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Abstract

As a ubiquitous on-policy reinforcement learning algorithm, proximal policy optimization
(PPO) has achieved the state-of-the-art performance in both single-agent and cooperative
multi-agent scenarios. However, it still suffers from the instability and inefficiency of the
policy optimization with the non-strictly restricted likelihood-ratio in clipping strategy. In
this work, we propose an activation likelihood-ratio (ALR) for solving this issue. The ALR
is restricted by a tanh activation function, and it can be employed in multiple functional
clipping strategies. The resulted ALR clipping strategy produces a smooth but precipitous
objective curve, which can provide high policy update stationarity and efficiency. The ALR
clipping strategy is incorporated into the PPO loss function, thus resulting in the method
proximal policy optimization with activation likelihood-ratio (PPO-ALR). The rationality and
superiority of the ALR-based target function are proved and analyzed. Moreover, experiments
on the Pistonball cooperative multi-agent game show that PPO-ALR produces competitive
and superior results compared with the standard PPO, PPO with rollback, and PPO smoothed
algorithms, especially its high efficiency and success probability in searching optimal policies
in multi-agent environments.
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1 Introduction

Recently, significant advancements have been made in multi-agent reinforcement learning
(MARL). The DeepMind team’s AlphaStar reached the human professional-level in StarCraft
IT [1]. OpenAl Five designed by Berner et al. [2] was able to defeat world champions in
Dota2. Ye et al. [3] improved a deep reinforcement learning algorithm to realize complex
game control in MOBA mobile games such as Honor of Kings. Smit et al. [4] trained agents in
a 2D football simulator with 22 players learning to defeat a variety of handcrafted strategies.
In addition, both multi-robot cooperation and multi-robot navigation have been successfully
applied in military, industrial, medical and other fields with the key technology of multi-agent
cooperative control.

Despite these advancements, challenges still exist when migrating the RL from single-
agent to multi-agent environments. With an increasing number of agents, the complexity of
the environment escalates [5, 6], rendering many RL algorithms designed for single-agent
scenarios less effective. Several key challenges emerge: (1) explosive increase in dimension.
As the number of agents increases, the dimensionality of the action-state space expands
exponentially, greatly complicating the precision of model fitting. (2) Low generalization of
the model. The data of RL is generated through the interactions between agents and envi-
ronments, which limits the agents to learn effective strategies only in specific environments.
Transitioning from one specific environment to another, especially in complex tasks, poses
difficulties. This challenge often results in poor model generalization, which may be further
deteriorated in complex multi-agent environments. (3) Non-stationary state problem. The
non-stationary state of a multi-agent environment poses significant challenges in MARL.
When multiple agents interact with the environment simultaneously, each agent’s actions
cause significant interference to other agents’ policies, making the environment keep staying
on a non-stationary state.

Multi-agent reinforcement learning can be divided into three categories. (1) Fully Central-
ized: each agent sends all parameters obtained by itself, including its observations, actions
and rewards, to the central controller without taking any policy, and executes commands
according to the feedback of the central controller. (2) Fully Decentralized: in contrast to the
fully centralized MARL algorithm, agents in fully decentralized MARL algorithms operate
independently without communicating with each other, each devising its policies. (3) Cen-
tralized Learning & Decentralized Execution: each agent maintains its independent actor
network, and the central controller contains value networks that correspond to each agent.
The central controller obtains observations, actions and rewards from the agents and learns
policies, and agents execute their actions according to their own partial observation spaces.

From an optimization standpoint, MARL methods can be divided into value-based and
policy-based methods. Value-based algorithms such as VDN [7], QMIX [8] and QTRAN
[9] employ value-decomposition operations to handle non-stationarity in MARL. However,
they struggle to learn optimal policies with large action spaces of agents. On the other
hand, policy-based algorithms excel in efficiently handling large action spaces. For example,
MADDPG [10] extends the deep deterministic policy gradient algorithm [11] to the multi-
agent tasks, while COMA [12] utilizes a hypothetical counterfactual baseline to address the
non-stationary state problem in MARL.
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Proximal policy optimization [13], a popular on-policy algorithm in single agent reinforce-
ment learning, encounters challenges when applied to multi-agent environments. Reference
[14] comprehensively analyzes factors influencing the practical performance of PPO and
offers insights into extending PPO to multi-agent tasks. Although PPO algorithm has made
significant progress in various kinds of complex tasks, it grapples with instability in policy
updating and data sampling inefficiency. This instability stems from the quality and charac-
teristics of the loss function, limiting policy training stability. In order to better solve this
problem, improved PPO variants, such as PPO with rollback (PPO-RB), PPO smoothed
algorithm (PPOS), have been proposed. PPO-RB [15] adopts a rollback mechanism in the
clipping function of PPO to restrict and benefit the policy learning. PPOS [16] ensures the
convergence of the clipping function by refining the rollback mechanism with a functional
clipping approach. Both PPO-RB and PPOS highlight the role of the clipping function in
policy learning, enhancing its capacity to restrict policies. However, the instability during
policy optimization still exists, leaving room for improvement in policy research efficiency,
particularly when the likelihood-ratio approaches the clipping range.

In response to these challenges, we propose a novel enhancement to the PPO algorithm,
hereby referred to as PPO with an activated likelihood-ratio (PPO-ALR). The likelihood-
ratio is activated to enhance the PPO clipping function and objective function, improving the
smoothness and steepness of the objective curve. This enhancement is driven by the overar-
ching goal of enhancing policy research stability and efficiency in multi-agent environments.

In essence, our research is motivated to overcome the inherent challenges of PPO in multi-
agent settings and to offer a more robust and effective solution for policy optimization in
complex, interactive environments. The main contributions of this paper are as follows:

e Weintroduce ALR, an activated likelihood-ratio, to enhance the PPO clipping function and
objective function, resulting in PPO-ALR. ALR enhances the smoothness and steepness
of the objective curve, leading to improved policy research stability.

e We analyze the advantages of PPO-ALR, providing mathematical proof to validate its
theoretical feasibility.

e We evaluate the PPO-ALR algorithm in the cooperative multi-agent game Pistonball,
demonstrating its ability to learn more stable policies.

