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Abstract

Deep Reinforcement Learning (DRL) is widely
used in task-oriented dialogue systems to op-
timize dialogue policy, but it struggles to bal-
ance exploration and exploitation due to the
high dimensionality of state and action spaces.
This challenge often results in local optima or
poor convergence. Evolutionary Algorithms
(EAs) have been proven to effectively explore
the solution space of neural networks by main-
taining population diversity. Inspired by this,
we innovatively combine the global search ca-
pabilities of EA with the local optimization of
DRL to achieve a balance between exploration
and exploitation. Nevertheless, the inherent
flexibility of natural language in dialogue tasks
complicates this direct integration, leading to
prolonged evolutionary times. Thus, we fur-
ther propose an elite individual injection mecha-
nism to enhance EA’s search efficiency by adap-
tively introducing best-performing individuals
into the population. Experiments across four
datasets show that our approach significantly
improves the balance between exploration and
exploitation, boosting performance. Moreover,
the effectiveness of the EII mechanism in re-
ducing exploration time has been demonstrated,
achieving an efficient integration of EA and
DRL on task-oriented dialogue policy tasks.

1 Introduction

Task-oriented dialogue (TOD) systems aim to un-
derstand user intent (Qin et al., 2021), generate
responses (Qin et al., 2023), and steer conversa-
tions toward goals, with the dialogue policy (DP)
(Kwan et al., 2019) playing a crucial role in de-
termining and steering conversations. Deep Re-
inforcement Learning (DRL) has proven effective
in optimizing DPs due to its strengths in sequen-
tial decision-making (Kwan et al., 2023). While
Large Language Models (Chung et al., 2023; Hu
et al., 2024; Kumar, 2024) are increasingly used in
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TOD systems for their language capabilities, they
are rarely applied in DPs because of their limited
decision-making ability and the high resource de-
mands for prompt design and fine-tuning (Yao et al.,
2024; Yang et al., 2024). Thus, optimizing DPs
through DRL remains the primary approach (Du
et al., 2024). However, DRL struggles to balance
exploration and exploitation. Insufficient explo-
ration can lead to local optima, while excessive
exploration results in inefficient training1 (Hender-
son et al., 2018).

Research on balancing exploration and exploita-
tion in DRL-based DP can be categorized into
two main approaches: direct and indirect enhance-
ment of exploration efficiency. Direct methods
focus on designing effective exploration strategies
that, while powerful, are often limited to specific
domains and are time-consuming (Ladosz et al.,
2022). Indirect methods involve leveraging expert
knowledge to guide exploration (Wang et al., 2020;
Xu et al., 2021) and developing high-quality user
simulators to generate diverse experiences (Peng
et al., 2018). However, these approaches add costs
for constructing expert knowledge and user sim-
ulators. Evolutionary Algorithms (EAs) are theo-
retically well-suited for balancing exploration and
exploitation due to their population-based diversity
exploration advantages (Crepinsek et al., 2013).

However, EAs struggle with exploitation be-
cause they lack gradient guidance, while gradient
descent is a key strength of sample-efficient DRL
approaches (Li et al., 2024). A natural solution is
to combine the complementary strengths of EAs
and DRL in task-oriented dialogue policy tasks,
referred to as ERL-based DP, to achieve an effec-
tive balance between exploration and exploitation
(Khadka and Tumer, 2018; Suri, 2022). However,
this integration is not straightforward. The inherent

1We have shown that the above observation also applies
to the dialogue task, with experimental results and analysis
provided in Appendix C.
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Figure 1: Framework of the EIERL method, comprising two modules: exploration and exploitation. The exploration
module aims to form an EA population (multiple individuals a) to explore diverse experiences, while the exploitation
module aims to form a DRL population (multiple individuals b) to use existing experiences for training.

flexibility of natural language in TOD tasks results
in a vast search space, requiring significant time for
EAs to evolve effective strategies(as demonstrated
in subsubsection 4.4.1).

To address the above challenges, we propose
an Elite Individual Injection (EII) mechanism,
integrating it into an ERL-based DP algorithm
to form a novel hybrid algorithm called EIERL.
As shown in Figure 1, EIERL comprises two
components: Exploration (left) and Exploitation
(right). In the Exploration phase, the EA popula-
tion generates diverse strategies through selection,
crossover, and mutation to explore various experi-
ences, while the EII mechanism periodically injects
best-performing individuals into the EA popula-
tion to accelerate evolution. The injection timing
is adaptively controlled by an elite discriminator,
which adaptively selects optimal injection moments
and updates based on the training stage. In the
Exploitation phase, the DRL agent optimizes its
performance using exsiting experiences and repli-
cates optimized agents to form a DRL population.
Both the formed EA and DRL populations then
interact with the environment to generate diverse
exploration experiences and exploitation experi-
ences. The strengths and generalizability of EIERL
in effectively trade-off exploration and exploitation
are demonstrated on four public dialogue datasets.
Moreover, the EII mechanism has proven effective
in accelerating the EA’s exploration process, en-
abling a seamless integration of DRL and EA for
task-oriented dialogue policy tasks. To our knowl-

edge, this is the first study to integrate EAs and
DRL into task-oriented dialogue policy tasks.

