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Abstract

This study proposes a novel framework, Mamba-DQN, which integrates the state space-
based time-series encoder Mamba-SSM into the Deep Q-Network (DQN) architecture to
improve reinforcement learning performance in dynamic environments. Conventional
reinforcement learning models primarily rely on instantaneous state information, limit-
ing their ability to effectively capture temporal dependencies. To address this limitation,
the proposed Mamba-DQN generates latent representations that summarize temporal
information from state sequences and utilizes them for both Q-value estimation and Pri-
oritized Experience Replay (PER), thereby enhancing the adaptability of policy learning
and improving sample efficiency. The Mamba-SSM offers linear computational complexity
and is optimized for parallel processing, enabling real-time learning and policy updates
even in environments characterized by high state transition rates. The effectiveness of the
proposed framework was validated through experiments conducted in environments with
strong temporal dependencies and sparse rewards. Experimental results demonstrate that
Mamba-DQN achieves superior stability and efficiency in policy learning compared to
conventional DQN, LSTM-DQN, and Transformer-DQN models.

Keywords: reinforcement learning; Deep Q-Network (DQN); state space model (SSM);
Mamba-SSM; temporal representation learning; prioritized experience replay (PER)

1. Introduction

Rapidly changing environments such as autonomous driving and real-time robotic
control demand fast inference and precise decision-making. These requirements have
highlighted the potential of reinforcement learning (RL) as a viable solution, which has
been successfully applied in fields like gaming, robotics, and industrial automation [1-6].

In particular, deep learning-based off-policy methods such as the Deep Q-Network
(DQN) [7] are considered practical due to their ability to reuse previously collected data
during training, thereby achieving high sample efficiency even under limited interactions
with the environment [8-11].

However, most existing RL models rely only on instantaneous observations, limiting
their ability to capture temporal continuity and contextual cues related to state transitions.

To address these challenges, time-series encoders based on recurrent neural networks
(RNN), long short-term memory (LSTM) networks, and Transformer architectures have
been incorporated into RL models to improve their ability to capture temporal depen-
dencies [12-17]. Nevertheless, these models still exhibit structural and computational
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limitations, especially in environments characterized by high state transition rates or strict
real-time processing requirements.

While prior works have incorporated temporal encoders—such as recurrent, attention-
based, and latent-state models—to improve decision-making under partial observability,
many rely on storing and reusing compressed latent representations in the replay buffer.
Such reuse can lead to temporal misalignment between the encoder and the value estimator,
as stored features may no longer reflect the agent’s current perception of the environment.
Moreover, although some methods compute Q-values over entire sequences, action selec-
tion typically depends only on the most recent latent vector. This reliance on compressed
latent vectors may cause information degradation and reduce robustness, especially in dy-
namic environments with frequent state transitions, where the stored latent representations
become stale and inconsistent with the current policy.

To overcome these limitations, we propose an architecture that integrates the state
space model (Mamba-SSM) into the DQN framework. Additionally, we introduce a training
strategy called full state sequence replay (FSSR), in which entire observation sequences
are re-encoded at each training step using the most recent network parameters. By dis-
carding outdated vectors and reconstructing them from raw inputs, this method ensures
temporal alignment between the encoder and the Q-value estimator. Unlike conventional
approaches that emphasize efficiency through latent vector reuse, our strategy prioritizes
structural consistency and temporal alignment, aiming to preserve the fidelity of learned
representations in dynamic environments.

The main contributions of this study are as follows:

*  We propose an architecture that integrates the Mamba-SSM into the DQN framework
to enhance temporal representation.

¢  We introduce a learning strategy for Mamba-DQN, based on FSSR, which re-encodes
state sequences during training to preserve temporal alignment between the encoder
and the value function.

*  We empirically demonstrate the effectiveness of our approach through comparative eval-
uations and policy performance improvements across multiple dynamic environments.

e We formulate a unified design philosophy that prioritizes temporal consistency and
structural alignment over latent reuse, providing a higher-performing alternative to
existing methods for incorporating temporal dependencies.

2. Related Work
2.1. Deep Recurrent Q-Network

In Partially Observable Markov Decision Process (POMDP) environments, reinforce-
ment learning models that rely solely on single-step observations suffer from reduced
state estimation accuracy due to the lack of temporal information. The Deep Recurrent
Q-Network (DRQN) [18] was proposed to address this limitation by integrating LSTM [19]
into the conventional DQN architecture.

In the DRON structure, the first fully connected layer of the original DON is replaced
with an LSTM module, enabling the model to retain temporally continuous observation
information in memory and utilize this information for more accurate state estimation.

In the same study, a POMDP environment was simulated by applying probabilistic
frame masking, referred to as flickering conditions, to Atari game environments. The
experimental results demonstrated that the DRQN effectively integrates temporal informa-
tion, enabling stable policy learning even under observation loss conditions. Furthermore,
DRON achieved more generalized representation learning capability compared to ap-
proaches based on frame stacking and demonstrated improved policy performance relative
to conventional DQN models.
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2.2. Deep Transformer Q-Network

The Deep Transformer Q-Network (DTQN) [20] applies a self-attention-based Trans-
former architecture to encode temporal information in partially observable environments.
To address the inherent limitations of recurrent architectures, such as LSTM and gated recur-
rent unit (GRU), including restricted parallelism and instability during training, the DTQN
adopts an architecture that integrates a Transformer decoder with positional encoding [21].