In Sect. 2, the factors that affect the efficiency of PPO in MARL are analyzed. In Sect. 3,
a series of on-policy RL algorithms are introduced, including PPO-RB and PPOS. Adopting
these methods to the MARL environment is one of our objectives. In Sect. 4, we describe
the proposed PPO-ALR method, and provide a mathematical proof to verify the theoretical
feasibility of it. In Sect. 5, PPO-ALR is tested on the Pistonball cooperative multi-agent
game. The number of the agents is adjusted to control the environment’s complexity, and the
hyperparameter for clipping is tuned to verify the robustness of the improvements.

2 Related Work

In a cooperative multi-agent task, agents share a common goal. Therefore, the interactions
between agents should be taken into account, and optimal behaviors of agents should be
selected to guarantee a global convergence. However, because of the incompleteness of
the agents’ observations and the dynamics of environments, nonstationary state occurs.
Moreover, many difficulties exist when PPO series algorithms are applied to multi-agent envi-
ronments. In this part, the lazy agent dilemma, which is a cause and effect of the non-stationary
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predicament, along with the factors influencing the performance of PPO in multi-agent tasks
(multi-agent PPO, MAPPO), are emphasized.

2.1 Lazy Agent

Sunehag et al. [10] proposes the concepts of “spurious rewards” and “lazy agents”. In a
centralized multi-agent environment, each agent can only obtain a partial observation space
from itself, and the dynamic changes of its local environment make agents face a nonsta-
tionary predicament. Then some agents become lazy because they may receive spurious
reward signals from other agents, hindering the effective learning of their strategies. With
the increasing number of agents in the environment, the nonstationary state becomes even
more pronounced. Therefore, simply employing single-agent RL algorithms in multi-agent
environments does not work, necessitating the need for specific adjustments.

2.2 Influential Factors to PPO’s Performance

In early researches, on-policy RL algorithms are proved to have lower learning efficiency than
off-policy RL algorithms in multi-agent tasks. Reference [17] reports that the performance
of policy gradient (PG) algorithms such as COMA are significantly overtaken by MADDPG
and QMix. Nevertheless, [18] shows that independent PPO still can achieve high success
rates in hard StarCraft Multi-Agent Challenge [19]. Moreover, it has been analyzed that PPO
can achieve high performance by adopting some measures, such as parameters sharing, value
normalization, data sampling and PPO clipping [14].

2.2.1 Parameters Sharing

Parameters sharing, that is, training a single network in which all agents share the same
parameters. This approach is particularly applicable when dealing with homogeneous agents,
which implies that these agents share identical observation and action spaces. In this work,
we only focus on scenarios with homogeneous agents. Literature [20] has demonstrated
that a MARL task which contains homogeneous agents sharing parameters could have high
learning efficiency. In MARL works, parameter sharing has been widely adopted [21] and
[22].

2.2.2 Value Normalization

In the training process of MAPPO, wide difference of the overall returns may lead to drastic
change of the output of the value networks, which may cause instability in value learning
[14]. This instability can, in turn, disrupt the training process. By calculating the generalized
advantage estimate (GAE), the mean value and standard deviation of the advantage function
can be employed to normalize the value outputs. Then the instability during training can be
moderated appropriately.

2.2.3 Data Sampling

In single-agent RL, an important feature of PPO is to split data into several mini-batches
when sampling. However, recent study has shown that too many mini-batches may result
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in sample reuse frequently and degrading the performance of PPO with multi-agents [14].
Among the suggestions of [14], using fewer epochs can limit changes of agents’ policies and
improve the stability of policy and value learning.

2.2.4 PPO Clipping

A major feature of PPO is its adoption of a clipping strategy to restrain drastic changes in poli-
cies and value functions. The clipping range and strength are controlled by a hyper-parameter
&. It has been verified that policy and value clipping can limit the non-stationarity and com-
plexity during training. Principle and construction of the clipping function are described in
more detail in in Sect. 3.3.

3 Preliminaries

An RL framework mainly consists of two parts: agents and environment. An agent starts
from the state s; and performs an action a, at time z. According to the agent’s action, the
environment returns a reward r; and a new state s;4 to the agent. Such process is generally
described as a Markov decision process (MDP). A MDP is defined as a tuple (S, A, p, r,
po, ), where S = {s;, t = 1,2, ...} and A = {a,, t = 1, 2, ...} are finite sets of the states
and actions. p(s;+1]s¢, ay) is the distribution of the state transition probability. r(s;, a;) is the
reward when the agent executes action a; in state s;. pg is the initial state distribution of the
agent, and y € (0, 1) is the discount factor. A stable policy 7 is selected by maximizing the
long-term expected reward n(w) = E,_ 7 (als)[Q" (s, a)l. px(s) is the state distribution
and Q7 (s, a) is the state-action value function under policy 7 [23].

3.1 Policy Gradients

Policy gradients methods [24] update the policy by maximizing the following surrogate
performance objective,
LEC () = E[r,a(m) AT ] + n(010) )

Told
where rg () = 7 (als) / o4 (als) is the likelihood ratio between the new policy 7 and the

old policy 7y14. A?j’,’ld = Q7ld(s, a)— V7ld(s) is the advantage function under the old policy
714, Which represents the best action chosen for an agent at a special state. V7 (s) is the state
value function under policy 7.

3.2 Trust Region Policy Optimization

PG algorithm uses the samples of the old policy 7,4 to update the current policy 7 at each
iteration. However, instability and inaccuracy may exist in the update process. Trust region
policy optimization (TRPO) algorithm [23] avoids excessive change of policy parameters in
each iteration by limiting the KL divergence between 7 and 7,4, and thus preventing the
update from being unstable and unsuitable. The objective of TRPO is expressed as:

max E[ry,a(m) AT — BKL(To1a (-1s), 7 (15))] @

@ 9

where f is the penalty parameter. “-” means any action a.
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3.3 Proximal Policy Optimization

Although TRPO algorithm does restrict the policy, the KL divergence constraint is com-
putationally inefficient. PPO algorithm [13] adopts clipped likelihood ratio, which not only
simplifies the calculation, but also possesses better sample complexity and applicability. The
surrogate objective with the clipping function is

LOYP () = E[min(rs,a(n)Ag”gd, clip(rs,a(m), 1 — &, 1 + S)A’ST,"Z;’)] 3)
where ¢ € (0, 1) is a hyperparameter to control the clipping range (1 — ¢, 1 + ¢). For PPO,
the target function can be expressed in a more general form,

LPPO(rr) = E[min(ry,q (m) AT, FPPO(ry o (), &) ATo)] )

where FPPO

is a clipping function
l—¢ rgam@)<l—c¢
FPPO(rs o(m), ) =\ 1+6  rya(m) = 1+¢ 5)
rs,q () otherwise

For PPO, the policy is updated by the gradient of the surrogate objective shown in Eq. (4).
The clipping function indicates that PPO tries to remove the incentive for moving the ratio
rs,q () outside the clipping range (1 — ¢, 1 + ¢), and then restricts the policy update. The
minimization operation makes the final objective become a lower bound on the unclipped
objective, and keeps the gradients. The relationship curve of the PPO surrogate objective
function L (;r) varied with the likelihood ratio r, 4 (;r) at one term is shown as the red dashed
line in Fig. 1. When the ratio goes past the clipping range, the slope of the curve become zero.
PPO obtains superior and reliable performances in many high-dimensional single-agent RL
tasks [13] and the hyperparameter ¢ is usually selected by experience [25, 26].