In summary, our contributions are threefold:

• We propose a hybrid algorithm that leverages
the complementary strengths of EAs and DRL
to effectively balance exploration and exploita-
tion in dialogue policy learning.

• We introduce an elite individual injection
mechanism to solve the prolonged evolution
challenges faced by traditional ERL directly
migrating to dialogue task, enabling an effec-
tive combination of EA and DRL.

• We validate the effectiveness and generaliz-
ability of EIERL in multiple dialogue datasets.

2 Related Work

2.1 The Exploration-Exploitation Trade-off

Methods for balancing exploration and exploita-
tion in DRL-based task-oriented dialogue policies
are generally categorized into direct and indirect
enhancements of exploration efficiency.

Direct methods involve designing tailored explo-
ration strategies, which are often labor-intensive
(Ladosz et al., 2022). For instance, Tegho et al.
(2017) and Lipton et al. (2016) proposed a Bayes-
by-Backprop approach based on Deep Q-Networks
(DQN), which customizes exploration strategies
by utilizing Thompson sampling to estimate uncer-
tainty from Monte Carlo samples. However, the
effectiveness of this method heavily relies on the
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choice of prior distributions, which may limit its
applicability across different scenarios.

Indirect methods utilize expert knowledge to
guide exploration (Xu et al., 2021; Wang et al.,
2020) or develop high-quality user simulators to
generate diverse experiences (Peng et al., 2018).
However, expert-driven approaches depend heavily
on data quality, where poor data can hinder explo-
ration or lead to ineffective reward structures (Kang
et al., 2018). For example, Nishimoto and Costa
(2019) combined a softmax strategy with transfer
learning, using the source task as expert knowl-
edge, and employed a Boltzmann distribution to
assign probabilities to action-state pairs, thereby
improving exploration effectiveness. Nevertheless,
the differences between the source and target tasks
in transfer learning restrict the model’s adaptability.
For user simulator-based methods, although Peng
et al. (2018) demonstrated that user simulators can
enhance efficiency, they require substantial exper-
tise and annotated data, and their quality can be
difficult to assess due to challenges in replicating
real user behavior (Kwan et al., 2023).

2.2 ERL: Integration of DRL and EA
ERL combines the population diversity of EA
with the gradient information from DRL, show-
ing promise in addressing exploration-exploitation
challenges (Khadka and Tumer, 2018). This in-
tegration enhances sample efficiency in the game
domain, but the introduction of multiple hyperpa-
rameters complicates tuning. To address this, Dong
and Li (2024) proposed Adaptive Evolutionary Re-
inforcement Learning (AERL), which dynamically
adjusts the ratio of RL to EA populations based
on performance, improving training efficiency and
robustness. Jianye et al. (2022) further introduced
ERL-Re2, facilitating knowledge sharing between
EA and RL agents by adjusting state representa-
tions while keeping policy representations inde-
pendent. Traditional ERL methods often struggle
with policy-based RL due to inefficient handling
of value functions and sample usage. To improve
sample efficiency, Li et al. (2023) suggested using
negative temporal difference as a fitness metric,
aligning with value iteration principles.

Despite these advancements, most ERL research
has focused on the game tasks, with limited explo-
ration of the dialogue tasks. Dialogue tasks involve
flexible natural language, diverse user behaviors,
and varying dialogue environments, resulting in a
significantly larger search space compared to game

tasks. Consequently, the EA module in ERL re-
quires a considerable amount of time to evolve
effective policies. Moreover, many explorations
in this large search space are ineffective, hamper-
ing ERL’s ability to identify reliable evolutionary
directions and thus reducing learning efficiency.
Our experimental results, as shown in Figure 2 and
Figure 6(b), corroborate this point. Inspired by
this gap, we propose a novel approach that inte-
grates EA with DRL-based dialogue policy meth-
ods while tackling the prolonged evolution times of
traditional EA methods in dialogue tasks, enabling
an efficient integration between EA and DRL.

3 EIERL
As illustrated in Figure 1, EIERL consists of
two modules: (1) the Exploitation module, imple-
mented using a DRL algorithm, which trains the
agents using existing experiences and replicates
them to form a DRL population2; (2) the Explo-
ration module, implemented by two submodules:
EA and EII mechanism. The EA submodule per-
forms selection, crossover, and mutation operations
on individuals within both the EA and DRL pop-
ulations to create the EA population, facilitating
an in-depth exploration of the state space. Mean-
while, the EII submodule adaptively determines the
optimal timing for injecting the best-performing
individuals into the EA population, thereby accel-
erating the evolutionary process. Finally, EIERL
integrates the DRL and EA populations to interact
with the environment, generating experiences for
both exploitation and exploration. The full proce-
dure of the EIERL is described in Appendix B.

