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Abstract: Deep reinforcement learning has shown remarkable capabilities in visual tasks, but it does not have a
good generalization ability in the context of interference signals in the input images; this approach is therefore hard
to be applied to trained agents in a new environment. To enable agents to distinguish between noise signals and
important pixels in images, data augmentation techniques and the establishment of auxiliary networks are proven
effective solutions. We introduce a novel algorithm, namely, saliency-extracted Q-value by augmentation (SEQA),
which encourages the agent to explore unknown states more comprehensively and focus its attention on important
information. Specifically, SEQA masks out interfering features and extracts salient features and then updates the
mask decoder network with critic losses to encourage the agent to focus on important features and make correct
decisions. We evaluate our algorithm on the DeepMind Control generalization benchmark (DMControl-GB), and
the experimental results show that our algorithm greatly improves training efficiency and stability. Meanwhile,
our algorithm is superior to state-of-the-art reinforcement learning methods in terms of sample efficiency and
generalization in most DMControl-GB tasks.
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1 Introduction

Visual observation based reinforcement learn-
ing (RL) (Arulkumaran et al., 2017) has achieved
tremendous success in various fields such as gaming
(Mnih et al., 2013), robotic manipulation (Levine
et al., 2016; Kalashnikov et al., 2018; Nair et al.,
2018), autonomous navigation (Zhu et al., 2016;
Yang W et al., 2019), and natural language pro-
cessing (NLP) (Luketina et al., 2019). This learning
approach continually optimizes decision-making pro-
cesses by enabling the agent to interact with the envi-
ronment to maximize long-term objectives. Despite
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excelling in specific virtual scenarios, RL algorithms
face numerous challenges when applied in the real
world. The complexity and variability of real-world
environments mean that even a well-trained agent
in one environment may struggle to adapt to new
environments (Zhao et al., 2022). Research works
indicate severe deficiencies in the generalization ca-
pability of agents (Farebrother et al., 2018; Cobbe
et al., 2019; Gamrian and Goldberg, 2019; Song et al.,
2020), as agents may fail to ignore noise factors and
to focus attention on critical state features. Conse-
quently, agents are unable to explore effectively in
unknown environments (Henderson et al., 2017).

Recent research advancements have demon-
strated that the generalization capability of RL mod-
els can be effectively enhanced through domain ran-
domization (Tobin et al., 2017; Pinto et al., 2018)
and data augmentation techniques (Yarats et al.,
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2021; Zhou, 2024). By increasing the randomness
and diversity of the training data, these methods
effectively help the agents better adapt to the new
environment and thus enable the agents to try more
states. Despite continuous efforts to improve the
generalization performance of RL models (Hansen
et al., 2021b; Yarats et al., 2021; Bertoin et al.,
2022), existing algorithms still have shortcomings
in focusing on important pixels and exploring the
state space. These issues limit their effectiveness in
real-world applications. Therefore, data augmenta-
tion techniques play a crucial role in driving the de-
velopment of large-scale RL. Future research needs
to further explore how to leverage these techniques
more effectively such that agents can better under-
stand and adapt to complex and dynamic real-world
environments.

In this study, we propose a novel algorithm
named saliency-extracted Q-value by augmentation
(SEQA). Its core lies in guiding the agent to focus
on important pixels and use noise augmentation in
state space exploration, with the aim to enhance the
learning and generalization capabilities of the agents.
By mixing attention mechanisms, our algorithm en-
ables the agents to identify and extract key features
more quickly and accurately, greatly enhances the
estimation of Q-value by convolutional neural net-
works, and improves the training efficiency of agents
under the condition of extremely low overhead with-
out interference.

SEQA is applied to soft actor–critic (SAC)
agents and extensively experimented on the Deep-
Mind Control Suite (Tassa et al., 2018), includ-
ing testing on the DMControl generalization bench-
mark (DMControl-GB) (Hansen and Wang, 2021).
In most DMControl tasks, our algorithm achieves
superior sample efficiency, performance, and gen-
eralization capability compared to state-of-the-art
methods.

The results indicate that the SEQA algorithm
holds significant practical value in the field of RL,
particularly in enhancing the learning efficiency and
generalization capability of agents in complex tasks.
By precisely guiding the agent to focus on impor-
tant state features and effectively exploring the state
space, the SEQA algorithm provides an effective
strategy for addressing RL problems in the real
world. It serves as an efficient nonpolicy RL data
augmentation framework. SEQA consists of three

essential components, as follows:
1. By combining attention mechanism and a

mask decoder, key pixel information is extracted and
encoded into features, making the agents aware of
which pixels are important, thereby enabling more
precise decision-making.

2. Noise augmentation is applied to observation
states and state rewards to encourage exploration
and increase the diversity of training data.

3. SEQA performs consistency regularization on
the Q-values of the augmented states and the Q-
values of unaugmented subsequent states. For SEQA
using the actor–critic algorithm, the critic optimizes
the actor network through shared parameters.

2 Related works

2.1 Representation learning

Chen et al. (2020) introduced nonlinear trans-
formation between representation and contrast loss
and conducted a comprehensive study of data en-
hancement (such as random cropping and image dis-
tortion). Fu et al. (2021) leveraged cooperative re-
construction to learn visual features and separate
reward features from the background. Wang et al.
(2021) focused on extracting visual foreground to
provide clear and unchanging visual representation
for strategy learning, making it easier for agents
to learn task-related stable features. Gelada et al.
(2019) trained their model by minimizing two man-
ageable losses, the reward prediction loss and the dis-
tributed prediction loss of the next potential state,
enabling the model to better understand the dy-
namic changes in the environment and predict future
rewards to make more informed decisions.