—_
]
o
—_
ot
&

"5:

L(m)y

»

-

> \
1 1+¢ Iea L(m)

@4,,>0 (b) 4,,<0

Fig. 1 Relationship curves that the objective functions L(m)=LPPO (), LPPOS () or LPPO-RB (1) varies
with the likelihood ratio g 4 of PPO, PPOS and PPO-RB for positive advantages (left) and negative advantages
(right). All plots start from r = 1 for optimization. Slopes of the curves outside the clipping range (r > 1+¢,
A>0orr <1—eg, A<0)show the differences among PPO, PPO-RB and PPOS
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3.4 PPO with Rollback

Even though PPO restricts the policy update by setting a clipping mechanism, the likelihood
ratio cannot be strictly bounded in the clipping range, and the incentive for pushing the policy
away from the old one is not effectively removed [15]. To solve this problem, a rollback
mechanism is introduced in the clipping function, and the PPO with rollback (PPO-RB)
algorithm is proposed. The objective of PPO-RB is

LPPO-RB 7y — E[min(rsya (m)Afel, FPPO-RB (rs,a(m), €, a)AZf’jld)] 6)
The clipping function of PPO-RB is defined as

—arg () + (1+a)(1 —¢) rgq(m) <1 —¢
Fo.a(), &, &) = { —ary () + (1+a)(1+¢) ryqa(m)>14+¢ )
Is,a () otherwise

FPPO -RB (

where o > 0 is a hyperparameter that determines the force of the rollback operation. The
black dashed line in Fig. 1 depicts the clipped objective with the roll-back operation. When
the likelihood ratio is outside the clipping range, the slope is reversed for providing a negative
incentive, and then the restriction on the likelihood ratio is enhanced.

3.5 Proximal Policy Optimization Smoothed Algorithm

Even though PPO-RB provides a distinct improvement over PPO, the rollback operation still
has certain drawbacks: the convergence failure with extremely large ratio and the choice of o
by experience. To solve these problems, the Proximal Policy Optimization Smoothed method
(PPOS) is proposed [16], whose objective is defined with a functional clipping operation.

LPPOS (7'[) — E[min(rs,a(ﬂ)Ag"é", FPPOS (l’s,a(n)’ e, Ol)A?ﬁla’)] (8)
—atanh(ry o () — 1)+1 — & — atanh(e) rg q(71) < 1 —¢
F™O(ry (), &, @) = | —atanh(re o (7) — 1)+1+e +atanh(e) 7o q(1) > 1+¢

rs.q(TT) otherwise

(C))

o > 0 is a hyperparameter. The larger the «, the steeper the objective’s slope is. The
objective curve of PPOS is shown as the orange dashed line in Fig. 1. The hyperbolic tan-
gent activation function bring PPOS’s objective a smoothly changed slope. When the ratio
is beyond the clipping range, the slope starts from a larger absolute value and gradually con-
verges to zero. This smoothing mechanism ensures the convergence of the clipping function.

4 Method
4.1 PPO with Activation Likelihood Ratio (PPO-ALR)
The rationale behind introducing the ALR mechanism lies in the recognition of the impor-

tance of maintaining a balance between policy stability and update efficiency. The traditional
PPO, PPO-RB, and PPOS methods make great efforts to restrict the likelihood ratio between
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the old policy and new policy, which prevents the ratio from moving far away from the
clipping range and guarantees the convergence property. However, the speed and stability
of the policy update within the clipping range still need to be focused on, which deter-
mines the incentive for moving the likelihood ratio. This oversight impact the efficiency and
effectiveness of policy learning. The ALR mechanism introduced in this paper aims to fill
this gap by proactively controlling policy updates before the likelihood ratio exceeding the
clipping range. Consequently, we present the PPO-ALR algorithm, which is built upon the
principles of PPO but incorporates the ALR mechanism to enhance performance. Unlike
PPO-RB and PPOS, which maintain a constant update speed for policy adjustments, PPO-
ALR dynamically adjusts the update speed as the likelihood ratio approaches the boundaries
of the clipping range. Additionally, the adoption of the hyperbolic tangent activation func-
tion in ALR strengthens the efficiency and stability of the policy update when the objective
value is worse than the initial one, i.e., 7 (T)A < r(w4)A. In this way, PPO-ALR ensures
policy update efficiency and stability. This adaptability allows PPO-ALR to respond more
effectively to changes in the environment, ultimately leading to improved performance in
complex multi-agent scenarios.

In PPO-ALR, the likelihood ratio is restricted by an activation tanh function when it is in
the clipping range, and the ALR based clipping function is defined as

—o tanh(rs,a(n) — 1)+1 —e¢—atanh(e) rsa(mr) <1—¢

rs.a(m), &, @) = { —atanh(ry,4(7) — 1)+1 + & +atanh(e) ryq(r) > 1+¢

Wfl(g) tanh(rg o (r) — 1)+1 otherwise

FPPO - ALR(

(10)

where ¢ € (0, 1) and o are hyperparameters. « determines the scale of the clipping. The
larger « is, the more precipitous the objective curve is. Within the clipping range, an activated
function

&

fra(m). ) = tanh(¢)

tanh(ry o (r) — 1)+1 (11)

is defined to replace r;, 4 (7r) to update the policy. The similar functional clipping as PPOS is
adopted for preserving the convergence property.