This design enables the model to encode the entire sequence of observations and
estimate Q-values for each time step. In the proposed architecture, the action is selected
based on the output at the most recent time step; however, during training, an intermediate
Q-value prediction strategy is applied, in which Q-values for all time steps are computed
to improve the learning efficiency.

The performance of the DTQN was evaluated in various environments, including
Gridverse, Hallway, Memory Cards, and Car Flag. The experimental results demonstrated
that the DTQN outperforms conventional methods such as the DRQN, DQN, and Attention-
Q in terms of both learning speed and final policy performance. These findings confirm
that the Transformer architecture is highly effective in capturing the global characteristics
of temporal information in reinforcement learning tasks.

2.3. Mamba-DQN Adaptively Tunes Visual SLAM Parameters Based on Historical
Observation DQN

An architecture was proposed that incorporates a Mamba-SSM into the DQN frame-
work to optimize the hyperparameters of visual simultaneous localization and mapping
(Visual SLAM) systems using reinforcement learning [22]. In this approach, the action
space is defined based on parameters of ORB-SLAM3, and temporal observation informa-
tion is integrated through the Mamba block, enabling Q-value estimation that reflects the
temporal context.

The proposed method demonstrated superior performance compared to conventional
SLAM techniques in terms of both localization accuracy and computational efficiency, as
validated through experiments conducted on the EuRoC Micro Aerial Vehicle (EuRoC
MAV) and Technical University of Munich Visual-Inertial (TUM-VI) datasets.

Building upon this architectural foundation, the present study applies the temporal
modeling capability of Mamba-based state space models to policy learning in general
reinforcement learning environments. In particular, the impact of effectively embedding
temporal information on policy stability and learning efficiency is experimentally evaluated
in representative dynamic environments characterized by high state transition rates.

3. Materials and Methods
3.1. Proposed Architecture

This section describes the overall architecture of the proposed Mamba-DQN frame-
work and the computational relationships among its four primary components.

Figure 1 illustrates the architecture in which data generated through agent-environment
interaction are sequentially processed by the Mamba-SSM, the DQN, and the experience
replay bulffer.

Each module performs a distinct role: encoding full state sequences to capture tem-
poral dependencies, estimating action values, learning the policy, and reusing past ex-
periences. The data flow among these components forms a cyclic process that enables
continuous learning.

The environment provides the agent with observable state sequences and returns
rewards and next states according to the agent’s selected actions. The system receives a
state sequence of length determined by a tunable hyperparameter and feeds it into the
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time-series encoder, the Mamba-SSM-based model. The Mamba-SSM selectively updates
its internal states to capture temporal dependencies, producing a sequence representation
z; that is passed to the DQN to estimate Q-values for each action and select the final action
via the epsilon-greedy policy.

State Sequence Q-Value
Input Computation

Action Selection
Policy

|_

Replay buffer
'...1..........................1............f...... F
" "

L] - :
: £ . R tion Interf: Sample Batch Provision : u
H xperience Reception Interface Operation Interface i
- Lo |
"

| [ | i
H Data Storage Priority Update : .
- , , : -
: Buffer Management Push Operation Priorities : |

ul
'------------------1------1------------------------f "

DQN Mamba-ssm

Input Reception

I

Latent Vector Generation
/ Selection

Experience Next State Target Q e Input Preprocessing
Batch Reception Encoding Calculation : and Embedding
. : 1
"
Parameter Loss Current Q —t Mamba Core
Update Computation Calculation . Processing
] 1

Target Net Sync TD-Error Output

Output Delivery

Action Output

-IIIIIIIIIIIII*IIIIIIIIIIIII

1l

Figure 1. Overall architecture of the Mamba-DQN framework integrating a Mamba-SSM encoder,
temporally aligned Q-value estimation, and FSSR with TD-priority sampling.

The selected action is transmitted to the environment, which executes the action and
returns the corresponding reward, the next state, and termination information. The agent
then constructs the next state sequence by appending the new state to its temporal window.
This process forms a single transition experience (containing the full raw state sequences
for the current and next steps), which is stored in the experience replay buffer.

For training, the replay buffer samples a minibatch of stored experiences with priority
based on the temporal-difference (TD) error. The DQN re-processes these raw sequences to
compute the target and current Q-values, and the loss is calculated from the resulting TD
error. Finally, the newly calculated TD errors are fed back to the replay buffer to update
each experience’s sampling priority.

The primary functions of each module are summarized as follows:
¢  Environment: Provides state information and rewards.

*  Mamba-SSM: Encodes the entire state sequence to generate a representation that
captures temporal dependencies for action selection.

*  DQN: Selects actions based on the input sequence representation. For learning, it
re-encodes the entire state sequences sampled from the replay buffer using the FSSR
strategy with the most recent network parameters to ensure temporal alignment
between the encoder and the value estimator. It then updates its parameters to
minimize the loss, with periodic synchronization of the target network.

*  Replay buffer: Stores transition experiences and improves sample efficiency through
TD error-based probabilistic sampling.