3.1 Exploitation Module
The exploitation module aims to create a DRL pop-
ulation by replicating agents optimized using ex-
isting experiences stored in an experience buffer.
Specifically, the agents sample a mini-batch of ex-
periences from the experience replay buffer D and
update the parameters θQ of the value functionQ(·)
by minimizing the mean-squared loss function:

L(θQ) = E(s,a,r,s′)∼D[(yi −QθQ(s, a))
2] (1)

where yi is specified as follows:

yi = r + γmax
a′

Q′
θQ′ (s

′, a′) (2)

2In this paper, we utilize the commonly used DQN algo-
rithm in DP tasks for experiments. However, the conceptual
framework of EIERL applies to other offline RL-based DP
methods.
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where the experiences stored in D are in the
form of (state s,action a,reward r, next_state s′). γ
denotes the discount factor and satisfies 0 ≤ γ ≤ 1.
The target network Q′

θQ′ is refreshed at sched-
uled intervals, whereas the online network QθQ

is trained by backpropagation using mini batch gra-
dient descent.

The optimized agents are then replicated to form
DRL individuals (individual b in Figure 1), which
together constitute the DRL population.

3.2 Exploration Module

The exploration module focuses on maintaining
a diverse EA population through EA to enhance
exploration efficiency by generating varied expe-
riences. In dialogue tasks with large state spaces,
traditional EA often begins with a low-fitness pop-
ulation, leading to inefficient exploration of sub-
optimal areas and high computational costs. To
improve this, we introduced the EII mechanism,
which uses an elite discriminator to determine the
suitable timing for injecting best-performing indi-
viduals into the EA population, guiding the search
toward more optimal directions and enhancing the
exploration process.

3.2.1 EAs
The procedure of the EAs is detailed in algorithm 1.
It starts with tournament selection (Goldberg and
Deb, 1991) to prioritize individuals from regions
with higher potential returns (Khadka and Tumer,
2018). Next, gene crossover occurs within the pop-
ulation, followed by mutations applied based on
specific probabilities, systematically altering indi-
viduals’ genetic structures to improve evolution.
These mutations adjust neural network weights us-
ing a normal distribution.

3.2.2 EII mechanism
The EII mechanism is outlined in lines 9-21 of al-
gorithm 3, where the elite discriminator adaptively
determines the timing for elite individual injection.
The discriminator evaluates the fitness of each in-
dividual by receiving feedback from their interac-
tions with the environment. Specifically, fitness is
measured by the cumulative reward obtained from
these interactions, with the calculation process de-
tailed in algorithm 2. When an individual’s fitness
exceeds the threshold fmax (initialized as −∞),
it signifies the emergence of an elite individual
during the current iteration, and the elite injection
process is triggered. The individual achieving the

Algorithm 1: Function Evolution

1 Function Evolution(popevo,all_fitness):
2 rank population by all_fitness
3 select best e = int(ψ ·m) individuals as

elite
4 select (m− e) individuals from popevo

using tournament selection to form S
5 while |S| < (m− e) do
6 crossover between a random π ∈ e

and π ∈ S, append to S
7 end while
8 for π ∈ S do
9 if r() < mutprob then

10 forM∈ θπ do
11 perform mutfrac · |M|

mutations
12 sample indices i, j fromM
13 if r() < supermutprob then
14 M[i, j]· =

N (0, 100 ·mutstrength)

15 end if
16 else if r() < resetprob then
17 M[i, j] = N (0, 1)
18 end if
19 else
20 M[i, j]· =

N (0,mutstrength)

21 end if
22 end for
23 end if
24 end for
25 return popevo

maximum fitness value, f
′
max, is then selected as

the elite individual, πmax. Since the fitness thresh-
old reflects the agent’s learning progress, the dis-
criminator updates fmax to f

′
max, allowing it to

adaptively raise the standard as learning progresses.
Finally, the elite individual πmax is injected into
the EA population (individual a in Figure 1). If no
elite individual is detected, only the EA process is
executed.

4 Experiments

We conducted experiments using three widely used
single-domain datasets for DP research: movie-
ticket booking, restaurant reservation, and taxi or-
dering, based on the Microsoft Dialogue Challenge
platform (Li et al., 2017, 2016, 2018; Zhao et al.,
2024; Niu et al., 2024). To assess the generaliz-
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Algorithm 2: Function Evaluate

1 Function Evaluate(π,D):
2 fitness = 0
3 for i = 1 to ξ do
4 initialize environment and state s0
5 while dialogue is not done do
6 if rand() < ϵ then
7 at = random action
8 end if
9 else

10 at =
argmaxa′Q(st, a

′; θπ)
11 end if
12 execute at, observe rt and st+1

13 append (st, at, rt, st+1) to D
14 fitness = fitness+ rt

s = st+1

15 end while
16 end for
17 return fitness

ability of EIERL, we also performed experiments
on the MultiWOZ2.1 dataset (Budzianowski et al.,
2018), which includes seven domains and is avail-
able on the ConvLab platform.

The objectives of experiments are to validate: 1)
the significant advantage of EIERL in balancing
exploration-exploitation (subsection 4.3); 2) the no-
table improvement of the EII mechanism in acceler-
ating EA search efficiency (subsubsection 4.4.1); 3)
the impact of EA-introduced hyperparameters on
performance (subsubsection 4.4.2); 4) the indepen-
dent contributions of RL and EA to EIERL (sub-
subsection 4.4.3); 5) the generalizability of EIERL
on multi-domain tasks3(subsubsection 4.4.4).