2.2 Visual learning in RL

Learning task-relevant feature representations
from raw visual inputs is often more challenging
than learning directly from vectorized features (Ze
et al., 2023). Recent research suggests that the suc-
cess of self-supervised learning methods in visual
representation learning can be leveraged in RL to
improve algorithm generalization ability and sam-
ple efficiency (Yarats et al., 2019; Laskin et al.,
2020a; Hansen and Wang, 2021; Hansen et al., 2021a;
Zhang A et al., 2021). Yarats et al. (2019) proposed
that joint training of autoencoders with RL can
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significantly improve the sample efficiency of model-
free RL. Laskin et al. (2020a) achieved nearly equiv-
alent sample efficiency between model-free RL and
model-based RL by combining autoencoders with RL
to assist contrastive learning. Zhang A et al. (2021)
proposed to learn behavioral similarity embedding
through dual simulation metrics and contrast learn-
ing, which helps agents identify and imitate effective
strategies. Zhou (2024) modified the underlying deep
deterministic policy gradient (DDPG) algorithm to
distributed distributional DDPG (D4PG) and inte-
grated double Q-learning to reduce the overestima-
tion bias of the critic value function, which improves
the robustness of the DDPG algorithm to hyperpa-
rameters. Hansen and Wang (2021) trained agents
to learn visual invariance through assisted prediction
tasks. While auxiliary tasks have been shown to en-
hance RL performance, their effectiveness often relies
on specific RL tasks (Lin et al., 2019; Hansen et al.,
2021a). Our algorithm achieves satisfactory results
on multiple tasks without the need to select aux-
iliary tasks according to specific RL tasks, demon-
strating the potential of adaptive auxiliary learning
strategies.

2.3 Generalization in RL

Although RL algorithms have achieved signifi-
cant success in solving complex tasks, they tend to
overfit the training environment (Farebrother et al.,
2018; Cobbe et al., 2019), leading to performance
deterioration in new environments and presenting
significant deficiencies in generalization (Kirk et al.,
2023). Xing et al. (2021) improved generaliza-
tion capability by adjusting agents’ learning strategy
through domain adaptation. OpenAI et al. (2019)
enhanced generalization capability by training con-
trol policies through automatic domain randomiza-
tion. Yang SZ et al. (2023) successfully adapted a vi-
sualization model based strategy during the test and
experimented in four scenarios. Zhang A et al. (2018)
measured generalization errors in continuous control
environments by injecting training diversity. These
studies suggest that agents may fail to achieve satis-
factory rewards when facing environmental changes
or untrained environments. We propose a novel algo-
rithm that focuses attention on important pixels in
policy learning and enhances generalization capabil-
ity through loss function constraints. This not only
enables agents to identify critical state features more

effectively but also enhances their adaptability and
robustness in diverse environments.

2.4 Data augmentation and randomization

Laskin et al. (2020b) showed that training RL
agents with augmented data can bring significant
benefits. Yarats et al. (2021) further improved learn-
ing performance by averaging over randomly cropped
Q-functions and their targets. Hansen and Wang
(2021) added self-supervised learning to the SAC al-
gorithm and applied data enhancement only to the
Q-value estimation; further, they proposed a method
that strictly uses the enhanced data to calculate the
Q-target. Hansen et al. (2021b) proposed a deep
Q-learning data augmentation framework aimed at
enhancing learning efficiency and generalization per-
formance through augmentation techniques. Al-
muzairee et al. (2024) increased the input of both
actor and critic, reducing the instability of train-
ing. Lee et al. (2020) enhanced data diversity by
applying random convolutional layers during train-
ing to modify the texture of observation results. Re-
cent data augmentation studies (Yarats et al., 2021;
Hansen et al., 2023) have shown that some weak
augmentation techniques, such as random transla-
tion, improve sample efficiency but sacrifice general-
ization capability. On the other hand, some strong
augmentation techniques, such as random convolu-
tion, enhance generalization ability but at the cost
of reduced sample efficiency. In this paper, we pro-
pose a novel algorithm that successfully improves
generalization ability while maintaining sample effi-
ciency. Our algorithm demonstrates how to balance
the intensity of data augmentation to enhance the
generalization performance of agents across various
tasks without sacrificing sample efficiency. This al-
gorithm provides a new perspective on the trade-off
between sample efficiency and generalization ability
in RL, laying the foundation for future research and
applications.

2.5 Masking in visual RL

In visual RL, masking techniques are used to
enhance agents’ generalization capability. By mask-
ing certain parts of the input, agents are compelled
to focus on more important features in the environ-
ment, reducing the interference of irrelevant infor-
mation and enhancing agents’ ability to recognize
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critical states. Yu et al. (2022) adopted the method
of randomly masking part of the input and then re-
constructed these masked pixels through the aux-
iliary loss function. This strategy not only im-
proves the generalization ability of the agent but
also increases the robustness of the model to the
input data. Bertoin et al. (2022) established at-
tribution maps to attribute decisions to inputs, us-
ing binarized attribute mappings to predict saliency
maps of Q-values. Grooten et al. (2024) designed a
lightweight network generation mask to mask inter-
ference, enabling the agents to explore in unknown
environments.

