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Mitigating Cowardice for Reinforcement Learning Agents in Combat Scenarios 

Abstract—A common approach in reinforcement learning (RL) 

is to give the agent a static reward for successfully completing 

the task or punishing it for failing. However, this approach leads 

to a behaviour similar to fear in combat scenarios. It learns a 

sub-optimal policy improving over time while retaining elements 

of cowardice in updating the policy. Cowardice can be avoided by 

removing static rewards given to the agent at the terminal state, 

but this lack of reward can negatively affect performance. This 

paper presents a novel approach to solve these issues by decaying 

this reward or punishment based on the agent’s performance at 

the terminal state and evaluates the proposed method across three 

separate games of varying levels of complexity—The Legend of 

Zelda, Megaman X, and M.U.G.E.N. All three games are based 

on combat scenarios where the goal is to defeat the opponent 

by reducing its health to zero. In all environments, the agents 

receiving decayed reward and punishment are more stable when 

training, achieve higher win rates, and require fewer actions per 

game than their statically rewarded counterparts. 

Index Terms—reinforcement learning, fighting game AI, retro 

game AI, reward shaping 

I. INTRODUCTION 

The goal of a reinforcement learning (RL) agent in its 

environment is to maximize its reward. This typically involves 

giving the agent small amounts of reward or punishment 

during the episode to encourage a desired behaviour, ultimately 

leading to a goal. In combat scenarios, the goal is to defeat an 

enemy in a fight—the agent must reduce its opponent’s health 

to zero by inflicting damage. At the terminal state, when either 

the agent or its opponent has died, the agent receives a reward 

or punishment for success or failure. 

We define cowardice to be a situation where an RL agent 

avoids its opponent’s actions to an exaggerated degree. Run�ning and hiding 

unnecessarily are examples of cowardice. 

This differs from the intended behaviour of dealing with the 

opponent using the fewest actions possible while maximizing 

reward. Although some environments may require the agent 

to run and hide, they may benefit from discarding these 

behaviours as quickly as possible when not needed. 

在战斗场景中减轻强化学习智能体的怯懈行为 

摘要— 在强化学习（RL）中，一种常见的方法是在智能体成功完成任务时给予 

静态奖励，或在任务失败时给予惩罚。然而，在战斗场景中，这种方法会导致类 

似恐惧的行为。智能体学到的策略逐渐改进，但在更新策略时保留了怯懈的元 

素。通过移除在终止状态时给予智能体的静态奖励，可以避免怯懈行为，但这种 

奖励的缺失可能对性能产生负面影响。本文提出了一种新颖的方法，通过根据智 

能体在终止状态的表现来逐渐减少奖励或惩罚，同时在三个不同复杂度的游戏中 

评估了所提方法——《塞尔达传说》，《洛克人X》和《M.U.G.E.N》。这三款游 

戏都基于战斗场景，目标是通过降低对手的生命值将其击败。在所有环境中，接 

收递减奖励和惩罚的智能体在训练过程中更稳定，获得更高的胜率，且每场比赛 

所需的动作次数比静态奖励的对手更少。 

关键词—强化学习，格斗游戏AI，复古游戏AI，奖励塑造 

I. 引言 

强化学习（RL）智能体在其环境中的目标是最大化奖励。这通常涉及在情节过程 

中给予智能体少量奖励或惩罚，以鼓励期望的行为，最终实现目标。在战斗场景 

中，目标是在战斗中击败敌人——智能体必须通过造成伤害将对手的生命值降至 

零。在终止状态，当智能体或其对手中的一个被击败时，智能体会因成功或失败 

而获得奖励或惩罚。 

我们将怯懈定义为强化学习智能体过分地避免对手动作的情况。过分地躲藏和逃 

跑是怯懈的例子。这与期望的行为不同，期望的行为是在最大化奖励的同时，用 

尽量少的动作处理对手。尽管在某些环境中，智能体可能需要躲 
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We define cowardice to be a situation where an RL agent 

avoids its opponent’s actions to an exaggerated degree. Run�ning and hiding 

unnecessarily are examples of cowardice. 

This differs from the intended behaviour of dealing with the 

opponent using the fewest actions possible while maximizing 

reward. Although some environments may require the agent 

to run and hide, they may benefit from discarding these 

behaviours as quickly as possible when not needed. 

When looking at the average number of timesteps per game 

for an agent or duration of an episode, cowardice can cause 

large spikes, as the agent develops a sub-optimal strategy 

out of fearing the punishment from dying. Depending upon 

the complexity of the environment, a strategy developed via 

cowardice can cause effects similar to catastrophic forgetting 

as the agent’s strategy no longer works and it must develop a new one. If the 

agent learns to lessen the fear of punishment, 

cowardice doesn’t manifest in its play style and it can more 

rapidly master its environment. 

We propose a method that the punishment and reward 

decays based on a measure of the agent’s performance. If the 

agent was close to winning but still lost, its punishment is 

less than if it was nowhere near winning. Similarly, reward 

decays based on the agent’s performance. If the agent wins, 

how “good” was that win? Depending upon our definition of 

mastery (i.e., the parameter controlling the reward decay), wins 

may not be equal. An aggressive agent performs well if it ends 

a match in 5 seconds instead of 20. In the first case, the agent 

gets a large reward at the terminal state, while it gets a smaller 

reward in the second. If the agent is defensive, then ending 

the match with full life yields a larger reward at the terminal 

state than ending it with half of its life remaining. 

In the combat scenarios we test these agents in, the goal is 

to win. Because this requires the agent depleting its opponent’s 

health, using this as the parameter to decay punishment means 

not all losses are equal. Regardless of the reward parameter 

used to define mastery, the agent receives a smaller punishment 

if the opponent has less health remaining at the terminal state 

than if it had more health. This decay of punishment reduces 

cowardice and encourages the agent to fight through its losses. 

The common alternative to this approach is to give the agent 

a static reward. Regardless of the state at which the game ends, 

the agent receives a reward (e.g., +10) for winning or a reward 

(e.g., -10) for losing. This lack of distinction between one win 

from another or one loss from another is what our proposed 

method addresses. It’s in this lack of distinction of one loss to 

another that cowardice emerges as the agent only learns to fear 

loss for its punishment, not that it can lessen that punishment 

by getting closer to achieving a win. 

我们将怯懈定义为强化学习智能体过分地避免对手动作的情况。过分地躲藏和逃 

跑是怯懈的例子。这与期望的行为不同，期望的行为是在最大化奖励的同时，用 

尽量少的动作处理对手。尽管在某些环境中，智能体可能需要躲藏和逃跑，但在 

不需要时尽快放弃这些行为可能会带来好处。 

观察智能体在游戏中的平均时间步长或情节持续时间时，怯懈会导致大幅波动， 

因为智能体因为害怕死亡带来的惩罚而形成次优策略。根据环境的复杂程度，怯 

懈产生的策略可能导致类似灾难性遗忘的影响，因为智能体的策略不再有效，必 

须开发新的策略。如果智能体学会减轻对惩罚的恐惧，怯懈就不会体现在它的游 

戏风格中，它可以更快地掌握环境。 

我们提出一种方法，将奖励和惩罚根据智能体的表现进行衰减。如果智能体即将 

获胜却输掉了比赛，它受到的惩罚会小于距离获胜还很远的情况。同样，奖励也 

根据智能体的表现进行衰减。如果智能体获胜，那么这次胜利有多“好”？根据我 

们对掌握技能的定义（即控制奖励衰减的参数），并非所有胜利都是平等的。如 

果一个进攻型智能体在5秒内结束比赛而不是20秒，那么它的表现就很好。在第 

一种情况下，智能体在终止状态获得较大奖励，而在第二种情况下获得较小奖 

励。如果智能体是防守型的，那么在比赛结束时保持满血会在终止状态获得比剩 

下一半生命值时更大的奖励。 

在我们测试这些智能体的战斗场景中，目标是获胜。由于这需要智能体消耗对手 

的生命值，所以将这个参数用于衰减惩罚意味着并非所有失败都是平等的。无论 

用哪个奖励参数来定义掌 
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In the combat scenarios we test these agents in, the goal is 

to win. Because this requires the agent depleting its opponent’s 

health, using this as the parameter to decay punishment means 

not all losses are equal. Regardless of the reward parameter 

used to define mastery, the agent receives a smaller punishment 

if the opponent has less health remaining at the terminal state 

than if it had more health. This decay of punishment reduces 

cowardice and encourages the agent to fight through its losses. 

The common alternative to this approach is to give the agent 

a static reward. Regardless of the state at which the game ends, 

the agent receives a reward (e.g., +10) for winning or a reward 

(e.g., -10) for losing. This lack of distinction between one win 

from another or one loss from another is what our proposed 

method addresses. It’s in this lack of distinction of one loss to 

another that cowardice emerges as the agent only learns to fear 

loss for its punishment, not that it can lessen that punishment 

by getting closer to achieving a win. 

The summary of contributions of the paper is as follows: 

• We show when applying the predominate method of re�warding success 

and punishing failure via static rewards, 

the agent can struggle to learn and master its environment 

depending upon its complexity, leading to cowardice. 

• We demonstrate that reducing this fear by decaying 

the punishment the agent receives at the terminal state 

leads to an increase in the agent’s performance, stability, 

reduction in training time. 

• We use three separate environments to compare and 

evaluate the effects of giving the agent a static reward 

to decaying this value by some measure of the agent’s 

performance. 

This paper’s remaining order is section 2 discussing related 

work for applying RL to retro and fighting games, as well 

as agents developing cowardice and overcoming it. Section 3 

details the proposed method, applying it to each environment, 

as well as the environment specifics. Section 4 discusses the 

reasoning for choosing Proximal Policy Optimization (PPO) 

[1] for training the agents. Section 5 discusses network ar�chitectures used. 

Section 6 evaluates the results and discusses 

findings, and section 7 draws conclusions from the findings 

在我们测试这些智能体的战斗场景中，目标是获胜。因为这需要智能体消耗对手 

的生命值，所以将这个参数用于衰减惩罚意味着并非所有失败都是平等的。无论 

用哪个奖励参数来定义掌握技能，如果对手在终止状态时剩余的生命值较少，智 

能体受到的惩罚就会较小。惩罚的衰减减少了怯懈现象，鼓励智能体勇敢面对失 

败。 

通常采用的替代方法是给智能体一个固定的奖励。无论游戏在哪个状态结束，智 

能体都会因为获胜而得到奖励（如 +10），或因为失败而得到奖励（如 -10）。 

这种方法无法区分一个胜利与另一个胜利或一个失败与另一个失败之间的差别， 

我们提出的方法就是为了解决这个问题。正是因为这种区分不清的原因，智能体 

只学会害怕失败带来的惩罚，而没有意识到它可以通过接近胜利来减轻这种惩 

罚，从而产生怯懈现象。 

本文的主要贡献如下： 

• 我们证明了，当采用主要的奖励成功和惩罚失败的固定奖励方法时，智能体可 

能会难以学习和掌握环境，具体取决于环境的复杂性，这会导致怯懈现象。 

• 我们证明，通过衰减智能体在终止状态时收到的惩罚来减轻这种恐惧，可以提 

高智能体的表现、稳定性和减少训练时间。 

• 我们使用三个不同的环境来比较和评估给智能体一个固定奖励与根据智能体的 

表现衰减这个值的效果。 

本文的剩余部分包括第2部分，讨论将强化学习应用于复古和格斗游戏，以及智 

能体产生怯懈现象并克服它的相关工作。第3部分详细介绍了提出的方法，将其 

应用于每个环境，以及环境的具体细节。第4部分讨论了选择近端策略优化 

（PPO）[1]来训练智能体的原因。第5部分讨论了所使用的网络结构。第6部分 

评估结果并讨论发现，第7 
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This paper’s remaining order is section 2 discussing related 

work for applying RL to retro and fighting games, as well 

as agents developing cowardice and overcoming it. Section 3 

details the proposed method, applying it to each environment, 

as well as the environment specifics. Section 4 discusses the 

reasoning for choosing Proximal Policy Optimization (PPO) 

[1] for training the agents. Section 5 discusses network ar�chitectures used. 

Section 6 evaluates the results and discusses 

findings, and section 7 draws conclusions from the findings. 

II. RELATED WORK 

Marwala and Hurwitz [2] trained agents to play Lerpa. Their 

agent AIden became afraid of punishment, as during the initial 

stages of its training, it lost a few times and decided it was 

better not to play at all. They solve this by forcing the agents 

to play the first 200 hands they receive regardless of fear. 

In The Legend of Zelda, Megaman X, and M.U.G.E.N—not 

playing isn’t an option. The environments force the agents 

to fight against their opponents. The opponents within our 

environments are not as dynamic as [2]’s as they’re not 

learning agents—their scripted behaviour contains varying 

degrees of randomness, but they do not actively develop new 

strategies and behaviours. 

Fighting games are an application for RL which commonly 

use static rewards as its terminal states. Oh et al. [3], Kim, 

Park, and Yang [4], Mendonça, Bernardino, and Neto [5] are 

examples of using this technique—the agent wins, it receives a 

static positive reward, and a static negative reward for losing. 

