𝑎∗ with the highest Q value

on the current state 𝑠 (i.e., 𝑎∗ = argmax𝑎 𝑄
𝜋 (𝑠, 𝑎)).

For most problems, however, it is impractical to represent the Q-

function as a table containing the values of all possible combinations

of states and actions. Deep Q-Network (DQN) was introduced to

approximate the Q-value for each action. This algorithm has been

extensively used to play GO [50] and Atari games (at superhuman

level) [40]. However, DQN cannot be adopted in the tasks with

continuous action space since the algorithm requires to learn all

the possible Q values.

Policy-based Approach. This solution attempts to identify the

optimal policy directly other than estimating all the state-action

values. Typical examples include REINFORCE [57] which regards

an RL policy as a function 𝜋\ (𝑠, 𝑎) = P(𝑎 |𝑠, \ ) and optimizes it by

applying the policy gradient technique. To extend this approach to

complex tasks, researchers modeled the policy 𝜋\ with DNNs such

as Multilayers Perceptron and Convolutional Neural Networks. The

objective function of the policy network is defined as the expecta-

tion of the total discounted rewards on all the states of a trajectory

in an episode,

𝐽 (\ ) = E(𝑠𝑡 ,𝑎𝑡 )~𝜋\ [
∞∑
𝑡=0

𝛾𝑡𝑟𝑡 ], (3)

This approach has some limitations. Since the expected reward

depends on all the states within the episode, if the agent receives

a high reward, it tends to conclude all the actions taken on all the

states were good, even if some of them were really bad. Moreover,

as the network can only be updated after one episode is completed

and the sample of one trajectory can be used for only once, data

collection and sample utilization are inefficient in this approach.

Actor-Critic Approach. This is an effective method to overcome

the common drawbacks of policy-based methods. It learns both a

policy (actor) and a state value function (critic) to reduce variance

and accelerate learning. An actor is formed with a policy network,

similar as the policy-based approach, which performs action 𝑎

on the current state 𝑠 . The critic is a Q-function represented by

a network to estimate how good the action 𝑎 given by the actor

at state 𝑠 is. As specified in [39], the model can be learned with

two objective functions: a) the objective function of the actor is the

same as Equation 3; b) the advantage function𝐴𝜋\ (𝑠, 𝑎) of the critic
represents the extra reward the agent gets if it takes this action:

𝐴𝜋\ (𝑠, 𝑎) = 𝑄𝜋\ (𝑠, 𝑎) − (𝑟 + 𝛾 max

𝑎′
𝑄𝜋\ (𝑠 ′, 𝑎′)) . (4)

Therefore, the actor-critic method combines the advantages of both

policy-based and value-based methods. The actor enjoys the ben-

efits of computing continuous actions without the need for opti-

mization on a Q-function. The critic’s merit is that it supplies the

actor with low-variance knowledge of the performance. These prop-

erties make the actor-critic methods an attractive reinforcement

learning solution. State-of-the-art algorithms include Proximal Pol-

icy Optimisation (PPO) [48], Actor-Critic with Experience Replay

(ACER) [56] and Actor Critic using Kronecker-Factored Trust Re-

gion (ACKTR) [58].

3 ATTACK FORMULATION AND ANALYSIS
3.1 Threat Model
We consider a standard scenario of model extraction, where the

adversary has oracle access to the targeted model. Specifically, the

adversary can operate the DRL model in the normal environment

without manipulating the states. He can observe the states and

the model’s corresponding actions. This is common when the DRL

application is deployed in the open and public environment. For

instance, in DRL-based robotics, the adversary can deploy the robot

in certain environments, and observe its corresponding reactions.

In the application of video game playing, the adversary can start a

DRL player with different situations, and collect its strategies.

Different from prior works of extracting supervised DL models

[7, 31, 42, 53], we consider more restricted capabilities for the adver-

sary: he has no knowledge about the targeted DRL model, including

the model structures and parameter values, training algorithms and

hyperparameters, etc. He is not able to obtain the confidence score

of each possible action predicted by the targeted DRL policy. This

makes the attack more practical, yet more challenging as well.

3.2 Formal Definition of DRL Model Extraction
According to [31], there are two basic categories of model extraction

attacks. (1)Accuracy extraction aims to reproduce amodel which can

match or exceed the accuracy of the targeted model. The replicated

model does not need to match the predictions of the oracle precisely.

(2) Fidelity extraction attempts to recover a model with the same

behaviors as the victim one, even for incorrect prediction results.
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In this paper, we focus on both accuracy and fidelity extraction of

DRL models, which is more threatening.

It is worth noting that we only consider to extract an approxi-

mate copy of the targetedmodel with similar rewards and behaviors,

rather than the exact values of model parameters. Parameter ex-

traction is difficult for complex DL models [31], as different values

can give the same model outputs, which are indistinguishable from

the adversary. Besides, the adversary cannot identify the values of

dead neurons which never contribute to the model output.

Let F be the hypothesis class of a DRL extraction attack. The

instance and output spaces of F are denoted as A × S and [0, 1],
respectively. We refer to the sequence 𝑆 = {𝑠1, 𝑠2, ..., 𝑠𝑇 }, 𝑠𝑖 ∈ S as
the environmental states of one episode, and 𝐴 = {𝑎1, 𝑎2, ..., 𝑎𝑇 },
𝑎𝑖 ∈ A as the corresponding actions of the targeted model. The

adversary’s goal is to find a policy 𝜋 ∈ F such that 𝜋 performs com-

petitively with the targeted policy 𝜋∗. Following the assumptions in

the threat model where the adversary can operate the model in an

environment and learn 𝜋 by observing the corresponding actions

of 𝜋∗. We now formally define the DRL extraction attack:

Definition 1. ((𝛿, b)-DRL Extraction Attack) Let 𝜋 be the repro-
duced policy in a DRL extraction attack A. We call A a (𝛿, b)-DRL
extraction attack if for ∀𝑆 = {𝑠1, 𝑠2, ..., 𝑠𝑇 }, the difference between the
expected cumulative rewards of 𝜋∗ and 𝜋 is smaller than 𝛿 (accuracy
extraction) and the expected distance between the action distributions
of 𝜋∗ and 𝜋 is smaller than b (fidelity extraction), i.e.,

|𝐸 [
𝑇∑
𝑖=1

𝑟 (𝑠𝑖 , 𝑎∗𝑖 )] − 𝐸 [
𝑇∑
𝑖=1

𝑟 (𝑠𝑖 , 𝑎𝑖 )] | ≤ 𝛿, (5)