2.6 Noise augmentation

Recent research has shown that introducing
noise during the training process allows algorithms
to make better decisions under uncertainty and vari-
ability. Noise augmentation helps agents adapt bet-
ter to new environments, enhancing their robustness
and generalization ability when facing unknown situ-
ations (Zhang H et al., 2020; Antotsiou et al., 2021).
Sinha et al. (2022) explored the application of various
data augmentation methods to seven nonvisual RL
problems, with particular focus on three noise aug-
mentation techniques. Khraishi and Okhrati (2023)
proposed a generic wrapper for noise augmentation,
which increases the diversity of training samples,
facilitating broader exploration by the agents and
thus improving the generalization ability of learned
policies.

3 Preliminaries

3.1 Problem formulation

We formulate the image-based control prob-
lem as an infinite horizontal partially observable
Markov decision process (POMDP) (Kaelbling et al.,
1998; Kurniawati, 2022). A Markov decision process
(MDP) is represented by a tuple M = 〈O,A, P, r, γ〉,
which is used to describe the decision-making pro-
cess of an agent in an uncertain environment, where
O represents the high-dimensional state observation
space (image pixels), A represents the action space,
P represents the state transition function from state
st to state st+1, r represents the reward function
O × A → R, and γ ∈ [0, 1) represents the dis-
count factor, which is used to regulate future re-

wards. The entire MDP can be described as the
agent interacting with the environment at each time
step, obtaining a state st = {ot, ot−1, ot−2, ...}, tak-
ing an action at ∈ A in the current state, then
making a decision with probability P (st+1|st, at)
to transition to the next state st+1, and receiv-
ing a reward rt = r(st, at). The objective of the
agent is to maximize the discounted expected re-
turn E[

∑∞
t=0 γ

trt|at ∼ π(·|st), st+1 ∼ P (·|st, at)], in
which π is parameterized by a set of learnable pa-
rameters, termed θ (Sutton and Barto, 1998).

Our further research goal is to explore how
to learn the structural parameters πθ of the MDP
so that the agent can achieve good generalization
ability even when the observation space is dis-
turbed. Within the MDP framework, we assume
that the agent can adapt to perturbations by learn-
ing the structure and dynamic properties of the
environment. We focus on a generalization M̄ =
〈
S̄, A, P, r, γ

〉
, wherein the space M̄ ∼M and states

s̄t ∈ S̄ of the MDP are constructed from observa-
tions ōt ∈ Ō, with O being a subset of the perturbed
observation space Ō. In many environments wherein
ot = st, agents can have full observability, allow-
ing them to capture key features of the environment
while maintaining robustness to perturbations in the
observation space.

3.2 SAC algorithm

SAC is a model-free, off-policy actor–critic al-
gorithm that aims to learn the state–action value
function Qθ and estimate the optimal state–action
value function Q∗. SAC optimizes the policy to ob-
tain higher cumulative returns, while maximizing the
entropy target. The critic and shared encoder have
the same parameters φtgt ← (1 − τ)φtgt + τθ in the
target network. In this work, we describe our method
based on the SAC.

4 Method

We propose the algorithm SEQA, a general deep
RL framework focused on enhancing visual learning
performance through data and noise augmentation.
The core of SEQA lies in leveraging attention mech-
anisms to identify and extract key features, which
further map these features as masks to the input
states using a mask decoder network, followed by
consistent regularization of the Hadamard product
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of the masked image with the original image and
the original state image. Additionally, we intro-
duce noise perturbations to observation states and
state rewards, aiming to increase the diversity of
training data and encourage exploration. The de-
sign of SEQA enables seamless integration with any
standard off-policy RL algorithm without the need
for additional parameters or complex forward pass
processes.

4.1 Overview of the framework

Fig. 1 illustrates an overview of the SEQA
framework. We first apply random shifting and
overlay augmentation to the images and then in-
put the augmented images into an encoder network
equipped with a mixed attention mechanism. The
resulting feature vector is fed into a mask decoder,
which generates a new state observation s̃ by per-
forming Hadamard multiplication between the ob-
tained masked image M and the original image s.
Subsequently, the state observation s̃ is inputted into
a state encoder fθ for computation of the Q-function
Qθ. For state–action pairs (s̃, at), we can compute
the corresponding Q-values by predicting qt, while
we define a target state-value function qtgtt as the
target Q-value, wherein the parameter ϕ is an expo-
nential moving average of θ. To ensure consistency
between the predicted Q-values and the target Q-
values, we regularize qt and qtgtt with consistency reg-
ularization and update the parameters of the critic
network using the consistency regularization objec-
tive, ensuring that the critic can more accurately
assess the value of state–action pairs.

qt � Qθ(fθ(s̃), at), (1)

qtgtt � r(st, at) + γmaxa′
t
Qtgt

ϕ (fϕ(st+1), a
′). (2)

4.2 Mixed attention mechanism

Hansen et al. (2021b) integrated neural net-
works with a visual Transformer (ViT) to enhance
sample efficiency. While ViT performs well in han-
dling large-scale image data, it requires substantial
computational resources and training data for model
training. Additionally, when dealing with small-
sample datasets, ViT may encounter overfitting is-
sues, necessitating the introduction of auxiliary tasks
for regularization. However, this greatly increases
the computational overhead.