4.1 Baselines
We compared our EIERL with publicly available
dialogue agent benchmarks, dialogue agents de-
signed to balance exploration and exploitation, and
promising LLM-based dialogue agents:

• DQN_EPSILON_N agents are trained using
standard DQN with a traditional ϵ− greedy
exploration strategy, where ϵ = N (Mnih
et al., 2015)4.

3Our code is publicly available at https://github.com/
niulinbiao/eierl.

4We evaluated the effect of different ϵ values on perfor-
mance across various dialogue domains, selecting the optimal
ϵ value for each domain as the baseline. Detailed results and
analysis are provided in Appendix C.

• NOISY_DQN agents enhance exploration by
introducing noise into the network weights
(Han et al., 2022).

• ICM_DQN agents incorporate intrinsic cu-
riosity rewards to encourage exploration of
the new space (Pathak et al., 2017).

• LLM-based DA-level (LLM_DP) agents re-
place the DP module of the TOD system
with an LLM, selecting suitable actions to be
passed to the NLG for response generation5.

• LLM-based word-level (LLM_DP_NLG)
agents replace both the DP and NLG modules
of the TOD system with an LLM, directly se-
lecting suitable words to construct responses
(Yi et al., 2024)5.

4.2 Implementation Details
Each DQN variant employs a multilayer percep-
tron with two hidden layers of 80 units apiece, and
applies ReLU activations throughout to enhance
non-linear expressiveness and mitigate vanishing
gradients. DQN_EPSILON_N uses the optimal
ϵ value (0.05) for each domain. Additionally, to
assess the algorithm’s intrinsic exploration with-
out external guidance, we included a baseline with
ϵ = 0. This design facilitates a clear assessment
of the exploration efficiency of the improved algo-
rithms. Across all experiments the hyperparameters
are fixed as follows: discount factor γ = 0.99, mini
batch size 16, learning rate 0.001, and replay buffer
capacity 5000 transitions. In single-domain tasks,
the EIERL algorithm uses an EA population P of 3,
a DRL population of 1, and a mutation strength σ
of 0.1. For multi-domain tasks, the EA population
is increased to 10 and the DRL population to 5,
while keeping the mutation strength constant. A
successful dialogue yields a reward of 2L, whereas
an unsuccessful one incurs a penalty of −L. Each
turn also carries a constant cost of−1 to encourage
concise exchanges. The dialogue length is limited
to L turns, with L = 30 in single-domain experi-
ments and L = 40 in multi-domain experiments.
In addition, to ensure a fair comparison among

5Given the lack of research on replacing DP with LLMs
or fine-tuning them for task-oriented DP tasks, and the high
computational cost of fine-tuning, we chose GPT-4.0 as LLM
agents for its strong generative abilities and popularity. We
also evaluated other open-source LLMs such as LLaMA 3 and
Gemma2, but their performance was far inferior to ChatGPT-
4.0, so only the results of the latter are reported. Tailored
prompts are detailed in Appendix A.
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Table 1: Evaluation results for all agents across the three benchmark datasets are provided, with the highest value
in each metric column highlighted in bold. All results of agent pairs are statistically significant at the same epoch
(t-test, p < 0.05). Epochs (50, 250, 500) represent early, mid, and post-convergence training stages. The reason for
using 500 epochs as the display cutoff, detailed results and variances are provided in Appendix D.

Domain Agent Epoch = 50 Epoch = 250 Epoch = 500

Success↑ Reward↑ Turns↓ Success↑ Reward↑ Turns↓ Success↑ Reward↑ Turns↓

Movie

DQN_EPSILON_0.0 0.3505 -13.00 32.11 0.5403 12.99 25.70 0.5553 14.95 25.37
DQN_EPSILON_0.05 0.3093 -18.61 33.44 0.6795 31.84 21.39 0.7668 43.42 19.21
NOISY_DQN 0.4137 -4.73 30.75 0.7141 36.68 20.04 0.7280 39.38 20.16
ICM_DQN 0.1475 -37.81 33.00 0.5166 10.37 25.23 0.5311 12.49 24.47
LLM_DP 0.4156 -3.09 27.34 0.4156 -3.09 27.34 0.4156 -3.09 27.34
LLM_DP_NLG 0.2564 -24.98 30.96 0.2564 -24.98 30.96 0.2564 -24.98 30.96
EIERL 0.2372 -27.53 34.01 0.8033 48.21 18.36 0.8552 55.29 16.66

Rest.