The proposed framework is designed to maintain temporal alignment and structural
consistency by re-encoding full state sequences during training. This process integrates
temporal information into policy learning and improves both representational capacity and
sample efficiency compared to conventional DQN architectures.
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3.2. Reinforcement Learning Procedure

Figure 2 illustrates the training pipeline of the proposed Mamba-DQN framework.
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Figure 2. Equation-based learning procedure and module interaction structure of the
Mamba-DQN framework.

The learning process consists of four main components: temporal encoding using the
Mamba-SSM, action selection and value estimation via the Q-network, experience storage
and replay, and parameter updates based on TD errors and prioritized sampling.

At each time step ¢, the Mamba-SSM encodes the current state sequence s; into a latent
vector z;, which is then used for action selection:

z; = Mamba(s; 6). (1)

The agent’s experience, consisting of the full state sequence and transition information,
is stored in the replay buffer D. Unlike a latent-replay strategy, our approach stores the
raw state sequences to ensure learning stability.

D = {(St/ at,rt, St-‘rl/dt)} (2)

During training, a batch is sampled from D.

To ensure that the Q-value estimations are always based on the most up-to-date net-
work parameters, our method re-processes the full state sequences for both the current
and target Q-value calculations. The TD target y; is calculated by feeding the next-state se-
quence s;11 into the target network Q(-,-;67). Similarly, the current Q-value is determined
by feeding the current state sequence s; through the main network Q(-, -; 6).

This process defines the TD error d;:

Yr =1+ 7 max Q(s¢41,a567), 3
Ot =yt — Q(st,at;0). (4)

Each sample’s priority p; is then updated based on the absolute TD error, ensuring
that more informative transitions are sampled more frequently:

pi = (10| +¢)". 5)

This FSSR approach, while computationally more intensive, ensures that the gradient
updates for both the Mamba encoder and the Q-value head are always consistent with
the current network state. This design choice prioritizes faster convergence and higher
performance over the potential memory efficiency gains from reusing stale latent vectors.
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3.3. Experimental Environment and Settings

To comprehensively evaluate the temporal encoding performance and policy learn-
ing effectiveness of the proposed Mamba-DQN architecture, three RL environments with
fundamentally different characteristics were employed as experimental platforms. The
environments differ in observation structure, reward density, and policy response require-
ments. They were selected to verify the generalization performance of the proposed model
across diverse temporal dynamics.

The first environment is Highway-fast-v0, a highway driving simulation environ-
ment [23]. It imposes complex learning conditions characterized by frequent state tran-
sitions, multiple heterogeneous dynamic factors, and strict real-time decision-making
requirements. The agent receives a 25-dimensional numerical state vector containing
information about both the ego vehicle and surrounding vehicles. This vector includes
speed, position, lane index, and relative distances and velocities. The input is provided as
structured numerical values rather than visual images. The action space consists of five
discrete actions: maintaining speed, accelerating, decelerating, changing to the left lane,
and changing to the right lane.

The second environment is LunarLander-v3, characterized by sparse rewards and
challenging policy convergence [24]. This environment involves a two-dimensional landing
control problem under gravity, where the state is represented as an 8-dimensional continu-
ous vector containing position, velocity, and landing angle information. The action space is
defined by four discrete actions corresponding to the main thruster and left/right direc-
tional thrusters. Due to sparse rewards and highly dynamic interactions, this environment
serves as a meaningful benchmark for evaluating temporal information representation and
policy stability.

The third environment is the Atari 2600 Pong environment from the Arcade Learning
Environment [25]. Unlike the previous two tasks, Pong provides high-dimensional visual
observations in the form of 210 x 160 RGB pixel frames, which are converted to grayscale
and downsampled before being processed by a convolutional encoder. This configuration
enables the evaluation of the generalization capability of the proposed architecture in
convolutional feature extraction contexts. Owing to the visual nature of the input and the
sparse reward signal—occurring only when a point is scored—this environment serves as
a challenging benchmark for verifying whether the proposed Mamba-DQN framework,
when combined with a convolutional front-end, can maintain temporal consistency and
policy stability across non-vector observation modalities.

In all experiments, Mamba-DQN employed a fixed-length state sequence as the en-
coder input, where the sequence length T was defined as a tunable hyperparameter rather
than a fixed constant. This design enables the agent to incorporate the most recent T states,
including the current time step, into the decision-making process. Formally, the input
sequence at time step t is defined as

sieq ={s;_741,---,5t} € RTxinput_dim_ (6)

The Mamba encoder compresses the input sequence into a state sequence encoding
that encapsulates temporal dependencies for action selection, while raw state sequences
are stored in the replay buffer and re-encoded at training time using the current network
parameters to ensure temporal consistency during learning.

Figure 3 illustrates how the Mamba encoder generates state sequence encodings from
recent observations for online decision-making, while learning is performed using freshly
encoded sequences retrieved from the buffer.
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Figure 3. State sequence encoding process using the Mamba encoder, which transforms recent
observations into temporally aligned representations for action selection and learning.

The following section details the hyperparameter configurations used in all experi-
ments to ensure fair and consistent comparisons across models.

