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Abstract
Deep reinforcement learning (DRL) has gained significant at-
tention in autonomous systems, yet its black-box nature and
lack of explainability hinder user trust in safety-critical do-
mains such as autonomous driving. Existing experience re-
play approaches enhance sample efficiency but often fail to
capture the internal causality of training data, leading to a
convoluted training process that is difficult for humans to
explain. In this work, we introduce Experience Replay with
Causal Inference (ERCI), an explainable approach that inte-
grates time series representation and causal inference to of-
fer human-aligned explanations for DRL. Specifically, ERCI
1) introduces a novel multivariate time series representation
to extract explainable Time Series Causal Factors (TSCF)
from experimental data and 2) leverages internal causality in
TSCFs with causal inference as a crucial standard for experi-
ence replay in DRL training. We evaluate ERCI using mul-
tiple baseline algorithms across diverse environments. Re-
sults show that ERCI provides human-aligned explanations
and further improves sample efficiency through enhanced ex-
plainability. Notably, ERCI outperforms other state-of-the-art
approaches by 15% in average performance, highlighting its
effectiveness and generalizability.

Introduction
Reinforcement Learning (RL) enables agents to interact with
the environment iteratively, acquiring an optimal policy to
maximize the cumulative expected reward. However, tra-
ditional RL techniques face limitations in handling high-
dimensional state spaces, generalizing models, and learning
complex tasks. To address these issues, Deep Reinforcement
Learning (DRL) (Mnih et al. 2013) introduces deep neu-
ral networks, which can more effectively manage complex
state representations and action spaces. Despite these ad-
vancements, DRL models are often considered black boxes
(Heuillet, Couthouis, and Dı́az-Rodrı́guez 2021), requiring
extensive interactions to obtain a limited number of effective
samples. Experience replay approaches (Lin 1992) can im-
prove sample efficiency but often fail to capture the internal
causality within the experiences, leading to an inscrutable
training and decision-making process. This inscrutability
makes it difficult for humans to understand and explain DRL
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model decisions in practical applications, thereby limiting
their application scenarios. Particularly in domains such as
autonomous driving, the complex and dynamic road envi-
ronment and potential accident risks demand high explain-
ability of vehicle behavior, which is essential for gaining
user trust in these safety-critical systems.

Therefore, eXplainable Reinforcement Learning (XRL)
has become a research focus, aiming to provide explanations
for model predictions to ensure the reliability of model deci-
sions. Due to the complexity and opacity of neural network
models in DRL, many existing studies focus on post-hoc ex-
plainability for different aspects of XRL (Arrieta et al. 2020;
Heuillet, Couthouis, and Dı́az-Rodrı́guez 2021). These in-
clude representation learning approaches based on states, ac-
tions, and policies (Raffin et al. 2019), simultaneous learning
of policies and explanations (Juozapaitis et al. 2019), multi-
objective learning approaches (Beyret, Shafti, and Faisal
2019; Cideron et al. 2019) based on Hindsight Experience
Replay (Andrychowicz et al. 2017; Beyret, Shafti, and Faisal
2019; Cideron et al. 2019), global reward allocation expla-
nation approaches based on Shapley values (Wang et al.
2020), and explanation approaches based on saliency maps
in image data (Selvaraju et al. 2017). Causal inference (Pearl
and Mackenzie 2018) is an emerging research direction in
the field of model explanation. Unlike traditional statistics,
causal inference is closely related to human cognitive psy-
chology and analyzes events through logical chains, making
it well-suited for explaining decisions (Kuang et al. 2020;
Young et al. 2016). For example, Madumal combined de-
cision trees with causal models to generate counterfactual
explanations (Madumal et al. 2020), and other researchers
have reshaped reward functions to add exploratory rewards,
allowing agents to intervene in behaviors to optimize causal
models (Volodin, Wichers, and Nixon 2020). However, there
is currently a lack of research on explaining the experi-
ence replay process through a causal inference lens, which
presents a significant research gap. Addressing this gap can
enhance the explainability of the model from the perspective
of data sampling, which is fundamental to DRL training.