The function f (rs,a(n), 8) is built on the hyperbolic tangent activation function. The
hyperbolic tangent activation function is selected because it dynamically adjusts the change
of the policy gradient in the process of policy optimization. Its output values falls between — 1
and 1, which allows for effective control of gradient fluctuations, and thereby contributing to
policy update stability. The hyperparameter ¢ determines the clipping range and it influences
the gradient variation of f (rs,a (), 8) within the clipping range. In existing literatures, ¢ is
usually selected by experience and 0.2 is a frequently used value.

Moreover, the objective of PPO-ALR is modified with f (rs,a(r[), 8) for preserving the

curve continuity.
LPPO—ALR(T[) _ E[min(f(rs,a(n), 8){4%4, FPPO-ALR(rS’a(n,)’ e, a)A?f’ff)] (12)
Plot of LPPO-ALR () varied with r, () is showing in Fig. 2. When the ratio moves

outside the predefined clipping range, the smoothing mechanism works, ensuring con-
vergence of the clipping function, like PPOS. When r, , () stays in the clipping range,
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Fig. 2 Relationship curves that the PPO-ALR objective function L(7)=LPPO - ALR (1) varies with the likeli-

hood ratio r, 4 for positive advantages (left) and negative advantages (right). r is restricted by the tanh function
to produce a dynamically changed slope before it moves out of the clipping range

LPPO - ALR () shifts from the center point (75, 4() = 1) to the clipping boundary. The gradi-

ent of LPPO - ALR (1) attains its maximum value at 75 o() = 1, and progressively diminishes

as it approaches the boundaries of the clipping range. The variation of the gradient mirrors
the variation of the policy update speed. The large gradient at ry ,(7) = 1 increases the
efficiency in policy update, and the small gradients at the borders 75 ,(7) = 1 — € and 7y 4
(m) = 1 + ¢ prevent the likelihood ratio from straying outside the clipping range. This, in
turn, enhances the stability of policy updates.

The special mechanism of ALR enables the gradient of LPPO - ALR (77 to stay in a dynamic
state when the ratio is within the clipping range, and provides PPO-ALR with high policy
search and update efficiency. Theoretically, the following properties should be satisfied to
ensure the theoretical feasibility and superiority of LPPO-ALR(7) for policy optimization.
Moreover, the theoretical feasibility efficiency of the proposed PPO-ALR’s target function
is proved as follows.

Properties

o 1, ,(m) = 1is the starting point of the policy research. When F(rs,a(n), g, Ol) is in the
interval (1 — g, 1 +¢), the objective curve should be symmetric with respect to the center.

o Function F(rs,a(n), &, 01) is continuous atrg ,(w) =1—¢ and rea(@ =1+e

e Function FPPO-ALR vises or falls faster than FFPO when rs.q(@) = 1, and slower than

FPPO vphen the ratio moves close to the border of the clipping range.

Proof

e Because of properties of the hyperbolic tangent activation function, it is easy to find that
the function f(as shown in Eq. (11)) is centrosymmetric at ry , () = 1.
e The continuity of F(r ,(7), €, &) is also obvious that

S = —atanh(ry ,(7) — 1)+ 1 — & —atanh(e) whenr, ,(7) =1 —&;
f = —atanh(ry ,(7) — 1)+ 1+¢&+atanh(e) whenr ,(7) =1 +e.
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e Then we prove the third property.

We think of r; () as a diagonal line. First, we should prove that the gradient of f is
maximum at the starting point, that is,

VLPPO-AR () = VFFPO-AR (e (), 6, 0) =V f > 1 (13)

when r; () = 1. Similarly, we should prove that the slope of f turns to small when it is
approaching the border of the clipping range, that is,

VLPPO-ARL () _ ypPPO-ARL(, () o g) =V f < ] (14)

whenr () - 1+, AJ% > O0andr (1) —> 1 —¢, AJ% <0.
We consider the derivatives of f to prove Egs. (13) and (14). The first derivative of f with
respect to rg , () is

= 1 — tanh? —1)). 15
F'= e 1~ tanh* (0 (1) = 1)) (1)
When r, ,(7) = land e € (0, 1), f' = gy > 1. Then VLFPO-ARL (7 > 1 which

means that FPPO-ARL changes more rapidly than FPO when r, ,(7) = 1.
Next, consider the second derivative of f.

" __ £
= tanh(e)

(2tanh3(rs,a(7r) — 1) — 2tanh(r, , () — 1)) (16)

rea(m) > 1 f" < 0;rg () < L,f” > 0.1t means that f’ is monotonic increasing
in interval (1 — ¢, 1) and monotonic decreasing in interval (1, 1 + €). Since f’ attains its
maximum value when r, , () = 1, and f’ decreases when it deviates from this point in
either direction.

Utilizing the Lagrange finite increment theorem, we can establish that,3¢ € (0, 1)

f(1+Ar () = f() = f'(1+@Ar, (7)) Arg (7). (17

When Arg () =&, f(1+¢&) — f(1) = f'(1 +¢e)e = e. Hence, f'(1 +¢e) = 1.
Considering the monotone variation of f"in (1, 1 +¢), we get f'(1+¢) < f/(1 +pe) = 1.
Similarly, we get

FO) = f(1= Ary () = f(1 = pAr, () Ary (1) (18)

and f'(1 —¢) < f'(1 —pe) = 1.

To sum up, VLPPO-ARL(7y — v f < 1. Thatis, F FPO - ARL changes slower than F' PPO
when the ratio is close to the clipping boundaries.

These findings substantiate the effectiveness of the PPO-ALR algorithm by ensuring that
policy updates are efficient and stable, aligning with the goals of the ALR mechanism.

4.2 Implementation of PPO-ALR in Multi-agent RL

To study the performance of PPO series algorithms in multi-agent environments, the
decentralized partially observable Markov decision processes (Dec-POMDP) with shared
rewards is proposed [27-29]. A Dec-POMDP is defined as a tuple (S, A, O, P, R,
po, V), where S is the state space. A is the shared action space for each agent i.
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O0={ol,i=1,..,1;t=1,2, ..} is the set of joint observations. o} is the local obser-
vation available to agent i. P(s/ s, At) denotes the transition probability from s to s” with

the joint action A; = (af, . a,l ) for all I agents. R(s, A;) is the shared reward function. pg
is the distribution of the initial state. y € (0, 1) is the discount factor [30].

A schematic representation of PPO-ALR in multi-agent scenarios at time ¢ is shown in
Fig. 3. During the process of training, PPO-ALR trains two independent neural networks:
an actor network and a critic network. We assume that the agents are homogeneous and they
share the actor and critic networks with the same parameter 6. For training the actor network
7y, the following PPO-ALR objective is maximized.