DQN_EPSILON_0.0 0.0695 -36.57 27.66 0.4907 4.10 22.13 0.5671 11.63 23.22
DQN_EPSILON_0.05 0.0726 -36.28 27.63 0.5712 12.30 20.21 0.5817 12.79 21.12
NOISY_DQN 0.0000 -43.92 29.84 0.1669 -28.25 28.55 0.2988 -15.20 26.18
ICM_DQN 0.0067 -40.85 24.90 0.0231 -38.92 23.99 0.0082 -32.88 9.25
LLM_DP 0.3896 -5.96 20.16 0.3896 -5.96 29.16 0.3896 -5.96 29.16
LLM_DP_NLG 0.2498 -20.14 33.72 0.2498 -20.14 33.72 0.2498 -20.14 33.72
EIERL 0.0181 -41.09 27.44 0.6975 24.79 17.98 0.7935 34.99 16.07

Taxi

DQN_EPSILON_0.0 0.0004 -42.69 27.47 0.4846 2.26 24.70 0.5879 12.38 23.06
DQN_EPSILON_0.05 0.0000 -42.86 27.71 0.5598 8.19 22.38 0.6683 20.19 21.90
NOISY_DQN 0.0000 -43.73 29.46 0.1455 -30.56 29.32 0.2615 -19.46 28.00
ICM_DQN 0.0008 -42.34 26.84 0.0481 -34.48 19.62 0.0706 -28.59 11.90
LLM_DP 0.3496 -10.23 25.95 0.3496 -10.23 25.95 0.3496 -10.23 25.95
LLM_DP_NLG 0.2395 -19.96 30.96 0.2395 -19.96 30.96 0.2395 -19.96 30.96
EIERL 0.0000 -41.55 25.10 0.5638 9.26 21.96 0.8159 35.39 17.29

(a) Movie (b) Rest. (c) Taxi

Figure 2: The effect of the EII mechanism on performance in Movie, Restaurant, and Taxi domains.

baseline methods, we consistently set the number
of training epochs to 500 for single-domain tasks
and 10,000 for multi-domain tasks. While certain
methods may demonstrate improved performance
with increased training epochs, our focus lies in
optimizing the balance between exploration and
exploitation to enhance learning efficiency, as re-
flected by achieving higher success rates with fewer
training epochs.

Before training begins, all dialogue agents per-
form a warm start for 120 epochs to pre-fill the
experience replay buffer. During the training phase
of each epoch, the agents interact with the environ-
ment once, storing the acquired experiences in the
replay buffer. In the testing phase, each agent in-
teracts with the environment fifty times, averaging
these results to produce a one-time result for the
current epoch, while the experiences obtained are

not stored. Each agent model is executed five times
with random seeds, and the average results are used
for analysis and comparison to ensure robustness.
Furthermore, since our EIERL involves multiple
agent individuals in its population, we randomly
sample 1/M of the experiences (where M is the
number of individuals) from the acquired experi-
ences for storage in the replay buffer, maintaining
consistent training costs.

4.3 Main Results

The performance comparison of various base-
lines across different domains is illustrated in
Table 1. The performance contrast between
DQN_EPSILON_0.0 and DQN_EPSILON_0.05
highlights that appropriate exploration significantly
improves performance. In contrast, although
ICM_DQN also provides exploration guidance, its
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(a) Movie (b) Rest. (c) Taxi

Figure 3: The effect of the EA population size (P ) on performance across Movie, Restaurant, and Taxi domains.

(a) Movie (b) Rest. (c) Taxi

Figure 4: The impact of mutation strength (σ) on performance across Movie, Restaurant, and Taxi domains.

method of encouraging exploration in new state
spaces is not well-suited for task-oriented dia-
logue scenarios with clearly defined goals. While
NOISY_DQN performs well in the movie domain,
the increased complexity of state spaces in the taxi
and restaurant domains, due to the larger number of
user goals and slots (Zhao et al., 2022), exacerbates
the problem of exploration-exploitation trade-off,
complicating learning process. This challenge is
also evident in ICM_DQN, which encourages the
exploration of new state spaces. It is worth noting
that although ICM_DQN achieves fewer average
dialogue turns in both domains, its success rate and
average reward are also lower. This is primarily
due to ICM_DQN encountering many dialogues
that fail quickly, leading to fewer turns on aver-
age and a lower success rate. Although LM_DP
and LLM_DP_NLG with tailored prompts perform
well in the early stages by leveraging large-scale
LLM data, their lack of fine-tuning for DP tasks pre-
vents further performance improvement. Moreover,
due to the closed-source nature of ChatGPT-4.0,
epochs cannot be directly used to measure its per-
formance. Consequently, we focus more on com-
paring the performance of the converged trainable
model with that of LLMs. In contrast, our EIERL
achieves superior performance across various do-

mains due to a better balance between exploration
and exploitation.

4.4 Analysis

4.4.1 Effectiveness of the EII Mechanism

To evaluate the effectiveness of the EII mechanism,
we compared the performance of EIERL with ERL,
which excludes the EII mechanism, across differ-
ent domains. As shown in Figure 4, EIERL con-
sistently demonstrated a faster convergence rate
and greater stability across various domains. In
the early training stages, the performances of ERL
and EIERL were comparable. However, as training
progressed into later stages, EIERL significantly
outperformed ERL in both success rate and the
smoothness of the learning curve, particularly in
the more challenging restaurant and taxi domains.
This advantage arises from the EII mechanism,
which allows EIERL to effectively harness the high-
quality traits of elite individuals, enabling the EA
to move toward more optimized search directions
and significantly enhancing the exploration process.
This mechanism addresses the prolonged evolution-
ary time challenge associated with incorporating
EA into ERL, thereby accelerating the optimization
process and minimizing performance fluctuations.
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(a) Movie (b) Rest. (c) Taxi

Figure 5: Ablation experiment of two components (DRL and EA) of our method in Movie, Restaurant, and Taxi
domains.