In addition, the low sample efficiency in DRL remains a
pressing issue. In complex application domains like robotic
control and autonomous driving, DRL requires substantial
interaction experience to update models. This requirement
is often hard to fulfill due to sparse rewards and the imbal-
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anced distribution of observations in large state spaces (Zeng
et al. 2023). Existing approaches such as reward shaping
(Ng, Harada, and Russell 1999), imitation learning (Chris-
tiano et al. 2017), transfer learning (Vecerik et al. 2017), and
meta-learning (Wang et al. 2016) enhance DRL’s sample ef-
ficiency in various ways. The experience replay approach fo-
cused on in this paper thoroughly mines historical samples
to improve sample efficiency by reusing existing experience
data. However, current experience replay approaches often
rely on traditional dimensional correlations and do not fully
leverage the internal temporal and causal information within
historical experiences, which hampers the potential for fur-
ther improvement in sample efficiency.

To solve these issues, this paper proposes an approach
that integrates time series representation and causal infer-
ence to explain the model-free DRL training process in a
way that aligns with human values, which also leverages in-
ternal causality within DRL experience data to improve sam-
ple efficiency. We hypothesize that repetitive ”patterns” in
the DRL training process exhibit temporal and causal cor-
relations. We segment the interaction data into meaningful
patterns, treated as temporal factors, and use causal infer-
ence to establish relationships among them. To integrate the
relationships into the DRL training process, we introduce a
new experience replay architecture that considers the causal-
ity between policy objectives and temporal factors during
experience replay. We explored experiments in several com-
mon DRL environments, demonstrating the explainability,
overall performance, and scalability of our approach. To the
best of our knowledge, this is the first work attempting to
enhance the explainability of experience replay with causal
inference. Our main contributions are as follows:

• We introduce an innovative multivariate time series rep-
resentation approach, which uses two-stage analysis to
extract explainable Time Series Causal Factors (TSCF)
from time series data. It captures the complex internal
causality within the multivariate time series, thereby sim-
plifying the information in long sequences and address-
ing issues of non-uniform time steps.

• We propose Experience Replay with Causal Inference
(ERCI). It’s a novel approach utilizing causal inference
techniques to analyze the causality within historical ex-
perience data and uses causal strength as a key criterion
for sampling in experience replay. This significantly im-
proves the data utilization in traditional experience re-
play, providing a more human-aligned method for agents
to learn strategies and adapt to environments.

• We evaluated the explainability and effectiveness of
ERCI through several experiments. Using the simulator
CARLA, we analyzed overtaking scenarios with causal
models to provide human-aligned explanations. We also
compared our approach with state-of-the-art DRL mod-
els in Highway-Env and Gym environments, particu-
larly showing that ERCI boosts the average score of the
baseline approach by 20.70%. Additionally, we extended
our approach to other experience replay frameworks to
demonstrate its scalability.

Related Work
Multivariate Time Series Representation
The multivariate time series data encountered during DRL
training is highly complex. To enhance the efficiency of
analysis, it is necessary to perform dimensionality reduc-
tion and re-represent the data. Traditional approaches for
representing time series data include piece-wise approxi-
mation, identification of key points, and symbolic repre-
sentation (Wilson 2017). However, these approaches of-
ten modify the original data structure, obscuring crucial la-
tent patterns and lacking explainability. Therefore, we aim
to uncover hidden information through data mining tech-
niques. In the field of pattern recognition, Matrix Profile-
based approaches have shown excellent results (Yeh, Ka-
vantzas, and Keogh 2017). In the clustering field, David Hal-
lac introduced the Toeplitz Inverse Covariance-based Clus-
tering (TICC) algorithm (Hallac et al. 2017), which employs
Markov Random Fields (MRF) to define each cluster within
multi-dimensional time series, ensuring that dimensionality
reduction does not compromise data explainability.

