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Abstract

Cooperative multi-agent reinforcement learning
(MARL) is making rapid progress for solving
tasks in a grid world and real-world scenarios,
in which agents are given different attributes and
goals, resulting in different behavior through the
whole multi-agent task. In this study, we quan-
tify the agent’s behavior difference and build its
relationship with the policy performance via Role
Diversity, a metric to measure the characteris-
tics of MARL tasks. We define role diversity
from three perspectives: action-based, trajectory-
based, and contribution-based to fully measure
a multi-agent task. Through theoretical analysis,
we find that the error bound in MARL can be
decomposed into three parts that have a strong
relation to the role diversity. The decomposed fac-
tors can significantly impact policy optimization
on three popular directions including parameter
sharing, communication mechanism, and credit
assignment. The main experimental platforms
are based on Multiagent Particle Environment
(MPE) and The StarCraft Multi-Agent Chal-
lenge (SMAC). Extensive experiments clearly
show that role diversity can serve as a robust mea-
surement for the characteristics of a multi-agent
cooperation task and help diagnose whether the
policy fits the current multi-agent system for a
better policy performance.

1. Introduction

Recently, multi-agent reinforcement learning (MARL) has
attracted researchers attention due to its impressive achieve-
ments with super human-level intelligence in video games
[3, 6, 53, 58], card games [7, 26, 45, 60], and real-world
applications [63-65]. These achievements have benefited
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substantially from the success of single-agent reinforcement
learning (RL) [14, 15, 31, 43, 44] and rapid progress of
MARL [5, 17, 18, 28, 30, 57].

In MARL, one of the most attracting sub-tasks is the
multi-agent cooperation tasks, where agents are required to
achieve their common goals by collaborating with team-
mates [29, 40, 62]. However, the achievements on the
cooperative MARL are more based on empirical results
[4, 22,47, 52] than theoretical analysis. And one key prob-
lem of cooperative MARL is how to fairly compare different
algorithms as shown in Fig. l1a. Current researches focus
on developing algorithms on the tasks they are good at but
lack the study of why the performance declines on other
tasks [16, 36, 56, 56, 59]. Sometimes, even adopting the
state-of-the-art algorithms does not guarantee an optimized
performance [13, 36, 49, 56, 59]. This may be due to the
varying characteristic (e.g agent’s attributes and goals) of
MARL tasks and scenarios, one single algorithm is not able
to cover them all, which means we have to change the policy
or the training strategy in order to guarantee that the policy
we used fits for the current MARL task.

From this perspective, a metric to help measure the charac-
teristic of different MARL tasks is desirable. This metric
can be used to choose a better policy or training strategy for
the current task, which is illustrated in Fig. 1b. We name this
measurement as Role Diversity, which aims at quantifying
the difference of agents’ behavior in a MARL task. We then
analyze how the role diversity impacts learning performance
both theoretically and empirically. For theoretical analysis,
we decompose the estimation error of the joint action-value
function to discuss how role diversity impacts the policy
optimization process. The experiment further verifies the
theoretical analysis that the role diversity is strongly related
to the model performance and can serve as a good measure-
ment of a MAS. As shown in Fig. 1, with the role diversity
measurement of each task, we can diagnose the improper
training strategies used in current policy or find a better
training strategy combination.

More specifically, we define role distance and role diver-
sity from three aspects: action-based, trajectory-based, and
contribution-based. Each type of role diversity is measured
by a unified variable called role distance. Theoretical analy-
sis shows that different types of role diversity have a differ-
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Figure 1.(a) Algorithms 1 & 2 here are two examples to illustrate how the MARL policy is assembled using different training strategies.
These strategies can cover three independent directions in MARL including parameter sharing, communication, and credit assignment.
Note that the policy performance of algorithms 1 & 2 varies from tdskesn. (b) Using Role Diversity to measure each task can help
diagnose the misuse of a certain training strategy in current policy, and help determine a more suitable combination from different training
strategies, which leads to better policy performance.

ent impact on decomposed estimation error terms includingiew comprehensive de nition of the role and role diversity
algorithmic error, approximation error, and statistical erroris proposed to measure MARL tasks. Second, a theoretical
Comprehensive experiments are conducted, covering threanalysis of how role diversity impacts MARL policy opti-
popular directions in MARL training strategies: parametermization with estimation error decomposition is built. Third,
sharing, communication, and credit assignment to verify then the experiment, role diversity is proven to be strongly re-
utility of role diversity. A set of guidelines is provided to lated to performance variance when choosing different train-
help diagnose the shortcomings of the current policy andng strategies, including parameter sharing, communication,
decide whether a better training strategy exists according tand credit assignment on the MARL benchmarks. Finally,
the role diversity measurement. In addition, role diversitybased on both theoretical analysis and experimental results,
can explain why the MARL algorithms performance variesa set of guidelines for current policy diagnosis and better
on different MARL tasks enabling us to fairly compare the training strategy selection are provided. These guidelines
algorithm's performance. can help guarantee a better performance for cooperative

The main experiments are conducted on MRH] [and MARL.