𝐸 [𝑑 ({𝑎∗
1
, 𝑎∗

2
, ..., 𝑎∗𝑇 }, {𝑎1, 𝑎2, ..., 𝑎𝑇 })] ≤ b, (6)

where {𝑎∗
1
, 𝑎∗

2
, ..., 𝑎∗

𝑇
} and {𝑎1, 𝑎2, ..., 𝑎𝑇 } are the corresponding ac-

tions of 𝜋∗ and 𝜋 on the sequence of states. 𝐸 is the expected value of
a random variable.

3.3 Imitation Learning
Imitation learning was originally introduced for learning from hu-

man demonstrations. Then its concept was applied to the domain

of artificial experts, such as RL agents. Given a task, an imitation

model acquires the corresponding skills from expert demonstra-

tions by learning a mapping between observations and actions [30].

A formal definition of imitation learning is described below:

Definition 2. (Imitation Learning System) Let F′ be a hypothesis
class with instance spaceX and output spaceY. An imitation learning
system for F′ is given by two entities (A, O): O is the teacher that
plays as an oracle with the optimal hypothesis. A is the agent that
searches or learns the optimal hypothesis from F′ by observing O’s
behaviors {(𝑥,𝑦)}, 𝑥 ∈ X, 𝑦 ∈ Y.

The agent A adopts an imitation learning algorithm L to learn

the behaviors of the teacher O in the system. We define such an

algorithm below:

Definition 3. (𝜖-Imitation Learning Algorithm) Let L be an
algorithm used byA to learn the behaviors of O. Let 𝜋 be an “expert”
that describes O’s behaviors, and 𝜋 ′ be the hypothesis learned by L.
We say L is an 𝜖-imitation learning algorithm if for ∀{𝑠1, 𝑠2, ..., 𝑠𝑇 },

Env
Targeted  

DRL
Model

Imitation  
Learning

1 3

2
Replicated Model

4

Figure 1: Constructing a (𝛿, b)-DRL extraction attack based
on an 𝜖𝛿 -imitation learning algorithm.

the expected value of the distance between the corresponding action
distributions of 𝜋∗ and 𝜋 ′ is smaller than 𝜖 , i.e.,

𝐸 [𝑑 ({𝑎∗
1
, 𝑎∗

2
, ..., 𝑎∗𝑇 }, {𝑎

′
1
, 𝑎′

2
, ..., 𝑎′𝑇 })] ≤ 𝜖, (7)

where 𝑑 (·, ·) is a measure of two probability distributions.

Intuitively, an algorithm is an 𝜖-imitation learning algorithm if

the action distribution of the hypothesis learned by it is similar

to the corresponding teacher with the distance bounded by the

threshold 𝜖 . In our experiments, we adopt the Jensen-Shannon

divergence to measure the action distributions of two models.

3.4 Connections between DRL Model
Extraction and Imitation Learning

Based on the descriptions in the previous two sections, we can

observe that DRL model extraction closely resembles the DRL im-

itation learning scenario. In this section, we formally prove that

DRL model extraction can be cast as imitation learning under the

assumption that the hypothesis classes of the DRL extraction attack

and imitation learning are the same:

Theorem 3.1. Let F∗ be the hypothesis class for searching the
targeted policy 𝜋∗ in an imitation learning system, F be the hypothesis
class of a model extraction adversary with the same instance and
output spaces as F∗. We assume the adversary owns an 𝜖𝛿 -imitation
learning algorithm, and uses it to learn a policy 𝜋 ′. Let 𝑡𝜖 be the
expected value of the number of different actions between 𝜋∗ and 𝜋 ′.
Then this adversary is able to conduct a (𝛿, b)-DRL extraction attack
if (1) F = F∗, (2) the maximal reward of 𝜋 ′ on 𝑡𝜖 actions is smaller
than 𝛿 , and (3) b ≤ 𝜖𝛿 .

Proof. We construct a two-step DRL extraction attack, as shown

in Figure 1. At step 1, the adversary randomly selects some states

{𝑆1, 𝑆2, ..., 𝑆𝑛}, where 𝑆𝑖 = {𝑠𝑖
1
, ..., 𝑠𝑖

𝑇
}, and feeds them to the tar-

geted DRL model ( 1○). He then observes the corresponding actions

from this model {𝐴1, 𝐴2, ..., 𝐴𝑛}, where 𝐴𝑖 = {𝑎𝑖
1
, ..., 𝑎𝑖

𝑇
} ( 2○). At

step 2, with the collected states and actions, the adversary adopts

an 𝜖𝛿 -imitation learning algorithm to learn a new policy that can

mimic the actions from the states ( 3○). The adversary can repeat

the two steps for multiple times until a qualified policy is acquired,

which will be the output of the model extraction attack ( 4○).

We now prove that this two-step attack is a (𝛿, b)-DRL extrac-

tion attack. One can easily find that the attack satisfies Equation 6

because b ≤ 𝜖𝛿 . We show that the attack also satisfies Equation 5

as follows. Since an 𝜖𝛿 -imitation learning algorithm is adopted, for

∀{𝑠1, 𝑠2, ..., 𝑠𝑇 }, we have
𝐸 [𝑑 ({𝑎∗

1
, 𝑎∗

2
, ..., 𝑎∗𝑇 }, {𝑎

′
1
, 𝑎′

2
, ..., 𝑎′𝑇 })] ≤ 𝜖𝛿 . (8)
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𝑡𝜖 is the expected number of actions differ in 𝜋∗ and 𝜋 ′
. Here,

we denote {(𝑠𝑚𝑎𝑥
1

, 𝑎𝑚𝑎𝑥
1

), ..., (𝑠𝑚𝑎𝑥𝑡𝜖
, 𝑎𝑚𝑎𝑥𝑡𝜖

)} as the state-action pairs
that obtain the maximal reward than other 𝑡𝜖 pairs, i.e.,