Causal Discovery
Identifying causality is a fundamental issue in time series
data mining. However, the high dimensionality and lengthy
sequences in multivariate time series make this task particu-
larly challenging. Causal discovery algorithms can uncover
potential causality beyond mere correlations. The Granger
causality test, introduced by Clive Granger (Granger 1969),
is a classic technique for determining relationships between
time series dimensions. Other notable algorithms include
the Peter-Clark algorithm (Spirtes and Glymour 1991), and
the Fast Causal Inference algorithm (Spirtes, Glymour, and
Scheines 2000). Building on prior research, the Greedy Fast
Causal Inference (GFCI) algorithm (Ogarrio, Spirtes, and
Ramsey 2016) addresses the influence of unmeasured con-
founders. Independent Component Analysis (Hyvärinen and
Oja 2000) has also been extended to identify causal rela-
tionships in multivariate time series. However, most existing
research focuses on causal relationships between features,
overlooking the internal causality within the time series.

Experience Replay
The formal study of experience replay was initiated by Lin
et al. (1992) and has since been widely applied in various
DRL models (Mnih et al. 2013, 2015; Silver et al. 2014;
Mnih et al. 2016). One issue with uniform random sampling
in classic experience replay is that it masks differences in
correlations between experiences, leading to suboptimal up-
dates. Some studies have improved the experience replay
algorithm to address this deficiency. Schaul et al. (2016)
proposed a Prioritized Experience Replay (PER) algorithm
based on Temporal Difference (TD) error. Andrychowicz
et al. (2017) introduced the hindsight experience replay al-
gorithm, effectively sampling experiences from sparse and
binary rewards. Zhang et al. (2017) observed a significant
impact of large replay buffer size on results and proposed
combined experience replay to mitigate the effects. Fedus
et al. (2020) demonstrated that increasing replay capacity
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Figure 1: Architecture and workflow of ERCI.

and reducing the age of the oldest policy can enhance agent
performance. Sullivan et al. (2023) investigated the impact
of reducing experience replay capacity in Deep Q-learning
agents and visualized experience replay decisions to im-
prove interpretability and resource efficiency in DRL appli-
cations. However, these prior works do not leverage causal
information within experiences and lack human-aligned ex-
planations. Our approach differs by explaining meaningful
time subsequences and enhancing the explainability of expe-
rience replay with a causal inference perspective, applicable
to most DRL models using experience replay techniques.

Methodology
Overview
We used the Actor-Critic (AC) framework (Konda and Tsit-
siklis 1999) as the foundation and optimized the experience
replay process within the standard DRL model. Figure 1 pro-
vides an overview of ERCI, which comprises the following
modules: ❶ Time Series Representation, ❷ Internal Causal-
ity Discovery, and ❸ Explainable DRL Model.

Module ❶ represents the interaction data between the
DRL environment and the agent as a multivariate time series.
Using two-stage clustering, it extracts internal TSCFs and
re-dimensionally represents the data, preserving explainabil-
ity and highlighting significant patterns and trends. Next,
module ❷ employs the do-operator and GFCI algorithm to
uncover causal relationships between the TSCFs that align
with human understanding and calculate causal strengths for
sampling during the experience replay process. Module ❸
describes the DRL training process. The left part involves
the AC architecture, which combines policy learning and
value learning, interacting with the environment and stor-
ing experiences. The critic evaluates the actor’s decisions
and optimizes the model parameters. The right part maps
the causal strengths from module ❷ to the experience replay
pool, optimizes experience weight updates through a cur-
riculum learning strategy, and uses a causal replay weight

tree to enhance sample efficiency, integrating the internal
causality of time series into the experience update process.
The DRL training concludes when it converges or reaches a
specified number of iterations.

Multivariate Time Series Representation
The raw time series typically encompasses extensive infor-
mation. The goal of time series representation is to sim-
plify this complex data into an explainable format. Current
representation algorithms typically require equal-length se-
quences or use approaches like truncation, interpolation, or
padding. However, these approaches may fail to capture the
nonlinear structures and dynamic patterns in the data. Our
work introduces a novel multivariate time series representa-
tion approach. We define time series with action time series
data abstracted from historical actions in DRL, which can
defined as TA = [a1, a2, . . . , an] ∈ Rn×d, where n denotes
the length of TA, ai ∈ Rd is the i-th multidimensional action
vector of TA, and d represents the feature dimension. The
features of time series are {x1, x2, . . . , xd}. We conceptual-
ize time series as a set of discrete, non-overlapping, explain-
able patterns, thereby achieving dimensionality reduction in
storage. These patterns, referred to as TSCFs, collectively
form the set F as defined in Equation 1. Each Fi represents
the i-th segment of the time series.