Agents trained in [4] without a reward at the terminal state 

are much more volatile than those that have it, leading to 

instability and frequent fluctuations in performance. 

Both [3] and [4] influence their agents’ behaviours through 

interim punishments. A constant ticking punishment in [4] en�courages 

aggression in their agent, which results in the average 

elapsed time per episode decreasing significantly compared to 

their other agents which don’t use this punishment. In [3], 

a variation of this idea creates aggressive, balanced, and de�fensive 

archetypes. They achieve this via interim punishments 

for a time penalty, HP ratio reward/penalty depending upon if 

the agent has more health than its opponent, and a distance 

penalty. The weights of these features change depending 

upon the play style they’re trying to encourage. While these 

punishments and rewards are useful in encouraging a desired 

behaviour, these agents all use static rewards for their terminal 

state rewards and likely suffered from cowardice at the start 

of their training and perhaps even still have elements of it in 

their behaviour. 

本文剩余部分的顺序是：第2部分讨论将强化学习应用于复古和格斗游戏的相关 

工作，以及智能体如何产生并克服怯懈现象。第3部分详细介绍了提出的方法， 

将其应用于每个环境，以及环境的具体情况。第4部分讨论了选择近端策略优化 

（PPO）[1]来训练智能体的原因。第5部分讨论了所使用的网络结构。第6部分 

评估结果并讨论发现，第7部分根据发现得出结论。 

二、相关工作 

Marwala和Hurwitz[2]训练了智能体玩Lerpa游戏。他们的智能体AIden变得害怕 

惩罚，因为在训练初期，它输了几次，然后决定最好不要玩了。他们通过强制智 

能体玩他们收到的前200手，不管它们多么害怕，来解决这个问题。 

在《塞尔达传说》、《洛克人X》和M.U.G.E.N中，不玩游戏是不可能的。环境 

迫使智能体与对手战斗。我们环境中的对手不像[2]的对手那么具有动态性，因 

为它们不是学习型智能体——它们的脚本行为包含不同程度的随机性，但它们不 

会主动开发新的策略和行为。 

格斗游戏是强化学习的一个应用领域，通常使用静态奖励作为终止状态。Oh等 

人[3]、金、朴和杨[4]、门冬萨、贝尔纳迪诺和内托[5]是使用这种技术的例子 

——智能体获胜时获得静态正奖励，失败时获得静态负奖励。在[4]中，没有终止 

状态奖励的智能体比有奖励的智能体波动性更大，导致性能不稳定且波动频繁。 

[3]和[4]都通过临时惩罚来影响智能体的行为。[4]中的一个持续不断的惩罚鼓励 

了智能体的攻击性，使得每个情节的平均流逝时间与不使用此惩罚的其他智能体 

相比显著减少。在[3]中，一个类似的想法创建了具有攻击性、平衡性和防守性 
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Both [3] and [4] influence their agents’ behaviours through 

interim punishments. A constant ticking punishment in [4] en�courages 

aggression in their agent, which results in the average 

elapsed time per episode decreasing significantly compared to 

their other agents which don’t use this punishment. In [3], 

a variation of this idea creates aggressive, balanced, and de�fensive 

archetypes. They achieve this via interim punishments 

for a time penalty, HP ratio reward/penalty depending upon if 

the agent has more health than its opponent, and a distance 

penalty. The weights of these features change depending 

upon the play style they’re trying to encourage. While these 

punishments and rewards are useful in encouraging a desired 

behaviour, these agents all use static rewards for their terminal 

state rewards and likely suffered from cowardice at the start 

of their training and perhaps even still have elements of it in 

their behaviour. 

In [6], agents trained on seven Atari 2600 games. For the 

sake of generalizability, the punishments and rewards are static 

and clipped to -1 and +1, respectively. The rewards are for 

interim results and do not reflect the overall goal of completing 

the task. As shown in [4], the lack of a terminal state reward 

for success or failure caused fluctuations in both win rate and 

the elapsed time in games. These fluctuations are present once 

again in [6]’s results for Breakout and Seaquest when looking 

at their average reward graphs. While Breakout has terminal 

states for winning and losing and would likely benefit from 

reward given at these states, Seaquest doesn’t have one for 

winning, as the goal is to maximize score and this can go 

on indefinitely. It’s likely that the instability present in their 

reward graphs can, in part, be attributed to this lack of a 

terminal state reward. 

Another approach to address cowardice exists in Shao et al. 

[7]. Using StarCraft as the environment, [7] trains a model to 

handle controlling multiple agents in a variety of skirmishes. 

They reward agents for doing damage, while punishing agents 

for taking damage, dying, or moving away from other friendly 

units or enemies. Fig. 7 in [7]’s work shows, for the first of 

their experiments, the number of timesteps versus the number 

of episodes trained. Right away, a large spike in timesteps 

appears as the agents lose to their opponents and adopt a 

strategy of cowardice by running. [7] limits the number of 

actions the agents can take to 1000, which doesn’t address the 

agents’ cowardice directly, but limits its impact. 

An alternative reward function in [7] shows the results of 

training these agents without punishing the agents for moving 

away from each other or their opponents. [7]’s Fig. 6 shows 

these results and shows that neither group of agents wins until 

roughly 1400 episodes. Cowardice is on the decline at this 

point as the number of timesteps per game is settling around 

the 400 mark. It’s likely that a contributing factor to this 

behaviour is each agent receives a static punishment of -10 

when it dies, which doesn’t decay based on a result of the 

agent’s performance. We address this issue via decaying the 

punishment the agent receives when it loses via a metric of 

its performance. 

[3]和[4]通过临时惩罚来影响智能体的行为。[4]中的一个持续惩罚鼓励了智能体 

的攻击性，导致每个情节的平均流逝时间与不使用此惩罚的其他智能体相比显著 

减少。在[3]中，这个想法的变体创建了具有攻击性、平衡性和防守性的原型。 

他们通过时间惩罚、根据智能体的生命值比对手多少来给予生命值比例奖励/惩 

罚以及距离惩罚来实现这一点。这些特征的权重会根据他们试图鼓励的玩法而改 

变。尽管这些惩罚和奖励在鼓励期望的行为方面有用，但这些智能体都使用静态 

奖励作为其终止状态奖励，训练初期可能会受到怯懈的困扰，甚至在它们的行为 

中仍然存在这种元素。 

在[6]中，智能体接受了7个雅达利2600游戏的训练。为了通用性，惩罚和奖励 

是静态的，分别限制在-1和+1。这些奖励是针对临时结果的，不反映完成任务的 

总体目标。正如[4]中所示，缺乏成功或失败的终止状态奖励导致胜率和游戏中 

经过的时间发生波动。这些波动再次出现在[6]针对Breakout和Seaquest的平均 

奖励图中。虽然Breakout有赢和输的终止状态，可能会从这些状态给予的奖励中 

受益，但Seaquest没有赢的终止状态，因为目标是最大化得分，这可以无限进 

行。很可能这种不稳定性的部分原因是缺乏终止状态奖励。 

在Shao等人[7]中存在另一种解决怯懈的方法。使用《星际争霸》作为环境，[7] 

训练一个模型来处理在各种小规模战斗中控制多个智能体。他们奖励智能体造成 

伤害，同时惩罚智能体承受伤害、死亡或远离其他友方单位或敌人。[7]的图7显 

示了他们第一个实验中的时间步数与训练情节数之间的关系。一开始，时间步数 

出现大幅上升，因为智能体 
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Another approach to address cowardice exists in Shao et al. 

[7]. Using StarCraft as the environment, [7] trains a model to 

handle controlling multiple agents in a variety of skirmishes. 

They reward agents for doing damage, while punishing agents 

for taking damage, dying, or moving away from other friendly 

units or enemies. Fig. 7 in [7]’s work shows, for the first of 

their experiments, the number of timesteps versus the number 

of episodes trained. Right away, a large spike in timesteps 

appears as the agents lose to their opponents and adopt a 

strategy of cowardice by running. [7] limits the number of 

actions the agents can take to 1000, which doesn’t address the 

agents’ cowardice directly, but limits its impact. 

An alternative reward function in [7] shows the results of 

training these agents without punishing the agents for moving 

away from each other or their opponents. [7]’s Fig. 6 shows 

these results and shows that neither group of agents wins until 

roughly 1400 episodes. Cowardice is on the decline at this 

point as the number of timesteps per game is settling around 

the 400 mark. It’s likely that a contributing factor to this 

behaviour is each agent receives a static punishment of -10 

when it dies, which doesn’t decay based on a result of the 

agent’s performance. We address this issue via decaying the 

punishment the agent receives when it loses via a metric of 

its performance. 

III. PROPOSED METHOD 

Within the observation space of environments, the agent 

observes parameters at each timestep to decide its next action. 

These parameters can be things such as the agent’s health, 

the opponent’s health, match time remaining, and many more. 

These parameters play a vital role in defining failure, success, 

and mastery. When the agent reaches zero health, it’s failed. 

The opponent reaching zero health means the agent succeeded. 

Mastery occurs when the agent succeeds and receives as little 

punishment as possible. 

In defeat, the agent receives punishment for its failure to 

encourage a better choice of actions at the various states of 

gameplay it saw during the episode. Over time, its decision 

making improves and it can eventually learn to master its 

environment. However, when defeated, the agent often made 

correct decisions, but not enough of them to secure victory. 

Instead of simply punishing the agent for failing, regardless 

of how many correct decisions it made, we propose decaying 

this punishment by a measure of its performance 

另一种解决怯懈的方法出现在Shao等人的研究[7]中。他们使用《星际争霸》作 

为环境，训练一个模型来处理在各种小规模战斗中控制多个智能体。他们奖励智 

能体造成伤害，同时惩罚智能体承受伤害、死亡或远离其他友方单位或敌人。 

[7]的图7显示了他们第一个实验中的时间步数与训练情节数之间的关系。一开 

始，时间步数出现大幅上升，因为智能体输给了对手并采取了逃跑的怯懈策略。 

[7]将智能体可以采取的动作数量限制在1000个，这并没有直接解决智能体的怯 

懈问题，但限制了其影响。 

[7]中的另一个奖励函数展示了在不惩罚智能体互相远离或远离对手的情况下训 

练这些智能体的结果。[7]的图6显示了这些结果，表明两组智能体在大约1400个 

情节后才开始获胜。此时，每场游戏的时间步数稳定在大约400左右，怯懈现象 

在减少。可能导致这种行为的一个因素是，每个智能体在死亡时都会受到-10的 

静态惩罚，而这个惩罚不会随着智能体表现的改善而减少。我们通过衡量智能体 

的表现来减少它在失败时所受到的惩罚来解决这个问题。 

三、提议的方法 

在环境的观察空间内，智能体在每个时间步观察参数来决定其下一个动作。这些 

参数可以是诸如智能体的生命值、对手的生命值、剩余比赛时间等等。这些参数 

在定义失败、成功和掌握方面起着至关重要的作用。当智能体的生命值降为零 

时，它就失败了。对手的生命值降为零意味着智能体成功了。当智能体成功且受 

到尽可能少的惩罚时，就实现了掌握。 

在失败时，智能体会因其在情节期间所见游戏状态的不良选择而受到惩罚。随着 

时间的推移，它的决策能力会得到提高，最终可以学会掌握其环境。然而，当智 

能体 
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In defeat, the agent receives punishment for its failure to 

encourage a better choice of actions at the various states of 

gameplay it saw during the episode. Over time, its decision 

making improves and it can eventually learn to master its 

environment. However, when defeated, the agent often made 

correct decisions, but not enough of them to secure victory. 

Instead of simply punishing the agent for failing, regardless 

of how many correct decisions it made, we propose decaying 

this punishment by a measure of its performance. 

In The Legend of Zelda, Megaman X, and M.U.G.E.N, the 

parameter in the observation space that is the difference be- 

tween failure and success is the opponent’s remaining health. 

At the agent’s defeat, the opponent’s remaining health reflects 

the agent’s correct decision making. If the opponent has full 

health, the agent made no correct decisions. However, if the 

opponent’s health is not full, the agent made at least one 

correct decision. Because the opponent’s health is finite and 

known beforehand, we can use this as metric to judge how 

correct the agent’s decision making and decay its punishment 

accordingly while it’s attempting to transition from failing its 

episodes to succeeding. This lets the agent understand one loss 

from another and determine which is better as the punishment 

at the end of the episode now adjusts instead of being constant. 

With this understanding of one loss being better from another 

based on the agent’s performance, it now becomes less afraid 

to engage with the opponent. 

To transition from success to mastery, we follow the same 

approach. At the agent’s victory, the value of a parameter 

within the observation space we’ll choose defines how well the 

agent understands not only defeating its opponent, but doing 

so convincingly, showing mastery. If we choose the agent’s 

remaining health as the parameter, we can now say that an 

episode that ends in victory with the agent at full health is 

better than an episode where the agent ends with half of its 

health remaining. Choosing the time remaining in the match 

as this parameter, we now can say that an episode that ends 

quickly is better than one that doesn’t. With this metric, we 

can now decay the reward the agent receives at the end of 

the episode to encourage a particular behaviour based on the 

parameter chosen. Choosing the agent’s remaining health as 

this parameter, the agent’s terminal reward now depends upon 

its health and will become influenced to avoid damage. Using 

the time remaining in the match, speed becomes important and 

the agent will race to end the match as fast as possible. These 

are examples of a defensive and aggressive behaviour. 