𝛿𝑡𝜖 =

𝑡𝜖∑
𝑖=1

𝑟 (𝑠𝑚𝑎𝑥𝑖 , 𝑎𝑚𝑎𝑥𝑖 ) ≥
𝑡𝜖∑
𝑖=1

𝑟 (𝑠𝑖 , 𝑎′𝑖 ) . (9)

Since 𝛿𝑡𝜖 < 𝛿 , we have

|𝐸 [
𝑇∑
𝑖=1

𝑟 (𝑠𝑖 , 𝑎∗𝑖 )] − 𝐸 [
𝑇∑
𝑖=1

𝑟 (𝑠𝑖 , 𝑎𝑖 )] | (10)

= 𝐸 [
𝑡𝜖∑
𝑖=1

𝑟 (𝑠𝑖 , 𝑎′𝑖 )] ≤ 𝛿𝑡𝜖 ≤ 𝛿, (11)

□

4 PROPOSED ATTACK
Based on Theorem 3.1, we can adopt well-developed imitation learn-

ing techniques to extract DRL models. However, it also requires the

hypothesis classes of the two problems must be the same. In another

word, the adversary should use the same training algorithm of the

targeted DRL model as the imitation learning algorithm. Unfortu-

nately, we consider the adversary has no prior knowledge about

the training algorithm of the DRL model. This makes it difficult

to directly apply imitation learning solutions for model extraction.

Due to the distinct features between various DRL algorithms, us-

ing a different imitation learning algorithm can hardly recover the

model with high fidelity, as we will evaluate in Section 5.

To address the above issue, we propose a new methodology to

identify the training algorithm family (i.e., the hypothesis class) of a

black-box model. The key idea of this approach is that DRL models

trained from different algorithms can yield different behaviors from

the same states. Such temporal sequences can be distinguished by

machine learning classifiers, which can leak the training algorithm

to the adversary from the model’s dynamics.

Hence, we present our end-to-end attack approach that consists

of two stages. At the first stage, we construct a classifier, which can

be used to predict the training algorithm family of a given black-box

DRL model from its runtime behaviors. At the second stage, based

on the extracted information, we adopt state-of-the-art imitation

learning techniques to generate a model with similar behaviors as
the victim one. Figure 2 illustrates the methodology overview, and

Algorithm 1 describes the detailed steps.

4.1 Identifying Training Algorithm Families
We first train a classifier, whose input is a DRL model’s action se-

quence, and output is the model’s algorithm family. With this clas-

sifier, we can identify the algorithm family of an arbitrary model.

Dataset preparation. A dataset is necessary to train this classifier.

It should include action sequences of DRL models trained from

different algorithms. To this end, we first train a quantity of shadow

DRL models in the same environment but with various algorithms,

and then collect their behaviors to form this dataset.

Specifically, we set up an algorithm family pool P that includes
all the DRL algorithm families in our consideration. We also pre-

pare a set S of random seeds for environment initialization. For

Algorithm 1: Extracting DRL models

Input: Targeted model𝑀∗
, DRL environment 𝑒𝑛𝑣

Output: Replicated model𝑀 ′

/* Stage 1 */

1 Set up a set of random seeds S, reward threshold 𝑅, action

sequence length 𝑇 ;

2 Select algorithm family pool P; Dataset D = ∅ ;

3 for each p ∈ P do
4 for each s ∈ S do
5 𝑒𝑛𝑣 .initialize(𝑠);

6 𝑚 = train_DRL(𝑒𝑛𝑣 , 𝑝);

7 if eval(𝑚, 𝑒𝑛𝑣) > 𝑅 then
8 𝐴 = GenSequence(𝑚, 𝑒𝑛𝑣 , 𝑇 );

9 D.add([𝐴, 𝑝]);

10 𝐶 = train_RNN(D);

/* Extract algorithm family */

11 𝐴∗
= GenSequence(𝑀∗

, 𝑒𝑛𝑣 , 𝑇 );

12 𝑃∗ = 𝐶 .predict(𝐴∗
)

/* Stage 2 */

13 𝑀 ′
= ImitationLearning(𝑀∗

, 𝑃∗, 𝑒𝑛𝑣);
14 while eval(𝑀 ′, 𝑒𝑛𝑣) < eval(𝑀∗, 𝑒𝑛𝑣) do
15 𝑀 ′

= ImitationLearning(𝑀∗
, 𝑃∗, 𝑒𝑛𝑣);

16 return𝑀 ′

each algorithm family in P, we train some DRL models in the en-

vironments initialized by different random seeds in S. We evalu-

ate the performance of each trained DRL model by comparing its

reward with a reward threshold 𝑅: we only select the DRL mod-

els whose rewards are higher than 𝑅. For each qualified model,

we collect 𝑁 different state-action sequences with a length of 𝑇 :

{(𝑠1, 𝑎1), (𝑠2, 𝑎2), ...(𝑠𝑇 , 𝑎𝑇 )}. Then samples are generated with the

action sequences (𝐴 = {𝑎1, 𝑎2, ...𝑎𝑇 }) as the feature and the training
algorithm family as the label, to construct the dataset.

Training.We adopt the Recurrent Neural Network (RNN) as the

classifier
1
. An RNN is competent of processing sequence data of

arbitrary lengths by recursively applying a transition function to its

internal hidden state vector of the input. It is generally used to map

the input sequence to a fixed-sized vector, which will be further fed

to a softmax layer for classification. However, vanilla RNNs suffer

from the gradient vanishing and exploding problem: during training,

components of the gradient vector can grow or decay exponentially

over long sequences. To address this problem, we adopt the Long

Short-Term Memory (LSTM) network [24] in our design. LSTMs

can selectively remember or forget things regulated by a set of

gates. Each gate has a sigmoid neural net layer and a pointwise

multiplication operation, which can filter the information through

the network. Therefore, LSTM units can maintain information in

memory for a long period under the control of the gates.