(a) Effectiveness Experiments. (b) Effectiveness of EII. (c) Ablation Experiment.

Figure 6: Generalizability experiments of EIERL on MultiWOZ dataset with multiple domains.

4.4.2 Impact of EA Hyperparameters

The incorporation of EA introduces two key hyper-
parameters: EA population size (P ) and mutation
strength (σ). To investigate how these hyperparam-
eters influence EIERL’s performance and provide
insights for future practitioners, we conducted two
experiments focused on tuning these parameters.

Intuitively, the size of P plays a crucial role in
balancing exploration and exploitation. P repre-
sents the number of individuals in the EA popu-
lation. We hypothesized that a larger EA popula-
tion could lead to excessive exploration, particu-
larly in dialogue tasks with large state spaces, re-
sulting in low-quality experiences. Conversely, a
smaller EA population might lead to insufficient
exploration, trapping the model in suboptimal poli-
cies. To varify this hypothesis, we conducted ex-
periments with different values of P (denoted as
EIERL_POP_P). As shown in Figure 3, both ex-
cessively large and small populations negatively
impacted performance, with the model performing
best when P was set to 3. These findings confirm
our hypothesis, and we set P = 3 as the default for
all experiments, except in this experiment.

Similarly, mutation strength (σ) affects the vari-
ability and quality of individuals in the EA popula-

tion, which directly influences the quality of the ex-
ploration experience. We hypothesized that a large
σ would result in overly random mutations, de-
creasing exploration quality, while a small σ would
limit the EA’s ability to explore the solution space
effectively. To test this, we experimented with dif-
ferent values of σ (denoted as EIERL_MUT_σ)6.
The results, presented in Figure 4, validated our hy-
pothesis: a moderate value of σ = 0.1 consistently
yielded the best performance, while both larger and
smaller values of σ led to suboptimal outcomes. As
a result, σ = 0.1 was selected as the default for all
experiments, except in this experiment.

4.4.3 Ablation Experiment

To validate the individual contributions of DRL and
EA within EIERL, we conducted an ablation study.
The results, shown in Figure 5, demonstrate that
EIERL consistently outperforms either DQN or EA
alone. DQN exhibited slow learning and ultimately
converged to suboptimal policies, highlighting its
limitations in exploration efficiency. In contrast,
EA showed minimal improvement throughout the
training process. We attribute this to the challenges

6Given the larger state spaces in the restaurant and taxi
domains, a larger step size of 0.1 was used for σ, while in the
smaller movie domain, a step size of 0.05 was applied.
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traditional EA faces in dialogue tasks with high-
dimensional state spaces, which require a large
number of samples for effective exploration. This
further emphasizes the significant improvement
that the EII mechanism brings to EA. In summary,
EIERL excels in complex dialogue tasks by effec-
tively combining the global search capabilities of
EA with the local optimization strengths of DQN.

4.4.4 Generalizability Experiments
To validate the generalizability of EIERL, we
conducted further experiments on the MultiWOZ
dataset, which includes seven domains: restaurant,
taxi, hotel, train, attraction, hospital, and police.
These experiments included effectiveness assess-
ments, evaluations of the EII mechanism, and an
ablation study. The detailed results are presented
in Figure 6. The findings from these three exper-
iments are consistent with those from the single-
domain experiments, demonstrating that EIERL
maintains optimal performance in multi-domain
dialogue tasks and highlighting the critical role of
the proposed EII mechanism.

5 Conclusion

In this paper, we proposed a novel method, EIERL,
that harnesses the global search capabilities of EA
alongside the local optimization strengths of DRL
to effectively balance the exploration-exploitation
in dialogue policy learning. To alleviate the pro-
longed evolutionary times caused by large spaces in
dialogue tasks when integrating EA, we introduced
an innovative EII mechanism. This mechanism
adaptively determines the optimal timing for inject-
ing the fittest individuals into the EA population
based on training progress, thereby providing a
clear search direction for exploration and enhanc-
ing the evolutionary process. Experiments across
multiple dialogue datasets demonstrated the supe-
rior performance of EIERL and EII in improving
EA’s exploration efficiency. To the best of our
knowledge, this study is the first to effectively inte-
grate EA with DRL specifically for task-oriented
dialogue policy tasks.

Limitation

Despite the innovative integration of EA and DRL
in this work, which demonstrates significant per-
formance advantages in both single-domain and
multi-domain dialogue datasets, we limited the as-
sessment of individual fitness within the population

to a single criterion: the cumulative reward com-
monly used in task-oriented dialogue settings. This
reliance on a single fitness measure imposes limita-
tions in complex environments that often involve
multiple objectives and multidimensional evalua-
tion metrics, as it may not accurately reflect the
true performance of individuals. Consequently, we
plan to investigate a multi-criteria fitness evaluation
method in future work to enhance the adaptability
of our approach in more complex domains. Addi-
tionally, future research could combine EAs with
advanced reinforcement learning algorithms such
as DDPG (Lillicrap, 2015) and SAC (Haarnoja
et al., 2018), which have shown exceptional perfor-
mance in video game tasks. This combination may
lead to further improvements in dialogue tasks.
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large-scale multi-domain wizard-of-oz dataset for
task-oriented dialogue modelling. arXiv preprint
arXiv:1810.00278.

