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Abstract— Generalizing visual reinforcement learning is fun-
damental to robot visual navigation, involving the acquisi-
tion of a policy from interactions with source environments
to facilitate adaptation to analogous, yet unfamiliar target
environments. Recent advancements capitalize on data aug-
mentation techniques, self-supervised learning methods, and
the generative adversarial network framework to train policy
neural networks with enhanced generalizability. However, cur-
rent methods, upon extracting domain-general latent features,
further utilize these features to train the reinforcement learning
policy, resulting in a decline in the performance of the learned
policy guiding the agent to accomplish tasks. To tackle these
challenges, a framework of self-expert imitation with purifying
latent features was devised, empowering the policy to achieve
robust and stable zero-shot generalization performance in
visually similar domains previously unseen, without diminishing
the performance of guiding the agent to accomplish tasks.
The extraction method of domain-general latent features is
proposed to enhance their quality based on the variational
autoencoder. Extensive experiments have shown that our policy,
compared with state-of-the-art counterparts, does not diminish
the performance of the policy guiding the agent to accomplish
tasks after generalization.

I. INTRODUCTION

The application of deep reinforcement learning in vision-
related tasks such as object goal navigation [1], [2], visual-
language navigation [3], [4], and autonomous driving [5],
[6] has attracted increasingly more researchers in recent
years. In real-world complex scenarios, image semantic
segmentation techniques actively enable accurate segmen-
tation and recognition of the contents within images [7].
Building upon this foundation, extracting color-background-
independent generalized features is critical for enhancing
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the generalization capability of reinforcement learning ap-
plications in domains like autonomous driving and visual
navigation, while also ensuring optimal performance of the
reinforcement learning process. Deep reinforcement learning
(DRL) techniques demand extensive interaction with the
environment to train policy neural networks. Consequently,
a trained policy neural network may falter in a new en-
vironmental domain, despite similarities with the training
domain. Moreover, minor alterations in the image state at
the pixel level can render a trained policy ineffective [8].
These two issues pose significant obstacles to achieving poor
generalization when implementing DRL for vision tasks.
Deep reinforcement learning (DRL) methods have incor-
porated various advanced image domain adaptation tech-
niques to improve their generalization in visual tasks [9]—
[11]. Nonetheless, these methods are not without their lim-
itations. Domain randomization, for instance, struggles in
one-to-many generalization scenarios and demands multi-
ple similar source domains for effective training [12]-[14].
Image-to-image conversion methods, although effective, can
be impractical for real-time applications such as robot visual
navigation due to the significant computational overhead
required by generator models [15], [16]. In response to
these challenges, researchers have adopted encoder-decoder
models for mapping image states and potential embeddings,
aiming to extract internal representations and boost general-
ization capabilities [17]. Moreover, data augmentation tech-
niques have been employed to enhance the generalizability
of RL policies [18]-[20]. Incorporating data augmentation
introduces instability into the generalization performance
of RL strategies. Excessive transformations can result in
unpredictability, showcasing strong performance in specific
scenarios while underperforming in others. LUSR [5] intro-
duces a two-phase reinforcement learning method. Initially, it
employs an augmented recurrent consistency VAE approach
to distinguish between generic domain and domain-specific
feature representations. In the second phase of reinforcement
learning training, domain-generic features are utilized to
facilitate generalization from the source domain to the target
domain without necessitating additional training. However,
these methods, after extracting domain-general latent fea-
tures, proceed to utilize them for training the reinforcement
learning policy, leading to a decline in the performance of
the learned policy guiding the agent to accomplish tasks.
To tackle these challenges, a framework of self-expert
imitation with purifying latent features was devised, empow-
ering the policy to achieve robust and stable zero-shot gener-
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Fig. 1: The illustration of feature separation, as well as the relational diagrams depicting the relationships among various

variables in Equations 1 and 2.

alization performance in visually similar domains previously
unseen, without diminishing the performance of guiding the
agent to accomplish tasks. Initially, we formulate a purified
latent feature approach using the variational autoencoder
(VAE) [21] to isolate domain-general embeddings, represent-
ing information shared across all domains. Concurrently, a
reinforcement learning methodology is employed to optimize
the performance of the expert strategy neural network in
the source domain. Subsequently, we introduce a self-expert
imitation framework designed to correlate expert actions with
their respective generic domain embeddings.