SMAC [40] benchmarks, covering a variety of scenarios.

The impact of role diversity is evaluated on representative?. Related Work
MARL algorithms including 1QL b0], IA2C [32], VDN
[49], QMIX [ 36], MADDPG [29], and MAPPO B9, cov-
ering the most common used methods in MARL including
independent learning methods, centralised policy gradien%
methods, and joint Q learning methods. The experimenParameter Sharingis a common technique in MARL. The
results prove that the model performance of different almost adopted approach is to fully share the model param-
gorithms and training strategies is largely dependent omters among the agentsg 36, 49, 56]. In this way, the

the role diversity. As a brief conclusion, we give three policy optimization can bene t from the shared experience
following insights for guiding future works and helping pol- buffer with samples from all different agents, providing a
icy diagnosis to avoid using improper training strategieshigher data ef ciency. However, it has also been noted in
scenarios with large action-based role diversity prefer nadecent works that parameter sharing is not always a good
parameter sharing strategy; communication is not needechoice B, 35, 51]. In some scenarios, a selective param-
in scenarios with trajectory-based role diversity less thareter sharing strategy, or even no parameter sharing, can
30 percent; learnable credit assignment modules should bgigni cantly bene t agent performance and surpass the full
avoided when training on scenarios with contribution-basegarameter sharing. However, the question of why different
role diversity higher thaf:5. Following this guidance, we parameter sharing strategies have different impacts on dif-
can signi cantly improve the nal performance by intro- ferent scenarios remains open. In this study, we nd that the
ducing a proper training strategy into the current policy. Inrole diversity can serve as a strong signal for selecting the
some cases, the performance can even be doubled when \warameter sharing strategy.

give the best combination of training strategies compared t
the original one.

Research on the development of cooperative MARL algo-
rithms is mainly focusing on three directions: parameter
haring, communication, and credit assignment.

%ommunication mechanism is an intrinsic part of the multi-
agent system (MAS) frameworR9, 20, 24, 29, 48]. It pro-
The key contributions of this study are as follows: First, avides the current agent with essential information of other
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agents to form a better joint policy, which substantially between different agents can be measured. And by using
impacts the nal performance. In some cases, communicaole distance to further get the role diversity for each MARL
tion restrictions exist, which hinder us from freely choosingtask, a strong relationship between the role diversity and
communication method®29, 40]; in most cases, however, the MARL optimization process can be established. In this
the communication is available and it is optional on whenway, the role diversity can serve as a good measurement for
to communicate and how to ingest the shared informatiompolicy diagnosis in cooperative MARL tasks.

[20, 46]. We present a comprehensive study on the rela-

tionship between role diversity and information sharing via3.1. Action-based Role

communication mechanisms and demonstrate that role di- . . )
versity determines the necessity of communication. In MARL, different agents output different actions based

on their current status. As common sense would indicate,
Credit Assignmentattracts most attention in cooperative actions taken at the same timestep can indicate different
MARL research. Most algorithms adopt Q-learning or roles [B6]. However, there are many exceptions. Consider
policy gradient as the basic policy optimization method two soccer players passing a ball to each other repeatedly
combined with an extra value decomposition module[27], although the action is different at each time step, the
[16, 36, 49, 56€] or shared critic function13, 29, 59 to  roles of these two soccer players can be very similar before
optimize the individual policy. Some other works nd that who nally give the shot. Therefore, it is not suf cient to
leveraging the reward signal is unnecessary; however, optistinguish the role difference based on a single timestep.
timizing the individual policy independently (independent |nstead, we contend that this difference should be de ned
learning, IL) can still get a strong joint polic$, 50]. It based on a period. As this role is purely based on action
then becomes slightly dif cult to decide which credit assign-distribution , we refer to it as an action-based role.
ment method (including IL) is better as there is no single , ) L
method in cooperative MARL that is robust and alwaysSpeC' cally, we de ne the action-based role as the statistics

outperforms others (compared to PP@j[or SAC [14] of the actions' frequency over a period, _vvhichnisteps
in single-agent RL) on different tasks. In this study, we backward and forward from the current timestep. Hare,

contend that role diversity is the key factor that impacts thdS the time interval that is half the length of the total time.

