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ABSTRACT

We introduce a reinforcement learning framework designed to train robust agents
for 1v1 MOBA game environments, integrating an enhanced variant of the Phasic
Policy Gradient (PPG) algorithm with a structured multi-phase reward curriculum.
The framework decouples policy and value function optimization to enhance train-
ing stability and sample efficiency, while a progressive reward curriculum transi-
tions the agent from mastering core mechanisms (e.g., skill execution and posi-
tioning) to advanced strategic decision-making (e.g., resource control and adaptive
engagements). Experimental evaluations demonstrate superior performance over
state-of-the-art PPO-based methods, attaining win rates exceeding 90% against
competitive baselines and exhibiting sophisticated in-game tactics such as adap-
tive target prioritization and skill combos. Systematic ablation analyses further
validate the synergistic impact of algorithmic innovations (e.g., phased gradient
updates) and multi-stage reward engineering.

1 INTRODUCTION

The rapid advancement of deep reinforcement learning (DRL) has propelled artificial intelligence
(AI) to achieve superhuman performance in complex competitive environments, from board games
like Go to real-time strategy (RTS) games such as StarCraft. Among these challenges, the 1v1 mode
of Honor of Kings (HoK), a popular Multiplayer Online Battle Arena (MOBA) game, stands out as
a benchmark for testing AI’s decision-making capabilities in high-dimensional, partially observable,
and dynamic scenarios. In this mode, the state and action spaces are astronomically large (approxi-
mately 10600 and 1018000, respectively), far exceeding the complexity of traditional games like Go
(Ye et al., 2020b). Unlike 5v5 team mode, 1v1 emphasizes individual tactical skills, including target
selection, skill combos, and adaptive strategies against diverse opponents, making it an ideal testbed
for exploring hierarchical action spaces and generalization in competitive reinforcement learning.

Despite all the progress, existing methods face challenges in scalability, sample efficiency, and ro-
bustness. For instance, early approaches relied on rule-based AI or Monte Carlo tree search (MCTS),
which struggled to handle the game’s real-time dynamics. Recent work, such as Tencent’s ”Juewu”
AI, demonstrated the potential of DRL frameworks by defeating top human players with a 99.8%
win rate. However, these systems often depend on massive computational resources (e.g., 600,000
CPU cores and 1,064 GPUs) (Ye et al., 2020b) and lack standardized benchmarks for a fair compari-
son. Moreover, the absence of high-quality offline datasets for MOBA 1v1 scenarios limits research
reproducibility.

This paper addresses these issues by proposing a multi-stage DRL training framework, which in-
tegrates time-varying reward, value normalization, and Phasic Policy Gradient (PPG). Our work
builds on the HoK 1v1 environment, which provides standardized APIs for agents to control heroes
and receive combat-related information. By combining various training methods, we aim to obtain
a competitive AI agent with limited data and computational resources.
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2 RELATED WORKS

2.1 MOBA GAMES AS AI TESTBEDS

MOBA games have emerged as critical platforms for AI research due to their strategic depth and
real-time complexity. Early studies focused on rule-based systems or simplified environments, but
the release of Honor of Kings Arena (Wei et al., 2022) marked a shift toward scalable, open-source
frameworks. This environment supports 20 heroes with unique skills and provides 400 task com-
binations, enabling studies on cross-hero generalization. Similarly, Hokoff (Qu et al., 2023) intro-
duced offline RL benchmarks for both single- and multi-agent scenarios, filling a gap in reproducible
research.

2.2 ENHANCEMENTS TO PPO-BASED POLICY OPTIMIZATION FRAMEWORKS

Proximal Policy Optimization (PPO) has become a cornerstone in reinforcement learning due to its
balance of stability and computational efficiency. However, challenges persist in high-dimensional
action spaces and long-horizon tasks, where simultaneous optimization of policy and value networks
often leads to gradient interference and instability. Recent advancements address these limitations
through refined mechanisms:

• Dual-Clipping: Building on the original clipping mechanism, dual-clip PPO (Ye et al.,
2020b) introduces a secondary constraint to bound policy updates in large-batch or off-
policy scenarios, preventing overshooting during parameter updates.

• Value Normalization: By rescaling value (advantage, reward, etc.) estimates within mini-
batches, this method stabilizes gradient directions and mitigates skewed updates caused by
outlier trajectories (Yu et al., 2022).

• Phasic Optimization: Phasic Policy Gradient (PPG) (Cobbe et al., 2021) decouples policy
and value updates into distinct phases, resolving representation conflicts through priori-
tized replay buffers and staggered training cycles. These innovations collectively enhance
sample efficiency and convergence robustness in complex decision-making environments.

2.3 REWARD SHAPING AND CURRICULUM LEARNING

Reward shaping has long been used to guide learning in sparse- or delayed-reward environments
by providing more frequent and informative feedback.In complex games such as MOBA, where the
overall objective may require hundreds or thousands of decisions, shaping rewards can help agents
learn intermediate goals like resource gathering, positioning, or damage dealing. Complementary
to reward shaping, curriculum learning (Ye et al., 2020a) introduces structured progression through
tasks of increasing difficulty, allowing agents to build up skills incrementally.These strategies have
proven effective in environments with hierarchical objectives or multiple game stages, such as real-
time strategy and multiplayer games.