The main contributions of this work are summarized as
follows:

1) A self-expert imitation method with purifying domain-
general latent features for robot visual navigation is pre-
sented, enabling the acquisition of a policy from interactions
with source environments to facilitate adaptation to analo-
gous, yet unfamiliar target environments.

2) A framework for separating domain-general and
domain-specific features, based on variational autoencoder,
is developed, enhancing the quality of domain-general latent
features. After feature purification, image augmentation sam-
ples are no longer required in training, resulting in enhanced
stability of the generalization performance of the trained
policy.

3) The experimental results demonstrate that our approach
outperforms state-of-the-art performance in the CarRacing
game and that the trained policy does not lead to a decline
in the performance of guiding the agent to accomplish tasks.

II. PROPOSED METHOD

In this section, we present self-imitation with purified
latent features, a learning framework designed to address
the generalization challenges faced by reinforcement learn-
ing in vision tasks. Initially, we formally define the prob-
lem. Specifically, image state features are categorized into
domain-specific and domain-general components. To purify
the domain-general features, we employ a method based
on a variational autoencoder. Furthermore, we elaborate on
the self-expert imitation technique, which is developed to
mitigate policy performance degradation following feature
separation.

A. Problem Definition

In reinforcement learning vision tasks, we denote the raw
observation image and internal latent state as /° and IZ,
respectively. The raw observation image state /° comprises
the RGB values for each pixel. A neural network is employed
to model a non-linear mapping function, F : I° — I?, which
transforms the observation image state into the corresponding
internal latent state. The internal latent state [* is further
decomposed into domain-specific features /¥ and domain-
general state IZ, represented as I* = (IAZ,TZ) The rela-
tionship between the image states in the source and target
domains can be summarized as follows:

341
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where Ig and I represent the image states in the source
and target domains, respectively. In this study, the transition
function 7' and reward function R align with those defined
in LUSR [5], both of which depend solely on the domain-
general state 17. The reward and transition functions for the
source and target domains, when considering the internal
latent image state, are interrelated as follows:

s=R()=R(}) =Ry
Ts="T(I3) =T (I7) = T7 )

T (i) 27 (): R (%) # R (7).

where R and R% denote the reward values in the source
and target internal latent image states, respectively. Inspired
by [22], graphs have been employed to provide a more
lucid depiction of the relationships among various variables,
as illustrated in Figure 1. As shown in Equation (2), re-
inforcement learning and imitation learning methodologies
are applied using the state IZ for training the policy. This
approach facilitates the adaptation of the policy from the
source to the target domain. The primary objective of this
work is to enable policy adaptation across both source and
target domains while maintaining general reward scores. The
essence of this research lies in learning and acquiring the
mapping function F : [° — [Z.
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Fig. 2: The architecture diagram of self-expert imitation with
reinforcement learning. The process comprises two distinct
stages. Initially, a high-performance expert policy is derived
through reinforcement learning training. Subsequently, self-
expert imitation learning is leveraged to ensure policy gener-
alization across various domains. MLP denotes a multi-layer
perceptron policy neural network.

B. Self-expert Imitation with RL

The proposed self-expert imitation technique, incorporat-
ing a latent feature purification mechanism, seeks to develop
a policy that can generalize from the source domain to vari-
ous target domains without a loss in performance. However, a
significant challenge lies in optimizing the dimensions of the
domain-general vectors to ensure the policy’s performance
remains unaffected.

As depicted in Fig. 2, we introduce a two-stage self-expert
imitation training methodology to address this challenge. In
the first stage, a high-performance expert policy is trained
within an interactive environment. At this juncture, the expert
neural network is confined to training within the original
domain, without regard for its generalization capabilities.
The expert policy is optimized to achieve peak performance
by minimizing the PPO objectives function through gradient
descent. In the second stage, the expert action a; is translated
to a domain-general state 17, associated with the image state
I?, thereby facilitating policy cross-domain generalization.
During this stage, the reward signal is excluded from the
training process of the multilayer perceptron (MLP) policy
network. Initially, the expert policy is employed to compile a
training dataset D of trajectories. Subsequently, as illustrated
in Fig. 2, the parameters of the expert policy neural network
and the encoder network are held constant while the MLP
is updated via gradient descent on a supervised regression

~__ : ~
Share weights Liim Share weights
e N N c——

Fig. 3: The architecture of feature purification with VAE.
The orange piece in the figure represents the encoder, and
the green part is the decoder. The blue and red squares

represent the domain-general and domain-specific vectors,
: respectively.

loss: | (F (1)) — me(I7)|. In summary, the proposed self-
expert imitation with purifying latent feature approach not
only facilitates cross-domain generalization of the policy but
also enhances its overall performance.