Willy Chung, Samuel Cahyawijaya, Bryan Wilie, Holy
Lovenia, and Pascale Fung. 2023. Instructtods:
Large language models for end-to-end task-oriented
dialogue systems. arXiv preprint arXiv:2310.08885.

Matej Crepinsek, Shih-Hsi Liu, and Marjan Mernik.
2013. Exploration and exploitation in evolutionary al-
gorithms: A survey. ACM Comput. Surv., 45(3):35:1–
35:33.

Caibo Dong and Dazi Li. 2024. Adaptive evolutionary
reinforcement learning with policy direction. Neural
Processing Letters, 56(2):69.

Huifang Du, Shuqin Li, Minghao Wu, Xuejing Feng,
Yuan-Fang Li, and Haofen Wang. 2024. Reward-

3437



ing what matters: Step-by-step reinforcement learn-
ing for task-oriented dialogue. arXiv preprint
arXiv:2406.14457.

David E Goldberg and Kalyanmoy Deb. 1991. A com-
parative analysis of selection schemes used in genetic
algorithms. In Foundations of genetic algorithms,
volume 1, pages 69–93. Elsevier.

Tuomas Haarnoja, Aurick Zhou, Pieter Abbeel, and
Sergey Levine. 2018. Soft actor-critic: Off-policy
maximum entropy deep reinforcement learning with
a stochastic actor. In International conference on
machine learning, pages 1861–1870. PMLR.

Shuai Han, Wenbo Zhou, Jiayi Lu, Jing Liu, and Shuai
Lü. 2022. NROWAN-DQN: A stable noisy network
with noise reduction and online weight adjustment
for exploration. Expert Syst. Appl., 203:117343.

Peter Henderson, Riashat Islam, Philip Bachman, Joelle
Pineau, Doina Precup, and David Meger. 2018. Deep
reinforcement learning that matters. In Proceedings
of the AAAI conference on artificial intelligence, vol-
ume 32.

Songbo Hu, Xiaobin Wang, Zhangdie Yuan, Anna Ko-
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A Prompt Design for LLM-based Baselines
Table 2: Descriptions of Prompts used for LLM-based baselines

Model Prompt
LLM_DP You must strictly execute the following commands:

1. Command execution requirements: when receiving a command, you must
strictly follow the given instructions without performing any actions outside
the scope of the command or generating any additional words.
2. Datasets and system roles: as the dialogue policy component in a task-
oriented dialog system, you will make system decisions based on the Multi-
WOZ 2.1 dataset.
3. Processing user dialog state: you will receive a formatted user dialog
state: Listing 1. This state will be used as a basis for decision making.
4. Generate system actions: based on the user dialog state, you need to
generate system actions. These actions should be provided in the following
format: [[“ActionType”, “Domain”, “Slot”, “Value”]] where ‘ActionType‘
denotes the type of action (e.g. Request, Inform, Confirm, etc.), ‘Domain‘
specifies the associated domain (e.g. restaurant, taxi, hotel, etc.), ‘Slot‘ is
the specific information slot associated with the action (e.g. name, area,
type, etc.), and ‘Value‘ is the corresponding value or an empty string.

LLM_DP_NLG You must strictly execute the following commands:
1. Command execution requirements: when receiving a command, you must
strictly follow the given instructions without performing any actions outside
the scope of the command or generating any additional words.
2. Datasets and system roles: as the dialogue policy component and the
natural language generation component of a task-based dialog system, you
will make system decisions based on the MultiWOZ 2.1 dataset.
3. Processing user dialog state: you will receive a formatted user dialog
state: Listing 1. This state will be used as a basis for decision making.
4. Generate system actions: generate your response to user conversations
directly.

Listing 1: Data Format 1
1 {
2 ’user_action ’: [["Inform", "Hotel", "Area", "east"], ["Inform", "Hotel", "Stars",

"4"]],
3 ’system_action ’: [],
4 ’belief_state ’: {
5 ’police ’: {’book ’: {’booked ’: []}, ’semi ’: {}},
6 ’hotel ’: {’book ’: {’booked ’: [], ’people ’: ’’, ’day ’: ’’, ’stay ’: ’’},
7 ’semi ’: {’name ’: ’’, ’area ’: ’east ’, ’parking ’: ’’, ’pricerange ’: ’’,

’stars ’: ’4’, ’internet ’: ’’, ’type ’: ’’}},
8 ’attraction ’: {’book ’: {’booked ’: []}, ’semi ’: {’type ’: ’’, ’name ’: ’’, ’area ’:

’’}},
9 ’restaurant ’: {’book ’: {’booked ’: [], ’people ’: ’’, ’day ’: ’’, ’time ’: ’’},