To achieve this decay, we use (1). P represents the cho�sen parameter from 

the observation space (e.g., agent health 

remaining, opponent health remaining, match time remaining, 

etc.). Pobs is the value this parameter has at the terminal state 

and Pmax is the maximum value this parameter can take. Vter 

is the static reward given at the terminal state, resulting in 

Vnet given to the agent. Fig 1 shows this graphically. The 

punishment curve uses the negative branch of (1) while reward 

uses the positive branch. Pobs depends upon if the agent won 

or lost. If the agent loses, Pobs is the value at the time of 

defeat of the opponent’s remaining health. If the agent wins, 

Pobs is the value at the time of victory of the chosen parameter 

to define mastery. 

在失败时，智能体会因其在情节期间所见游戏状态的不良选择而受到惩罚。随着 

时间的推移，它的决策能力会得到提高，最终可以学会掌握其环境。然而，在失 

败时，智能体常常做出正确的决策，但数量不足以确保胜利。我们建议根据智能 

体的表现减少惩罚，而不仅仅是简单地因为失败而惩罚智能体，而不考虑它做出 

了多少正确的决策。 

在《塞尔达传说》、《洛克人X》和《M.U.G.E.N》中，观察空间中的参数是对 

手剩余生命值，它是失败和成功的区别。在智能体失败时，对手的剩余生命值反 

映了智能体的正确决策。如果对手的生命值满了，那么智能体没有做出任何正确 

的决策。然而，如果对手的生命值没有满，那么智能体至少做出了一个正确的决 

策。因为对手的生命值是有限的，并且事先已知，我们可以用这个指标来评价智 

能体的决策正确性，并在它努力从失败过渡到成功的过程中相应地减少惩罚。这 

让智能体能够区分不同的失败，并确定哪个更好，因为情节结束时的惩罚现在是 

可调整的，而不是恒定的。通过了解基于智能体表现的一个失败比另一个失败更 

好，它现在变得不再害怕与对手交战。 

为了从成功过渡到精通，我们采取相同的方法。在智能体获胜时，我们选择观察 

空间内某个参数的值来定义智能体不仅理解如何击败对手，而且如何有说服力地 

做到这一点，展示出精通。如果我们选择智能体剩余的生命值作为参数，我们现 

在可以说，一个以满血获胜的智能体比一个只剩一半生命值的智能体更好。将比 

赛剩余时间作为这个参数，我们现在可以说，一个快速结束的情节比一个不快速 

结束的情节更好。有了这个指标，我们现在可以根据选择的参数来减少智能体在 

情节结束时获得的奖励，以鼓励特定的行为。将智能体剩余的生命值作为这个参 

数，智能体的终止奖励现在取决于其生 
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To transition from success to mastery, we follow the same 

approach. At the agent’s victory, the value of a parameter 

within the observation space we’ll choose defines how well the 

agent understands not only defeating its opponent, but doing 

so convincingly, showing mastery. If we choose the agent’s 

remaining health as the parameter, we can now say that an 

episode that ends in victory with the agent at full health is 

better than an episode where the agent ends with half of its 

health remaining. Choosing the time remaining in the match 

as this parameter, we now can say that an episode that ends 

quickly is better than one that doesn’t. With this metric, we 

can now decay the reward the agent receives at the end of 

the episode to encourage a particular behaviour based on the 

parameter chosen. Choosing the agent’s remaining health as 

this parameter, the agent’s terminal reward now depends upon 

its health and will become influenced to avoid damage. Using 

the time remaining in the match, speed becomes important and 

the agent will race to end the match as fast as possible. These 

are examples of a defensive and aggressive behaviour. 

To achieve this decay, we use (1). P represents the cho�sen parameter from 

the observation space (e.g., agent health 

remaining, opponent health remaining, match time remaining, 

etc.). Pobs is the value this parameter has at the terminal state 

and Pmax is the maximum value this parameter can take. Vter 

is the static reward given at the terminal state, resulting in 

Vnet given to the agent. Fig 1 shows this graphically. The 

punishment curve uses the negative branch of (1) while reward 

uses the positive branch. Pobs depends upon if the agent won 

or lost. If the agent loses, Pobs is the value at the time of 

defeat of the opponent’s remaining health. If the agent wins, 

Pobs is the value at the time of victory of the chosen parameter 

to define mastery. 

Vnet = ±V 

Pobs 

Pmax 

ter (1) 

A. Legend of Zelda 

The Legend of Zelda, Fig. 2, is a 2D adventure game, which 

uses Open AI’s Gym Retro [8] for its implementation, where 

the player controls Link in a grid world. The goal of the 

game is to explore the world and defeat enemies. Link mainly uses a sword, 

which, if he has full health, is a projectile. If 

he has sustained any damage, his sword loses this projectile 

functionality and becomes a close-range weapon. The agent 

controls Link and trains against the boss of the first dungeon. 

Cowardice is Link hiding in the doorway or behind blocks to 

avoid fighting the boss. 

为了从成功过渡到精通，我们采取相同的方法。在智能体获胜时，我们选择观察 

空间内某个参数的值来定义智能体不仅理解如何击败对手，而且如何有说服力地 

做到这一点，展示出精通。如果我们选择智能体剩余的生命值作为参数，我们现 

在可以说，一个以满血获胜的智能体比一个只剩一半生命值的智能体更好。将比 

赛剩余时间作为这个参数，我们现在可以说，一个快速结束的情节比一个不快速 

结束的情节更好。有了这个指标，我们现在可以根据选择的参数来减少智能体在 

情节结束时获得的奖励，以鼓励特定的行为。将智能体剩余的生命值作为这个参 

数，智能体的终止奖励现在取决于其生命值，会受到避免受伤的影响。使用比赛 

剩余时间作为参数，速度变得重要，智能体将争分夺秒地尽快结束比赛。这些是 

防御和进攻行为的例子。 

为了实现这种衰减，我们使用公式（1）。P 代表从观察空间中选择的参数（例 

如，智能体剩余生命值、对手剩余生命值、比赛剩余时间等）。Pobs 是该参数 

在终止状态下的值，Pmax 是该参数可以取得的最大值。Vter 是在终止状态下给 

予的静态奖励，导致智能体获得 Vnet。图 1 以图形方式显示了这一点。惩罚曲 

线使用公式（1）的负分支，而奖励使用正分支。Pobs 取决于智能体是赢还是 

输。如果智能体输了，Pobs 是对手剩余生命值在失败时的值。如果智能体赢 

了，Pobs 是在胜利时选择的参数的值，用以定义精通。 

Vnet = ±V 

Pobs 

Pmax 

ter (1) 

A.《塞尔达传说》 

《塞尔达传说》（见图 2）是一个 2D 冒险游戏，使用 Open AI 的 Gym Retro 

[8] 进行实现，玩家在一个网格世界中控制林克。游戏的目标是探索世界并击败 

敌人。林克主要使用一把剑，如果他的生命值满了，剑就是一个投射物。如果他 

受到了任何伤害，他的剑就失去了这个投射物功能，变 
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The goal of the 

game is to explore the world and defeat enemies. Link mainly 

uses a sword, which, if he has full health, is a projectile. If 

he has sustained any damage, his sword loses this projectile 

functionality and becomes a close-range weapon. The agent 

controls Link and trains against the boss of the first dungeon. 

Cowardice is Link hiding in the doorway or behind blocks to 

avoid fighting the boss. 

1) State: In The Legend of Zelda, the environment pro�duces a downsized 

grey-scaled image of size 84x84. These 

images make a 4-frame stack with the newest being inserted at 

every timestep and the oldest removed [9]. The agent receives 

this stack as its observation. In this environment, the opponent 

is the boss of the first dungeon. It has limited movement and 

is only capable of back-and-forth motions in a restricted area 

while attacking Link with fireballs from a distance. These 

fireballs only travel in a single direction—away from the boss, 

but the boss’ movement can be in either direction. Because of 

this, stacking these last 4 frames allows the agent to see in 

which direction the boss is moving, allowing it to approach 

the boss and attack from a distance without colliding with it 

and receiving damage. 

2) Action: In this environment, the agent only has access to 

Link’s sword, which functions as a projectile when Link has 

full health and a close-range weapon when not. Mapping the 

agent’s actions to the buttons of the controller, it uses these to 

interact with the game. Up, Down, Left, Right are directional 

inputs which control the movement of the agent. The A action 

corresponds to the same button on the controller. This button 

uses Link’s sword and makes the agent attack when selected. 

The agent also has the choice of not pressing any button. The 

No Op value gives this ability to the agent. Table I lists these 

actions. The agent must choose a single action from each row 

in the table, giving the agent a multi-discrete output. E.g., 

the agent may choose Up from the first row, Right from the 

second, and No Op from the third to move towards the upper 

right corner of the game in a single output. 

3) Reward: The agent receives a reward of +1 for doing 

damage to the boss and punishment equal to the health it lost. 

The agent can get a punishment of -0.5 if hit by a fireball, or -1 

游戏的目标是探索世界并击败敌人。林克主要使用一把剑，如果他的生命值满 

了，剑就是一个投射物。如果他受到了任何伤害，他的剑就失去了这个投射物功 

能，变成了近战武器。智能体控制林克并在第一个地下城的首领身上训练。林克 

躲在门口或方块后面以避免与首领战斗，这种行为被称为懦弱。 

1）状态：在《塞尔达传说》中，环境会生成一个缩小后的84x84灰度图像。这 

些图像构成一个4帧堆栈，每个时间步都会插入最新的帧并移除最旧的帧[9]。智 

能体接收这个堆栈作为观察。在这个环境中，对手是第一个地下城的首领。它的 

移动范围有限，只能在一个受限区域内来回移动，同时用火球从远处攻击林克。 

这些火球只能朝一个方向行进——远离首领，但首领的移动可以朝任何方向。因 

为这个原因，堆叠这最后4帧可以让智能体看到首领移动的方向，使其能够在不 

与首领碰撞并受到伤害的情况下接近并从远处攻击首领。 

2）动作：在这个环境中，智能体只能使用林克的剑，当林克满血时，剑是一个 

投射物；当血量不满时，剑是一把近战武器。将智能体的动作映射到控制器的按 

钮上，它通过这些按钮与游戏互动。上、下、左、右是方向输入，控制智能体的 

移动。A 动作对应于控制器上的相同按钮。这个按钮使用林克的剑并在选择时让 

智能体攻击。智能体还可以选择不按任何按钮。No Op值赋予智能体这种能力。 

表 I 列出了这些动作。智能体必须从表中的每一行中选择一个动作，使得智能体 

具有多离散输出。例如，智能体可以从第一行选择上，从第二行选择右，从第三 

行选择 No Op，以一次输出朝游戏的右上角移动。 

3）奖励：智能体对首领造成伤害时获得+1的奖励，受到的 
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3) Reward: The agent receives a reward of +1 for doing 

damage to the boss and punishment equal to the health it lost. 

The agent can get a punishment of -0.5 if hit by a fireball, or -1 Fig. 1: Vter is 

the value to be decayed. The reward and 

punishment parameters are chosen to encourage mastery and 

mitigate cowardice respectively. Their Pmax values are the 

maximum value these parameters can take with Pobs being a 

position on the x-axis depending on win or loss if colliding with the boss. 

Closing the distance between itself 

and the boss rewards the agent with +0.001, while making 

this distance larger punishes it with -0.001. These distance 

rewards and punishments encourage Link to move towards the 

boss, which is required when the agent’s sword is no longer 

a projectile. 

There are three terminal states in this environment. The 

agent leaving the room results in a punishment of -10 as this is 

not a valid option for this scenario. Defeating the boss results 

in +10 given as a reward and dying to the boss gives -10 as 

punishment. 

One agent receives these terminal state rewards as static 

values, while the other receives them decayed for dying to 

or defeating the boss. Using the boss’ remaining health as 

the punishment parameter allows the agent to overcome its 

cowardice through learning that doing damage reduces its pun�ishment at the 

terminal state. Reward decays via its remaining 

health as the reward parameter to encourage mastery, which 

leads to killing the boss while taking as minor damage as 

possible. 