L(wo) = Ei[E[min( £ (v} o) ) AL, FPPO AR (vl (), e, ) 41) ] (19)
The critic network Vj is trained by minimizing the following loss function.
. N2 . . . N2
v = s (Vo sf) = #)", (i (% (). Vi (o) = & Vi (o) +2) = ) |
(20)

f() is the activated function defined in Eq. (11). In order to adapt to multi-agent tasks, the
ALR based clipping function is defined as

' —a tanh(rti () — 1)+1 —é&—atanh(e) ri(m) <1—¢
FPPO'ALR<F,’ (), &, ot) = { —atanh(r{(r) — 1)+1 + & +atanh(e) ri(m)>1+e .
f(riem), €) otherwise

2

rl ~ ry. 4 is the likelihood ratio for agent i at ¢.R! is the discounted reward-to-go for agent i

att. Al ~ Ay , is the advantage estimate for agent i at ¢.
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Fig. 3 A schematic representation of PPO-ALR in multi-agent scenarios at time 7. At each time, agents in the
environment receive their local observations, select actions, and together form the joint action. The joint action
is sent to the environment which leads to a state transition
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Fig. 4 PettingZoo: Pistonbal

Ri= A +7! (22)

Al =V (s;) wrivyrl oy Ty Ty, (s‘T) (23)

T-1

T is the maximum timestep, and r! is the reward of agent i at t.

Since the neural networks share the parameters 6, an entropy bonus is added to combine the
policy surrogate and the value function error term [31]. Then we get the following objective
which should be maximized at each iteration.

L) = E[L(79) — c1L(Vp) + c25(9)] (24)

c1, cp are coefficients. S is the policy entropy. The training process of PPO-ALR for multi-
agents is shown in Algorithm 1.

As shown in Fig. 3, during the process of training, all agents have an interaction with
the environment at each time ¢. Agents receive their individual observations, which encap-
sulate both individual information and information pertaining to other agents or the overall
environment. These observations are processed collectively by the networks with sharing
parameters. Through policy networks and value networks, each agent’s actions and received
rewards are determined. Following the completion of a round of iteration, all agents acquire
their respective policies. These policies, collectively forming a joint policy for all agents
within the environment, are stored in the replay buffer for subsequent policy updates. The
time complexity and space complexity of the process are O(total_episodes*T)and O(T 1)
respectively. T is the maximum timestep. / is the agent quantity.

5 Experiment
In this section, we present experiments to investigate whether PPO-ALR can achieve its

goals in multi-agent environments. We set PPO series algorithms in Sect. 3 as baselines for
comparison and reveal the competitiveness and superiority of the proposed method in tasks.
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Table 1 Arguments in Pistonball environment

Arguments Descriptions Values
n pistons The number of pistons (agents) in the environment 15,20
Time penalty Amount of rewards added to each piston at each time step - 0.1
Continuous Whether the action space of the agent is continuous or discrete False
Random drop Whether a random ball is in the initial position False
Ball mass The mass of the ball physics object 0.75
Ball friction The friction of the ball physics object 0.3
Ball elasticity The elasticity of the ball physics object 1.5
Max cycles After how many steps all agents will return done 125

5.1 Environment

Performance of PPO-ALR is tested on the Pistonball game which is a special multi-agent
environment in the PettingZoo library [32, 33]. We chose it because PettingZoo as a library
of diverse sets of multi-agent environments has a universal, elegant Python API. Pistonball
is a cooperative game (Fig. 4) with the chipmunk physics engine. In Pistonball, multiple
pistons constitute the cooperative multi-agents. The goal of Pistonball is to push the ball on
the right side of the interface to the left side by controlling the vertical movements of the
pistons. The observation space of a piston agent is an RGB image composed of adjacent
pistons and the space above them. The action space is a discrete tuple (0, 1, 2), where 0
means moving down, 1 staying still, and 2 moving up. The challenge in Pistonball game lies
in orchestrating highly coordinated emergency behaviors among the pistons to ensure the
ball’s smooth traversal from right to left. For each agent, the reward is a combination of how
much the ball moved left overall and how much the ball moved left if it is close to the current
piston. Generally, a piston is considered to be close to the ball if it is directly below any part
of the ball. So the reward for each agent can be expressed by

Mocal * Hlocal + (1 — Afocal) * T'global

where riocal i the local reward which is 0.5 times the change in the ball’s displacement
distance. rgjobal is the global reward which is the change in displacement distance divided
by the starting position, times 100, and plus the hyperparameter of time penalty (default —
0.1). The ratio between riocal and rgjobal is expressed by Ajocal. Arguments of the Pistonball
environment are shown in Table 1.
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Algorithm 1 PPO-ALR for multi-agent environments

Initialize @, the shared parameters of the actor z and the critic V' ;

Initialize the replay buffer D={ } ;
for episode =1,...,total _episodes do
Initialize {o,‘,Vi} , i is the number of the agent;

Initialize the size of the batch T ;

Initialize a parameter done =1 which is returned by the environment and marks the loop

terminates;
for t=1,...,.T do
for i=1,...7 do
4, ~ pj(a)=1(0;:0):
vi=V (of;H) ;
end for

Execute actions 4, = {a:,Vi} ,

Observe 0, = {ot’H,Vi} , S, :{sfH,Vi} , R = {rf,Vi} and done ;
if done=0 then
T=t;
end if
D’ ={0,,SI,A’,RI} >
D=DUD,;
end for

Compute the advantage estimate A= {A’,Vi,t} with equation (22),
Compute the agents’ reward-to-go R = {R,’ ,Vi,t} by equation (21),
D=DU{A4.R|,
Random all agent data from D ,
Split data into chunks of fixed length;
for cach data chunk in D do
Update the actor network 7, and the critic network V), ;
end for
Combine 7,and ¥, by the surrogate objective L(6) in equation (23) ;
Adam update 6 on L(6);

end for

5.2 Baselines

We evaluate the performance of the proposed method in four aspects: the proportion of the
likelihood ratio shifting outside the clipping range, the average episode length, the average
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episode return and the success rate during training. Moreover, we set the following baselines
to test our algorithm.

e MAPPO: the standard PPO algorithm with the clipping range hyperparameter ¢ = 0.2
[13].

e MAPPO-RB: PPO with rollback operation, ¢ = 0.2, and the rollback strength parameter
a = 0.3[15].