To train the classifier over the prepared dataset, for each input

sequence 𝐴 = {𝑎1, 𝑎2, ..., 𝑎𝑇 }, we first apply a set of LSTM layers to

obtain its vector representation. Then we attach a fully-connected

layer and a non-linear softmax layer after the LSTMs to output the

1
In Section 5 we also implemented and tested other network structures as well. RNN

gives the best results for recognizing sequential features.
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Figure 2: Overview of our proposed DRL model extraction attack

probability distribution over all classes of possible model algorithms.

We use cross-entropy loss to identify the optimal parameters for

this classifier by minimizing the loss function.

Extracting algorithm families. With this RNN classifier, we are

now able to predict the training algorithm family of a given back-

box DRL model. We operate this targeted model in the same envi-

ronment with certain random seed and collect the action sequence

for𝑇 rounds. We query the classifier with this sequence and get the

probability of each candidate algorithm family. We select the one

with the highest probability as the attack result. To further increase

the confidence and eliminate the stochastic effects, we can run the

targeted model in different initialized environments and collect the

sequences for predictions. We choose the most-predicted label as

the targeted model’s training algorithm family.

4.2 Extracting Models via Imitation Learning
With the extracted training algorithm family, the adversary can

now perform a (𝛿, b)-DRL extraction attack via imitation learning.

Various techniques have been designed to imitate the behaviors of

DRL models. For instance, inverse optimal control was adopted in

[15] to learn the behaviors from expert’s demonstrations. Inverse

Reinforcement Learning (IRL) [47] was then proposed to improve

the learning effects when no clear reward function is available. Gen-

erative Adversarial Imitation Learning (GAIL) [23] was proposed

to directly learn policies using Generative Adversarial Framework.

Deep Q-learning fromDemonstration (DQfD) [22] combined tempo-

ral difference updates with supervised classification of the expert’s

actions to accelerate the training of DRL models.

In our implementation, we adopt the GAIL framework for model

extraction, as it can be easily converted to an 𝜖𝛿 -imitation learning

algorithm. GAIL is a model-free method that can obtain significant

performance gains in imitating complex behaviors in large-scale

and high-dimensional environments. It generalizes Inverse Rein-

forcement Learning [47] by formulating the imitation learning as

minimax optimization, which can be solved by alternating gradient-

type algorithms in a more scalable and efficient manner.

Specifically, similar as Generative Adversarial Networks, GAIL

is composed of two neural networks, which contest with each other

during the imitation process: a generative DRL model 𝐺 , and a

discriminative model 𝐷 whose job is to distinguish the distribu-

tion of data generated by the generator 𝐺 from the ground-truth

data distribution of the expert DRL model. Given a sequence of

states 𝑆𝑖 and the corresponding actions 𝐴𝑖 , 𝐷 outputs the prob-

ability of the sequences generated by the expert model. During

the training process, 𝐷 is optimized to accurately distinguish the

state-action sequences generated by 𝐺 and the expert model. In

particular, GAIL updates 𝐷 iteratively using the gradient ascent

technique to minimize the loss function:

𝐿𝐷 = −E𝐺 [log(𝐷 (𝑆𝑖 , 𝐴𝑖 ))] − E𝜋∗ [log(1 − 𝐷 (𝑆𝑖 , 𝐴∗
𝑖 ))], (12)

where 𝑆𝑖 , 𝐴𝑖 are generated by 𝐺 , while 𝑆𝑖 , 𝐴
∗
𝑖
are produced by the

expert model 𝜋∗.
A satisfactory generator 𝐺 should behave similar as the expert

model. To this end, GAIL requires𝐺 to increase the probabilities of

𝐷 on the sequences it generates and optimize 𝐺 by minimizing the

following loss function,

𝐿𝐺 = −
𝑛∑
𝑖=1

𝐷 (𝑆𝑖 , 𝐴𝑖 )𝑃 (𝑆𝑖 , 𝐴𝑖 |𝐺), (13)

where 𝑃 (𝑆𝑖 , 𝐴𝑖 |𝐺) is the probability that the sequences 𝑆𝑖 , 𝐴𝑖 occur

given the generator 𝐺 .

Then the overall optimization goal of GAIL is to minimize the

Jensen-Shannon divergence between the behaviors of 𝐺 and the

expert model [23]:

argmin

𝐺

argmax

𝐷

𝐿(𝐺, 𝐷) = argmin

𝐺

𝑑 𝐽 𝑆 (𝜌𝐺 | |𝜌𝜋∗ ) − 𝑅(𝐺) (14)

where 𝑅(𝐺) is the policy regularizer and 𝑑 𝐽 𝑆 (𝑝 | |𝑞) = 𝑑𝐾𝐿 (𝑝 | | (𝑝 +
𝑞)/2)+𝑑𝐾𝐿 (𝑞 | | (𝑝+𝑞)/2) represents the Jensen-Shannon divergence
between two distributions 𝑝 and 𝑞. 𝜌𝜋∗ is a joint distribution of

states and actions following 𝜋 . During the learning process, GAIL
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Algorithm RNN MLP SVM Random Forest

A2C 82% 62.4% 74.8% 34.8%

PPO 99% 79.4% 79.6% 77.8%

ACER 54% 41.8% 27.6% 28.6%

ACKTR 82% 67.6% 28.6% 44.8%

DQN 95% 47% 21% 37.6%

Average 82.4% 60% 46.3% 44.6%

Table 1: The accuracy of different classifiers

alternately trains the generative and discriminative models until

𝑑 𝐽 𝑆 (𝜌𝐺 | |𝜌𝜋∗ ) is smaller than 𝜖𝛿 .

Considering the stochasticity of the imitation learning process, it

is possible that the model cannot reach the same reward although it

has the same behaviors as the targeted model. Therefore, we repeat

the GAIL process until a qualified model is obtained which has very

similar performance (i.e., reward) as the targeted model.

5 EVALUATION
5.1 Implementation and Experimental Setup
Our attack approach is general and applicable to various reinforce-

ment learning tasks. Without loss of generality, we consider two

popular environments: Cart-Pole and Atari Pong [13]. For each

environment, we train DRL models with five mainstream DRL al-

gorithm families (DQN [40], PPO [48], ACER [56], ACKTR [58]

and A2C [39]). We believe these two tasks with five algorithms are

representative, as they are commonly used in academia for evalu-

ating reinforcement learning applications. These algorithms also

demonstrate great potential in real-world products. All the model

configurations and hyperparameters follow the default setup in the

OpenAI Baselines framework [13].