F = {Fi ⊆ TA | TA =
⋃
i

Fi, Fi ∩ Fj = ∅, i ̸= j}. (1)

In summary, TSCFs are defined as a set of subsequences
with internal semantics and causal correlations. This seg-
mentation approach breaks down the entire dataset into
a series of subsequences, each possessing unique features
and semantically distinct from others. This approach not
only simplifies the complexity of the original time series
but also provides a more explainable foundation for subse-
quent causal inference. To demonstrate the explainability of
TSCFs, we designed a safety-critical overtaking scenario in
the autonomous driving system, as illustrated in Figure 2.
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(a) (b)

Figure 2: Analysis of the overtaking scenario. As shown in
(a), the entire scenario can be divided into four explainable
TSCFs based on the temporal order of actions, whose rela-
tionships can be analyzed as a causal graph in (b).

Suppose we want to trace the causes and avoid similar col-
lisions from a human perspective in future scenarios. In that
case, we should consider slowing down to avoid the collision
in Factor 3 or trace back to the more fundamental cause,
abandoning the overtaking intention in Factor 2. In sum-
mary, meaningful subsequences can make the research re-
sults more explainable. Therefore, we should regard TSCFs
as fundamental units for further utilization and analysis.

To construct the aforementioned TSCFs, we propose a
two-stage representation approach. In the first stage, we use
the TICC algorithm to extract the internal causality within
the time series data, ensuring that the TSCFs have explain-
able features. The TICC algorithm aims to cluster TA into K
clusters, with each cluster represented by a Precision Matrix
(PM) Θi ∈ Rdwi×dwi , where d is the feature dimension of
TA and wi is the sequence length of the i-th TA. The PM, de-
rived from the inverse of the covariance matrix, indicates the
conditional independence structure among different clusters.
Formally, it is defined in Equation 2:

COV(Xi, Xj) = 0⇔ Xi ⊥ Xj | XV \{i,j}, (2)

where Xi represents the i-th cluster in the PM, and V is
the set of all clusters. Based on the expression of MRF,
this problem can be transformed into finding a convergent
L(Θ, P ) as the clustering result Θ by applying sparsity and
temporal continuity constraints to the PM and using maxi-
mum likelihood estimation. The final optimization objective
can be defined as in Equation 3:

L(Θ, P ) = argmin
K∑
i=1

[
∥λ ◦Θi∥1+

∑
Xt∈Pi

(
− ℓℓ(Xt,Θi) + β1{Xt−1 /∈ Pi}

)]
,

(3)

where λ and β are control parameters.
In the second stage, we apply the K-Means algorithm and

Dynamic Time Warping (DTW) measure (Berndt and Clif-
ford 1994) to merge the initial clusters with high similarity

between individual time series samples. We group all subse-
quences from the previous stage, randomly select K ′ subse-
quences as initial cluster centers, and calculate the DTW dis-
tance between each remaining subsequence and each cluster
center, assigning them to the nearest cluster center until the
algorithm converges or reaches the maximum iterations.

The final result is regarded as TSCFs and mapped onto
binary variables. We use the binary variable αi,j ∈ {0, 1} to
represent whether TSCF Fi is present in the time series TA,
where 1 ≤ i ≤ K ′. According to Equation 1, the combina-
tion of all TSCFs forms a complete binary time series.

Internal Causal Inference within Time Series
Our approach focuses on internal temporal correlations and
causality within time series to clarify explainable common
patterns, setting it apart from traditional techniques. We des-
ignate TSCF as the treatment variable to observe its im-
pact on the outcome variable, the reward obtained from each
training iteration in DRL. By employing the GFCI algo-
rithm, we construct a Partial Ancestral Graph (PAG) (Zhang
2008) to aid in the discovery of causal relationships and
use the Bayesian Information Criterion to assess the fit and
complexity of the causal model within the PAG. According
to the PAG definition, there are four types of causal rela-
tionships, with only the type “→” indicating deterministic
causality, while the other three types remain uncertain. Our
internal causal inference approach performs correction and
optimization on each type, as detailed in Figure 3.