3 METHODS

3.1 PHASIC POLICY GRADIENT (PPG)

Traditional PPO architectures often share base network layers between policy and value functions,
creating potential conflicts in gradient updates, especially from value estimation errors. To address
this training instability and enhance data efficiency, we implement Phasic Policy Gradient (PPG)
as an alternative to Proximal Policy Optimization (PPO). PPG explicitly separates policy optimiza-
tion from value function training through a dual-phase framework, mitigating gradient interference
between these components.

During the policy phase, we adopt the dual-clip PPO method to update the policy. To prevent value-
related gradients from affecting the shared representation, the input to the value head is explicitly
detached from the computational graph. This ensures that only the policy loss and entropy loss
contributes to updates of the shared encoder. The policy loss is defined as:
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LPPO = −Et

[
max

(
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)
, cÂt

)]
(1)

where rt(θ) = πθ(at|st)
πθold (at|st) is the probability ratio, Ât is the estimated advantage, and c > 1 is a

bounding constant.

After a fixed number of policy phase updates, we switch to the auxiliary phase, where the model is
updated using data cached during the policy phase. Two loss components are optimized: (1) a mean
squared error (MSE) loss between the predicted value and a stored target value to improve value
function accuracy:

Lvalue =
1

2
∥Vθ(st)− Vtarget∥2 (2)

and (2) a Kullback-Leibler (KL) divergence loss between the current policy output and a stored copy
of the old policy distribution, encouraging consistency in action probabilities:

LKL = KL [πθold(· | st) ∥ πθ(· | st)] (3)

The total auxiliary loss is defined as:

Laux = Lvalue + β · LKL (4)

where β is a weight coefficient for the distillation loss.

3.2 ADVANTAGE NORMALIZATION

Among the reinforcement learning algorithms based on the advantage function, the calculation of
policy gradient relies on the advantage A(s, a), i.e. the degree to which an action is ”good” or ”bad”
compared to the average action at a given state. However, raw advantage values often exhibit high
variance, potentially destabilizing policy updates.

Advantage Normalization is a simple and effective trick that stabilizes the training process. In each
batch, the normalized advantage Â is computed as:

Â =
A− µA

σA + ϵ
(5)

where µA, σA is separately the mean and standard deviation of the advantages in the current batch,
and ϵ is a small constant (e.g, 1× 10−8) to avoid division by zero.

The normalization does not alter the direction of policy gradient, but helps mitigate the impact of
outlier values and stabilizes training. In our experiments,

3.3 REWARD SHAPING

We propose a multi-stage and time-varying reward mechanism, in which the reward weights are
dynamically adjusted over the course of training. The specific time schedules and corresponding
weight configurations are detailed in Table 1. This design reflects the evolving strategic priorities
during a single game. For instance, as the game progresses, killing an enemy hero or dying leads
to increasingly significant consequences due to longer revive times. Likewise, the ultimate skill hit
rate becomes more crucial, as successful ultimate skill usage often provides a decisive advantage in
subsequent engagements.
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Table 1: Reward Design
Reward Weight Time Scaling Factor Meaning
hp point 5.0 1.001 the health point of the hero

tower hp point 10.0 1.002 the health point of the turret
money 0.007 0.9998 money gained

exp 0.007 0.9998 experience points gained
ep rate 0.75 1.0 the rate of mana
death -1.2 1.0015 being killed
kill -0.6 0.995 killing an enemy hero

last hit 0.6 1.001 striking the last hit to an enemy unit
forward 0.05 1.001 moving forward
ult hit 5.0 1.0015 hitting an enemy hero with ultimate skill

To enhance training stability and promote the development of complex behaviors, we further in-
troduce a curriculum learning framework. This framework gradually increases the difficulty and
specificity of the learning objectives across three stages:

Stage 1: Focuses on dense, continuous rewards that encourage fundamental gaming mechanics.
Rewards for accumulating gold and experience guide the agent to farm efficiently by
killing enemy minions.

Stage 2: Emphasizes intermediate objectives such as dealing damage to enemy heroes and tow-
ers, with increased reward weights assigned to these actions.

Stage 3: Shifts to sparse, high-level rewards that are more closely correlated with winning the
game. For example, rewards are given for increasing the agent’s skill hit rate and de-
creasing that of the enemy, promoting more strategic and effective combat behavior.

The curriculum progression is initially determined via manual evaluation, where human experts
analyze agent rollouts against baseline models to assess whether the desired behaviors have emerged.
Once proficiency is observed at the current stage, training advances to the next phase.

An overview of the complete training curriculum is illustrated in Figure 1.

Figure 1: Multi-stage Curriculum
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4 EXPERIMENTS

In this section, we present two sets of experiments to evaluate the effectiveness of our proposed
approach. First, we compare our best model against three baseline methods in a MOBA 1v1 envi-
ronment, focusing on Win Rate and K/D (Kills over Deaths) as performance metrics. Subsequently,
we conduct an ablation study to measure how key components—–PPG + Advantage Normalization
and Multi-stage Reward—contribute to final performance.