3.4. Hyperparameter Configuration

All experiments were conducted under identical environmental conditions and learn-
ing protocols to ensure fair comparisons. The four model architectures compared in this
study are DQN, LSTM-DQN, Transformer-DQN, and Mamba-DQN. The state represen-
tation, Q-network structure, and reward function were kept consistent across all models,
with only the time-series encoder varied. Table 1 summarizes the key hyperparameters
and input configurations for all models.

Table 1. Key hyperparameter settings and training environment configurations for all comparative
models. The sequence length parameter T, a tunable hyperparameter, was fixed at 10 for the
Highway-fast-v0 and LunarLander-v3 environments and 4 for the Atari 2600 Pong environment.

Parameter Value
DQN sequence length (T) -
LSTM-DQN sequence length (T) 10/4
Transformer-DQN sequence length (T) 10/4
Mamba-DQN sequence length (T) 10/4
Gradient clipping threshold 0.1/0.5/1.0
Learning rate 5x10~*

All models used the same learning rate, discount factor, batch size, replay bulffer size,
and other relevant hyperparameters to ensure strict control of experimental conditions.
By isolating the time-series encoder as the only architectural difference, this experimental
design enables a quantitative evaluation of how temporal sequence modeling affects policy
learning performance.
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4. Results
4.1. Experimental Setup

To comprehensively evaluate the performance of Mamba-DQN, experiments were
conducted in three distinct environments: Highway-fast-v0, LunarLander-v3, and Atari
2600 Pong. The Highway-fast-v0 environment, featuring frequent state transitions in
autonomous driving simulations, served as the primary benchmark for structural and
hyperparameter analyses. In contrast, the LunarLander-v3 environment, characterized
by sparse rewards and high control complexity, was employed to assess the model’s
generalization capability.

Smoothed total reward and TD loss were used as the primary evaluation metrics,
where smoothing was applied for visualization purposes. For Highway-fast-v0, the perfor-
mance was averaged over steps 200 to 20,000 to exclude the initial exploration phase, while
for LunarLander-v3, hyperparameters derived from the Highway-fast-v0 environment
were applied without modification, and the performance was averaged over steps 10,000
to 200,000.

To further evaluate the generalization capability of Mamba-DQN in a visually rich and
dynamic environment, experiments were conducted in the Atari 2600 Pong environment.
Pong is characterized by dense rewards and fast-paced two-dimensional spatiotempo-
ral dynamics. All models were trained for 1,500,000 steps and were used to assess the
generalization performance in a pixel-based visual input environment.

All models were trained five times independently under identical hyperparameter
settings, and the average results were reported to ensure statistical reliability. Experiments
were conducted on an Ubuntu 22.04 system equipped with an NVIDIA RTX 3050 Laptop
GPU (MSI Sword 15 A12UC, MSI, Taipei, Taiwan), Mamba-SSM version 2.2.5, Causal-
ConvlD version 1.5.2, and PyTorch version 1.12. The random seed was fixed to 42 to
ensure reproducibility.

4.2. Comparative Evaluation with Baseline Models

In this section, the policy learning performance of Mamba-DQN is quantitatively
compared to conventional DQN-based models. For each model, gradient clipping thresh-
olds of 0.1, 0.5, and 1.0 were tested, and five independent training runs were conducted
under identical environmental conditions. The average smoothed reward and TD loss were
computed for each setting, and the clipping coefficient that yielded the best performance
was adopted as the optimal value for each model. Based on these optimal conditions, the
policy learning efficiency and stability of Mamba-DQN were compared with those of the
baseline models.

Table 2 summarizes the performance results for each model in the Highway-fast-v0
environment. Mamba-DQN outperformed all baseline models in terms of both average
smoothed reward and TD loss. Specifically, with a gradient clipping coefficient of 0.5,
Mamba-DQN achieved an average reward of 20.9864, showing a 26.1% improvement over
DQN, and a TD loss of 0.0207, indicating an 84.9% reduction relative to DQN.

These results suggest that the structural design of Mamba-DQN, which effectively
captures temporal dependencies and selectively integrates important experiences into
learning, contributes positively to both convergence speed and performance.

Figure 4 presents the smoothed reward convergence curves for each model. The results
show that Mamba-DQN achieves faster reward improvement during the early training
stages and maintains the highest average reward throughout the training process.

Figure 5 presents the TD loss trends for each model in the Highway-fast-v0 envi-
ronment. Mamba-DQN maintained lower TD errors from the early training phase and
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consistently exhibited reduced TD loss values throughout training, reflecting improved
temporal representation and policy updates enabled by full state sequence re-encoding.

Table 2. Performance comparison in Highway-fast-v0 under fixed hyperparameter settings. t-test
results are computed against Mamba-DQN with Clipping = 0.5 as the reference.