Figure 3: Illustration of the optimization process in the PAG
model. The left panel shows TSCFs F1 to F6 and the out-
come variable F7 in binary multivariate time series. The
right panel shows uncertain causal relationships with GFCI
and highlights the optimization results, emphasizing uncer-
tain direct causality e1, temporal uncertainty e2, and bidirec-
tional uncertainty e3.

• Uncertain Direct Causality (A B): For e1, where
F1 and F5 have an uncertain direct causal relationship,
we assume a causal relationship exists to capture all po-
tential factors that might influence reward changes, even
if it includes some non-causal associations.

• Temporal Uncertainty (A B): For e2 between F3

and F4, we calculate the probabilities of F3 occurring be-
fore F4 and vice versa, following the principle of Granger
causality, which asserts that future events cannot causally
influence the past. By evaluating these probabilities. The
variable with the higher likelihood of occurring first is
designated as the causal variable.

• Bidirectional Uncertainty (A ←→ B): For e3 between
F5 and F4, we do not consider bidirectional relationships
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but focus on identifying unidirectional causal relation-
ships that are more likely to affect the study outcomes.

For the optimized PAG graph, we select all paths ending at
the outcome variable F7 and intervene on all variables along
those paths to calculate their causal strength with F7. If there
are indirect causal relationships between the treatment vari-
ables and F7, we traverse all existing edges between them,
aggregating their causal strengths to determine the overall
causal strength. This approach aims to address the limita-
tions of binary variable representation in capturing temporal
sequences, thereby providing a more detailed and human-
aligned causal inference in multivariate time series.

Experience Replay Model with Causal Inference
From a human perspective, as shown in Figure 2 for the
overtaking scenario, altering the decision-making process of
Factor 3 could prevent accidents. Additionally, modifying
Factor 2 to account for a failed left turn would preclude Fac-
tor 3, thus avoiding the accident. Similarly, from the per-
spective of a DRL agent, placing greater emphasis on Factor
2 in this scenario can significantly benefit the DRL training
process, minimizing reward penalties due to accidents.

In DRL, experience data is defined as the sequence
(st, at, rt, st+1), where st is the state, at is the action, rt
is the reward, and st+1 is the next state. We extract actions
and rewards temporally from the experience replay buffer
to construct an action time series for each training episode.
Using the proposed time series representation approach, we
can extract the TSCF set, which serves as the treatment vari-
ables in the internal causal inference process within the time
series. To adapt to DRL, the outcome variable in the PAG is
adjusted to cumulative reward returns.

First, consider the causal strength of a single path from
treatment node A to outcome node R. Let τi represent the
causal strength of the i-th edge in the path. The causal
strength of the path τpath is given by Equation 4:

τpath =
∏
i

τi. (4)

The total causal strength τA→R from A to R is the sum of
the causal strengths of all possible paths P , as defined in
Equation 5:

τA→R =
∑

path∈P
τpath. (5)

Next, to leverage this causal relationship in DRL, we en-
hance the experience replay sampling algorithm by using
τA→R as a measure of experience sampling priority. Each
experience in the replay buffer is assigned a correspond-
ing causal strength value through the aforementioned cal-
culation. To ensure all experiences have an opportunity to
be sampled during training and avoid prolonged sampling
from local regions, we apply the softmax function to trans-
form the causal strengths into “causal weights” wi, where
wi ∈ (0, 1). During model updates, experiences are priori-
tized based on these causal weights, enhancing the efficiency
of weighted experience sampling.