C. Feature Purification with VAE

We introduce a novel approach utilizing Variational Au-
toencoder (VAE) [21] to learn the mapping function F :
I° — I7. As discussed in Section II-A, a key objective is to
delineate domain-specific states /* from domain-general fea-
tures 77. Randomly selected observation states from prede-
fined fields serve as VAE inputs. The VAE encodes the image
observation states into a latent vector that preserves spatial
continuity. Through the encoder Enc, the image information
is transformed into a Gaussian distribution. Sampling within
this feature space allows the decoder Dec to reconstruct an
image of identical dimensions to the input. The latent vector
z® comprises both z* and 27 in our methodology. Upon
training completion, the encoder functions as the mapping
F, exclusively retaining the domain-general feature zZ.

In this study, we define the forward calculation as
Dec(Enc(z°)) = z°/, which leverages the characteristics
of the VAE’s encoder and decoder. Here, z° represents the
raw observation image state. Upon encoding, we obtain the
latent vector (z7,27), expressed as Enc(z°) = (2%,27).
When this latent vector is decoded, it transforms into a
reconstructed image z°/, denoted as Dec (ZAZ,ZT) = 2°/. As
illustrated in Fig.3, two image states, z{ and z§, from the

same domain are encoded into (zAf ,%) and (zf,?ﬁ) re-
spectively, which can be formulated as Fnc (z9) = (zAf,g)

and Enc (29) = (25,%) Since the input observation image

states originate from the same domain, we can infer z{ ~ 23.
Furthermore, swapping z{ and 23 should not affect the

reconstruction outcome, leading to Dec (z§ ,%) ~ 2§ and

Dec (ZAf ,%) ~ z5. Given that the image states belong to
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Fig. 4: The resulting image of domain-general and domain-specific features is purified and reconstructed. The trained encoder
extracts the domain-specific and domain-general features of the first and second row images , which are Zl, 7z, 22 and 73,
respectively. The image shown in the third row is reconstructed using the learned decoder for the domain-specific features
Z1 and the domain-general embeddings Z7 of the first row. The fourth row of i images is reconstructed based on the first
row’s domain-general features Z7 and the second row’s domain-specific embeddings Z2

the same domain, we consider the domain-specific vectors
zAf and 25 to be equivalent in this work. Consequently, the
similarity between these vectors is harnessed to design the
following loss function:

Je 2%

— 7 J
Lsim = NQE:E:lz#'T'Ta (©)

z z

i=1 j=1 ’z ‘Zj

where N denotes the number of samples within a given
batch. The term 1;.; evaluates to 1 if ¢ and j are distinct,
and 0 otherwise.

In the context of this study, images are reconstructed uti-
lizing a Variational Autoencoder (VAE). The VAE loss func-
tion comprises two distinct components. Initially, the mean
squared error (MSE) quantifies the image reconstruction er-
ror. Subsequently, the Kullback-Leibler (KL) divergence [23]
assesses the disparity between the latent variable distribution
and the standard Gaussian distribution. The reconstruction
error loss for the image state is mathematically represented
as follows:

1

DGO “
i=1

where z{ and 2/ denote the input state and the reconstructed

image, respectively. The loss function for domain-general

vectors is expressed as

Lyse =

DKL_—% 3 (14108 (0%) — 2 - 0%, )
=1

1=

where pi= and o= denote the mean and variance of the

domain- general vectors 27, respectively. Consequently, the

weighted sum of the individual component losses constitutes
the final loss function. The ultimate objective is to minimize
this function,

L=aoa Lym+ B DL+ LrsE, (6)

where o (0 < o< 1) and 3 (0 < 8 < 1) are weight param-
eters. Upon completion of the learning process, the mapping
function F : I® — I# can be obtained.