Model Clipping Max Min Mean+Std #-Stat p-Value Cohen’sd
Mamba-DQN 1.0 1992 16.28 1752+145 -2.808 0.0275 -1.776
Mamba-DQN 0.5 24.08 1820 20.99 +2.34 - - -
Mamba-DQN 0.1 2236 1719 20.06 +£2.51 —0.606 0.5612 —0.383
LSTM-DON 1.0 1588 11.00 1290+195 —5.938 0.00039 —3.756
LSTM-DQN 0.5 13.66 976 1229+ 151 —6.973 0.00024 —4.410
LSTM-DQN 0.1 1449 1098 12.64+131 —6.954 0.00036 —4.398
Transformer-DQN 1.0 2046 1427 16.63 £242 —-2.890 0.0202 —1.828
Transformer-DQN 0.5 17.80 13.68 1582+ 150 —4.150 0.00455 —2.625
Transformer-DQN 0.1 19.16 1496 16.66+1.63 —3.393 0.0112 —2.146
DQON 1.0 1987 1422 1647 +215 -3.179 0.01315 —2.010
DON 0.5 1872 1455 16.64+1.63 3410 0.01098 —2.157
DON 0.1 1750 1370 15.87 +£1.50 —4.114 0.00476 —2.602
2251 Model

2001 — DQN
o — LSTM
5 1751 MAMBA NA\(“?WNM
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Figure 4. Comparison of smoothed reward curves for each model in the Highway-fast-v0 environ-
ment. All models were trained five times under identical settings, and a smoothing factor of 0.9 was
applied. Mamba-DON consistently achieved the highest reward across all training steps, indicating
both faster convergence and reduced variance in reward.
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Figure 5. Comparison of TD loss trends for each model in the Highway-fast-v0 environment.
Mamba-DQN consistently achieved the lowest loss across all training steps, with particularly rapid
convergence observed between 5000 and 15,000 steps. This result reflects the structural advantages of
the proposed model in enhancing value estimation accuracy and overall training stability.

To further evaluate the generalization capability and environment-agnostic per-
formance of the proposed architecture, additional experiments were conducted in the
LunarLander-v3 environment using the same unmodified hyperparameter settings. This
environment is characterized by sparse rewards and complex physical dynamics, making
it suitable for assessing temporal representation capability and learning stability.
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Table 3 summarizes the performance of all models in the LunarLander-v3 environ-
ment under fixed hyperparameter settings. Mamba-DQN (Clip 1.0) achieved the highest
maximum reward (236.56), indicating a significantly higher performance ceiling than the
baseline models. However, this peak performance came at the cost of stability; a single out-
lier run with a large negative reward heavily skewed the mean, resulting in a performance
distribution with high variance (Std: 109.78).

Table 3. Performance comparison in LunarLander-v3 under fixed hyperparameter settings. ¢-test
results are computed against Mamba-DQN with Clipping = 1.0 as the reference.

Model Clipping Max Min Mean + Std t-Stat p-Value  Cohen’s d
Mamba-DON 1.0 236.56 —15.33 139.46 + 109.78 - - -
Mamba-DON 0.5 125.15 —168.14 9.65 + 108.24 —1.883 0.0965 -1.191
Mamba-DQN 0.1 110.55 0.28 65.05 + 41.81 —1.416 0.2144 —0.896
LSTM-DQN 1.0 116.64 60.07 99.60 + 23.34 —0.794 0.4681 —0.502
LSTM-DQN 0.5 197.92 24.66 111.37 £ 78.18 —0.466 0.6549 —0.295
LSTM-DOQN 0.1 191.52 79.87 145.05 + 42.76 0.106 0.9195 0.067
Transformer-DQN 1.0 179.30 14.7283 79.31 + 60.75 —0.2739 0.7927 —0.1732
Transformer-DQN 0.5 144.14 61.75 92.11 + 35.28 —0.918 0.4021 —0.581
Transformer-DQN 0.1 166.61 —20.06 54.72 £+ 90.02 —1.335 0.2201 —0.844
DON 1.0 66.74 -3.71 27.40 £+ 26.57 -2.219 0.0837 —1.403
DON 0.5 2.68 —56.02 —12.02 + 24.95 —3.009 0.0349 —1.903
DOQN 0.1 - - - - - -

Figure 6 presents the smoothed reward convergence curves for each model in the
LunarLander-v3 environment. The results indicate that Mamba-DQN achieves faster
reward improvement during the early training phase and reaches convergence after ap-
proximately 175,000 steps.

100 A

g Model
2 0 —— DQNL.0
24 MAMBA1.0
% —— Transformer0.5
Q —100 - —— Istm0.1
ey —— lunarlender_no_per
w

—200 A

T T T T T T T T
0 25,000 50,000 75,000 100,000 125,000 150,000 175,000 200,000
Training Step

Figure 6. Smoothed reward convergence curves in the LunarLander-v3 environment. Mamba-
DQON achieves faster reward improvement and converges to a reward of 200 after approximately
175,000 steps compared to baseline models.

Figure 7 shows the TD loss trends for each model. The results show that Mamba-DQN
maintains lower TD loss after convergence.

Previous studies have reported that in the LunarLander-v3 environment, DQN-based
models typically require at least 500,000 training steps to achieve convergence, especially
when the initial policy performance is low [26,27].

In comparison, Mamba-DQN achieved policy convergence and competitive reward
levels within approximately 200,000 training steps in the same environment. These results
indicate that the proposed time-series encoding architecture improves state representation
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and enables effective priority-based sample selection during the early stages of training,
thereby facilitating more efficient policy learning with reduced sample requirements.

L.75 1 Model
1.50 —— DQN1.0
" MAMBAL.0
2 1.251 = Transformer0.5
d 1.00 = |stm0.1
5 w v-\
8 0.75 A
o
w 0.50 1
0.25 A
0.00 -

T T T T T T T T
25,000 50,000 75,000 100,000 125,000 150,000 175,000 200,000
Training Step

Figure 7. TD loss trends in the LunarLander-v3 environment. Mamba-DQN maintains low TD
loss after convergence, indicating improved training efficiency and robustness compared to the
baseline models.