In this study, we use distinct methodologies to
enhance the attentional mechanisms of the agents
and optimize algorithmic efficiency. Our algorithm
introduces a mixed attention mechanism that com-
bines channel attention and spatial attention into
the encoder f , which can effectively extract impor-
tant spatial and semantic features from images, en-
abling convolutional neural networks to learn more
efficiently from key pixels while ignoring disturbing
information.

4.2.1 Channel attention

As shown in Fig. 2, global maximum pooling
and average pooling are performed on the spatial di-
mension of H ×W × C feature map X to extract
global information in the height H and width W

dimensions, while information in dimension C is re-
tained. Maximum pooling highlights the most sig-
nificant features in each channel, while average pool-
ing captures the overall spatial distribution. Subse-
quently, the resulting two feature maps are inputted
into a shared multilayer perceptron (MLP), resulting

st st st

st+1

τ(st) M(f,τ(st),a)

r(st,at)

M

fφ

LQ     (θ)

qt

Qθ qt

ε
f

Augmentation

Encoder

Target
encoder

Target
Q-function

Q-target

Encoder Q-function Q-prediction

EMA SEQA

tgt tgt tgt

Decoder

fθ Qθ

Fig. 1 An overview of the saliency-extracted Q-value by augmentation (SEQA) framework. The augmented
data τ(st) are encoded and decoded to generate M(f, τ(st), a), and the Q-functions of the augmented state
s̃t and the unaugmented state st+1 are regularized consistently to obtain LSEQA

Q (θ). Here, � represents the
Hadamard product and ⊕ represents addition to Q. EMA: exponential moving average
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Fig. 2 Attention model. The detailed design of the attention mechanism is given, including how channel
attention, spatial attention, and mixed attention are implemented

in two 1×1×C separate feature maps corresponding
to the outputs of maximum pooling and average
pooling separately. These MLP-generated feature
maps are concatenated and pass through a sigmoid
activation function to obtain the channel attention
weight matrix Mc:

Mc=sig(MLP(MaxPool(X))+MLP(AvgPool(X))).

(3)

4.2.2 Spatial attention

The channel-refined features obtained from the
channel attention module undergo global maximum
pooling and average pooling across the channel di-
mension. The resulting two feature maps are con-
catenated along the channel dimension to obtain a
fused feature map that incorporates spatial informa-
tion extracted from both pooling operations. The
two obtained H×W ×1 feature graphs are joined on
channel dimensions to obtain a feature graph that
integrates the spatial information extracted by the
two pooling operations. The fused feature map is
subject to a 7 × 7 convolution operation, and the
output of this convolution passes through a sigmoid
activation function to obtain the spatial attention
weight matrix Ms:

Ms = sig(f7×7([MaxPool(X); AvgPool(X)])). (4)

4.2.3 Mixed attention

As shown in Fig. 2, integrating the image infor-
mation, the feature maps processed through channel
and spatial attention are linearly transformed to ob-
tain three different representations: query (Q), key
(K), and value (V ). The attention score is cal-
culated using queries and keys, and the resulting
attention score is weighted and summed with the
values, weighting different regions of the original fea-
ture map to obtain a matrix Mf . By computing the
correlations between different regions, the model can
capture global dependencies within the image. Af-
ter fusing the obtained Mc,Ms, and Mf , a complete
feature map X2 is obtained:

Mf = softmax
(QKT

√
dk

)
V , (5)

X2 = Mc ⊗Ms ⊗Mf , (6)

where
√
dk refers to the dimensionality of the key.

4.3 Mask decoder

We design a mask decoder that assigns an im-
portance weight to each pixel in the image to dis-
tinguish and emphasize the importance of the pixel.
As shown in Fig. 3, the mask decoder consists of six
main layers, the specific structure of which is shown
in this subsection.
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Fig. 3 Mask decoder network

4.3.1 Linear layer

The initial layer is a linear layer that has 32
output channels and is responsible for mapping the
features of the encoder to a 32×21×21 feature map.

4.3.2 Convolutional layers and upsampling blocks

Starting from the second layer, there are two
convolutional layers and two upsampling blocks.
Each convolutional layer contains 64 3 × 3 kernels
with padding of 1. Each upsampling block has an
upsampling factor of 2. These convolutional and
upsampling blocks progressively increase the spatial
resolution of the feature maps while learning higher-
level feature information.

4.3.3 Output layer

The final layer uses the sigmoid activation func-
tion and outputs a single-channel feature map, scal-
ing each pixel value to be within the range of [0, 1].
The purpose of this layer is to transform the gener-
ated feature map into a mask image of the same size
as the original image. Each pixel value in the mask
represents the importance level of the corresponding
pixel in the original image.

Overall, the mask decoder gradually decodes

and upsamples the encoded feature maps to gener-
ate a refined mask image, which helps the agent focus
its attention on key information in the image while
ignoring unimportant or distracting information.

During the training, there is no need to define a
separate loss function to train the mask. The param-
eters of the mask decoder are updated by changes in
the critic loss function. When the mask network
masks important pixels, the critic loss increases, re-
minding the network that these pixels are significant
pixels. When the mask network masks distracting
pixels, the Q-values obtained by the agent either in-
crease or remain unchanged, encouraging the mask
network to continue masking these pixels. With each
decision made by the agent, the mask network up-
dates its parameters, thereby more effectively mask-
ing irrelevant information while preserving impor-
tant information. This algorithm significantly en-
hances the performance and generalization capabil-
ities of the agent, enabling it to exhibit greater ro-
bustness when dealing with visual information.