Finally, to adapt to the increasingly complex training pro-
cess in the DRL environment, we use a curriculum learning
strategy to update the experience weights. Initially, higher
causal weights are assigned and gradually reduced, enhanc-
ing initial training efficiency. Over time, this approach shifts
the model’s focus to new samples. This process is governed
by a hyperparameter µ, calculated as Equation 6:

µ =
1

ϵm
η
√
ϵ2m − ϵ2c , (6)

where ϵm denotes the maximum number of training epochs,
ϵc represents the current number of training epochs, and
η stands for the proportional constant of the curriculum
learning control parameter. In addition, We employ a sum-
tree structure, referred to as the causal replay weight tree,
for storing and retrieving causal weights, enabling efficient
weighted random sampling. The time complexity for locat-
ing weights at the leaf nodes is O(log n).

Experiments
Experimental Setup
To evaluate the effectiveness of our DRL-based ERCI ap-
proach, we conducted experiments in diverse DRL envi-
ronments and compared our approach with other state-of-
the-art approaches. The experiments are designed to assess
ERCI’s performance and its impact on DRL explainability
and sample efficiency. We performed them on a system with
NVIDIA GeForce RTX 3090 and Python 3.8. Specifically,
we aim to address the following research questions:

• RQ1 (Explainability): How does ERCI improve the ex-
plainability of the DRL training process in a way that
aligns with human understanding, allowing humans to
comprehend and interpret its operations?

• RQ2 (Overall Performance): How does the DRL train-
ing performance of ERCI, which incorporates explain-
ability, compare to state-of-the-art approaches across di-
verse environments?

• RQ3 (Scalability): Does ERCI scale well and maintain
consistent performance across various DRL models?

Dataset Our DRL environment is constructed with the
Highway-Env (Leurent 2018) and Gym (Brockman et al.
2016) libraries. In the Highway-Env, we experiment with
vehicle-based traffic flow and complex highway scenarios,
including Highway, Intersection, and Racetrack. The au-
tonomous vehicle is tasked with efficiently completing the
specified tasks while avoiding collisions with other vehicles.
The reward is defined as a combination of speed and colli-
sion avoidance, as detailed in Equation 7:

R(s, a) = a · v − vmin

vmax − vmin
− b · collision, (7)

where the collision penalty is set to −1, and a and b rep-
resenting scaling coefficients. In the Gym environment, we
performed experiments in the Reacher and Humanoid set-
tings, both of which rely on the Mujoco engine and feature
continuous action spaces.
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Baselines Since ERCI is primarily based on the AC ar-
chitecture, we employed two state-of-the-art baselines for
training across various DRL environments: the Deep Deter-
ministic Policy Gradient algorithm (DDPG) (Lillicrap et al.
2015) and the Twin Delayed Deep Deterministic Policy Gra-
dient algorithm (TD3) (Fujimoto, Hoof, and Meger 2018).
Both DDPG and TD3 are exemplary models in the field of
DRL, especially suitable for problems involving continuous
action spaces. Therefore, in our experiments, the action type
was set to continuous. The network models used in the ex-
periments consisted of 3 to 6 fully connected layers, with a
training batch size of 256.

To enhance training efficiency and avoid recalculating
TSCF during each iteration, we designed a temporary ex-
perience buffer with a capacity of 100,000. This buffer
synchronizes and updates with the main experience re-
play buffer, which handles regular experience storage. The
smaller temporary buffer manages the activation of the in-
ternal causality discovery module by storing only indices.
When the buffer is full, the module processes the data, up-
dates the main pool with causal weights, and resets the tem-
porary buffer to acquire new entries.

Metrics Based on prior research, we adopted widely used
DRL training performance metrics, including Average Score
(AS) and Best Score (BS), which respectively reflect the
real-time performance within the same training cycle and the
highest achievable score within the given training session.
Additionally, we introduced supplementary metrics, namely
Step of Average Score (SAS) and Average Cumulative Score
(ACS). SAS represents the minimum number of steps re-
quired for the algorithm to reach the average score, high-
lighting learning efficiency and convergence speed. ACS, on
the other hand, calculates the cumulative average score from
the start to each time point, measuring the overall perfor-
mance stability throughout the training process.

Discussion
To more intuitively demonstrate the effectiveness of ERCI,
we concentrated our experiments on the initial 1000 train-
ing episodes. We conducted multiple trials to obtain average
values, and the results are detailed in Table 1. Our experi-
ments showed that the ERCI approach effectively addresses
the challenges faced by DRL with causal inference, improv-
ing both explainability and sample efficiency.