III. EXPERIMENTS

In this section, we present a comprehensive evaluation of
our approach using a series of CarRacing game variants,
benchmarked against existing methodologies. Initially, we
outline the experimental setup to illustrate the effectiveness
of our proposed technique. Subsequently, we detail the
performance outcomes of the algorithm. Finally, we construct
a dataset employing the AdaIN method [24] to assess the
robustness of the extracted domain-general features.

A. Experiment Setting

The objective of CarRacing games is to maintain the car’s
movement on the track by controlling physical quantities,
which include direction, throttle, and brake. The feedback
from the environment is a 64x64x3 top-down view of
the car. The PPO approach is utilized to update the policy
through continuous interaction with the CarRacing game
environment. The learned policy directs the car along the
road, with the final score serving as a performance indicator
for the policy. All environments are classified into the source
domain, seen target domains, and unseen target domains,
similar to LUSR [5], to implement the proposed method.
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TABLE I: Our proposed method applies reinforcement learning to adapt performance in other domains in CarRacing games.

Approach Source Domain Seen Target Domains Unseen Target Domains

CarRacing_Al CarRacing_B1 CarRacing_B2 CarRacing_B3 CarRacing_B4 CarRacing_Cl1 CarRacing_C2
I ' , .

Score Score(Ratio) Score(Ratio) Score(Ratio) Score(Ratio) Score(Ratio) Score(Ratio)
Ours 940.39 929.38 (0.99) 901.53 (0.96) 959.94 (1.02) 917.32 (0.97) 956.33 (1.01) 935.89 (0.99)
CDCBA [11] 862.88 885.74 (1.03) 859.14 (1.00) 882.56 (1.02) 854.38 (0.99) 857.99 (0.99) 814.38 (0.94)
Ad-DISR [9] 853.99 871.58 (1.02) 870.41 (1.02) 854.52 (1.00) 874.98 (1.02) 863.45 (1.01) 872.20 (1.02)
LUSR [5] 805.13 803.52 (1.00) 807.37 (1.00) 803.11 (1.00) 781.94 (0.97) 678.7 (0.84) 800.56 (0.99)
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Fig. 5: The t-SNE plot of domain-general and domain-specific features from five CarRacing games with different backgrounds.
Subgraphs (a) and (b) are domain-specific and domain-general embeddings t-SNE diagrams, respectively.

As indicated in Table I, CarRacing_Al1 represents the source
domain. The seen target domains include CarRacing_BI,
CarRacing_B2, CarRacing_B3, and CarRacing_B4, while
the unseen target domains comprise CarRacing_C1 and
CarRacing_C2. The image states generated by environments
CarRacing_B3 and CarRacing_C1 display narrower char-
acteristics compared to those from other environments. A
total of 500,000 images were collected from the source and
seen target domains, with each domain contributing 100,000
images. During this experimental process, we used the same
environment as LUSR to train an expert policy and gather
offline data for imitation learning. The relevant experiments
were conducted using LUSR’s publicly available code and
offline dataset'. Approximately 6000 epochs were dedicated
to the reinforcement learning training process. The gamma
value was set at 0.99, the learning rate was configured to
0.0002, the clip parameter was established at 0.4, and the
number of training iterations was set to 10.

Initially, we employ the method delineated in Section II-

Thttps://github.com/KarlXing/LUSR

C to achieve feature separation from the collected data. In
this approach, the trained encoder serves as the mapping
function, establishing a correspondence between each do-
main’s image and the domain-general vector. Concurrently,
the PPO algorithm is utilized to learn an expert policy within
the source domain environment. Subsequently, our proposed
self-expert imitation learning framework is applied to map
the expert action to the domain-general state in the source
domain. Lastly, we execute the trained policy across both
seen and unseen target domains to evaluate its generalization
performance.

B. Results and Discussion

To assess the efficacy of the domain-general and domain-
specific vectors produced by the mapping function F, we
randomly selected samples from both the source domain
and the visible target domain to compute these vectors.
Subsequently, these vectors underwent dimensionality reduc-
tion using t-SNE. As depicted in fig.5, the trained encoder
effectively distinguishes between the domain-general and
domain-specific features that characterize the image state.
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TABLE II: Our proposed method is compared with the method without domain-general feature extraction.