3）奖励：智能体对首领造成伤害时获得+1的奖励，受到的惩罚等于失去的生命 

值。如果智能体被火球击中，会受到-0.5的惩罚；如果与首领发生碰撞，则受 

到-1的惩罚。当智能体靠近首领时，会获得+0.001的奖励；而距离首领较远时， 

会受到-0.001的惩罚。这些距离奖励和惩罚鼓励林克靠近首领，这是在智能体的 

剑不再是投射物时所必需的。 

在这个环境中有三个终止状态。智能体离开房间会导致-10的惩罚，因为这对这 

个场景来说不是一个有效的选择。击败首领会得到+10的奖励，而被首领打败则 

会受到-10的惩罚。 

一个智能体在死亡或击败首领时获得这些终止状态奖励作为静态值，而另一个智 

能体在死亡或击败首领时获得衰减值。使用首领剩余的生命值作为惩罚参数，允 

许智能体通过了解造成伤害会减少终止状态时的惩罚来克服懦弱。奖励通过剩余 

生命值作为奖励参数衰减，以鼓励精通，这将导致在尽可能少受伤的情况下击败 

首领。 
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At the terminal states, we calculate reward and punishment 

using (1). For punishment, its value depends upon the boss’ 

health remaining at the time the agent dies. The potential 

values are the punishment curve of Fig. 1. This lets the 

agent learn that doing damage to the boss will cause smaller 

punishment when it dies. Similarly, the reward value depends 

upon the agent’s remaining health at the time the boss dies. 

The potential values of this reward is the reward curve in Fig. 

1. With this, the agent can now tell one loss apart from another 

to understand dying while doing damage is better than dying 

without. The same applies to winning—the agent now can tell 

one win apart from another to understand winning with full 

health remaining is better than winning with health missing. 

B. Megaman X 

Megaman X, Fig. 3, is a 2D side-scrolling shoot ‘em up 

action game, which uses [8] for its implementation, where 

the player controls X. The goals are to explore and complete 

levels which requires combat. The player character, X, attacks 

his opponents with a projectile he always has available. The 

agent controls X and fights against a boss during one of the 

earlier stages of the game. The agent must learn to avoid its 

attacks and successfully defeat the boss. Cowardice in this 

environment is hiding in the top corners of the screen to avoid 

the boss. 

1) State: This environment follows the same approach as 

the Legend of Zelda’s environment for its observations. Images 

are grey-scaled and downsized to 84x84 and used to make a 

4-frame stack. Inserting the newest frame into the stack while 

removing the oldest—this stack becomes the observation. 

Since both the agent and the boss move frequently and at 

differing speeds, depending on which actions they take, the 

agent needs to be aware of the velocity of elements within the 

environment. 

2) Action: In this environment, the agent has access to X’s 

arm cannon to attack. This shoots projectiles and is always 

available to the agent. We map this attack to the controller’s Y 

button and give the agent the ability to use it. X can jump using 

the controller’s B button, as well as dash with the A button. We 

give these mappings to the agent and allow it to interact with 

the game through these. We map the controller’s directional 

input buttons to Up, Down, Left, and Right. These actions 

allow the agent to move in those corresponding directions. 

The agent must choose a single action from each row in 

Table II, giving the agent a multi-discrete output. E.g., the 

agent may choose Up from the first row, Right from the 

second, A from the third, B from the fourth, and Y from the 

last to jump dash to the right while attacking in a single output. 

在终止状态时，我们使用公式（1）计算奖励和惩罚。对于惩罚，其值取决于智 

能体死亡时首领剩余的生命值。可能的值是图1中的惩罚曲线。这让智能体了解 

到对首领造成伤害会在死亡时带来较小的惩罚。同样，奖励值取决于首领死亡时 

智能体剩余的生命值。该奖励的可能值是图1中的奖励曲线。有了这个，智能体 

现在可以区分不同的失败，理解在死亡时造成伤害比没有造成伤害更好。同样适 

用于胜利——智能体现在可以区分不同的胜利，理解剩余全部生命值的胜利比缺 

少生命值的胜利更好。 

B. 洛克人X 

洛克人X（见图3）是一个2D横向卷轴射击动作游戏，使用[8]进行实现，玩家控 

制角色X。游戏的目标是探索并完成关卡，这需要进行战斗。玩家角色X用一种 

始终可用的投射物攻击对手。智能体控制X并在游戏的早期阶段与一个首领战 

斗。智能体必须学会避开其攻击并成功击败首领。在这个环境中，懦弱表现为躲 

在屏幕的顶角以避开首领。 

1）状态：这个环境与《塞尔达传说》环境的观察方法相同。图像进行灰度处理 

并缩小到84x84，用于创建一个4帧堆叠。将最新的帧插入堆叠，同时删除最旧 

的帧——这个堆叠成为观察对象。由于智能体和首领的移动频率不同，且根据所 

采取的行动速度也不同，智能体需要了解环境中元素的速度。 

2）行动：在这个环境中，智能体可以使用X的臂炮进行攻击。这种攻击方式可 

以发射投射物，始终对智能体可用。我们将这个攻击映射到控制器的Y键，并赋 

予智能体使用它的能力。X可以使用控制器的B键跳跃，也可以使用A键冲刺。我 

们将这些映射赋予智能体，并允许它通过这些与游戏互动。我们将控制 
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2) Action: In this environment, the agent has access to X’s 

arm cannon to attack. This shoots projectiles and is always 

available to the agent. We map this attack to the controller’s Y 

button and give the agent the ability to use it. X can jump using 

the controller’s B button, as well as dash with the A button. We 

give these mappings to the agent and allow it to interact with 

the game through these. We map the controller’s directional 

input buttons to Up, Down, Left, and Right. These actions 

allow the agent to move in those corresponding directions. 

The agent must choose a single action from each row in 

Table II, giving the agent a multi-discrete output. E.g., the 

agent may choose Up from the first row, Right from the 

second, A from the third, B from the fourth, and Y from the 

last to jump dash to the right while attacking in a single output. 

3) Reward: The agent receives +1 for every point of 

damage it does to the boss. Similarly, it receives -1 for every 

point of damage it takes. Both the agent and boss are capable 

of dealing multiple points of damage in a single hit. At 

the terminal state, the static reward variant receives +10 for 

winning or -10 for losing. The decay-based variant uses (1) to decay reward 

and punishment. Using the curves in Fig. 

1 again, the reward parameter is X’s remaining health and 

punishment parameter is the boss’ remaining health 

行动：在这个环境中，智能体可以使用X的臂炮进行攻击。这种攻击方式可以 

发射投射物，始终对智能体可用。我们将这个攻击映射到控制器的Y键，并赋 

予智能体使用它的能力。X可以使用控制器的B键跳跃，也可以使用A键冲 

刺。我们将这些映射赋予智能体，并允许它通过这些与游戏互动。我们将控 

制器的方向输入按钮映射为上、下、左和右。这些动作允许智能体沿着相应 

的方向移动。 

智能体必须从表II中的每一行选择一个动作，给智能体一个多离散输出。例如， 

智能体可能从第一行选择上，从第二行选择右，从第三行选择A，从第四行选择 

B，从最后一行选择Y，在单个输出中向右跳跃冲刺并攻击。 

奖励：智能体对首领造成的每一点伤害都会获得+1分。同样地，它因受到的 

每一点伤害而收到-1分。智能体和首领都有能力在单次攻击中造成多点伤 

害。在终止状态下，静态奖励变量赢得比赛时获得+10分，输掉比赛时获 

得-10分。基于衰减的变量使用公式（1）来衰减奖励和惩罚。再次使用图1中 

的曲线，奖励参数是X剩余的生命值，惩罚参数是首领剩余的生命值。 
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C. M.U.G.E.N 

M.U.G.E.N, Fig. 4, is a fighting-game engine made by 

Elecbyte. Implemented using Open AI Gym [10], the goal is to 

attack your opponent and reduces its health to zero. Like Fig. 

3, the players are on a 2D stage. In this environment, hiding 

and inaction are not viable options. The agent must learn to 

avoid its opponent’s attacks and deny it the ability to attack 

by controlling space and applying pressure. Characters can 

perform combos and special moves by inputting a sequence of 

actions within a strict time limit, resulting in doing significant 

damage to their opponent. Cowardice in this environment is 

constantly walking and running away from the opponent. 

1) State: Unlike The Legend of Zelda and Megaman 

X, M.U.G.E.N doesn’t use image data. Instead, we either 

calculate the observation space features or read them from 

game memory. The agent’s last 15 actions are components of 

its observations, allowing it to perform combos and special 

moves. Table III shows features in the observation space 

related to the agent. 

The opponent’s features included in the observation space 

are in Table IV. Two distinct differences between this table 

and Table III is the lack of Last N Actions and Time-stop 

Meter. We prevented the agent from knowing its opponent’s 

inputs, as this is akin to cheating and gives the agent an unfair 

advantage. Time-stop Meter is a feature unique to the agent’s 

character. Table V holds the rest of the remaining features in 

the observation space. These are features that are calculated 

C. M.U.G.E.N 

M.U.G.E.N（图4）是由Elecbyte制作的一款格斗游戏引擎。利用Open AI Gym 

[10]实现，目标是攻击对手并将其生命值降至零。就像图3一样，玩家在一个2D 

舞台上。在这个环境中，躲藏和不采取行动是行不通的。智能体必须学会避开对 

手的攻击，并通过控制空间和施加压力来剥夺对手的攻击能力。角色可以在严格 

的时间限制内输入一系列动作来执行组合和特殊动作，对对手造成大量伤害。在 

这个环境中，懦弱就是不断地走和跑离对手。 

状态：与《塞尔达传说》和《洛克人X》不同，M.U.G.E.N不使用图像数据。 

相反，我们要么计算观测空间特征，要么从游戏内存中读取它们。智能体的 

最近15个动作是它的观测部分，使其能够执行连招和特殊招式。表III显示了与 

智能体相关的观测空间中的特征。 

观测空间中包含的对手特征在表IV中。这张表与表III之间的两个明显区别是缺少 

了最近N个动作和时间停止计量器。我们不让智能体知道对手的输入，因为这类 

似于作弊，给智能体带来了不公平的优势。时间停止计量器是智能体角色独有的 

特征。表V包含了观测空间中剩余的其他特征。这些特征是计算出来的。 
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Table V holds the rest of the remaining features in 

the observation space. These are features that are calculated 

from the agent and opponent’s features or are from the match 

itself. 

2) Action: In this environment, the agent doesn’t have a 

multi-discrete action space. Instead, it must choose one from 

a list of actions, as seen in Table VI. Down, Back, Forward, 

and Up are the directional inputs accepted by the game. Unlike 

Tables I and II, this agent has their Left and Right directional 

inputs replaced with Forward and Back. 

In most fighting games, if a player presses Right on the con�troller, this action 

is a forward motion towards the opponent if 

the player is on the left side of the screen. If the player is on 

the right side of the screen, this is a backward motion moving 

away from the opponent. The Left button functions similarly. 

In M.U.G.E.N, the characters have special abilities and 

combos which require directional inputs of Forward and 

Back, regardless of what side of the screen they’re on. We 

simplify the action space by allowing the environment to 

handle whether Right or Left is Forward or Back. To do this, 

we compare the x-coordinates of the agent with its opponent’s. 

If the agent’s x-coordinate is smaller, then it’s on the left side 

of the screen. If it’s larger, then it’s on the right side. This 

means that when the agent selects Forward as its directional 

input, we can know if the agent needs to move right or left 

towards its opponent, depending on which side of the screen 

it’s on. 

表V包含了观测空间中剩余的其他特征。这些特征是根据智能体和对手的特征计 

算出来的，或者是来自比赛本身的特征。 

动作：在这个环境中，智能体没有多离散动作空间。相反，它必须从表VI中 

的动作列表中选择一个。Down（下）、Back（后退）、Forward（前进）和 

Up（上）是游戏接受的方向输入。与表I和表II不同，这个智能体将Left（左） 

和Right（右）方向输入替换为Forward（前进）和Back（后退）。 

在大多数格斗游戏中，如果玩家在控制器上按右键，当玩家在屏幕左侧时，这个 

动作是朝向对手的前进动作。如果玩家在屏幕右侧，这是一个远离对手的后退动 

作。左键功能类似。 

在M.U.G.E.N中，角色具有特殊技能和组合招式，这些招式需要前进和后退的方 

向输入，无论它们在屏幕的哪一边。我们通过允许环境处理右键或左键是前进还 

是后退来简化动作空间。为此，我们比较智能体与对手的x坐标。如果智能体的x 

坐标较小，那么它就在屏幕左侧。如果较大，则在右侧。这意味着当智能体选择 

前进作为其方向输入时，我们可以知道智能体需要向右还是向左朝向对手移动， 

具体取决于它在屏幕的哪一侧。 
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The remaining actions map to the various attacks the agent 

is capable of. X is a punch attack the agent has, while A, B, C 

are all different kicks. The agent can hold certain buttons listed 

in Table VI instead of press them. Within M.U.G.E.N, holding 

specific buttons performs certain actions. E.g., holding Back 

will block the opponent’s attacks and deal reduced damage to 

the agent. We give the agent the option to hold these buttons 

instead of pressing them repeatedly because of the controller 

library used, and the specific requirements of the game. The X button gives 

the agent’s character the ability to charge a 

resource meter, which allows it to teleport or perform some 

special moves. This resource builds while the agent is holding 

this button. 

Buttons in the hold column of Table VI behave differently 

than those in the press column do. Pressing a button causes 

the agent to hold the button briefly before releasing it. This 

behaviour caused issues with the agent being able to block 

its opponent effectively, which we resolve through giving the 

agent the ability to hold a button. When the agent holds a 

button, it doesn’t release it until the agent chooses a different 

action. For example, if the agent chooses hold back, the agent 

will hold this button. If the next action is again hold back, 

nothing will happen as the agent is already holding back. 