RQ1: Explainability To illustrate the explainability of our
approach, we used the CARLA simulator to simulate the
overtaking scenario in Figure 2. We prepared a dataset con-
taining 300 instances. Our reward is defined as Equation 8:

2∥Lc − Ld∥2 + collision, (8)

where ∥Lc − Ld∥ represents the L2 norm between the cur-
rent position of TS and the task destination, with the colli-
sion penalty set to −1.

We analyzed the data using the temporal and causal mod-
ules within the ERCI framework. Figure 4a displays a repre-
sentative sample trajectory and its TSCF representation. The
target vehicle moves in the positive x-axis direction, while

(a) (b)

Figure 4: TSCFs and PAG for a typical vehicle trajectory
sample. In (a), the ego-vehicle successfully overtakes by
moving from the positive to the negative direction of the
x-axis. In (b), the PAG is generated with internal causality
discovery, with treatments corresponding to the variables in
(a) and explanatory labels arranged in the temporal order.

the y-axis indicates the road’s cross-section. The trajectory
segment F1 represents the preparation stage for overtaking.
Since the ego vehicle’s initial position and driving direc-
tion remain constant across scenarios, the trajectories in this
stage show limited variation. F2 illustrates the change in
lane to the left, F3 represents the acceleration to overtake,
and F4 represents the return to the main lane.

Using the optimized internal causality discovery algo-
rithm, we generated the PAG graph in Figure 4b, showing
the relationships between TSCFs and the overtaking result.
Due to the initial environmental settings, F1 shows minimal
variation across all samples and thus has no causal relation-
ship with other variables. However, the TSCFs for the re-
maining stages, F2, F3, and F4 directly influence the over-
taking result. Additionally, an unobserved confounding vari-
able exists between F2 and F3, representing the overtaking
intention defined by the scenario, and affects both factors.

The above analysis demonstrates that the ERCI frame-
work enhances the explainability of the DRL training pro-
cess by revealing clear causal relationships and ensuring the
model’s experiences and operations are understandable. This
alignment with human intuition facilitates better compre-
hension and explainability of the model’s decisions.

RQ2: Overall Performance We evaluated ERCI’s train-
ing performance in various environments using DDPG and
TD3 models, comparing the base models with their ERCI-
enhanced versions. Specifically, we compared DDPG with
DDPG-ERCI and TD3 with TD3-ERCI. The results are
shown in rows 2 to 5 of Table 1. ERCI consistently outper-
forms the baseline models, with significant improvements in
AS across all environments. A detailed analysis of each sce-
nario follows. Our approach surpasses the baselines in most
metrics in the Highway and Intersection scenarios, demon-
strating its effectiveness in dynamic and complex traffic con-
ditions. Performance consistently exceeds the baseline in the
Racetrack, showing significant improvements in complex,
extended time-step environments. The performance metrics
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Models Highway Intersection Racetrack Reacher Humanoid

AS BS SAS ACS AS BS SAS ACS AS BS SAS ACS AS BS SAS ACS AS BS SAS ACS

DDPG 25 29 159 11835 19 23 142 9187 20 27 516 9055 -20 -8 192 -14679 282 430 377 115002
DDPG-ERCI 26 29 59 13137 20 23 194 9382 33 42 178 15393 -18 -8 190 -12706 324 454 338 133718

TD3 24 30 329 10659 16 19 400 7271 62 75 219 28153 -14 -11 110 -7498 305 522 449 108124
TD3-ERCI 25 32 330 10869 17 19 357 7846 72 85 146 32660 -13 -9 184 -7309 343 689 507 119837

DDPG-PER 26 29 123 12358 15 20 430 6527 31 37 297 14624 -20 -13 150 -13121 242 407 344 91525
DDPG-PERCI 27 29 136 13095 17 23 400 7661 38 50 295 16537 -18 -9 144 -12336 400 589 348 156936