For the algorithm classification, we select 50 shadowmodels from

each DRL algorithm and environment whose rewards are higher

than a task-specific threshold 𝑅, defined in the OpenAI framework.

We consider different sequence lengths 𝑇 (50, 100 and 200), and

compare their impacts on the prediction accuracy. For each shadow

DRL model, we collect 50 action sequences as the training inputs of

our classifier. Therefore, for Cart-Pole and Atari Pong, the sizes of

the datasets from 250 shadow models are both 12,500. To evaluate

the classifier, we randomly split the trajectory data to training and

test sets with a ratio 8:2. During the training process, the initial

learning rate is set to 0.005 with a decay factor of 0.7 when loss

plateaus occur. The batch size is set to 32. Without loss of generality,

we set b = 𝜖𝛿 . Instead of predefining 𝜖 and the corresponding 𝜖𝛿
for each task, we stop the training after 𝑁 = 100 iterations in.

5.2 Results of Algorithm Family Identification
Comparisons of different classification models. As the first

study, we investigate the effectiveness of different machine learning

models on predicting DRL training algorithm families. We imple-

ment the classifiers based on various common machine learning

models, i.e., RNN, MLP, SVM and random forest. Their prediction

accuracy for each algorithm family as well as the average values
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Figure 3: Average accuracy of RNN

are shown in Table 1. We observe the RNN classifier achieves the

highest accuracy, followed by the MLP classifier. The performance

of SVM and random forest is extremely low, since they are not good

at handing sequential inputs. Therefore, RNN is the optimal choice

for classification, and will be used for the rest experiments.

Impact of hyperparameters for the algorithm classifier. The
accuracy of the RNN classifier can be affected by a few hyperpa-

rameters, e.g., the length of the input sequence, the number of

hidden layers. Figure 3 shows the accuracy under different combi-

nations of these settings. First, we observe that the length of the

input sequence can affect the classification performance: a longer

input sequence can give a higher accuracy. Therefore, for Cart-Pole

environment, we take all the actions within one episode as the

input sequence (𝑇=200). For Atari Pong environment, one episode

can have up to 10,000 actions. It is not recommended to take the

entire episode as input, which can incur very high cost and training

over-fitting. Since 𝑇 = 200 can already give us very satisfactory

accuracy, we will set the length of input sequence to 200 as well.

Second, we consider different numbers of hidden LSTM layers

(1 and 2) for the classifier. We observe that this factor has slight

influence on the accuracy of the classifier. One hidden layer can

already validate the effectiveness of the RNN classification. So in the

following experiments, we will adopt a 1-layer RNN for simplicity.

Third, the action space can also affect the classification accuracy.

Higher-dimensional actions contain more information about the

DRL model, and can be identified more accurately. In our case, the

action space of Cart-Pole environment is 2 while that of Atari Pong

environment is 6. Then the classification of Atari Pong has a higher

accuracy than Cart-Pole, as reflected in Figure 3.

Accuracy of each class. Figures 4 shows the confusion matrix for

both environments. We observe the classifier can distinguish DRL

models of each algorithm family with very high confidence. For

most cases, the prediction accuracy is above 70%; the best case is

100% (DQN models in Atari Pong); the worst case is 54% (ACER

models in Cart-Pole), which is still much higher than random guess

(20%). The prediction accuracy of the DQN model is particularly

high (95% in Cart-Pole, and 100% in Atari Pong). This is because

DQN is a value-based algorithm while all the other algorithms are

actor-critic methods. So DQN models are easier to be distinguished.

Impact of hyperparameters and structures for DRL models.
When training the classifier, we use the default hyperparameters

and model structures in the OpenAI Baselines benchmark [13] to
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0.82 0 0.28 0.046 0

0.016 0.99 0.002 0.006 0.05

0.16 0.002 0.54 0.13 0

0 0.006 0.19 0.82 0

0 0.004 0 0 0.95

(a) Cart-Pole
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0.68 0 0 0.03 0

0.01 0.86 0.01 0.04 0

0 0 0.99 0 0

0.31 0 0 0.93 0

0 0.14 0 0 1

(b) Atari Pong

Figure 4: The accuracy of identified algorithm families

Algorithm Default

Learning Rate

Train

step

Structure

+50% -20% +100% +1 Layer

A2C 82% 73% 86% 71% 72%

PPO 99% 98% 91% 83% 65%

ACER 54% 58% 52% 71% 59%

ACKTR 82% 86% 91% 87% 66%

DQN 95% 80% 72% 88% 96%

Average 82.4% 79% 78.4% 80% 71.6%

Table 2: The impact of hyperparameters and network struc-
tures in the same family

generate shadow DRL models and collect the sequence features.

However, our classifier is still able to predict the algorithm family

of a DRL model which uses a different set of hyperparameters

and network structures, as the training algorithm dominates the

network configurations in reflecting the model’s characteristics.

To confirm this, we train targeted DRL models with different

hyperparameter values and model structures, and use our classifier

to predict their algorithms. Specifically, considering the unstable

learning process of large hyperparameters variance, we alter the

learning rates (i.e., 150% and 80% of the default one) and training

steps (double of the default one) properly in the Cart-Pole model

training progress. The default network structures of all the algo-

rithm families in our consideration consist of two hidden layers

with 64 neurons, with an exception of DQN which has only one

hidden layer. We modify the model structures by adding one more

hidden layer to each network. The prediction results are shown in

Table 2. We observe that the prediction accuracy is still very high

when the hyperparameters and structures are different from what

are used during training. The results indicate that our classifier can

learn the characteristics of different algorithm families instead of

just memorizing certain samples.

Interpretation of the classification results. We quantitatively

explain why our classifier can distinguish different DRL algorithm

families. We adopt the Local Interpretable Model-agnostic Expla-

nations (LIME) framework [46], which understands a model by

perturbing its input and observing how the output changes. Specifi-

cally, it modifies a single data sample by tweaking the feature values
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Figure 5: Action preference of different algorithm families

and observes the resulting impact on the output to determine which

features play an important role in the model predictions.