Domain Ours DARLA (3 DARLA(3 =  DARLA(S = VAE- CURL CycleGAN
=10) 30) 100) Embedding
CarRacing_Al 940.39 845.87 851.48 778.78 816.74 748.58 709.12
CarRacing_B1 929.38 645.81 834.99 704.27 616.89 560.23 707.64
CarRacing_B2 901.53 250.85 819.05 207.90 282.71 -44.24 704.33
CarRacing_B3 959.94 -72.99 -60.76 451.81 484.57 -55.29 713.86
CarRacing_B4 917.32 -62.96 -73.18 27.77 223.88 -32.45 711.85
CarRacing_C1 956.33 -65.72 -72.55 182.35 332.58 -113.13 715.43
CarRacing_C2 935.89 631.09 806.76 539.63 595.42 -69.23 671.67
in both seen and unseen domains. The training data for
the DARLA and VAE-Embedding methods are analogous to
1000 4 ours images obtained via data augmentation techniques applied
ot to Source Domain images. Experimental results highlight
that the stability of generalization performance in these two
900 1 methods is compromised. This instability stems from the
different features learned by the RL policy across various
training batches, influenced by data augmentation. Excessive
800 7 o 7] o % transformations induced by data augmentation can lead the
§ % RL policy to excel in certain scenarios while underper-
forming in others, making it challenging to predict the
7001 policy’s generalization performance. Although CycleGAN
demonstrates commendable generalization performance, its
policy scores are lower than those achieved by our method.
o This discrepancy may be attributed to the loss of some
domain-general information in its latent embeddings.
00 ‘ / / . ‘ . . In this work, we introduced a domain-general feature
Al Bl B2 B3 B4 Cl Cc2

Environment

Fig. 6: Histogram of final scores for policies trained with
different methods. The horizontal axis represents seven dif-
ferent CarRacing game domains.

Furthermore, as illustrated in fig.4, the encoder, trained
via our proposed method, adeptly isolates domain-general
embeddings from the images of each domain.

We present the generalization performance of a policy
trained using the self-expert imitation technique proposed
in this paper across seven distinct domains. Our approach is
compared with previous methods, including Ad-DISR [9],
LUSR [5], DARLA [17], and CURL [25]. As indicated
in Table I, our method achieves superior scores and gen-
eralizes effectively to both seen and unseen domains. For
CDCBA [11], LUSR [5], and Ad-DISR [9], these methods
primarily focus on extracting domain-general features to
facilitate policy generalization. However, determining the
optimal feature size remains challenging, leading to lower
policy scores compared to the current optimal reinforcement
learning scores in the source domain. As depicted in Table
II, the DARLA method struggles to ascertain the optimal
value of the parameter 3, resulting in a relatively weak policy
generalization capability. Additionally, the VAE-Embedding
method exhibits significant performance drops and instability

extraction approach leveraging Variational Autoencoders
(VAE) within the self-expert imitation learning framework.
To evaluate its efficacy, we implemented the PPO algo-
rithm to learn domain-general embeddings directly in the
source domain. The outcomes, illustrated in fig.6, reveal
that our feature extraction method consistently surpasses
LUSR across both seen and unseen domains. Following
domain-general feature extraction, LUSR was also trained
using the PPO algorithm. As depicted in fig.6, our method
demonstrates superior performance compared to LUSR in
a majority of domains. Experimental findings indicate that
the self-expert imitation learning framework significantly
enhances the final policy’s performance in analogous unseen
domains.

IV. CONCLUSION

In this paper, we propose a self-expert imitation method
with purifying domain-general latent features for robot visual
navigation, enabling the acquisition of a policy from inter-
actions with source environments to facilitate adaptation to
analogous, yet unfamiliar target environments. Furthermore,
a framework for separating domain-general and domain-
specific features, based on the variational autoencoder, is
proposed to enhance the quality of domain-general features.
Extensive experiments were conducted in the CarRacing
game environment, demonstrating that our policy, after train-
ing, did not diminish the performance of guiding the agent to
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accomplish tasks and outperformed state-of-the-art counter-
parts. In our forthcoming research, the focus is on crafting a
highly versatile approach that eliminates the necessity of data
collection during the initial training phase. Furthermore, the
integration of semantic segmentation is being investigated to
facilitate the application of our method in the domains of
robot visual navigation and autonomous driving.
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