10 ’semi ’: {’food ’: ’’, ’pricerange ’: ’’, ’name ’: ’’, ’area ’: ’’}},
11 ’hospital ’: {’book ’: {’booked ’: []}, ’semi ’: {’department ’: ’’}},
12 ’taxi ’: {’book ’: {’booked ’: []},
13 ’semi ’: {’leaveAt ’: ’’, ’destination ’: ’’, ’departure ’: ’’, ’arriveBy ’:

’’}},
14 ’train ’: {’book ’: {’booked ’: [], ’people ’: ’’},
15 ’semi ’: {’leaveAt ’: ’’, ’destination ’: ’’, ’day ’: ’’, ’arriveBy ’: ’’,

’departure ’: ’’}}
16 },
17 ’request_state ’: {},
18 ’terminated ’: False,
19 ’history ’: []
20 }
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B Detailed Description of the EIERL Algorithm

Algorithm 3: Elite-Infused Evolutionary Reinforcement Learning
Input: N,n,m
Output: QθQ(s, a)

1 initialize QθQ(s, a), Q
′
θQ′ (s, a) with θQ′ = θQ

2 initialize populations poppolicy (n) and popevo (m)
3 initialize experience buffer D and fmax = −∞
4 for epoch = 1 to N do
5 initialize f ′max = −∞, πmax, and all_fitness
6 for each π ∈ poppolicy do
7 load θQ into π
8 end for
9 for each π ∈ popevo ∪ poppolicy do

10 fitness, D = Evaluate(π, D)
11 all_fitness.append(fitness)
12 if fitness > f ′max then
13 f ′max = fitness, πmax = π
14 end if
15 end for
16 if f ′max > fmax then
17 replace popevo with πmax

18 fmax = f ′max

19 else
20 popevo = Evolution(popevo, all_fitness)
21 end if
22 sample minibatches of (si, ai, ri, si+1) from D
23 by Equation 2 compute yi
24 update θQ by Equation 1
25 update the target network θQ′ ← θQ
26 end for

The detailed description of EIERL is shown in algorithm 3. The EIERL algorithm requires setting
a specific number of training epochs, denoted as N , which ensures that all baselines converge on the
dataset for comprehensive comparison. Additionally, the sizes of the DRL and EA populations, n and m
respectively, also should be defined. The goal of EIERL is to obtain a trained DRL agent QθQ(s, a) that
effectively balances exploration and exploitation.

Before training begins, the two Q-values in the DRL agent’s network, QθQ(s, a) and Q′
θQ′ (s, a), are

initialized. The experience replay buffer D is pre-filled using experiences obtained through a warm start,
and the elite discriminator’s initial elite threshold fmax is set to negative infinity. In each epoch, every
individual in the DRL population, denoted as poppolicy, duplicates the weight parameters of the trained
DRL agent. Both the DRL population poppolicy and the EA population popevo are evaluated by the elite
discriminator within the EII mechanism to assess their fitness. The current maximum fitness, f ′max, and
its corresponding individual π are recorded as πmax. If f ′max exceeds the elite threshold afmax, the
individual is designated as an elite individual, and its fitness is updated to f ′max. The elite injection process
is then triggered, where the elite individual πmax’s weight parameters are loaded into every individual in
the EA population popevo. If no elite individual is identified, only the EA process (selection, crossover,
and mutation) is executed to form the EA population. This process repeats until the specified number of
epochs N is reached. Throughout, both EA and DRL populations interact with the environment, generating
diverse experiences used for training the DRL agent and evaluating fitness.
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C Impact of Exploration Degree on Dialogue Policy Learning

(a) Movie (b) Rest. (c) Taxi

Figure 7: Effect of epsilon parameters on DQN performance

To validate the impact of exploration degree on DRL-based dialogue agents and identify the optimal ϵ
value, we conducted experiments based on the DQN framework, with results presented in Figure 7. As
shown, when exploration is absent, DQN_epsilon_0.0 consistently selects the action with the highest
known reward, preventing it from discovering the global optimal policy and causing it to become stuck in
a suboptimal strategy. In contrast, enabling exploration allows the agent to try different actions, thereby
uncovering higher-reward pathways. Notably, DQN_epsilon_0.05 achieved the best performance, while
performance declined as ϵ increased beyond this threshold. This highlights that excessive exploration
can lead to random action selection, which in turn reduces the quality of experiences. In summary,
DRL-based dialogue agents struggle to balance exploration and exploitation, as both excessive and
insufficient exploration can negatively affect their performance. Consequently, the best-performing
DQN_epsilon_0.05 is used as our baseline model.

D Complete Results and Variances with 500 Epochs Display Cutoff

The reason for choosing 500 epochs is to have a better view of the pre-learning curve, and at this point all
methods have fully converged. Moreover, our approach aims to optimize the balance between exploration
and exploitation, and the primary outcome is improved learning efficiency, which is evidenced by higher
success rates achieved within fewer epochs. For consistency and clarity in comparison, all plots and
statistical analyses were standardized to 500 epochs.

(a) Movie (b) Restaurant (c) Taxi

Figure 8: The learning curves of different agents in Movie, Restaurant, and Taxi domains.
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