¢ MAPPOS: PPO smoothed (PPOS) algorithm with ¢ = 0.2 and @ = 0.3[16].

e MP-MAPPO: PPO with two randomly initialized policy paths [34].

e MAPPO-ALR: the algorithm proposed in Sect. 4, which uses the same rollback operation
as PPOS, e =0.2and o = 0.3.

In above five methods, ‘MA’ in front of the methods’ names indicates that they are imple-
mented in a multi-agent environment. Moreover, to further illustrate the effectiveness of the
proposed method, we select a new algorithm, i.e. the Multi-Path Proximal Policy Optimiza-
tion (MP-PPO) algorithm [34], to conduct a comparative experiment. MP-PPO is a method
that begins with multiple randomly initialized policy paths and optimizes them concurrently
during the policy optimization process. This approach aims to enhance policy diversity and
mitigate the risk of premature convergence to suboptimal solutions. We test and compare the
MP-PPO algorithm in the multi-agent environment and resulting a new baseline method MP-
MAPPO. In MP-MAPPO, the number of the randomly initialized policy paths is 2, which is
the optimal value selected based on experience.

As our study focuses on the enhancements to the clipping mechanism and policy objective,
the MAPPO, MAPPO-RB and MAPPOS methods are particularly relevant for comparison.
Their modifications align closely with our objectives, making them suitable benchmarks for
evaluating the effectiveness of our proposed method.

In order to further verify the superiority of the activated likelihood ratio, we apply the
improved ratio in Eq. (11) to modify the clipping function of PPO and PPO-RB, and compare
them with the standard MAPPO and MAPPO-RB methods.

e MAPPO + ALR: the activated ratio in Eq. (11) is used to replace r, ,(7r) in the clipping
function of the standard PPO algorithm.

e MAPPO-RB + ALR: the activated ratio in Eq. (11) is used to replace r; , (7r) in the clipping
function of the standard PPO algorithm.

5.3 Implementation Details

The Pistonball game in the butterfly environments on the PettingZoo platform version-2(v2)
is tested in all experiments. Our network is based on the AC framework. The actor network
and the critic network share the same network parameters. Agents process their input data
using a convolutional neural network (CNN) consisting of three convolutional layers. These
layers are configured with 32, 64, and 128 filters, respectively, each utilizing a 3 x 3 kernel
size and padding of 1. The ReLU activation function is applied to the output of these layers.
Following the CNN layers, a fully-connected network with a single hidden layer of size 512
is employed for further processing. Both the actor network and the critic network feature a
solitary hidden layer with 512 neurons. The network is optimized by Adam with a learning
rate of 0.001 and epsilon 107>. To facilitate learning, experiences encountered by agents
during training are stored in a replay buffer with a batch size of 32. The learning rate y is
0.99, and the parameters ¢ and ¢, in Eq. (24) are 0.1.
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5.4 Training in Multi-agent environment

With the increasing number of agents, the complexity of the environment will increase expo-
nentially. As the number of agents increases, the possible combinations of states in the
environment grow exponentially, and interactions among multiple agents lead to a combi-
natorial explosion of state spaces, making the environment more complex. The actions that
each agent takes may increase with the number of agents, resulting in an increase in the
dimensionality of the joint action space, thereby increasing the difficulty of learning and
decision-making for agents in the environment.

In order to show the performance of our method with different complexities, the experi-
ments are carried out with the different number of agents. As the number of agents increases,
the MAPPO, MAPPO-RB and MP-MAPPO algorithms tend to encounter learning failures
earlier compared to scenarios with fewer agents. Experiments involving a smaller agent count,
such as 10, demonstrate rapid convergence for all baseline methods, making it challenging
to discern differences between the proposed method and the others. When the agent count
exceeds 20, the effectiveness of all methods diminishes, indicating a noticeable decline in
performance. Notably, there is a distinct performance gap between experiments with 15 and
20 agents. Therefore, to effectively showcase the results, we chose 15 agents to represent
scenarios of low complexity and 20 agents for high complexity scenarios.

5.4.1 Effect on Policy Restriction

We use the proportion of the likelihood ratio shifting outside the clipping range to analyze the
ability of the algorithms in restricting the policy update. The proportion is an average value of
all agents in the policy search process at each episode. Figure 5 illustrates the proportions for
five algorithms with varying numbers of agents. In the case of 15 agents, we observe that the
proportions of MAPPO, MAPPO-RB, MAPPOS and MP-MAPPO rapidly approach zero,
indicating swift convergence in their policy updates. However, overquick convergence may
inadvertently reduce the diversity in policy update, which may potentially lead to suboptimal
solutions (see results in Sec.5.4.2). In contrast, the proportion of MAPPO-ALR settles into

MAPPO-ALR —— MAPPOS —— MAPPO-RB MAPPO
———— MP-MAPPO
Piston=15 Piston=20
04 03
g 0.3 -§
’cog g 02
2 02 g
@'t . 0.1
0 : 0
0 1 2 3 4 5 0 1 2 3 4 5
episodes/10° episodes/10°
(a) (b)

Fig. 5 The proportions of the likelihood ratio shifting outside the clipping range of four algorithms
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a relatively stable value. The stable proportion ensures the preservation of the policy update
diversity, ultimately contributing to superior results. When the agent count increases to 20,
proportions of MAPPO-ALR, MAPPO-RB and MAPPOS turn to a stable value. In contrast,
MAPPO and MP-MAPPO continues to rapidly converge to zero. These findings highlight
the ability of MAPPO-ALR to strike a balance between the convergence speed and policy
diversity, resulting in more efficient policy updates over different numbers of agents.

Our analysis indicates that maintaining a stable clipping ratio can mitigate the risk of
converging to sub-optimal outcomes. By ensuring consistent clipping proportions, the algo-
rithm can effectively balance policy exploration and policy optimization, facilitating more
stable and efficient learning over time. Thus, maintaining a stable clipping proportion can
effectively reduce the likelihood of converging to sub-optimal results.

5.4.2 Effect on Policy Performance

If all agents on one mission cannot make the ball reach the left of the global space before
reaching the maximum stride length, the game will end directly. In the context of reinforce-
ment learning, shorter episode lengths often indicate faster convergence. The agent is able to
achieve its goal more efficiently within fewer steps. Therefore, we can judge whether the task
has been successfully completed by the step size being used in one episode. Furthermore,
the relationship between the stability and the success rate is analyzed. A stable algorithm
may exhibit stable success rate, and fluctuations indicate instability or inefficiencies in learn-
ing. Changes in success rate indicate the learning dynamics of the algorithm, which could
be influenced by factors such as exploration strategies, reward structures, or environmen-
tal complexities. By qualitatively analyzing the variations in success rate, the algorithm’s
stability can be inferred.