However, if the next action is to hold forward, we release 

the hold back command on the controller and execute hold 

forward. Similarly, if the agent chooses a hold command that 

isn’t followed by that same action, we release the previous 

hold. We do this to prevent the controller from releasing the 

agent’s block command early via repeatedly pressing back to 

block, which lets off the button at the end of the action. 

We give combinations of directional input to the agent by 

combining directions together. In Table VI, these take the form 

of a direction + direction. We do this to further simplify the 

action space for the agent to perform special moves. E.g., 

the agent has a special move which shoots a rocket at its 

opponent. To do this, the agent must press in sequence and on a 

strict timer: Down, Down + Forward, Forward, C. M.U.G.E.N 

enforces this input sequence, as well as several others. These 

moves are essential in the agent defeating its opponent as they 

do significantly more damage than any of the standard attacks 

the agent is capable of. 

剩下的动作对应智能体能够执行的各种攻击。X代表智能体的一种拳击攻击，而 

A、B、C都是不同的踢击。智能体可以按住表VI中列出的某些按钮，而不是单击 

它们。在M.U.G.E.N中，按住特定按钮会执行某些动作。例如，按住后退键可以 

阻挡对手的攻击，并减少对智能体的伤害。由于使用的控制器库和游戏的特殊要 

求，我们让智能体有选择地按住这些按钮，而不是反复按压。X按钮赋予智能体 

角色充能资源表的能力，这让它可以进行传送或执行一些特殊动作。当智能体按 

住这个按钮时，资源会逐渐积累。 

表VI中hold（按住）列中的按钮与press（按压）列中的按钮行为不同。按下按 

钮会使智能体短暂地按住按钮然后松开。这种行为使智能体在有效阻挡对手方面 

出现问题，我们通过赋予智能体按住按钮的能力来解决这个问题。当智能体按住 

按钮时，直到智能体选择另一个动作才会松开。例如，如果智能体选择按住后退 

键，智能体将按住这个按钮。如果下一个动作再次是按住后退键，由于智能体已 

经按住后退键，所以什么都不会发生。然而，如果下一个动作是按住前进键，我 

们会释放控制器上的按住后退命令，并执行按住前进命令。类似地，如果智能体 

选择一个按住命令，后面没有跟着相同的动作，我们就会释放之前的按住命令。 

我们这样做是为了防止控制器在反复按下后退键进行阻挡时提前释放智能体的阻 

挡命令，这会在动作结束时松开按钮。 

我们通过将方向组合在一起，给智能体提供方向输入组合。在表VI中，这些组合 

采用方向+方向的形式。我们这样做是为了进一步简化智能体执行特殊动作的动 

作空间。例如，智能体有一个特殊动作可以向对手发射火箭。要做到这一点，智 

能体必须在严格的计时器上按照顺序执行：下、下+前、前、C。M.U.G.E.N要求 

执行这个输入顺序，还有其他一些顺序。这些 
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We give combinations of directional input to the agent by 

combining directions together. In Table VI, these take the form 

of a direction + direction. We do this to further simplify the 

action space for the agent to perform special moves. E.g., 

the agent has a special move which shoots a rocket at its 

opponent. To do this, the agent must press in sequence and on a 

strict timer: Down, Down + Forward, Forward, C. M.U.G.E.N 

enforces this input sequence, as well as several others. These 

moves are essential in the agent defeating its opponent as they 

do significantly more damage than any of the standard attacks 

the agent is capable of. 

3) Reward: Several agents trained in this environment with 

differing reward and punishment sources. Doing and receiving 

damage is common to all. A scaling factor of 0.0025 multiplies 

the health difference between the current state and the previous 

state. If the agent did damage, this as a reward. If it took 

damage, this is a punishment. An interim punishment source 

that one agent received mimics [3] and [4], where the agent 

receives constant ticking punishment to encourage aggressive 

behaviour and ending matches quickly. 

Two agents trained receiving static rewards of +10 for 

winning and -10 for losing. Of these two, one agent also 

had the ticking time penalty. Three other agents trained and 

received this static reward decayed using (1). All three used 

the opponent’s health remaining as the punishment parameter 

to discourage cowardice. The reward parameter was different 

across the three agents. One used the match time remaining, 

another used its remaining health, and the third used a simple 

average of the two. These parameters caused aggressive, 

defensive, and balanced play styles, respectively. Aggressive 

and defensive’s reward and punishment curves mirror Fig. 1 

while balanced uses Fig. 5 for its reward decay. 

The balanced agent’s reward decay is an average of the ag�gressive and 

defensive variant’s rewards, which are calculated 

with match time remaining and agent health remaining as the 

reward parameters in Fig. 1, respectively. Fig. 5 shows the 

potential rewards the agent can receive depending on how the 

match ends. 

我们通过将方向组合在一起，为智能体提供方向输入组合。在表VI中，这些组合 

采用方向+方向的形式。我们这样做是为了进一步简化智能体执行特殊动作的动 

作空间。例如，智能体有一个特殊动作可以向对手发射火箭。要做到这一点，智 

能体必须在严格的计时器上按照顺序执行：下、下+前、前、C。M.U.G.E.N要求 

执行这个输入顺序，还有其他一些顺序。这些动作对于智能体击败对手至关重 

要，因为它们比智能体能够执行的任何标准攻击造成的伤害都要大得多。 

奖励：在这个环境中训练了几个智能体，它们有不同的奖励和惩罚来源。造 

成和承受伤害是所有智能体的共同点。一个0.0025的缩放因子将当前状态和 

先前状态之间的生命值差乘以起来。如果智能体造成了伤害，这将作为奖 

励。如果它承受了伤害，这将作为惩罚。一个智能体接受的临时惩罚来源模 

仿了[3]和[4]，在这里智能体会受到持续的惩罚，以鼓励积极的行为并尽快结 

束比赛。 

两个智能体在训练过程中分别获得了+10和-10的静态奖励，用于赢得和输掉比 

赛。这两个智能体中，一个还受到了时间递减惩罚。另外三个智能体在训练过程 

中接受了使用（1）衰减的静态奖励。这三个智能体都使用了对手剩余生命值作 

为惩罚参数，以防止懦夫行为。这三个智能体的奖励参数各不相同。一个使用剩 

余比赛时间，另一个使用剩余生命值，第三个使用这两者的简单平均值。这些参 

数分别导致了积极、防守和平衡的游戏风格。积极和防守的奖励和惩罚曲线与图 

1相呼应，而平衡型则使用图5作为其奖励衰减。 

平衡智能体的奖励衰减是积极和防守变体奖励的平均值，分别使用图1中剩余比 
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The balanced agent’s reward decay is an average of the ag�gressive and 

defensive variant’s rewards, which are calculated 

with match time remaining and agent health remaining as the 

reward parameters in Fig. 1, respectively. Fig. 5 shows the 

potential rewards the agent can receive depending on how the 

match ends. 

Fig. 5: Vter is the static reward value to be decayed. At 

the terminal state, we calculate the aggressive (y-axis) and 

defensive (x-axis) variant’s rewards using (1). The balanced 

decay variant’s reward is then a simple average of these two 

reward values. This leads to multiple ways of obtaining the 

same value for balanced’s terminal state reward. 

IV. REINFORCEMENT LEARNING ALGORITHM 

This paper uses PPO [1] provided by Stable-Baselines3 [11] 

as the algorithm for training its agents. We chose PPO because 

of a few factors; all agents across all games have a discrete 

action space, which narrowed the choice to a Q-Learning algo�rithm, 

Advantage Actor Critic (A2C), or one of its derivatives. 

We required parallelization, as the agents needed to develop their cowardice 

and then needed many games to resolve it to 

varying degrees. As recommended by [11], PPO and A2C are 

the best choices for discrete actions spaces and parallelized 

environments. Kim, Park, and Yang [4] used PPO as well for 

their agents in the FightingICE environment and one of the 

static valued variants trained in the M.U.G.E.N environment 

is based on their reward function. Also, the recent use of PPO 

by Open AI to beat world champions at Dota 2 [12] showed 

its potential to solve complicated tasks. These factors led to 

our use of it for these environments. 

平衡智能体的奖励衰减是积极和防守变体奖励的平均值，分别使用图1中剩余比 

赛时间和智能体剩余生命值作为奖励参数进行计算。图5显示了智能体根据比赛 

结束方式可以获得的潜在奖励。 

图5：Vter是要衰减的静态奖励值。在终止状态下，我们使用公式（1）分别计算 

积极（y轴）和防守（x轴）变体的奖励。然后，平衡衰减变体的奖励是这两个奖 

励值的简单平均值。这导致了获得平衡终止状态奖励的相同值有多种方式。 

IV. 强化学习算法 

本文使用由Stable-Baselines3 [11]提供的PPO [1]作为训练智能体的算法。我们 

选择PPO的原因有以下几点：所有游戏中的所有智能体都具有离散动作空间，这 

使得我们可以选择Q学习算法、优势演员评论家（A2C）或其衍生算法。我们需 

要并行化，因为智能体需要开发他们的胆怯行为，然后需要许多游戏来解决这个 

问题，程度不同。正如[11]推荐的那样，PPO和A2C是离散动作空间和并行化环 

境的最佳选择。Kim、Park和Yang [4]在FightingICE环境中的智能体以及 

M.U.G.E.N环境中训练的一个静态价值变体也使用了PPO，后者是基于他们的奖 

励函数。此外，Open AI最近在Dota 2 [12]比赛中击败世界冠军，展示了PPO解 

决复杂任务的潜力。这些因素导致我们在这些环境中使用它。 
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Table VII shows the hyper parameters used across all 3 

environments. During the initial stages of development, we 

found that the PPO’s built-in clipping wasn’t enough to create 

stability in M.U.G.E.N agents. We further restricted the policy 

updates the agent could perform via a target KL of 0.03. 

V. NETWORK ARCHITECTURE 

A. The Legend of Zelda and Megaman X 

The network architecture for both environments is the same. 

Using the defaults provided by [11] for the ‘CnnPolicy’, the 

architecture is that found in [9]—three convolutional layers 

with ReLU activation functions. Flattening this output, it then 

passes into a fully connected layer of 512 nodes. 

B. M.U.G.E.N 

The agent in the M.U.G.E.N environment uses the defaults 

provided by [11] for their ‘MlpPolicy’, with the architecture 

from [4]. This is three fully connected layers with ReLU 

activation functions comprising 330, 330, and 165 nodes. This 

then splits into the actor and critic branches with 165 and 80 

nodes, respectively. 

VI. RESULTS AND DISCUSSION 

We measure all agents across all environments based on 

the averaged results of a game-set where the set comprises 

games across all parallelized environments that share the same 

index (i.e., it averages the Nth game across all environments.) 

The Legend of Zelda’s data is an average of 12 environments, 

Megaman X’s is 32, and M.U.G.E.N’s is 4. We ran each agent 

in The Legend of Zelda environment for 3 days, Megaman X 

for 4 days, and M.U.G.E.N. for 14 days. 

The metrics we judge the agents on are the number of 

timesteps in a set and win rates in a pre-defined set of games. 

Both Megaman and M.U.G.E.N use 1024 games for this, while 

The Legend of Zelda uses a set of 300 games. We show these 

results in Fig. 6. 

表VII显示了在所有3个环境中使用的超参数。在开发的初期阶段，我们发现PPO 

的内置剪裁功能不足以在M.U.G.E.N智能体中创建稳定性。我们通过目标KL值为 

0.03来进一步限制智能体可以执行的策略更新。 

V. 网络架构 

A. 塞尔达传说和洛克人X 

这两个环境的网络架构是相同的。使用[11]提供的“CnnPolicy”默认值，该架构在 

[9]中找到——具有ReLU激活功能的三个卷积层。将这个输出展平后，它传入一 

个由512个节点组成的全连接层。 

B. M.U.G.E.N 

M.U.G.E.N环境中的智能体使用[11]为其“MlpPolicy”提供的默认值，架构来自 

[4]。这是包含330、330和165个节点的具有ReLU激活功能的三个全连接层。然 

后，这将分为演员和评论家分支，分别具有165和80个节点。 

VI. 结果和讨论 

我们根据游戏集的平均结果来衡量所有环境中的所有智能体，其中集合包括在所 

有并行化环境中共享相同索引的游戏（即，它对所有环境的第N个游戏求平均 

值。）塞尔达传说的数据是12个环境的平均值，洛克人X是32个，M.U.G.E.N是4 

个。我们分别让塞尔达传说环境中的每个智能体运行3天，洛克人X运行4天， 

M.U.G.E.N运行14天。 

我们根据集合中的时间步数和在预定义游戏集合中的胜率来评判智能体。洛克人 

和M.U.G.E.N都使用1024场游戏来实现这一点，而塞尔达传说则使用一套300场 

游戏。我们在图6中展示这些结果。 
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A. The Legend of Zelda 

In Fig. 6, we see both agents figure out the environment 

quickly. Decay learns how to deal with the boss much faster 

than static, but both ultimately defeat their opponent and show 

mastery. The notable findings in this environment are that the 

static variant has a large spike in the number of timesteps at 

the start of its training, while decay’s spike is much smaller. 