TD3-PER 27 29 326 12907 18 31 479 8825 57 67 229 26411 -15 -10 116 -8372 299 532 414 115655
TD3-PERCI 24 30 314 10716 19 27 396 9133 65 79 268 29449 -12 -9 115 -7011 381 613 474 154343

Table 1: Training performance comparison of ERCI across different environments.

in Reacher are almost universally better, highlighting our
advantage in precise motion tasks. In the Humanoid sce-
nario, our approach performs highly in almost all metrics
except SAS, excelling in high-dimensional action spaces.
We conducted a comprehensive evaluation of DDPG-ERCI
and TD3-ERCI with their baselines from four perspectives.
AS reflects the agent’s average performance level, BS re-
flects the best performance during training, SAS reflects the
convergence speed, and ACS considers the cumulative per-
formance, reflecting the trend of performance changes. The
results in Table 2 show significant improvements in each
metric across five environments. Notably, the AS score is
20.7% higher than the DDPG baseline. Our approach’s ef-
fectiveness lies in identifying TSCFs that enhance rewards
and focusing on sampling experiences based on them. Ad-
ditionally, the model can quickly identify reasons for score
decreases and make corrections, leading to higher overall
scores and faster convergence for the optimized DRL model.

Model AS ↑ BS ↑ SAS ↓ ACS ↑

DDPG-ERCI 20.70% 13.80% -22.99% 22.96%
TD3-ERCI 8.92% 14.96% -7.28% 7.85%

Table 2: Performance enhancements of ERCI over baseline.

Based on the performance of ERCI in all environments,
the explainable experience replay approach with causal in-
ference for DRL proposed in this paper significantly outper-
forms the baseline in overall performance across five envi-
ronments. The decrease in SAS, in particular, reflects that
the explainable ERCI approach can more effectively guide
training in the early stages of DRL, improving sampling ef-
ficiency and thus achieving faster convergence.

RQ3: Scalability To demonstrate the scalability of our
approach, we extended it to the PER algorithm, resulting
in the Prioritized Experience Replay with Causal Inference
(PERCI) approach. In PER, priorities are defined by TD-
Error, which measures the difference between the predicted
value and the observed value for a given state and action.
The update rates of causal weights and TD-Errors in the ex-
perience replay pool are not synchronized. To align them,
we proposed a hierarchical sampling approach where causal

weights and TD- Errors are stored separately in two arrays of
the same size. Based on which whenever the causal weights
are updated, they are normalized and then linearly combined
with the corresponding TD errors at the same position. The
combined values serve as the leaf nodes of the causal replay
weight tree for bottom-up overall updates. The comparison
results are listed in rows 6 to 9 of Table 1.

Model AS ↑ BS ↑ SAS ↓ ACS ↑

DDPG-PERCI 24.52% 26.93% -0.45% 22.78%
TD3-PERCI 10.88% 6.52% -1.83% 9.54%

Table 3: Performance enhancements of PERCI.

Similarly, Table 3 shows a comprehensive comparison
of the PERCI with baseline, revealing significant improve-
ments in most metrics. However, the optimization of SAS
was less pronounced than that of ERCI. Upon analysis, this
is fully reasonable and still demonstrates the superiority of
PERCI. As the causal weights are diluted during updates
with TD-Error, its impact on the experience sampling pro-
cess is not as significant as with the ERCI. While SAS,
which indicates convergence speed shows less improvement,
other metrics still exhibit substantial enhancement. In sum-
mary, the extended PERCI approach enhances the explain-
ability and performance of experience replay, outperforming
the baseline on key metrics, which fully demonstrates the
scalability of our proposed approach.

Conclusion
In this work, we propose a novel experience replay ap-
proach, ERCI, to enhance explainability and sample effi-
ciency in DRL training. By employing a two-stage time se-
ries representation approach, we extract TSCFs to capture
complex internal causality within multivariate time series,
simplifying long sequences and addressing non-uniform
time steps. We leverage causal inference to quantify the
causal strength between TSCFs and DRL learning targets
and refine the experience replay strategy. Our approach inte-
grates ERCI with experience replay approaches across vari-
ous complex DRL environments, proving its explainability,
scalability and overall performance.
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