To further assess the generalization capability of Mamba-DQN in a high-dimensional
visual domain, additional experiments were conducted in the Atari 2600 Pong environ-
ment. Atari 2600 Pong is characterized by dense rewards and fast-paced two-dimensional
spatiotemporal dynamics, requiring both effective temporal modeling and visual feature
extraction. For all models, a CNN-based preprocessing module was integrated to process
raw pixel observations, while all other hyperparameter settings remained identical to those
used in the previous experiments.

For the pixel-based Atari 2600 Pong environment, the gradient clipping coefficient
was fixed at 1.0. This decision was guided by results from the other two environments,
where a coefficient of 1.0 consistently yielded training and competitive performance. As the
Pong experiment was intended to evaluate the proposed architecture’s generalization to
high-dimensional visual inputs, we selected a representative and well-performing setting
rather than conducting exhaustive hyperparameter tuning.

Although this setting was not individually optimized for each model, the results
demonstrate that Mamba-DQN retains its performance advantages in a visually rich and
dynamic environment. Each model was trained for 1,500,000 steps, and evaluation was
based on smoothed average reward and TD loss. These results are presented in Table 4.

Table 4. Performance comparison in Atari 2600 Pong under fixed hyperparameter settings. t-test
results are computed against Mamba-DQN as the reference. A dash (-) indicates that the model
either failed to converge (average reward below zero across all runs) or exhibited no variation in
performance, making statistical comparison invalid.

Model Max Min Mean +Std #-Stat p-Value Cohen’sd
Mamba-DQN 11.63 927 1063 +1.22 - - -
LSTM-DQN 10.08 7.57 9.01+129 -1574 0.1909 —1.285
DQN - - - - - -

Transformer-DQN - - - - - _

Figure 8 presents the smoothed reward convergence curves for each model in the Atari
2600 Pong environment. The results indicate that Mamba-DQN achieves faster reward
improvement during the early training phase and reaches convergence after approximately
900,000 steps.
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Figure 9 shows the TD loss trends for each model in the Atari 2600 Pong environment.
The results demonstrate that Mamba-DQN maintains lower TD loss after convergence.

Prior studies have reported that in the Atari 2600 Pong environment, DQN-based
models typically require up to 50 million training steps [7] to achieve convergence. In
contrast, Mamba-DQN achieved faster policy convergence and competitive reward levels
within approximately 1.5 million training steps in the same environment. These results indi-
cate that the proposed architecture improves state representation and effectively facilitates
policy learning.

Model
—— DQN
LSTM-1.0
] =—— MAMBA-1.0
= Transformer

=
o
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Episodic Reward
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Figure 8. Smoothed reward convergence curves in the Atari 2600 Pong environment. Mamba-DQN
achieves faster reward improvement and reaches convergence after approximately 900,000 steps.
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Figure 9. TD loss trends in the Atari 2600 Pong environment. Mamba-DQN maintains low TD
loss after convergence, indicating improved training efficiency and performance compared to the
baseline models.

The experiments in each proposed environment were designed to evaluate the gener-
alization capability and environment-agnostic applicability of the proposed architecture.
Each environment, characterized by sparse reward signals and high control complexity,
was employed to assess the ability of the proposed architecture and learning method to
achieve policy convergence under such conditions.

In summary, the proposed Mamba-DQN demonstrated consistent performance across
environments with different reward densities and state transition dynamics. These re-
sults confirm that the proposed time-series encoding-based learning strategy facilitates
faster policy convergence and enhances the generalization capability of reinforcement
learning policies.

4.3. Ablation Study on the Structural Components of Mamba-DQN

The ablation experiments were conducted with different component removal settings

for each environment.
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For the 1D signal-based environments, namely LunarLander-v3 and Highway-fast-v0,
two ablated variants were evaluated: (i) a model without PER [28] and (ii) a model without
the Mamba-SSM encoder. The performance of these variants was compared against the full
Mamba-DQN containing all components.

For the 2D image-based Atari 2600 Pong environment, two different ablations were
performed: (i) a model without the Mamba-SSM encoder and (ii) a model in which the
replay buffer was modified to store only the last state of each sequence while still providing
sequence inputs to the network. These variants were compared with the full Mamba-DQN
to assess the impact of each component.

Table 5 shows that removing the Mamba-SSM encoder leads to complete failure in
learning, as indicated by rewards consistently near —20. Modifying the replay buffer to
store only the last state of each sequence results in a significant performance drop (p < 0.05)
and a large negative effect size (Cohen’s d = —3.70), confirming the importance of full
sequence context in image-based environments.

Table 5. Ablation study results for Mamba-DQN in Atari 2600 Pong. t-test results are computed
against the Full Model as the reference. A dash () indicates convergence failure or inapplicable
statistical comparison.

Variant Max Min Mean + Std t-Stat  p-Value Cohen's d
Full Model 11.63 9.27 10.63 £ 1.22 - - -
Last-State Buffer 127 -1020 -478+576 —4.531  0.0386 —3.700

Encoder Removed —19.82 —-20.59 —-20.10+0.42 —41.120 0.00014 —33.574

As shown in Table 6, removing PER causes a substantial degradation in performance,
with the average reward dropping to —185.40 and p < 0.01 compared to the full model.