4.4 Noise augmentation

To encourage the agents to explore more pos-
sibilities and increase the diversity of training data,
in this paper we inject random uniform observation
noise into the state space and random normal reward
noise into the reward space. The noise level is con-
trolled by the noise rate parameter p ∈ [0, 1], which
determines the probability of injecting noise.

4.4.1 Random uniform observation noise

With a probability p, uniform noise ε is added
to each state of the agent, resulting in õt ← ot + ε,
where ε ∈ U(α, β), and α and β are important hy-
perparameters. When p = 1 and α = −β, random
uniform observation noise corresponds to the uni-
form noise augmentation proposed by Sinha et al.
(2022). By adding uniform noise in the state space,
the agent can explore more uncertainty during train-
ing, thereby increasing the diversity of training data
and improving its generalization ability. The values
of the hyperparameters in this paper are provided in
Section 5.

4.4.2 Random normal reward noise

Adding zero-mean Gaussian noise to the reward
with the probability p changes the reward signal to
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obtain r̃t ← rt + ε, where ε ∈ N (0, σ2) and σ is an
important hyperparameter. Adding random normal
distribution noise to the reward space can make the
agent not only rely on the fixed reward signal to
learn but also adapt to the strategy under different
reward signals more flexibly, preventing overfitting
and effectively improving the generalization ability.

By controlling the probability of noise injection,
the relationship between exploration and utilization
can be effectively balanced. When the agent overfits
or falls into the local optimal solution, increasing the
noise rate can promote the agent to explore more
possibilities. When the noise rate is low, the intel-
ligence can make better use of the information it
already knows. By adjusting the noise rate, the ex-
ploration and utilization strategies of the intelligent
agent can be balanced according to the needs of the
task, which helps optimize its learning process.

4.5 Consistency regularization objective

As shown in Fig. 1, our algorithm is built upon
the Q-network architecture, which divides the neu-
ral network and value function into two parts: the
encoder network fθ : S → Z and the Q-function
Qθ : Z × A → R. The encoder fθ maps the origi-
nal observation space S to a low-dimensional latent
representation space Z, effectively extracting crucial
information from the states. The Q-function built
on the encoder takes actions on the potential repre-
sentation to predict the corresponding Q-value.

The original paper on deep Q-network (DQN)
(Mnih et al., 2015) pointed out that high-variance
target values can adversely affect Q-learning algo-
rithms. To reduce the variance of Q-function pre-
dictions, we replace a single function with multiple
states having the same Q-value. For any state distri-
bution μ(·) and policy πθ, instead of relying solely on
the estimates of expectation from individual samples
(s, a) drawn from μ(·) and πθ(·|s), we use multiple
enhanced states generated through transformation
to obtain an estimate with a lower variance and a
greater stability than the original expectation:

E s∼μ(·)
a∼πθ(·|s)

[Q(s, a)] ≈ 1

K

K∑

k=1

Q(fθ(s̃), ak), (7)

where ak ∼ πθ(·|fθ(s̃)) and K is the number of Q

augmentations. In the process of learning objectives,
we use two sets of independent data: the unaug-
mented data s and the augmented data s̃; here, the

latter strictly uses the augmented data for represen-
tation learning, while the unaugmented data are used
to generate the target function qtgtt to decouple the
flow of training data:

qtgtt = r(st, at) + γmaxa′Qtgt
ϕ (f tgt

ϕ (st+1), a
′). (8)

The consistency regularization objective
LSEQA
Q (θ) is obtained by calculating the Q-estimates

obtained from representation learning with the
target function qtgtt derived from the unaugmented
data:

LSEQA
Q (θ)

=
1

KN

K∑

k=1

N∑

t=1

[
||Qθ(fθ(s�M(f, τ(st), at)), ak)

+ ε− qtgtt ||2
]
,

(9)

where τ(st) represents the data augmentation func-
tion, N represents mini-batch size, and � represents
the Hadamard product of the mask and the original
state operation.

When the strategy πθ is learned in the bench-
mark algorithm, Lπ(θ) is optimized solely on st and
does not alter the objective. To prevent the nonsta-
tionary gradients of Lπ(θ) from interfering with the
Q-estimates, we update fθ using gradient descent.
The consistency regularization loss complements the
previous data augmentation, encouraging the net-
work to focus its decisions on important pixels.

Algorithm 1 gives the pseudocode of SEQA,
where the innovative adjustment is in lines 10–19.

5 Experiments

In this section, we provide a detailed explana-
tion of the experimental setup and the implementa-
tion process. To comprehensively evaluate the train-
ing efficiency, performance, and generalization ca-
pability of the SEQA algorithm, we conduct a se-
ries of experiments on DMControl-GB (Hansen and
Wang, 2021). SEQA is compared with state-of-the-
art methods for continuous action generalization.
We aim to demonstrate the effectiveness of SEQA
in extracting important features to mask interfer-
ence and improve the generalization ability of RL
algorithms.
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Algorithm 1 SEQA based on SAC
1: Input: total number of environment steps T , mini-batch

size N , learning rate η, target network update rate ζ,
number of Q augmentations K, and data augmentation
function τ

2: Randomly initialize all the network parameters,
θ, θπ , ϕ,M // ϕ← θ

3: for each timestep t = 1 to T do
4: // act
5: at ∼ πθ(·|fθ(st)) // Sample the action from the