4.1 EXPERIMENTAL SETUP

4.1.1 BASELINES

All three baseline models were from Tencent’s closed-source codebase and trained under the same
environment configuration, differing primarily in the total training time and the number of interac-
tion steps:

• Baseline-1: Trained for 3 hours, totaling 10,000 environment steps.
• Baseline-2: Trained for 5 hours, totaling 20,000 environment steps.
• Baseline-3: Trained for 8 hours, totaling 30,000 environment steps.

Although the detailed architectures and hyperparameters of these baselines remain unavailable, we
include them here as comparative references to evaluate the performance gains achieved by our
proposed approach.

4.1.2 METRICS

We adopt two metrics to evaluate agent performance in the HoK 1v1 environment:

• Win Rate (%):

Win Rate =
Number of Wins

Total Games Played
× 100%

• K/D:

K/D =

∑
Kill Num∑

Death Num
Here, the total kills and deaths are summed over all matches against an opponent model.

For each pairwise comparison between our model and a baseline, we conducted a total of 50
matches.

4.2 EVALUATION

We evaluate our proposed method in two main ways: first, by comparing its performance against
three strong baselines, and second, by performing an ablation study to validate the contribution of
each algorithmic component.

4.2.1 COMPARISON WITH BASELINES

Table 2: Compared with Baseline Models
Model Win Rate (%) K/D

Baseline-1 90 3.62
Baseline-2 68 2.16
Baseline-3 12 0.75

Table 2 presents the results of our strongest model against the baselines. Our model achieves a
90% win rate against Baseline-1 and around 70% win rate against Baseline-2, confirming its robust
combat capabilities. However, we only have a 10% win rate against Baseline-3.
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Overall, the results indicate that our approach is well suited for the multifaceted challenges in 1v1
MOBA scenarios. The win rate improvements over Baseline-1 and Baseline-2 are particularly sig-
nificant, suggesting that our method excels at hero-specific combat decisions and general strategic
execution.

4.2.2 ABLATION STUDY

Table 3: Ablation Study of PPG and Multi-stage Reward
PPG + Adv Norm Multi-stage Reward Win Rate (%) K/D

✓ ✓ 90 3.62
✓ ✗ 68 3.64
✗ ✓ 36 0.85
✗ ✗ 8 0.44

To further assess the effectiveness of our approach, we conduct an ablation study by comparing
multiple variants of our model against Baseline-1, as shown in Table 3. Specifically, we isolate two
core components:

1. PPG + Adv Norm: This refers to the enhanced Phasic Policy Gradient (PPG) algorithm
paired with advantage normalization.

2. Multi-Stage Reward: A progressive reward curriculum that shifts emphasis from basic
tasks (e.g. last-hitting) to advanced objectives (e.g. skill using) between different training
stages and withing a single game (using a time-varying reward).

These results confirm the critical roles of: (1) Architectural separation between policy/value opti-
mization coupled with gradient stabilization techniques (2) Structured reward engineering that or-
chestrates exploration patterns through curriculum-based learning.

The synergistic combination of these elements enables our framework to attain both training stability
and strategic sophistication, as evidenced by comprehensive baseline comparisons and component
ablation analyses.

5 CONCLUSION

This study presents a multi-stage reinforcement learning framework specifically designed for 1v1
games in Honor of Kings. Our key insights include:

• Dynamic Reward Adaptation: A progress-sensitive reward system that automatically
modulates incentive weights according to game phase transitions, ensuring alignment be-
tween tactical priorities and learning objectives across different stages.

• Progressive Reward Curriculum: A three-phase training architecture that systematically
shifts focus from frequent basic rewards (e.g., resource collection) to sparse strategic in-
centives (e.g., combat precision), enabling balanced skill acquisition and complex behavior
emergence.

• Algorithm-Reward Synergy: Empirical validation of the critical interdependence be-
tween reward engineering and algorithmic capabilities, where neither component alone
guarantees optimal performance.

Experimental results demonstrate our agent achieves 90% victory rates against novice opponents and
70% against intermediate adversaries, exhibiting refined behaviors including resource optimization,
combat disengagement, and high skill accuracy. However, performance declines to 10% win rates
when confronting expert-level strategies.

Key findings reveal:
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• Sparse rewards require precise calibration and progressive introduction to avoid undermin-
ing learning through inadequate feedback

• Curriculum structuring is indispensable for managing multi-objective reward complexity
and enabling hierarchical skill development

• Reward effectiveness fundamentally depends on the learning algorithm’s capacity to inter-
pret and optimize complex incentive signals

Current limitations include suboptimal decision-making under disadvantage conditions (e.g., ex-
cessive focus on survival over tower defense) and absence of expert-level tactics like predictive
skill evasion. Future directions involve implementing ability-specific reward shaping for advanced
strategies and integrating hybrid algorithms to enhance learning robustness.
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