Table 6. Ablation study results for Mamba-DQN in LunarLander-v3. f-test results are computed
against the full model as the reference. A dash (-) indicates convergence failure or an inapplicable
statistical comparison.

Variant Max Min Mean + Std t-Stat p-Value Cohen’s d
Full Model 236.56 —15.33 139.46 + 109.78 - - -

No PER —138.92 —288.45 —185.40+60.09 —5.804 0.00102 —3.671
Encoder Removed  2.68 —56.02 —12.02 +2495 -3.009 0.0349 —1.903

The removal of the Mamba-SSM encoder also reduces the performance significantly
(p < 0.05), highlighting that both prioritized sampling and the encoder contribute to 1D
signal-based tasks.

Table 7 shows that the removal of the PER results in only a minor statistically insignif-
icant change (p = 0.374), indicating that the PER has less influence in this environment.
However, removing the Mamba-S5M encoder produces a significant decrease in perfor-
mance (p < 0.05), confirming the encoder’s role in achieving higher rewards in high-speed
navigation tasks.

Table 7. Ablation study results for Mamba-DQN in Highway-fast-vO0. t-test results are computed
against the full model as the reference. A dash (-) indicates convergence failure or an inapplicable
statistical comparison.

Variant Max Min Mean +Std  #-Stat p-Value Cohen’sd
Full Model 24.08 1820  20.99 £ 2.34 - - -
No PER 21.35 1622  19.68 +2.03 —0.943 0.3736 —0.597

Encoder Removed  18.72 1455 16.64 +£1.63 —-3.410 0.0110 —2.157
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Across all environments, the Mamba-SSM encoder emerges as the most critical com-
ponent, with its removal consistently resulting in statistically significant performance
degradation and large negative effect sizes.

While the PER contributes substantially in environments with sparse or high-
variance rewards such as LunarLander-v3, its impact is less pronounced in highway-
driving scenarios.

In the image-based Atari 2600 Pong task, both the encoder and the use of a full
sequence replay buffer are essential for successful learning, with their removal leading to
severe performance drops or complete training failure.

These findings validate that both architectural design and sampling strategy are
environment-dependent and that the proposed full Mamba-DQN configuration offers the
most robust performance across diverse task types.

4.4. Summary and Implications

Based on the comprehensive experimental evaluation, including both comparative
and ablation studies, the results demonstrate that Mamba-DQN achieves strong perfor-
mance, often outperforming baseline models across diverse environments. Although the
performance gains were not universally statistically significant, Mamba-DQN exhibited
clear advantages, with most configurations showing statistically significant improvements
(p < 0.05) in both smoothed average reward and TD loss.

These performance gains stem from the architectural characteristics of Mamba-DQN.
The Mamba-based time-series encoder efficiently compresses temporal dependencies, even
with short input sequences, while the use of full state sequence re-encoding at each training
step ensures temporal representations remain consistent with the current network param-
eters. This design promotes coherent Q-value estimation and mitigates representational
drift during training.

Consequently, Mamba-DQN shows strong applicability to dynamic environments
with frequent state transitions, where temporal alignment and accurate value estimation are
critical for policy convergence. In summary, the proposed architecture integrates temporal
abstraction, structural consistency, and training efficiency, offering strong potential for
effective and transferable reinforcement learning performance.

5. Discussion

The empirical results demonstrate the potential of Mamba-DQN to improve policy
learning efficiency, accelerate convergence, and enhance overall performance across rein-
forcement learning tasks with diverse temporal dynamics and reward structures.

The proposed architecture often outperformed baseline models, achieving faster con-
vergence and lower TD loss in most environments without requiring additional hyperpa-
rameter tuning.

These findings indicate that Mamba-DQN possesses strong robustness, generalization
capability, and adaptability to a broad range of environments, including those demanding
rapid decision-making or long-term credit assignment.

Analysis of Architectural Trade-Offs in Temporal Modeling

A primary advantage of Mamba-DQN lies in the linear-time complexity of its Mamba-
SSM encoder [29]. This contrasts sharply with conventional temporal models used in
reinforcement learning.

For a sequence of length L and hidden dimension d, LSTM-based models have a com-
plexity of O(Ld?) due to their sequential operations, which limit parallelism. Transformer-
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based models exhibit a complexity of O(L?d) owing to the quadratic cost of global
self-attention.

In contrast, Mamba-SSM achieves linear-time complexity O(Ld) via a selective scan
mechanism that permits parallel computation akin to convolutions, while preserving
temporal recurrence.

This efficiency, summarized in Table 8, makes Mamba-DQN particularly suitable for
real-time environments and long-sequence reinforcement learning tasks.

Table 8. Comparative time complexity of temporal encoders.