// policy
6: s′t ∼ p(·|st, at) // Sample the transition from the

// environment
7: B ← B ∪ {(st, at, r(st, at), s′t)} // Add transition

// to the replay buffer
8: // update
9: {(si, ai, ri, s′i)}Ni=1 ∼ B // Sample a mini-batch

10: for transition i = 1 to N do
11: θπ ← θπ − η∇θπLπ(si) // Optimize πθ with

// stochastic gradient descent (SGD)
12: qtgti = r(si, ai) + γmaxa′

i
Qtgt

ϕ (ftgt
ϕ (s′i), a

′
i)

// Compute Q-target
13: si = si + ε // ε ∈ U(α, β)

14: saugi = τ(si) // Apply augmentation
15: s̃i = M(f, saugi , a) 	 si

16: LSEQA
Q (θ) =

1

NK

∑

k

∑

i

[∥∥Qθ(fθ(s̃i), ak) + ε −

qtgti

∥∥2
]
, where ε ∼ N (0, σ2)

17: θ← θ − η∇θL
SEQA
Q (θ) // Optimize fθ, Qθ, and

// M with SGD
18: ϕ← (1 − ζ)ϕ+ ζθ // Update ϕ using exponential

// moving average (EMA) of θ
19: end for
20: end for

5.1 Setup

The methods compared in this study all use SAC
as the base algorithm, and all agents are configured
with the same architecture and hyperparameters (if
applicable). We apply random overlay augmentation
(Bertoin et al., 2022) to all methods except for data-
regularized Q (DrQ), which uses random shifting, as
DrQ shows better performance using random shifting
(Yarats et al., 2021).

5.2 Network architecture

We adopt our network architecture from
Grooten et al. (2024). The shared encoder fθ is
an 11-layer convolutional neural network (ConvNet)
that processes a stack of three RGB frames rendered
at 9 × 84 × 84 and outputs spatial features of size
32× 21× 21. Each convolutional layer consists of 32
channels, using 3 × 3 kernels, with a stride of 1 and
no padding. The stride of the first layer is set to 2

to expedite the reduction in channel size. Rectified
linear unit (ReLU) activation functions are applied
between all convolutional layers.

5.3 Hyperparameters

Four additional hyperparameters are introduced
into SAC by SEQA: mask decoder network learning
rate η, mask decoder update frequency, random uni-
form observation noise ε, and random normal re-
ward noise ε. In Table 1, we provide a detailed
introduction to the hyperparameters related to the
experiments.

5.4 Environment

DMControl-GB is based on and extends the
DeepMind Control Suite, offering various vision-
based continuous control tasks. It is widely used
for studying the performance of image-based RL al-
gorithms in continuous action spaces.

5.5 Training and evaluation

In DMControl-GB, we train all agents for 5×105
steps in fixed background training environments and
evaluate their performance on 12 environments. Ad-
ditionally, we assess algorithm performance and gen-
eralization ability in six environments by replacing
the training background with other backgrounds.
Specifically, we set up five random seeds to train the
model and evaluate our algorithm on video_easy and
video_hard benchmarks within DMControl-GB.

6 Results

6.1 Stability on DMControl

We compare the effects of SAC, DrQ, stabilized
Q-value estimation under augmentation (SVEA),
soft data augmentation (SODA), saliency-guided Q-
networks (SGQN), and SEQA algorithms in 12 en-
vironments of DMControl-GB without visual inter-
ference in Fig. 4. The results show that the SEQA
agent achieves the best asymptotic performance and
sample efficiency in all the 10 environments. The
SEQA algorithm achieves not only better results, but
also the lowest variance of the trained agent, which
indicates that the improved strategy of the SEQA
algorithm is beneficial to the training efficiency and
stability.
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6.2 Generalization on DMControl

We evaluate the generalization capability of
SEQA on DMControl-GB for video_easy and
video_hard benchmarks. As depicted in Fig. 5, the
video_easy benchmark replaces only the fixed back-

ground with a natural image, while the video_hard
benchmark replaces the picture as a whole with an
everyday picture (including the background and the
ground).

At the top of Table 2, we report the total
average rewards after 5 × 105 steps of training

Table 1 Hyperparameters used in the experiments on DMControl-GB

Hyperparameter Value

Frame rendering resolution 84×84×3
Number of tacked frames 3
Random shift Up to ±4 pixels
Optimizer (θ of SAC) Adam (β1=0.9; β2=0.999)
Optimizer (α of SAC) Adam (β1=0.5; β2=0.999)
Learning rate η (actor, critic, and mask decoder) 10−3

Learning rate (for α) 10−4

Number of action repetitions 4 (walker_walk, walker_stand, ball_in_cup),
8 (cartpole_swingup, cartpole_balance), 2 (finger_spin)

Discount factor γ 0.99
Number of initial collection steps 1000
Number of environment steps 5×105
Replay buffer size 5×105
Batch size 128
Random uniform observation noise ε α=–0.001; β=0.001; p=1.00
Random normal reward noise ε σ=0.001; p=0.05
Actor update frequency 2
Critic update frequency 1
Mask decoder update frequency 1
Target ϕ update frequency 2
Target ϕ momentum coefficient 0.05 (encoder), 0.01 (critic)