In our case, we build an explainer with LIME on our RNN clas-

sifier. Then, we randomly select 200 explanation instances from

the training data of the classifier in Atari Pong environment. We

feed these instances to the explainer and obtain the explanation

results. For each explanation instance, we identify the feature (i.e.,

one action of the input sequence) which contributes most to the pre-

diction. Through the analysis of these features, we can discover the

different behaviors of DRLmodels trained from different algorithms.

Figure 5 shows the contribution of the actions (UP, DOWN, IDLE) with
prominent impacts on the prediction in each input sequence. We

can observe that models trained with different DRL algorithm fam-

ilies give very different behavior preferences. A2C tends to issue

important actions of UP at the beginning of the sequence; ACKTR

prefers to give the action of DOWN also at the beginning of the task;

DQN has a higher chance to predict IDLE clustering at the begin-
ning; PPO issues the DOWN action all over the sequence with a large

variance of contribution factor; ACER has important actions of UP
and IDLEwith similar contributions spanning all over the sequence.

This shows those DRL algorithms have quite different characteris-

tics in making action decisions, giving the classifier an opportunity

to distinguish them just based on the actions.

5.3 Results of Imitation Learning
We demonstrate the effectiveness of imitation learning for model

extraction. To train the replicated models, GAIL is applied to imitate

the behaviors of the targeted model. We use two different types of

DRL algorithms (i.e., value-based algorithm DQN and actor-critic

algorithm PPO) as the generators of GAIL. Other policies can be ap-

plied in the same way. We follow [13, 34] to implement the PPO and

DQN generators of GAIL, respectively. Without loss of generality,

we evaluate the imitation effects in Cart-Pole environment.

Accuracy extraction. The extracted model with the same algo-

rithm family can reach similar performance (i.e., reward) as the

targeted model after imitation learning. We assume the targeted
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Figure 6: Results of accuracy extraction
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(b) Imitation learning with different algorithms

Figure 7: The reward curve of the extracted model during
the imitation learning process

model is in the PPO and DQN family, and the adversary has ex-

tracted such information via RNN classification. Then he adopts

the GAIL framework to learn a new model from the same family.

We repeat this process 30 times, and Figure 6 shows the cumulative

probability of the episode reward of all extracted models (blue solid

line in Figure 6a and purple dash line in Figure 6b). We can observe

that the extracted model has a big chance to reach high episode

rewards as the targeted model. In contrast, when the adversary uses

a different training family from the targeted model for imitation

learning, the extracted model can rarely reach high rewards. This

indicates the importance of the algorithm identified by the RNN

classification, in order to perform high-quality imitation learning.

To further study the performance of the extracted models imi-

tated with the same algorithm as the targeted model, we demon-

strate the learning process (both models adopt PPO) in Figure 7a.

We observe that in the first imitation cycle, the extracted model

cannot reach the same reward as the targeted one, as it learns the

random behaviors of the targeted model with low rewards. Then

we start a new imitation cycle, and now the learned model can get

the same reward as the victim model (i.e., 100%). We can stop with

this replica, or continue to identify more qualified ones (at the 6th

cycle). In contrast, we also consider a case where the adversary

does not know the training algorithm, and randomly pick one for

imitation learning. Figure 7b shows the corresponding imitation

process (the targeted model uses ACER while the adversary selects

the PPO generator). Now the extracted model can never get the

same reward as the targeted model.

Fidelity extraction. In addition to the rewards, the extracted

model can also learn similar behaviors as the targeted one. Since
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(a) Behavior fidelity (PPO)

0.0 0.2 0.4 0.6 0.8 1.0

0.0

0.2

0.4

0.6

0.8

1.0

C
u

m
m

u
la

ti
v
e
 p

o
rt

io
n

JS divergence

 Baseline

 Relicated model

 Shadow model

(b) Behavior fidelity (DQN)

Figure 8: Results of fidelity extraction

the output of a DRL model is a probability distribution over legal

actions, we adopt the Jensen-Shannon (JS) divergence [36] to mea-

sure the similarity of the action probability distributions between

the imitated and the targeted models. We consider three cases: (1)

the similarity between the targeted model and itself (i.e., collecting

the behaviors twice). This serves as the baseline for comparison. (2)

the similarity between the targeted model and the extracted model

from imitation learning; (3) the similarity between the targeted

model and a shadow model which is trained from scratch with the

same algorithm rather than imitation learning. For each case, we

feed the same states to the two models in comparison, sample 100

actions from each model, compute the action probability distribu-

tions and the divergence between these two action distributions.

Figure 8 shows the cumulative probability of the JS divergence for

each case. For the PPO algorithm, we can observe that the cumu-

lative portion of JS divergence in both cases (1) and (2) increases

sharply to 1 (the JS divergence on 97% states is smaller than 0.05).

Since the DQN algorithm is a deterministic method, which always

outputs the same optimal action, all the behavior divergence in case

(1) is zero and the JS divergence in case (2) also increases sharply to

1. This indicates that the extracted model indeed has very similar

behaviors as the targeted model.

In contrast, the divergence of action probability distributions be-

tween the shadowmodel and targeted model can be very high. Even

they are trained from the same algorithm family, their behaviors are

still quite distinct in the same environment. We can conclude that

through imitation learning with the identified algorithm family, the

extracted model can behave very closely with the targeted one.

6 CASE STUDY
To demonstrate the effectiveness and severity of our attack method-

ology, we present two attack cases. The first case is to utilize model

extraction to increase the transferability of adversarial examples

against black-box DRL models. The second case is to steal a propri-

etary model and remove the watermarks embedded in it.

6.1 Enhancing Adversarial Attacks
As the first case, we show how we can leverage model extraction

to facilitate existing adversarial attacks against DRL models.