Decay’s win rate also grows much faster than statics’s as it 

requires far fewer actions per game, showing that it isn’t afraid 

to engage with the boss. Static shows cowardice via the much 

higher number of timesteps required, and this causes its slow 

increase in win rate compared to the decay-based variant. At 

the end of their training, decay achieved a best win rate of 

99.7% while static achieved a best win rate of 98.0%. 

B. Megaman X 

The agents take a little longer than in the last environment 

to understand this encounter, as the boss’ attack patterns have 

some randomness to them. Fig. 6 shows that cowardice is 

present once again in the static variant as it requires signifi�cantly more 

actions per game to end its matches. Cowardice 

leads the static agent to develop a strategy in which it hides in 

the top corners of the screen and attacks the boss only when 

given the chance. This works early on, but it’s far from the 

optimal way to fight this boss. Decay engages with the boss 

much more frequently and doesn’t develop this behaviour of 

hiding in the top corners of the screen. Instead, it learns to 

dodge attacks and jump over the boss to give itself distance. 

Mastering this behaviour leads to decay overtaking static’s 

win rate and showing an upward trend even at the end of 

its training. Decay’s win rate doesn’t grow as fast as static’s 

at first because it puts itself in more danger than static, but it 

overtakes static around the 15th set and outperforms static by 

a good margin. At their bests, decay achieved a 95.5% win 

rate while static achieved an 84.8% win rate. 

C. M.U.G.E.N 

Three decay-based agents trained in this environment. All 

used the opponent’s remaining health as their punishment 

parameter to control its decay. Aggressive used match time 

remaining and defensive used the agent’s health remaining as 

their reward parameters. Balanced used Fig. 5 to determine its 

terminal state rewards. Of the two static variants, one received 

a constant ticking time penalty to encourage the agent to 

become aggressive. This agent’s reward function is based on 

[4]’s work, while the other is the same as the static variants 

for The Legend of Zelda and Megaman X. 

In Fig. 6, cowardice is visible in both static variants as 

the number of timesteps per game set fluctuates wildly, while 

all decay-based variants steadily decrease their action count 

per game set. An interesting observation is that the aggressive 

and defensive decay variants both achieve similar results even 

though the defensive variant doesn’t use time to influence its 

reward and developed a different play style. 

A. 塞尔达传说 

在图6中，我们可以看到两个智能体很快地理解了环境。衰减（Decay）比静态 

（Static）更快地学会如何应对boss，但最终两者都打败了对手，展示了精通技 

巧。在这个环境中，值得注意的发现是静态变体在训练开始时时间步数的大幅上 

升，而衰减的上升幅度要小得多。衰减的胜率也比静态的增长得快，因为它每场 

游戏需要的动作要少得多，这表明它不害怕与boss交战。静态表现出胆怯，通过 

需要更多的时间步数，导致其胜率相较于基于衰减的变体增长缓慢。在他们训练 

结束时，衰减达到了最高胜率99.7%，而静态达到了最高胜率98.0%。 

B. 洛克人X 

与上一个环境相比，智能体需要更长的时间来理解这个环境，因为boss的攻击模 

式具有一定的随机性。图6显示，静态变体再次表现出胆怯，因为它每场游戏需 

要更多的动作来结束比赛。胆怯使静态智能体形成了一种策略，在这种策略中， 

它会躲在屏幕的顶角，并只在有机会时攻击boss。这种策略在早期有效，但远非 

与这个boss战斗的最佳方式。衰减更频繁地与boss交战，不会产生躲在屏幕顶 

角的行为。相反，它学会躲避攻击，跳过boss以拉开距离。掌握这种行为使衰减 

超过静态的胜率，并在训练结束时仍呈上升趋势。一开始，衰减的胜率增长没有 

静态的快，因为它让自己面临比静态更大的危险，但它在第15组左右超过了静 

态，并以较大幅度胜出。在最好的状态下，衰减取得了95.5%的胜率，而静态取 

得了84.8%的胜率。 

C. M.U.G.E.N 

在这个环境中，进行了三个基于衰减的智能体训练。所有这些智能体都使用对手 

剩余的生命值作为惩罚参数来控制衰减。攻击型（Aggressive）智能 
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Three decay-based agents trained in this environment. All 

used the opponent’s remaining health as their punishment 

parameter to control its decay. Aggressive used match time 

remaining and defensive used the agent’s health remaining as 

their reward parameters. Balanced used Fig. 5 to determine its 

terminal state rewards. Of the two static variants, one received 

a constant ticking time penalty to encourage the agent to 

become aggressive. This agent’s reward function is based on 

[4]’s work, while the other is the same as the static variants 

for The Legend of Zelda and Megaman X. 

In Fig. 6, cowardice is visible in both static variants as 

the number of timesteps per game set fluctuates wildly, while 

all decay-based variants steadily decrease their action count 

per game set. An interesting observation is that the aggressive 

and defensive decay variants both achieve similar results even 

though the defensive variant doesn’t use time to influence its 

reward and developed a different play style. 

Cowardice negatively affects the static variants as their win 

rates fluctuate throughout their training. The opponent in this 

environment has multiple strategies for attacking the agent 

and simply running away won’t work. Both static variants 

developed this strategy and attacked the opponent only when it 

presented an opportunity instead of making their own. Decay�based variants 

applied pressure and forced openings in the 

opponent’s strategy, which put it on the defensive. Fig. 6 

shows this with the decreasing actions per game set count. 

The best win rates achieved by these agents are 99.9% for 

Aggressive Decay, 99.2% for Balanced Decay, 99.0% for 

Defensive Decay, 74.2% for Static Value W/O Time Penalty, 

and 43.2% for Static Value W/ Time Penalty. 

VII. CONCLUSION 

Cowardice develops when an agent fears dying—it takes 

every action, many of them unnecessary, it can to avoid this. 

This fear causes it to develop strategies that can work, but 

do not scale well with the complexity of the environment. 

Moreso, in environments where cowardice isn’t fatal to the 

agent’s performance, removing its hinderance via decaying the 

terminal state rewards leads to better performance in terms of 

win rates, average number of timesteps, and stability. This 

approach also provides a method of defining what mastery 

means for each agent—allowing creating different play styles 

for agents through decaying reward via different parameters 

or combinations. 

在这个环境中，训练了三个基于衰减的智能体。它们都使用对手剩余的生命值作 

为惩罚参数来控制衰减。攻击型（Aggressive）智能体使用剩余比赛时间，防守 

型（Defensive）智能体使用智能体剩余的生命值作为奖励参数。平衡型 

（Balanced）智能体使用图5来确定其终止状态奖励。在两个静态变体中，一个 

接受不断累积的时间惩罚以鼓励智能体变得更具攻击性。这个智能体的奖励函数 

基于[4]的工作，而另一个与《塞尔达传说》和《洛克人X》的静态变体相同。 

在图6中，两个静态变体的胆怯表现在每个游戏组的时间步数波动剧烈，而所有 

基于衰减的变体在每个游戏组的动作计数稳步减少。有趣的观察是，尽管防守型 

衰减变体没有使用时间来影响其奖励并形成了不同的游戏风格，攻击型和防守型 

衰减变体都取得了类似的结果。 

胆怯对静态变体产生负面影响，因为它们的胜率在整个训练过程中波动。在这个 

环境中，对手有多种攻击智能体的策略，简单地逃跑是行不通的。两个静态变体 

都形成了这种策略，并仅在对手提供机会时攻击对手，而不是主动制造机会。基 

于衰减的变体施加压力，迫使对手策略出现破绽，使其处于防守状态。图6通过 

每个游戏组的减少的动作计数展示了这一点。 

这些智能体取得的最佳胜率分别是：攻击型衰减99.9%，平衡型衰减99.2%，防 

守型衰减99.0%，无时间惩罚的静态值74.2%，有时间惩罚的静态值43.2%。 

VII. 结论 

当智能体害怕死亡时，胆怯就会产生——它会采取每一个可能的动作，其中许多 

是不必要的，来避免死亡。这种恐惧导致它形成一些可以奏效但不能很好地应对 

环境复杂性的策略。更重要 
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Cowardice develops when an agent fears dying—it takes 

every action, many of them unnecessary, it can to avoid this. 

This fear causes it to develop strategies that can work, but 

do not scale well with the complexity of the environment. 

Moreso, in environments where cowardice isn’t fatal to the 

agent’s performance, removing its hinderance via decaying the 

terminal state rewards leads to better performance in terms of 

win rates, average number of timesteps, and stability. This 

approach also provides a method of defining what mastery 

means for each agent—allowing creating different play styles 

for agents through decaying reward via different parameters 

or combinations. 
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In recent years, on-policy reinforcement learning (RL) has been successfully 

applied to many different continuous control tasks. While RL algorithms are 

often 

conceptually simple, their state-of-the-art implementations take numerous 

low- and 

high-level design decisions that strongly affect the performance of the 

resulting 

agents. Those choices are usually not extensively discussed in the literature, 

leading to discrepancy between published descriptions of algorithms and 

their 

implementations. This makes it hard to attribute progress in RL and slows 

down 

overall progress [27]. As a step towards filling that gap, we implement >50 

such 

“choices” in a unified on-policy RL framework, allowing us to investigate their 

impact in a large-scale empirical study. We train over 250’000 agents in five 

continuous control environments of different complexity and provide insights 

and 

practical recommendations for on-policy training of RL agents. 

近年来，基于策略的强化学习（RL）已成功应用于许多不同的连续控制任务。尽 

管 RL 算法通常在概念上很简单，但它们的最先进实现需要采用很多低级和高级 

设计决策，这些决策对生成的智能体的性能有很大影响。这些选择通常在文献中 

没有详细讨论，导致发表的算法描述与实际实现之间存在差异。这使得很难确定 

RL 的进展，并减缓了整体进步[27]。为了填补这一空白，我们在一个统一的基 

于策略的 RL 框架中实现了 50 多种这样的“选择”，使我们能够在大规模实证研 

究中研究它们的影响。我们在五个不同复杂度的连续控制环境中训练了超过 

250,000 个智能体，并为基于策略的 RL 代理的培训提供了见解和实际建议。 
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1 Introduction 

Deep reinforcement learning (RL) has seen increased interest in recent years 

due to its ability to 

have neural-network-based agents learn to act in environments through 

interactions. For continuous 

control tasks, on-policy algorithms such as REINFORCE [2], TRPO [10], A3C 

[14], PPO [17] and 

off-policy algorithms such as DDPG [13] and SAC [21] have enabled 

successful applications such as 

quadrupedal locomotion [20], self-driving [30] or dexterous in-hand 

manipulation [20, 25, 32]. 

Many of these papers investigate in depth different loss functions and 

learning paradigms. Yet, it 

is less visible that behind successful experiments in deep RL there are 

complicated code bases that 

contain a large number of low- and high-level design decisions that are 

usually not discussed in 

research papers. While one may assume that such “choices” do not matter, 

there is some evidence 

that they are in fact crucial for or even driving good performance [27]. 

While there are open-source implementations available that can be used by 

practitioners, this is still 

unsatisfactory: In research publications, often different algorithms 

implemented in different code 

bases are compared one-to-one. This makes it impossible to assess whether 

improvements are due to 

the algorithms or due to their implementations. Furthermore, without an 

understanding of lower-level 

choices, it is hard to assess the performance of high-level algorithmic 

choices as performance may 

strongly depend on the tuning of hyperparameters and implementation-level 

details. Overall, this 

makes it hard to attribute progress in RL and slows down further research [15, 

22, 27]. 

Our contributions. Our key goal in this paper is to investigate such lower level 

choices in depth 

and to understand their impact on final agent performance. Hence, as our key 

contributions, we (1) 

implement >50 choices in a unified on-policy algorithm implementation, (2) 

conducted a large-scale 

(more than 250’000 agents trained) experimental study that covers different 

aspects of the training 
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process, and (3) analyze the experimental results to provide practical insights 

and recommendations 

for the on-policy training of RL agents. 

Most surprising finding. While many of our experimental findings confirm 

common RL practices, 

some of them are quite surprising, e.g. the policy initialization scheme 

significantly influences the 

performance while it is rarely even mentioned in RL publications. In particular, 

we have found that 

initializing the network so that the initial action distribution has zero mean, a 

rather low standard 

deviation and is independent of the observation significantly improves the 

training speed (Sec. 3.2). 

The rest of of this paper is structured as follows: We describe our 

experimental setup and performance 

metrics used in Sec. 2. Then, in Sec. 3 we present and analyse the 

experimental results and finish 

with related work in Sec. 4 and conclusions in Sec. 5. The appendices contain 

the detailed description 

of all design choices we experiment with (App. B), default hyperparameters 

(App. C) and the raw 

experimental results (App. D - K). 