Table 2 Comparison with state-of-the-art methods

Benchmark Environment
Episode return

p-value
SAC DrQ SODA SVEA SGQN SEQA

walker_walk 276 ± 135 799 ± 23 771 ± 66 865 ± 43 894 ± 26 874 ± 58 –20 (2%)
walker_stand 462 ± 126 936 ± 21 965 ± 7 969 ± 5 945 ± 17 970 ± 3 +1 (0%)
ball_in_cup 563 ± 91 694 ± 141 750 ± 98 857 ± 62 861 ± 55 919 ± 26 +58 (7%)

video_easy cartpole_balance 916 ± 25 932 ± 33 961 ± 10 963 ± 2 965 ± 4 971 ± 4 +6 (1%)
cartpole_swingup 398 ± 24 459 ± 81 742 ± 73 753 ± 45 761 ± 28 780 ± 23 +19 (2%)

finger_spin 206 ± 20 479 ± 67 494 ± 100 609 ± 27 646 ± 26 629 ± 59 –17 (3%)

Average 470 717 781 836 845 857 +12 (1%)

Benchmark Environment
Episode return

p-value
SAC DrQ SODA SVEA SGQN SEQA

walker_walk 144 ± 37 117 ± 31 307 ± 47 491 ± 61 731 ± 39 691 ± 44 –40 (6%)
walker_stand 231 ± 36 331 ± 52 706 ± 83 797 ± 35 849 ± 20 874 ± 39 +25 (3%)
ball_in_cup 156 ± 37 144 ± 57 361 ± 143 468 ± 74 790 ± 44 863 ± 53 +73 (9%)

video_hard cartpole_balance 302 ± 24 350 ± 28 456 ± 46 599 ± 34 703 ± 11 728 ± 21 +25 (4%)
cartpole_swingup 158 ± 17 145 ± 26 403 ± 61 453 ± 38 538 ± 43 566 ± 35 +28 (5%)

finger_spin 23 ± 10 38 ± 13 309 ± 49 307 ± 24 549 ± 34 522 ± 12 –27 (5%)

Average 169 188 424 519 693 707 +14 (2%)

These algorithms were trained on fixed backgrounds and evaluated on video_easy and video_hard benchmarks from DMControl-
GB. We took average values and standard errors in the experiments in five random seeds. The optimal results are in bold.
Here, p-value=optimal result−suboptimal result, and the content in parentheses=(optimal result−suboptimal result)/(suboptimal
result)×100%



Han et al. / Front Inform Technol Electron Eng 2025 26(3):385-399 395

0.0

1000

800

600

400

200

0

0.1 0.2
Number of steps (×106)

ball_in_cup

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5

0.0

1000

800

600

400

200

0

0.1 0.2
Number of steps (×106)

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5

0.0

1000

800

600

400

200

0

0.2 0.4
Number of steps (×106)

Ep
is

od
e 

re
tu

rn

0.6 0.8

DrQ
SVEA
SGQN
SODA
SAC
Ours

1.0

0.0

800

600

400

200

0
0.1 0.2

cartpole_swingup

hopper_stand

Reacher_hard

0.0

1000

800

600

400

200

0.1 0.2
Number of steps (×106)

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5

walker_stand

0.0

1000

800

600

400

200

0
0.1 0.2

Number of steps (×106)

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5

walker_walk

0.0

1000

800

600

400

200

0

0.2 0.4
Number of steps (×106)

Ep
is

od
e 

re
tu

rn

0.6 0.8

DrQ
SVEA
SGQN
SODA
SAC
Ours

1.0

pendulum_swingup Reacher_easy
Number of steps (×106)

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5 0.0

800

600

400

200

0

–200
0.1 0.2

cartpole_swingup_sparse

Number of steps (×106)

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5

0.0

1000

800

600

400

200

0.1 0.2
Number of steps (×106)

cartpole_balance cartpole_balance_sparse

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5 0.0

1000

1200

800

600

400

200

0
0.1 0.2

Number of steps (×106)

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5

0.0

1000

800

600

400

200

0

0.1 0.2
Number of steps (×106)

finger_spin

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5

0.0

1000

800

600

400

200

0
0.1 0.2

Number of steps (×106)

Ep
is

od
e 

re
tu

rn

0.3 0.4

DrQ
SVEA
SGQN
SODA
SAC
Ours

0.5

Fig. 4 Performance on training. SEQA achieves the best performance in almost all environments (References
to color refer to the online version of this figure)

on the video_easy benchmark. In terms of per-
formance, SEQA outperforms state-of-the-art algo-
rithms in four environments and slightly falls be-
hind the SGQN algorithm in the walker_walk and
finger_spin environments. SGQN converts saliency
maps into a self-supervised learning objective, deeply
coupling them with Q-network’s decision-making
process. Although this approach consumes more
computational resources and is less efficient, it
excels in environments such as finger_spin and
walker_walk wherein highly precise control strate-
gies are required.

At the bottom of Table 2, we report the total
average rewards after 5×105 steps of training on the
video_hard benchmark. Fig. 6 visually illustrates
the reward results for each agent on the video_hard
benchmark. Due to the removal of ground and shad-
ows, the video_hard benchmark results in a messier
and more challenging distribution shift, and the re-
wards for SODA and SVEA show a sharp down-
ward trend. SEQA is less sensitive to changes in
the environment because the mask alerts the agent
about which pixel is more important, encouraging
the agent to make the right decision. In summary,
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Fig. 5 Performance on the video_hard benchmark. SEQA performs significantly better than the other
algorithms in four environments and slightly worse than the optimal algorithm SGQN in the other two
environments. References to color refer to the online version of this figure

(a) (b) (c)

Fig. 6 Examples of training and testing environments: (a) training; (b) video_easy; (c) video_hard

SEQA significantly improves the generalization ca-
pability of the algorithm and lays foundation for the
practical application.