Figure 6 plots the average episode length, average episode return and success rate during
training, respectively. Tables 2 and 3 show the numerical results after 5000 episodes.

In the case of low environmental complexity (i.e. 15 pistons), all methods demonstrate
successful policy learning. The decline rates of the average episode length curves can be
used to estimate the learning efficiency of algorithms. From Fig. 6a we can see that the
proposed method exhibits the most rapid decline, indicating the highest learning efficiency.
Figure 6c¢ illustrates the average episode return, showcasing that MAPPO-ALR achieves the
highest overall reward among the methods when dealing with 15 agents. Moreover, Fig. 6e
highlights that MAPPO-ALR achieves the highest average success rate, nearing 50% after
5000 episodes in the case of 15 agents. But when it comes to a more complex environment
(i.e. 20 pistons), Fig. 6b, d, f show that both MP-MAPPO, MAPPO-RB and MAPPO struggle
to learn effective policies. After 5000 episodes, MAPPO-ALR’s performance is on par with
MAPPOS. In general, MAPPO-ALR demonstrates adaptability to complex environments
(more agents). For a more detailed examination of the training processes, Fig. 7 presents the
loss function curves defined in Egs. (19), (20), and (23) for all five methods. These curves
provide additional insights into the training dynamics.

By effectively balancing policy stability and update efficiency, the MAPPO-ALR
method can adapt more efficiently to varying environmental conditions. Additionally, the
MAPPO-ALR demonstrates robust adaptability to environmental complexity, especially
when confronted with scenarios involving a higher number of agents. This adaptability is
attributed to the ALR mechanism’s ability to dynamically adjust policy updates based on the
likelihood ratio’s stability when it is in close proximity to the clipping boundaries, ensuring
efficient learning across diverse scenarios.
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Fig. 6 Performance comparison of MAPPO, MAPPO-RB, MAPPOS, MP-MAPPO and MAPPO-ALR algo-
rithms. Average Episode Length: the curves of the consumption step size per episode at the cases of 15 agents
(a) and 20 agents (b). Average Episode Return: the curves of the overall return value per episode at the cases
of 15 agents (c¢) and 20 agents (d). Success Rate: the curves of the average probability the missions succeed
at the cases of 15 agents (e) and 20 agents (f)
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Table 2 Numerical results of MAPPO, MAPPO-RB, MAPPOS, MP-MAPPO and MAPPO-ALR with 15
agents

Average episode length Average episode return Success rate
MAPPO 103.9 48.26 0.3796
MAPPO-RB 101.2 59.82 0.4378
MAPPOS 99.15 53.35 0.4468
MP-MAPPO 98.34 52.11 0.3443
MAPPO-ALR 97.5 68.54 0.497

Table 3 Numerical results of MAPPO, MAPPO-RB, MAPPOS, MP-MAPPO and MAPPO-ALR with 20
agents

Average episode length Average episode return Success rate
MAPPO 120 15.5 0.1074
MAPPO-RB 122.6 21.52 0.0346
MAPPOS 103.6 67.8 0.4172
MP-MAPPO 117.6 30.22 0.0647
MAPPO-ALR 106 62.71 0.388

5.4.3 Effect of the Activation Likelihood Ratio

In order to further substantiate the pivotal role of the activated likelihood ratio introduced
in Eq. (11), we conducted experiments by applying the same activated likelihood ratio to
MAPPO and MAPPO-RB, resulting in the MAPPO + ALR and MAPPO-RB + ALR algo-
rithms. The modified clipping functions for MAPPO + ALR and MAPPO-RB + ALR are
as follows. The results obtained from comparing MAPPO + ALR and MAPPO-RB + ALR
with traditional MAPPO and MAPPO-RB are shown in Tables 4 and 5, as well as Fig. 8.

I-e Foa(m) <1—¢
FPPO+ALR(VS,(1(7T), g)=11+¢ Feq(@)>1+e¢ (25)
tanh(e) tanh( e q(@) — 1)+1 otherwise

ozri’a(rr) +(1+a)(l—2¢) ”s,a(”) <l-—e¢
FPPO-RBHALR( (1), 8, a) = L U+ +e) 1 (1) = 1+e  (26)

lanh(s) tanh( rga(m) — 1)+1 0therw1se

After 5000 episodes, it is evident that both MAPPO + ALR and MAPPO-RB + ALR
outperform traditional MAPPO and MAPPO-RB. Specifically, MAPPO + ALR and MAPPO-
RB + ALR exhibit shorter episode lengths, higher episode returns, and superior success rates.
These findings demonstrate that the activated likelihood ratio plays a crucial role in enhancing
the performance of clipping functions. Then the effectiveness and efficiency of the proposed
RL algorithm are further confirmed.
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Fig. 7 Curves of loss functions in the training processes of MAPPO, MAPPO-RB, MAPPOS, MP-MAPPO
and MAPPO-ALR algorithms. Policy loss: the curves of the loss function defined in Eq. (19) at the cases of
15 agents (a) and 20 agents (b). Value loss: the curves of the loss function defined in Eq. (20) at the cases of
15 agents (c) and 20 agents (d). Total loss: the curves of the loss function defined in Eq. (23) at the cases of
15 agents (e) and 20 agents (f)
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Table 4 Numerical results of

MAPPO, MAPPO-RB, MAPPO Average Average Success
+ ALR and MAPPO-RB + ALR episode length episode return rate
with 15 agents
MAPPO 100.5 50.13 0.3796
MAPPO-RB 98.95 52.28 0.4378
MAPPO + ALR 94.63 57.87 0.3764
MAPPO-RB + ALR 96.64 76.66 0.4596
Table 5 Numerical results of
MAPPO, MAPPO-RB, MAPPO Average Average Success
+ ALR and MAPPO-RB + ALR episode length  episode return  rate
with 20 agents
MAPPO 122.2 4.354 0.0554
MAPPO-RB 122.9 17.18 0.0346
MAPPO + ALR 122.1 2.893 0.0636
MAPPO-RB + ALR 110.7 58.86 0.1968

5.4.4 Effect of the Clipping Parameter

As we have mentioned in Sect. 3.3.4, the clipping range and strength are controlled by a hyper-
parameter €. We conduct experiments with varied hyperparameters to analyze their impact on
the algorithm’s performance. Our parameter selection is based on empirical evidence from
prior literature. We do experiments with ¢ = 0.05, ¢ = 0.2, and ¢ = 0.5.