1 引言 

近年来，由于深度强化学习（RL）能够让基于神经网络的智能体通过互动学习在 

环境中行动，它引起了越来越多的关注。对于连续控制任务，基于策略的算法 

（如 REINFORCE [2]、TRPO [10]、A3C [14]、PPO [17]）和基于离策略的算法 

（如 DDPG [13]和 SAC [21]）使得成功应用变得可能，例如四足行走 [20]、自 

动驾驶 [30] 或灵巧的手部操作 [20, 25, 32]。许多这些论文深入研究了不同的损 

失函数和学习范式。然而，在深度 RL 的成功实验背后，通常不在研究论文中讨 

论的复杂代码库包含了大量的低级和高级设计决策。虽然有人可能认为这些“选 

择”无关紧要，但有证据表明它们实际上对优良性能至关重要，甚至是推动优良 

性能的因素[27]。 

尽管有开源实现可供实践者使用，但这仍然是不令人满意的：在研究出版物中， 

通常会将不同代码库中实现的不同算法进行一对一比较。这使得无法判断改进是 

由于算法本身还是实现所致。此外，如果没有对低级选择的了解，很难评估高级 

算法选择的性能，因为性能可能在很大程度上取决于超参数的调整和实现级别的 

细节。总的来说，这使得很难确定 RL 的进展，并减缓了进一步的研究[15, 22, 

27]。 

我们的贡献。在本文中，我们的主要目标是深入研究这些低级选择，并了解它们 

对最终智能体性能的影响。因此，作为我们的主要贡献，我们（1）在统一的基 

于策略的算法实现中实现了 50 多个选择，（2）进行了大规模（训练了超过 

250,000 个智能体）的实验研究，涵盖了训练过程的不同方面，（3）分析实验 

结果，为基于策略的 RL 代理的培训提供实用见解和建议。 

最令人惊讶的发现。虽然我们的许多实验发现证实了常见的 RL 实践，但其中一 

些相当令人惊讶， 

请把以下内容转写成中文。注意如果其中有复杂的技术概念，请将其直接以中学 

生可以理解的通俗语言转写得比原文更详细易懂。 

Most surprising finding. While many of our experimental findings confirm 

common RL practices, 

some of them are quite surprising, e.g. the policy initialization scheme 

significantly influences the 

performance while it is rarely even mentioned in RL publications. In particular, 

we have found that 

initializing the network so that the initial action distribution has zero mean, a 

rather low standard 

deviation and is independent of the observation significantly improves the 

training speed (Sec. 3.2). 

The rest of of this paper is structured as follows: We describe our 

experimental setup and performance 

metrics used in Sec. 2. Then, in Sec. 3 we present and analyse the 

experimental results and finish 

with related work in Sec. 4 and conclusions in Sec. 5. The appendices contain 

the detailed description 

of all design choices we experiment with (App. B), default hyperparameters 

(App. C) and the raw 

experimental results (App. D - K). 

最令人惊讶的发现。虽然我们的许多实验发现证实了常见的 RL 实践，但其中一 

些相当令人惊讶，例如，策略初始化方案对性能有显著影响，但在 RL 出版物中 

很少提及。特别是，我们发现将网络初始化为初始动作分布具有零均值、较低的 

标准偏差并且独立于观察值，可以显著提高训练速度（第3.2节）。本文的其余 

部分安排如下：我们在第2节中描述了我们的实验设置和使用的性能指标。然 

后，在第3节中，我们展示并分析实验结果，并在第4节中介绍相关工作，最后 

在第5节中得出结论。附录包含我们实验中使用的所有设计选择的详细描述（附 

录 B）、默认超参数（附录 C）和原始实验结果（附录 D - K）。 

请把以下内容转写成中文。注意如果其中有复杂的技术概念，请将其直接以中学 

生可以理解的通俗语言转写得比原文更详细易懂。 

3 Experiments 

We run experiments for eight thematic groups: Policy Losses (Sec. 3.1), 

Networks architecture 

(Sec. 3.2), Normalization and clipping (Sec. 3.3), Advantage Estimation (Sec. 

3.4), Training setup 

(Sec. 3.5), Timesteps handling (Sec. 3.6), Optimizers (Sec. 3.7), and 

Regularization (Sec. 3.8). For 

each group, we provide a full experimental design and full experimental plots 

in Appendices D - K 

so that the reader can draw their own conclusions from the experimental 

results. In the following 

sections, we provide short descriptions of the experiments, our interpretation 

of the results, as well as 

practical recommendations for on-policy training for continuous control. 

3.1 Policy losses (based on the results in Appendix D) 

Study description. We investigate different policy losses (C14): vanilla policy 

gradient (PG), V-trace 

[19], PPO [17], AWR [33], V-MPO5 

[34] and the limiting case of AWR (β → 0) and V-MPO 

(�n → 0) which we call Repeat Positive Advantages (RPA) as it is equivalent to 

the negative log�probability of actions with positive advantages. See App. B.3 

for a detailed description of the different 

losses. We further sweep the hyperparameters of each of the losses (C15, 

C16, C18, C17, C19), the 

learning rate (C24) and the number of passes over the data (C3). 

The goal of this study is to better understand the importance of the policy 

loss function in the on-policy 

setting considered in this paper. The goal is not to provide a general 

statement that one of the losses 

is better than the others as some of them were specifically designed for other 

settings (e.g., the V-trace 

loss is targeted at near-on-policy data in a distributed setting). 

3 实验 

我们进行了八个主题组的实验：策略损失（第3.1节），网络架构（第3.2节）， 

规范化和裁剪（第3.3节），优势估计（第3.4节），训练设置（第3.5节），时 

间步处理（第3.6节），优化器（第3.7节）和正则化（第3.8节）。对于每个 

组，我们在附录 D - K 中提供完整的实验设计和完整的实验图表，以便读者从实 

验结果中得出自己的结论。在以下部分，我们提供实验的简短描述、我们对结果 

的解释以及连续控制中基于策略的训练的实用建议。 

3.1 策略损失（基于附录 D 中的结果） 

研究描述。我们研究了不同的策略损失（C14）：普通策略梯度（PG），V- 

trace[19]，PPO[17]，AWR[33]，V-MPO5[34]以及AWR（β → 0）和V-MPO 

（εn → 0）的极限情况，我们称之为重复正优势（RPA），因为它等同于正优势 

动作的负对数概率。关于不同损失的详细描述，请参见附录 B.3。我们进一步调 

整每个损失的超参数（C15，C16，C18，C17，C19），学习率（C24）和数据 

的传递次数（C3）。 

本研究的目标是更好地理解策略损失函数在本文所考虑的基于策略的设置中的重 

要性。目标不是提供一个普遍的声明，即其中一个损失比其他损失更好，因为其 

中一些损失是专门为其他设置设计的（例如，V-trace 损失针对的是分布式设置 

中的接近策略的数据）。 
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3.3 Normalization and clipping (based on the results in Appendix F) 

Study description. We investigate the impact of different normalization 

techniques: observation 

normalization (C64), value function normalization (C66), per-minibatch 

advantage normalization 

(C67), as well as gradient (C68) and observation (C65) clipping. 

Interpretation. Input normalization (C64) is crucial for good performance on 

all environments apart 

from Hopper (Fig. 33). Quite surprisingly, value function normalization (C66) 

also influences the 

performance very strongly — it is crucial for good performance on 

HalfCheetah and Humanoid, 

helps slightly on Hopper and Ant and significantly hurts the performance on 

Walker2d (Fig. 37). We 

are not sure why the value function scale matters that much but suspect that 

it affects the performance 

by changing the speed of the value function fitting.11 In contrast to 

observation and value function 

normalization, per-minibatch advantage normalization (C67) seems not to 

affect the performance 

too much (Fig. 35). Similarly, we have found little evidence that clipping 

normalized12 observations 

(C65) helps (Fig. 38) but it might be worth using if there is a risk of extremely 

high observations due 

to simulator divergence. Finally, gradient clipping (C68) provides a small 

performance boost with the 

exact clipping threshold making little difference (Fig. 34). 

Recommendation. Always use observation normalization and check if value 

function normalization 

improves performance. Gradient clipping might slightly help but is of 

secondary importance. 

3.3 规范化和裁剪（基于附录 F 中的结果） 

研究描述。我们研究了不同规范化技术的影响：观测值规范化（C64），值函数 

规范化（C66），每个小批量优势规范化（C67），以及梯度（C68）和观测值 

（C65）裁剪。 

解释。输入规范化（C64）对除Hopper外的所有环境的良好性能至关重要（图 

33）。令人惊讶的是，值函数规范化（C66）也对性能产生了很大影响——它对 

HalfCheetah和Humanoid的良好性能至关重要，对Hopper和Ant有所帮助，对 

Walker2d的性能产生了显著影响（图37）。我们不确定为什么值函数规模如此 

重要，但怀疑它通过改变值函数拟合的速度影响性能。11 与观测值和值函数规范 

化相比，每个小批量优势规范化（C67）似乎对性能影响不大（图35）。同样， 

我们发现很少有证据表明裁剪规范化观测值（C65）有所帮助（图38），但如果 

由于模拟器发散而存在极高观测值的风险，使用它可能是值得的。最后，梯度裁 

剪（C68）提供了一个小的性能提升，具体的裁剪阈值影响不大（图34）。 

建议。始终使用观测值规范化，并检查值函数规范化是否能提高性能。梯度裁剪 

可能会稍有帮助，但其次要重要性。 
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What Matters In On-Policy Reinforcement Learning? 

A Large-Scale Empirical Study 

在在线强化学习中什么最重要？ 

一项大规模实证研究 
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1. Giriş ve Amaç Video oyunları karmaşık gerçek dünya ortamlarının 

eğlence amaçlı olarak basitleştirilmiş halleridir ve içlerinde birçok küçük 

problem bulunmaktadır. Bu problemlere çözüm üretecek yapay zekâ 

algoritmaları, oyunları bir test ortamı olarak kullanarak algoritmanın 

verimliliğine ışık tutabilir. Simülasyon imkanlarının kısıtlı olduğu gerçek dünya 

yerine oyun ortamlarının kullanılması, algoritmaların daha fazla örnek üzerinde 

test edilmesi imkanını sağlar. Oyunlarda yapay zekâ yöntemlerinin test 

edilebilmesi için, Atari 2600 oyun konsolundaki oyunların bulunduğu 

Arcade Learning Environment(ALE)[1], genel yapay zekâ uygulamalarının 

geliştirilmesini mümkün kılan ve klasik atari oyunlarının benzerlerinden 

oluşturulan GVGAI[2], klasik pekiştirmeli öğrenme problemlerinin 

bulunduğu Gym[3] ve eski oyun konsollarındaki oyunların kullanılabileceği bir 

ortam olan Gym-retro[4] gibi platformlar oluşturulmuştur. Bu platformlar 

pekiştirmeli öğrenmeye uygun olarak tasarlanmıştır. Platform yapay 

oyuncuya, oyunun o anki durumunu sunar ve oyuncunun bir eylem 

gerçekleştirmesini bekler, eylem gerçekleştikten sonra oyunun yeni durumu 

ve ödül değerini sunar. Platformların bu özelliği oyunun yapısı hakkında önbilgi 

sahibi olmadan oyunların öğrenilebilmesini mümkün kılar. Mnih vd., derin 

pekiştirmeli öğrenme kullanarak, sonrasında birçok çalışmayı tetikleyen, ALE 

platformundaki birçok oyunda insanların elde ettiği skor değerlerini alt 

etmişlerdir[5]. Samothrakis vd., GVGAI platformunda nöroevrim yöntemini 

kullanarak on farklı oyunun sekizinde eğitimdeki başlangıç skorunu 

artırarak öğrenme gerçekleştirmişler[6]. Sadavarte vd., Gym platformundaki 

fizik tabanlı bir aya iniş simülasyonu için iki farklı pekiştirmeli öğrenme 

algoritmasının performansını karşılaştırmıştır[7]. Oyunlardaki problemleri 

çözmek için pekiştirmeli öğrenme yöntemlerinin yanı sıra evrimsel 

hesaplama algoritmaları da sıklıkla kullanılmaktadır. Alhejali ve Lucas, Ms. 

Pac-Man oyunu için genetik programlama kullanarak hayaletlerden kaçan 

ve elle kodlanmış yapay oyuncuları alt eden rekabetçi yapay oyuncular 

geliştirmişler[8]. Jia ve Ebner, GVGAI platformundaki üç oyun için genetik 

programlama kullanarak yapay oyuncular geliştirmişler ve geliştirilen 

oyuncuların bu üç oyunda verimli çözümler ürettiğini gözlemlemişler[9]. Kelly 

ve Heywood, doğrusal genetik programlama ve program çizgeleri kullanarak 

ALE platformundaki yirmi oyunun on beşinde pekiştirmeli öğrenme ve 

nöroevrim yöntemlerinden, yedisinde de gerçek oyunculardan daha iyi skorlar 

elde etmişler[10]. Reid vd., bahsedilen platformların aksine, güncel bir 

bilgisayar oyunu olan ve birbirine bağlantılı problemleri dengeli bir şekilde 

çözmeyi gerektiren, bir fabrikadaki üretimi simüle eden Factorio için bir ara 

yüz gerçekleştirmişler ve çeşitli boyutlardaki problemleri genetik 

programlama, pekiştirmeli öğrenme ve benzetim tavlaması gibi yöntemlerle 

çözmeye çalışmışlar[11]. Kelly vd., bir genetik programlama türü olan girişik 

program çizgelerini, görsel bir pekiştirmeli öğrenme problemi olan VIZDoom’u 

ve zaman-serisi tahmini problemlerini çözmek için kullanmışlar[12]. 