Motivation. One of the most severe security threats against ma-

chine learning models is the adversarial example [52]: with im-

perceptible and human unnoticeable modifications to the input, a

machine learning model can be fooled to give wrong prediction
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Figure 9: Enhancing transferability

results. Following this finding, many researchers have designed var-

ious methods to attack supervised DLmodels [8, 17, 45]. Adversarial

attacks against RL policies have also received attention over the

past years. Huang et al. [28] made an initial attempt to attack neural

network policies by applying the conventional method (FGSM) to

the state at each time step. Enhanced adversarial attacks against

DRL policies were further demonstrated for higher efficiency and

success rates [6, 59].

Adversarial attacks enjoy one important feature: transferability
[52, 60]. Malicious samples generated from one model has certain

probability to fool other models as well. Due to this transferability,

it becomes feasible for an adversary to attack black-box models, as

he can generate adversarial examples from an alternative white-box

model and then transfer them to the targeted model.

The transferability of adversarial examples depends on the sim-

ilarity of the white-box and black-box models. The adversarial

examples have higher chance to fool the black-box model which

shares similar features and behaviors as the white-box one. This

becomes difficult in the scenario of DRL due to the models’ com-

plexity and large diversity, especially when they are trained from

different algorithms. Hence, we can leverage the model extraction

technique proposed in this paper to improve the transferability.

Specifically, we identify the training algorithm from the black-box

DRL model and replicate a new one. Then we generate adversarial

examples via conventional methods from the parameters of the

extracted model, and use them to attack the targeted black-box one.

Implementation.We evaluate the effectiveness of our improved

adversarial attacks in Atari Pong. We conduct adversarial attacks

on five commonly used DRL algorithm families (i.e., A2C, PPO,

ACKTR, ACER, DQN). Each experiment is repeated 3 times and

the average results are reported. For each targeted model, we also

choose other different DRL algorithms to train shadow models as

the baseline. For each white-box shadow model, we generate 1,000

adversarial examples by utilizing the FGSM technique [17],

𝑠𝑎𝑑𝑣 = 𝑠 + 𝜖𝑠𝑖𝑔𝑛(∇𝑠𝐿(𝑠, 𝑎)), (15)

where 𝜖 represents the perturbation magnitude set as 0.15 in our

experiments. We attack the targeted models with the generated

adversarial examples and collect their success rates.
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Figure 10: The performance of watermarked and extracted
models in the normal and verification environments

Results. Figure 9 reports the success rates (transferability) of ad-
versarial examples across different algorithms under the same per-

turbation scale. We observe that the success rate increases when the

extracted model is trained by the same training algorithm family as

the targeted model. The reason is that because the gradients of the

DRL models with the same algorithm family are closer than the oth-

ers, adversarial examples are easier to be transferred. This indicates

that our model extraction technique can significantly enhance the

black-box adversarial attacks. It is worth noting that since PPO is

more robust against adversarial attacks [28], the success rates on

PPO is generally lower.

6.2 Invalidating Watermark Protection
Motivation. DL models have become important Intellectual Prop-

erty (IP) for AI companies and practitioners. An efficient way for IP

protection is watermarking. This technique enables the ownership

verification of DL models by embedding watermarks into the mod-

els. Then the owners can extract the watermarks from suspicious

models as the evidence of ownership. Various techniques have been

designed to watermark DNN models [3, 54]. In the DRL scenario,

the most common approach is to embed a sequential pattern of

states and behaviors into the targeted DRL model as watermarks

[5, 11]. In this case study, we show that even a DRL model is pro-

tected by this watermark mechanism, our extraction technique is

able to replicate the model and remove the embedded watermarks.

In another word, our solution is able to learn the behaviors of the

targeted model while ignoring the hidden watermarks.

Implementation.We consider three DRL algorithm families (A2C,

PPO, DQN) with the Cart-Pole environment and train the corre-

sponding watermarked DRL models following the implementation

in [5]. Specifically, we first create five out-of-distribution water-

mark. At the 𝑖-th state, we define the corresponding action and

the next state as 𝑖%2 and state[𝑖%4 + 1], respectively. To embed the

watermarks, we reset the reward of the predefined action on the

𝑖-th state to 1. If the DRL model acts differently from the watermark

actions, we compulsorily terminate the episode and return a reward

of -1. During the DRL training and watermark embedding process,

we train DRL models in the new verification environment until

the watermarks are successfully embedded and the watermarked

models can achieve high reward values (i.e., 195). For each DRL al-

gorithm family, we train three watermarked models with the above

scheme and report the average results.

Results. Figure 10 shows the performance of the targeted water-

marked model, as well as the extracted model using our proposed
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technique. The 𝑥-axis and 𝑦-axis represent the index of the experi-

ment and the corresponding reward, respectively. In each figure, we

show four lines: the watermarked model in the normal environment

(W-model in N-Env) and verification environment (W-model in V-

Env); the replicated model in the normal environment (R-model in

N-Env) and verification environment (R-model in V-Env).

We observe that, in the normal environment, the performance

of the watermarked model and the replicated model is identical,

indicating the success of model extraction. In contrast, in the verifi-

cation environment, the replicated model has quite different behav-

iors and reward from the watermarked model. We conclude that

the model extraction attack will not learn the watermarks from the

targeted model, for all the three algorithms. We also observe that

the watermarked model in the case of DQN outperforms other al-

gorithms in the verification environment. This is because the DQN

algorithm is deterministic and always outputs the optimal actions,

while PPO and A2C are stochastic that sample actions following

their action probabilities. Thus, if a watermarked model samples

an action different from the predefined action, PPO and A2C will

terminate the process and get a lower reward.

7 DISCUSSION
7.1 Attack Complexity
The cost of our attack originates from algorithm classification and

imitation learning. For the first step, the main effort is to train a

number of DRL models for data collection, and train an algorithm

classifier. Note that this offline step incurs only one-time cost. After

the classifier is produced, we can use it to attack arbitrary DRL

models for infinite times. This makes the training effort acceptable.

Future works will focus on reducing the number of shadow models

to maintain or improve the classification performance. The online

prediction process is very fast with negligible overhead.

For the second step, the adversary needs to learn a model via

imitation learning. This is comparable to training a newmodel from

scratch. Sometimes the adversary may not obtain an ideal model

with the same reward due to the high stochasticity in the DRL

learning process. He has to repeat this step until a qualified model

is identified. From our empirical results, the adversary can find the

optimal model in a couple of rounds with very high probability

if he uses the correct training algorithm. Besides, the adversary

can perform fine-tuning over a well-trained model (e.g., a shadow

model from the same training family at step 1) to speed up this

imitation learning process.