For 15 agents, the optimal parameter choice for ¢ is 0.05, when the complexity of the
environment is at a low level. This parameter produces the fastest decline rates of the average
episode length curves and yields the highest overall reward. However, in scenarios with high
environmental complexity (20 agents), which is shown in Fig. 9b, d, f, MAPPO-ALR with
& = 0.05 fails to learn an optimal policy within a reasonable timeframe. ¢ = 0.2 produces a
better result. It is because when the agents’ policy undergoes less change with each update,
learning speed is moderated.

Inreferences, [35] holds the idea that PPO’s performance depends heavily on the optimiza-
tion trick, not on the core clipping mechanism. However, [15] draws a completely different
conclusion. Although the clipping mechanism of PPO could not strictly restrict the likelihood
ratio within the predefined clipping range, it could somewhat take effect on restricting the
policy and benefit the policy learning. To further explore this aspect, we conduct experiments
by modifying the clipping parameter and introducing a looser clipping setting. Specifically,
when we set ¢ to a higher value (i.e. ¢ = 0.5), effectively loosening the clipping range,
we observed notable effects on the performance of both MAPPO-ALR and MAPPOS. In
these experiments, as ¢ increased, the performance of both algorithms deteriorates (Fig. 10,
Tables 6, 7). However, it’s worth noting that MAPPO-ALR exhibits the ability to maintain
stability and efficiency even under looser clipping conditions compared to MAPPOS.

From these findings, we can conclude that while a looser clipping range can have a
detrimental effect on the performance, MAPPO-ALR showcases resilience and efficiency,
further emphasizing the importance of the activation likelihood ratio (ALR) enhancement in
managing policy updates across different parameter settings.
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Fig. 8 Performance comparison of MAPPO, MAPPO-RB, MAPPO + ALR and MAPPO-RB + ALR algo-
rithms. Average Episode Length: the curves of the consumption step size per episode at the cases of 15 agents
(a) and 20 agents (b). Average Episode Return: the curves of the overall return value per episode at the cases
of 15 agents (c) and 20 agents (d). Success Rate: the curves of the average probability the missions succeed
at the cases of 15 agents (e) and 20 agents (f)

6 Conclusion

The inherent challenges of instability and inefficiency in policy optimization have long been
associated with the PPO algorithm, especially in multi-agent environments. Previous lit-
eratures such as PPO-RB and PPOS, highlight the role of the clipping function in policy
optimization and propose improved clipping mechanisms to restrict and benefit the policy
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Fig. 9 Performance of MAPPO-ALR with ¢ = 0.05, ¢ = 0.2 and ¢ = 0.5. Average Episode Length: the curves
of the consumption step size per episode at the cases of 15 agents (a) and 20 agents (b). Average Episode
Return: the curves of the overall return value per episode at the cases of 15 agents (¢) and 20 agents (d).

Success Rate: the curves of the average probability the missions succeed at the cases of 15 agents (e) and 20
agents (f)
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Fig. 10 Performance of MAPPOS and MAPPO-ALR with ¢ = 0.2 and ¢ = 0.5. Average Episode Length:
the curves of the consumption step size per episode at the cases of 15 agents (a) and 20 agents (b). Average
Episode Return: the curves of the overall return value per episode at the cases of 15 agents (¢) and 20 agents
(d). Success Rate: the curves of the average probability the missions succeed at the cases of 15 agents (e) and

20 agents (f)
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Table 6 Numerical results of MAPPOS and MAPPO-ALR with different &’s at the case of 15 agents

Average episode length Average episode return Success rate
MAPPO-ALR-0.05 59 95.47 0.9102
MAPPO-ALR-0.2 91.03 76.28 0.4978
MAPPOS-0.2 94.28 58.85 0.4468
MAPPO-ALR-0.5 99.69 54.48 0.4588
MAPPOS-0.5 97.21 54.32 0.1723

Table 7 Numerical results of MAPPOS and MAPPO-ALR with different ¢’s at the case of 20 agents

Average episode length Average episode return Success rate
MAPPO-ALR-0.05 67.64 57.42 0.2264
MAPPO-ALR-0.2 103 68.29 0.3886
MAPPOS-0.2 100.7 73.74 0.4172
MAPPO-ALR-0.5 121.1 8.808 0.092
MAPPOS-0.5 123.5 2223 0.0244

learning. These approaches primarily focus on defining downward-slope objectives to curb
policy deviations when the likelihood ratio exceeds the clipping range. They neglect the
optimization efficiency within the clipping range and fail to fully address the instability
during policy optimization. In response to these challenges, we propose an activation like-
lihood ratio (ALR) function in the clipping mechanism to solve these problems. The ALR
function dynamically adjusts the slope of the surrogate objective before the likelihood ratio
extends beyond the clipping range. At the outset, the objective of PPO-ALR exhibits the
steepest slope, leading to swift policy updates and high efficiency. As the ratio nears the
clipping border, the slope of the PPO-ALR objective gradually diminishes, preventing the
ratio from straying outside the clipping range and enhancing policy update stability. The
theoretical properties and advantages of PPO-ALR are rigorously demonstrated, and exper-
iments validate its superior performance in various settings. These experiments showcase
shorter average episode lengths, increased average episode returns, and higher success rates
for the proposed method. In addition, experiments in Sect. 5.4.3 highlight the versatility
of ALR, demonstrating its compatibility with various clipping operations and its potential
to improve the performance of the broader PPO series algorithms. The PPO-ALR method
has demonstrated outstanding performance in the simulations presented in this paper. How-
ever, it is primarily proficient in cooperative multi-agent tasks. Its efficacy in other types
of multi-agent problems should be validated. Furthermore, PPO-ALR method still exhibits
high computational complexity, especially in large-scale environments or during prolonged
training periods, necessitating substantial computational resources. In the future, we will con-
sider more effective constraint functions to further improve the clipping strategies of PPO
series algorithms. Additionally, we will try to explore their performance in more complex
environments, such as the one having continuous action spaces and heterogeneous agents.
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