引言和目标：视频游戏是复杂现实世界环境的简化娱乐形式，其中包含许多 

小问题。设计能够解决这些问题的人工智能算法可以通过将游戏作为测试环 

境来了解算法的效率。与现实世界的仿真能力有限相比，使用游戏环境可以 

测试算法在更多样例上的表现。为了在游戏中测试人工智能方法，已经创建 

了一些平台，如包含Atari 2600游戏机中的游戏的Arcade Learning 

Environment（ALE）[1]，由类似于经典Atari游戏的游戏组成的GVGAI[2]， 

以及包含经典强化学习问题的Gym[3]和可以使用旧游戏机中的游戏的Gym- 

retro[4]等环境。这些平台是为强化学习而设计的。平台为人工玩家提供游戏 

的当前状态，并等待玩家执行动作；执行动作后，平台会提供游戏的新状态 

和奖励值。这种平台特性使得在没有关于游戏结构的先验知识的情况下学习 

游戏成为可能。Mnih等人使用深度强化学习，在许多ALE平台上的游戏中击 

败了人类取得的分数值[5]，从而引发了许多研究。Samothrakis等人在 

GVGAI平台上使用神经进化方法，在十个不同游戏中的八个游戏中提高了训 

练开始的分数，实现了学习[6]。Sadavarte等人比较了两种不同的强化学习 

算法在Gym平台上基于物理的登月模拟中的性能[7]。除了强化学习方法外， 

进化计算算法也经常用于解决游戏中的问题。Alhejali和Lucas使用遗传编程 

为Ms. Pac-Man游戏开发了竞争性人工玩家，这些玩家能够击败逃离幽灵和 

手工编码的人工玩家[8]。Jia和Ebner在GVGAI平台的三个游戏中使用遗传编 

程开发了人工玩家，并观察到这些玩家在这三个游戏中产生了有效的解决方 

案[9]。Kelly和Heywood使用线性遗传编程和程序图在ALE平台上的二十个游 

戏中的十五个游戏中获得了比强化学习和神经进化方法以及真正的玩家更好 

的分数[10]。Reid等人与上述平台不同，为当前计算机游 
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2. Materyal ve Yöntem Bu bölümde SF2 oyununun yapısı, gym-retro platformu 

ve güçlü türlü genetik programlama anlatılmaktadır. 2.1. Street fighter oyunu 

SF2, eğlence salonlarında büyük başarı elde etmiş Street Fighter oyun 

serisinin 1993 yılında Sega Mega Drive oyun konsolu için çıkarttığı 

sürümüdür. SF2, bire bir dövüşlerin gerçekleştiği rekabetçi bir dövüş 

oyunudur. Oyunun vur-kır (arcade) tarzında, zorlukları giderek artan 12 rakip 

dövüşçü ve 3 ödül bölümü bulunmaktadır. Oyun içinden bir görüntü Şekil 

1’de verilmiştir. 

2.2. Gym-retro platformu Gym-retro platformu, dokuz farklı oyun 

konsolunun emülatörünü barındırır ve oyunları bir pekiştirmeli öğrenme 

ortamına dönüştürebilir[4]. Platformdaki oyunlar kartuşlarda bulunan salt- 

okunur bellekteki veri ve programların emülatör üzerinde çalıştırılması ile 

oyun konsollarındaki gibi çalıştırılabilir. Bir konsol oyununu gym-retro 

platformuna entegre etmek için sağlanan entegre aracı ile oyunun bellek 

haritasından filtrelenerek bulunan çeşitli değişkenler, bir başlangıç durumu ve 

bitiş durumu belirlemek gereklidir. Gym-retro içinde birçok oyun ön tanımlı 

olarak entegre edilmiş biçimde gelmektedir, diğer oyunlar da entegrasyon 

aracı kullanılarak entegre edilebilir. Bunun yanı sıra entegrasyon aracı ile 

oyunun bitiş durumunu belirleyen değişkenler dışında çeşitli değişkenler de 

(dövüşçünün konumu, rakibin konumu, kalan sağlık miktarları gibi) oyuna dahil 

edilebilir ve oyunun her adımında bilgi olarak alınabilir. 2.3. Genetik 

programlama Genetik programlama, fonksiyon kestirimi ve sınıflandırma 

gibi makine öğrenmesi problemlerine çözüm üretebilen bir evrimsel 

hesaplama yöntemidir[13]. Genetik programlamada popülasyonu oluşturan 

bireyler ağaç yapısındaki programlardır. Klasik genetik programlamada düğüm 

türlerinin birbirleri ile uyumlu olması gerekir, bir başka deyişle her düğümün 

türünün aynı olması gereklidir ki bir düğümün ürettiği değer bir başka düğüme 

girdi olarak verilebilsin. Güçlü türlü genetik programlamada ise düğümler 

farklı türlerde olabilmektedir. Bir bilgisayar programında farklı veri türlerine 

(boole, tam sayı vb.) ihtiyaç duymaktadır ve güçlü türlü genetik 

programlama kullanmak programlardaki çeşitliliği artıracaktır. Şekil 2’de SF2 

oyununda eylem üretebilen güçlü türlü bir ağaç örneği verilmiştir. Genetik 

programlamada bireyleri oluşturan ağaçların düğümleri; ebeveyn olan 

fonksiyon ve yapraklarda yer alan terminal düğümler olmak üzere iki tür 

bileşen içerir. Terminal düğümler boole türler ve tam sayılar gibi 

değerlerden oluşur. Çalışmada, terminal olarak geçici rastgele değerler ve 

oyunun bir anındaki değişkenler (sağlık, süre gibi) kullanılmıştır. Kullanılan 

fonksiyonlar, parametre türleri ve geri dönüş değerleri Tablo 1’de verilmiştir. 

Örneğin if_then_else fonksiyonu girdi olarak bir boole değer, iki tane eylem 

alır ve koşula bağlı olarak geriye eylemlerden bir tanesini döndürür. 

材料和方法 在本节中，我们将介绍SF2游戏的结构、gym-retro平台和强类型 

遗传编程。2.1 Street Fighter游戏 SF2是1993年为Sega Mega Drive游戏机推 

出的街头霸王游戏系列在游戏厅取得巨大成功的版本。SF2是一款具有竞争性 

的格斗游戏，以一对一的对战为特点。游戏的街机模式中有12个难度逐渐增 

加的对手战斗角色和3个奖励关卡。游戏的一个画面如图1所示。 

2.2 Gym-retro平台 Gym-retro平台包含了九种不同游戏机的模拟器，并可以将 

游戏转换为强化学习环境[4]。平台上的游戏可以通过在模拟器上运行游戏机中 

只读存储器中的数据和程序来实现。要将游戏机游戏集成到gym-retro平台，需 

要使用提供的集成工具从游戏内存映射中过滤并找到各种变量，确定一个初始状 

态和结束状态。Gym-retro中的许多游戏已经预先集成，其他游戏也可以使用集 

成工具集成。此外，可以使用集成工具将游戏的结束状态变量之外的其他变量 

（如角色位置、对手位置、剩余生命值等）纳入游戏，并在游戏的每一步中获取 

信息。 

2.3 遗传编程 遗传编程是一种能够为机器学习问题（如函数估计和分类）生成解 

决方案的进化计算方法[13]。在遗传编程中，构成种群的个体是树形结构的程 

序。在经典的遗传编程中，节点类型必须是相互兼容的，换句话说，每个节点的 

类型必须相同，以便一个节点产生的值可以作为另一个节点的输入。而在强类型 

遗传编程中，节点可以是不同类型的。在计算机程序中需要不同类型的数据（如 

布尔值、整数等），使用强类型遗传编程将增加程序的多样性。图2给出了一个 

在SF2游戏中生成操作的强类型树的例子。在遗传编程中，构成个体树的节点分 

为两种组件：父代函数和位于叶子上的终端节点。终端节点由布尔类型和整数等 

值组成。在这项研究中，我们使用了临时随机值和游戏某一时刻的变量（如生命 

值、时间等）作为终端。使用的函数、参数类型和返回值如表1所 
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3. Bulgular 

Genetik programlama eğitim işlemi Intel Xeon E5-2620 işlemciye sahip bir 

bilgisayar üzerinde Python DEAP 

kütüphanesi kullanılarak paralel şekilde gerçekleştirilmiştir[16]. Gym-retro 

platformu deterministik olduğundan 

rastgele başlangıç için bir tohum değeri verilememektedir. Oyunun başlangıç 

durumunda eylemler hep aynı 

sırayla verilirse aynı tepkiler elde edilecektir. Rastgele tohum değerleri vermek 

yerine farklı durumları ele 

alabilmesi için 10 farklı başlangıç durumu oluşturulmuştur. Bu durumlarda 

başlangıç rakipleri değişmektedir. 

Eğitim parametreleri Tablo 2’de verilmiştir. Bu parametrelerle başlangıç 

popülasyonunu çözüm uzayının farklı 

konumlarında oluşturmak için 4 farklı çalıştırma gerçekleştirilmiştir. En iyi 

skorun elde edildiği 3. çalıştırmanın 

eğitim grafiği Şekil 4’de verilmiştir. Bu çalıştırmadaki en iyi birey 12 rakibin 

tamamını eleyip oyunu bitirmiş ve 530000 skor elde etmiştir. 4 farklı çalıştırma 

için elde edilen eğitim sonuçları Tablo 3’de verilmiştir. Buna göre 

en iyi sonuçlar 2. çalıştırmada elde edilmiştir 

4. Sonuçlar ve Tartışma 

Bu çalışmada genetik programlama kullanarak SF2 oyunu için yapay 

oyuncular geliştirilmiştir. Oyuncular 

kendilerine sağlanan kısıtlı bilgilere rağmen oyunu başarı ile bitirebilmiştir. SF2 

oyunundaki başarıyı 

karşılaştıracak bir başka çalışma bulunmamaktadır ama SF2 oyununda elde 

edilebilecek en yüksek skor 1.55 

milyondur. Bu skorun yaklaşık üçte birini alarak oyunu bitirebilen bir oyuncu 

başarılı sayılabilir. Oluşturulan yapı 

sadece SF2 oyununa özgü değildir, pekiştirmeli öğrenme ortamı ve 

değişkenleri sağlayan her oyuna uygulanabilir. 

Eğitim süreleri çalışmada kullanılacak parametrelerde bir kısıt oluşturmaktadır. 

Yöntemin makul sürelerde 

sonuç üretmesini sağlamak amacıyla popülasyon boyutu ve eğitim adım sayısı 

kısıtlanmıştır. Adım sayısını 

artırmak eğitim sonuçlarını iyileştirebilir. Genetik programlamada mutasyon 

genellikle önerilmemektedir ya da 

olasılığının düşük olması beklenir[13], bu nedenle mutasyon olasılığı düşük 

tutulmuştur. Belirsiz oyunlarda olası 

sonuçların tahmini için başka bir alternatif olarak Monte Carlo simülasyonu 

kullanılabilir 

结果 

遗传编程的训练过程在一台配备Intel Xeon E5-2620处理器的计算机上使用 

Python DEAP库并行进行[16]。由于Gym-retro平台是确定性的，因此无法为 

随机起始提供种子值。如果在游戏开始时按相同顺序给出动作，将获得相同 

的反应。为了能够处理不同的情况，而不是提供随机种子值，创建了10个不 

同的初始状态。在这些情况下，初始对手也会改变。训练参数如表2所示。使 

用这些参数进行了4次不同的运行，以便在解空间的不同位置创建初始种群。 

在第3次运行中获得最佳分数的训练图形如图4所示。在这次运行中，最佳个 

体击败了全部12名对手并完成了游戏，获得了530000分。四次运行的训练结 

果见表3。根据这些结果，第2次运行取得了最佳成绩。 

结论和讨论 

在本研究中，我们使用遗传编程为SF2游戏开发了人工玩家。尽管玩家们只获 

得了有限的信息，但他们仍然能够成功地完成游戏。虽然没有其他研究可以 

与SF2游戏的成功进行比较，但SF2游戏中可以获得的最高分数是155万。获 

得这个分数的大约三分之一并完成游戏的玩家可以被认为是成功的。所创建 

的结构不仅限于SF2游戏，还可以应用于任何提供强化学习环境和变量的游 

戏。训练时间是研究中使用参数的一个限制。为了在合理的时间内产生结 

果，限制了种群大小和训练步数。增加步数可以改善训练结果。在遗传编程 

中，通常不建议使用突变，或者预期突变的概率较低[13]，因此突变概率保持 

较低。在不确定的游戏中，可以使用蒙特卡洛模拟作为预测可能结果的另一 

种替代方法。 
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