In RL, agent training is fundamentally an
exploration–exploitation process, wherein both the
environment and the interactions between the agents
and the environment are inherently stochastic and
uncertain. As shown in Figs. 4 and 5, as a baseline
algorithm, SAC typically requires extended train-
ing to explore the environment and occasionally dis-
covers high-value actions that lead to significant re-
wards. However, it may also become trapped in
local optima by repeatedly exploiting what it per-
ceives as high-reward actions without sufficient ex-
ploration, resulting in higher variance during train-
ing. On the video_hard benchmark, SAC’s gener-
alization capability is compromised due to the com-
plex interference factors, making it challenging to
overcome these disturbances. This results in the
agents consistently receiving fewer rewards in this

environment and thus exhibiting lower variance com-
pared to the training phase. By introducing noise
into the state and reward, our algorithm enhances
the exploration–exploitation mechanism. This im-
provement helps the agents avoid local optima more
effectively and demonstrates stronger generalization
capabilities. Consequently, our algorithm performs
better in the training phase and on the video_easy
and video_hard benchmarks.

6.3 Ablation study

SEQA is improved in three main aspects: noise
augmentation, mask coverage, and consistency regu-
larization in critic loss. To evaluate the effect of each
improvement, we test the performance and general-
ization ability of each improvement by running five
random seeds in six environments, with the results
shown in Table 3. The experimental results demon-
strate that the proposed improvements effectively
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Table 3 Ablation experiment results

Environment Benchmark
Episode return

SAC SAC+noise SAC+mask SAC+consistency SEQA

training 302 ± 97 562 ± 62 802 ± 54 631 ± 77 910 ± 26
walker_walk video_easy 276 ± 135 465 ± 101 726 ± 96 563 ± 132 874 ± 58

video_hard 144 ± 37 406 ± 73 548 ± 61 462 ± 57 691 ± 44

training 447 ± 162 771 ± 63 914 ± 33 857 ± 110 972 ± 7
walker_stand video_easy 462 ± 126 683 ± 55 897 ± 42 847 ± 94 970 ± 3

video_hard 231 ± 36 544 ± 83 738 ± 48 685 ± 72 874 ± 39

training 691 ± 198 745 ± 137 953 ± 21 865 ± 74 978 ± 4
ball_in_cup video_easy 563 ± 91 677 ± 89 793 ± 55 741 ± 76 919 ± 26

video_hard 156 ± 37 505 ± 122 632 ± 101 563 ± 83 863 ± 53

training 821 ± 58 827 ± 43 833 ± 47 836 ± 34 851 ± 24
cartpole_swingup video_easy 398 ± 24 597 ± 73 661 ± 58 703 ± 47 780 ± 23

video_hard 158 ± 17 238 ± 51 301 ± 61 361 ± 44 566 ± 35

training 940 ± 51 953 ± 36 971 ± 17 977 ± 13 996 ± 3
cartpole_balance video_easy 916 ± 25 901 ± 21 943 ± 11 956 ± 7 971 ± 4

video_hard 302 ± 24 517 ± 37 574 ± 33 621 ± 46 728 ± 21

training 530 ± 201 580 ± 124 811 ± 88 784 ± 73 917 ± 38
finger_spin video_easy 206 ± 20 316 ± 112 467 ± 103 531 ± 62 629 ± 59

video_hard 23 ± 10 163 ± 41 385 ± 56 402 ± 33 522 ± 12

training 622 740 881 825 937
Average video_easy 470 607 748 724 857

video_hard 169 396 530 543 707

Each algorithm was trained, and we evaluated the average undiscounted reward and standard error for each algorithm across six
environments on training, video_easy, and video_hard

enhance the stability and generalization capability
of the SAC algorithm, with consistency regulariza-
tion showing the most significant improvement.

7 Conclusions

In vision-based RL, ignoring distracting fea-
tures poses a significant challenge. We aim to
enable agents to avoid erroneous decisions by fo-
cusing attention on important pixels, thus improv-
ing efficiency and reducing computational overhead.
We propose SEQA, an algorithm that relies pri-
marily on three key components: noise augmen-
tation, mask coverage, and consistency regulariza-
tion. These components collectively encourage that
the agent concentrates on important features dur-
ing its decision-making process while disregarding
distract factors. We experimentally evaluate SEQA
and state-of-the-art algorithms on DMControl-GB.
Across various environments, the SEQA agent con-
sistently demonstrates superior training efficiency
and generalization capabilities compared to other al-
gorithms. SEQA is compatible with any standard

off-policy RL algorithm and does not require ad-
ditional parameters or forward passes, making it a
promising candidate for future development in RL.

Our algorithm is not as effective as SGQN
in walker_walk and finger_spin environments in
DMControl-GB, which may be related to self-
supervised learning and needs to be optimized in
the future. Future research will be focused on the
following aspects:

1. We will further explore how to optimize the
selection of auxiliary tasks and how to combine these
strategies with other RL methods to achieve wider
applications.

2. Our algorithm is based on the SAC algorithm,
and in future work, we may base the SEQA agent
on the policy gradient method proximal policy op-
timization (PPO) and add a better self-supervised
learning module.
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