Model Architecture Time Complexity Key Characteristic

LSTM-DON O(Ld?) Sequential computation, limited parallelism
Transformer-DQN O(L?d) Quadratic cost from global attention
Mamba-DQN (Ours) O(Ld) Linear-time selective scan

Beyond computational efficiency, Mamba-DQN promotes faster convergence by gen-
erating compressed temporal representations. The Mamba encoder compresses a history of
inputs s;_741,...,5; into a latent vector z; that preserves essential temporal context while
reducing inconsistencies arising from frequent state transitions. This produces smoother
state representations, which in turn yield accurate Q-value predictions Q(z¢, a+;0) and TD
targets y;.

As a result, the variance in the temporal difference (TD) error J; is reduced, leading
to more efficient learning. Lower variance in the TD signal enables gradient updates with
reduced fluctuations, contributing to faster convergence during training.

Empirical evidence for this effect is provided in Figures 5, 7, and 9, where the proposed
Mamba-DQN exhibits consistently lower TD loss and achieves higher rewards with fewer
training steps compared to baseline models. This supports the claim that the latent-state
filtering mechanism contributes to both improved sample efficiency and faster convergence
of the learned policy.

While LSTM-DQN and Transformer-DQN both incorporate mechanisms to capture
temporal dependencies—namely, gated recurrence and global self-attention—their ar-
chitectural properties entail certain trade-offs that affect their adaptability to different
temporal settings.

In particular, when short sequences are used as input, both architectures face represen-
tational constraints. LSTM utilizes gated mechanisms to propagate sequential information
through hidden states, but in short-horizon settings, it may retain redundant or outdated
information, thereby limiting the efficiency of its state encoding [30,31]. Likewise, the Trans-
former’s self-attention uniformly aggregates signals across all time steps, which can dilute
the influence of recent transitions that are more critical for near-term policy updates [32,33].
These limitations may reduce the model’s ability to extract task-relevant temporal patterns
when immediate decision-making is required.

Nevertheless, it is worth noting that in the LunarLander-v3 environment, LSTM-
DQN exhibited performance comparable to that of Mamba-DQN, suggesting that its
gating mechanism can effectively capture recent temporal dependencies in certain short-
horizon settings.

Mamba-DQN addresses the structural limitations of conventional time-series encoder-
based DQN architectures by incorporating the following key features required for effective
temporal processing across diverse environments:

*  First, the linear-time computational structure and selective state summarization mech-
anism enable efficient compression and representation of critical information, even
with short input sequences.
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*  Second, the enhanced temporal representation capability contributes to improved
training stability and accelerated policy convergence, resulting in notable improve-
ments in average reward levels and convergence speed in most tested scenarios.

¢ Third, Mamba-DQN demonstrated strong generalization capabilities by achieving
robust performance across three diverse experimental environments—a high-speed
driving simulation (Highway-fast-v0), a complex control task with sparse rewards
(LunarLander-v3), and a high-dimensional visual domain (Atari 2600 Pong).

It should be noted that this study was conducted exclusively within controlled
simulator-based environments. Real-world factors such as sensor uncertainty, physical
system constraints, and external environmental noise were not considered. Future work
will focus on validating the proposed Mamba-DQN in real-world settings to further assess
its practical applicability.

6. Conclusions

This study proposed Mamba-DQN, an RL architecture that integrates a Mamba-SSM-
based time-series encoder into the DQN framework. The architecture was designed to
address the limitations of LSTM networks and Transformer-based models by enabling
effective temporal information compression within short sequences and enhancing compu-
tational efficiency during policy estimation.

Comprehensive experiments were conducted in the Highway-fast-v0, LunarLander-
v3, and Atari 2600 Pong environments. Across most settings, Mamba-DQN achieved
higher maximum rewards, lower TD loss, and, in many cases, superior average rewards
compared to baseline models, including DQN, LSTM-DQN, and Transformer-DQN. While
LunarLander-v3 showed a slightly higher average reward for LSTM-DQN, Mamba-DQN
maintained a clear advantage in maximum performance, indicating a higher potential policy
ceiling. The selective state summarization mechanism and the linear-time computational
structure of the Mamba encoder enabled efficient temporal information compression under
short sequence conditions. These properties improved the training stability, accelerated the
policy convergence, and facilitated faster policy learning.

These results provide empirical evidence that efficient temporal encoding plays a
critical role in enhancing policy learning performance. Mamba-DQN offers a structurally
simple yet computationally efficient framework with strong temporal representation capa-
bility, making it particularly suitable for control environments characterized by frequent
state transitions and real-time response requirements. The method also provides an alterna-
tive to existing LSTM- or Transformer-based time-series encoders, which often suffer from
information dilution or over-memory effects under short sequence conditions.

Despite these strengths, limitations remain. A key distinction must be made between
training stability and policy stability. While Mamba-DQN demonstrated stable learning
within a single run, evidenced by smooth TD loss reduction, its policy stability across multi-
ple runs was relatively low. This was shown by the noticeable variance in final performance
across runs, indicating that the quality of the converged policy was not consistent. More-
over, all evaluations were conducted in simulated environments, leaving open questions
about robustness to real-world challenges such as sensor noise, environmental variability,
and partial observability.

Future work will focus on the following:

¢ Deploying Mamba-DQN in physical systems (e.g., autonomous driving, UAV naviga-
tion) to evaluate real-world performance.

* Testing robustness under environmental disturbances, including noise, lighting
changes, and dynamic obstacles.
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¢ Investigating strategies to further stabilize policy learning while preserving high-
reward potential.
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