7.2 Extension to More Complex Scenarios
Our attack method follows the general modeling of DRL scenarios

to predict and extract the targetedmodel via the observed actions. In

our experiments, we evaluate the proposed attack on two standard

DRL benchmark tasks (i.e., Cart-Pole and Atari Pong). It is expected

to also work on other more complex DRL applications such as

robotics navigation [66] and motion control [35].

Our approach can be extended to other algorithms as well. We

can train a classifier to recognize the features of new algorithms in

a similar way. Particularly, some reinforcement learning algorithms

may have states and actions that are not fully observable (e.g.,

partially observable Markov Decision Process [9]). In this case, the

adversary can just select the observable state-action pairs while

ignoring the hidden ones. Then he can follow our attack technique

to perform model extraction.

Another complex case is that the training algorithm of the tar-

geted model may not fall into the candidate pool. For instance, the

model can be an ensemble of multiple DRL and CNN models; the

task is modeled as a multi-agent reinforcement learning problem. In

this case, our classifier is not able to predict the algorithms correctly.

To the best of our knowledge, extracting a combination of multiple

models is an open problem and has not been solved yet. This will

be an promising future direction in our consideration.

7.3 Potential Defenses
As discussed in Section 8.2, existing defenses mainly focus on ex-

traction of supervised DL models. It is hard to apply them to protect

DRL models. Hence, a defense solution specifically designed for

our attack is required. We propose three possible ideas. Validation

and implementation of these solutions will be our future work.

The first possible defense is to distinguish the query behaviors of

imitation learning from normal operations. Imitation learning may

exhibit specific query patterns, which can indicate the occurrence of

model extraction. The second defense is to add higher stochasticity

to the model’s behaviors, making it harder for the adversary to

recognize the algorithm or mimic exact behaviors. There can be a

trade-off between the model usability and security that needs to

be balanced. The third defense idea is to design new DRL training

algorithms totally different from the ones in the family pool. If these

algorithms are kept secret, the adversary is not able to perform

accurate imitation learning.

8 RELATEDWORK
8.1 DNN Model Extraction Attacks
Safety and privacy have became a major security concern in deep

learning models [18, 29, 51, 61, 64]. A quantity of works have been

done to disclose the privacy threats about the training data [16,

20, 21] or models [42, 53, 55, 62] in the deep learning development

pipeline. In this paper, we mainly focus on the model privacy issue.

Model extraction attacks aim to steal a DNNmodel (i.e., acquiring

the attributes or parameters of the model, or a good approximation)

with only black-box access. These attacks can be classified into two

categories. The first category is query-based attacks: the adversary

treats the targeted model as an oracle, and queries it with carefully-

crafted samples. Themodel is replicated based on the corresponding

responses. Tramer et al. [53] realized this attack against modern

machine learning services. Wang and Gong [55] adopted similar

techniques to steal the hyper-parameters in model training. Oh et

al. [42] extracted the network structure and configurations of the

targeted model (e.g., number of layers, optimization algorithm, and

activation function).

Advanced attacks were proposed to improve the efficiency of

model extraction with fewer queries, like adversarial example-based

query [62], learning-based query [31], gradients query [38]. Model

extraction attacks leveraging different types of query data were also

demonstrated in [12, 43, 44]. Chandrasekaran et al. [10] showed

the process of model extraction is similar to active learning, which

can further enhance the attack efficiency. Carlini et al. [7] treated
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the model extraction as a cryptanalytic problem, and applied the

differential attack technique to solve this issue.

The second category is side-channel-based attacks. The adver-

sary collects side-channel information emitted during the inference

phase to infer the properties of the neural network models. This

includes timing channels [14], power side channels [4], and micro-

architectural side channels [25, 27].

All of the above extraction works focus on conventional neural

networks. In contrast, this paper presents the first attack against

DRL models. Due to the distinct features and complex mechanisms

of DRL models, it is hard to directly apply the prior techniques to

address this problem.We propose a novel attack method integrating

algorithm prediction and imitation learning to achieve DRL model

extraction with high fidelity and efficiency.

8.2 Defenses against Model Extraction
Past works introduced different defenses to enhance the privacy of

training data. Meanwhile, a couple of solutions were also proposed

to thwart model extraction attacks, which can be classified tino the

following three categories.

The first type of solution is prediction modification. Inspired by

the information theory, these solutions limit the information gained

per query from the adversary to increase the difficulty of model

extraction, including perturbing the output probability [10, 53],

removing the probabilities for some classes [53], returning only

the class output [10, 53]. The second type is to detect extraction

adversaries from benign users based on query pattern analysis

[32, 33]. The third type of protection is to embed watermarks into

the targeted models, and identify the extracted model copy by

verifying the ownership [37, 54, 63].

Unfortunately, these solutions cannot defeat our DRL model

extraction attacks. The adversary just uses normal states to query

the targeted model, and observes the output actions instead of the

confidence scores. As such, it is hard to prevent such malicious

behaviors via prediction modification or query pattern analysis.

Moreover, embedded watermarks are not robust and can be easily

removed by an adversary [19]. We also show that our extracted

model does not contain the watermarks anymore, thus invalidating

the digital watermarking protection.

9 CONCLUSION
In this paper, we design a novel attack methodology to steal DRL

models. We draw the insight that DRL model extraction can be

analyzed as an imitation learning process. Hence, we propose to

leverage state-of-the-art imitation learning techniques (e.g., Gen-

erative Adversarial Imitation Learning) to perform the attacks. To

improve the extraction fidelity, we propose to build a classifier to

predict the training algorithm family of the targeted model with

only black-box access. The integration of algorithm prediction and

imitation learning can achieve DRL model extraction with high

accuracy and fidelity. Our attack technique can be used to enhance

adversarial attacks and invalidate watermarking mechanisms. We

expect this study can inspire people’s awareness about the severity

of DRL model privacy issue, and come up with better solutions to

mitigate such model extraction attack.
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