performance of different credit assignment strategies. ~ More details can be found in Fig. 8a, where we provide a
real scenario from SMAC. Action-based role difference can

Generally speaking, a good policy for MARL should con-pe represented as follows:

sider allParameter Sharing Communication, andCredit

. ; . K n

Assignmentstrategies. The misuse of any one of them can ra = 1 a. 1)

bring signi cant performance degradation, known as the bar- T 2n+1 =T n v

rel effect. In the next section, we present the role de nition hereT s th i texis the time int

from three aspects and propose the measurement of diﬁé’?’-lere, :ﬁpresents' de Cur're?h |me|§ ﬂr:jg ; ?b ITe |nvevr-

ent types of role diversity to measure a MARL task. And V@l atls e a?gn Ilr|1<Lec)i(" IS he potlcy IStn utlr?na' te

by measuring each task, we can help diagnose whether t opt symmetrica Ivergence 1o measure the distance

current policy has any shortcomings or should be replace8 dn:erent gctlon—b:;sed role?. dThefr(ﬁIe d|.stance of two
by a more suitable one. agentsay anda; can be computed as follows:

discyr = KL (rfir) + KL (rfir); 2
3. Role Diversity whered(2.) represents the action-based role distance at

Melees are strong and bulky, wizards are fragile and facil t!mestepj' bet\{veen two agents, ard. represents Kull-
ack-Leibler divergence.

Using role to measure the characteristic of different agent
in the MARL context has been proven to be effective in
many recent worksg, 25, 55, 56]. However, how to de-

ne an agent's role accurately and completely is still underap action-based role only considers the role diversity from
exploration. In Wang et al56], the role is de ned as the action distribution perspective. A slight action differ-
the higher-level option in the hierarchical RL framework gnce may not diversify the action-based role; however, this
[21]. In Christianos et al[8], the role is de ned as the (jfference can be enlarged by time, which eventually results
environmental impact similarity of a random policy. Thesejn g de facto behavior difference. The most signi cant phe-
de nitions are focusing on certain aspects of the agentsyomenon caused by this is the agent's trajectory. Again,
behavior differences but cannot fully measure them. In thisonsider a soccer game where players repeatedly pass a ball
study, we attempt to de ne the role in a more compreheng each other; these players may have a similar action-based
sive way from three aspects: action-based, trajectory-baseghe, but their trajectories are different. This difference is en-
and contribution-based. With our re ned role, role distancepgnced by the partial observation setting that exists in many

3.2. Trajectory-Based Role
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(a) Action-based role diversity in one episode

(b) Trajectory-based role diversity in one episode (c) Contribution-based role diversity in one episode

Figure 2.(a) An illustration of how action-based role difference varies in one game(4m_vs_3z). A detailed explanation of how it varies
can be found in Sec. 3.1. (b) Instance curve of the trajectory-based role difference in different battle scenarios according to observation
overlap. Trajectory-based role difference is larger in 3s_vs_5z but smaller in 4m_vs_5m. (c) Contribution-based role diversity in different
battle scenarios represented by Q value. The contribution-based role diversity is larger in 1s1m1h1M_vs_5z but smaller in 4m_vs_3z.

popular cooperative MARL environment4(, 47, 62 as  MARL environments 22, 29, 40, 47]. For instance, in32],

the partial observed input from different agents shares a legbe roles of forward and goalkeeper are quite different and
common pattern when the vision scope is smaller. Thereforegharacterized by different observation scopes, action spaces,
trajectory-based role diversity is an important supplemenaind reward functions. The type differences are easy to notice
to action-based role diversity. but hard to de ne, as is the role distance between them.

Generally speaking, we can de ne the trajectory-based rolédere, we use an indirect variable called contribution to mea-
as the record of the agent's movement. However, the desure the type difference. In cooperative MARL, the nal
termination of the extent to which two trajectories differ is target is to obtain an optimal joint policy consistingAfin-

not a straightforward matter. To measure this difference, welividual policies. To do this, the credit assignment strategy
use an indirect metric called observation overlap percentages proposed in13, 36, 49 to leverage the reward signhals
Using observation overlap to measure the trajectory-basetb each agent to achieve individual policy optimization. A
role difference is:l. easy to computd]. able to utilize a good credit assignment strategy should be able to leverage
constant scale from O to 1 ahidl. strongly related to obser- the reward signal in a manner equal to each agent's contri-
vation scope, which means that two trajectories can havbution to the global reward. In this way, the Q value (Q
varying role distances. The trajectory difference betweeriunction in off-policy RL) or state value (critic function in
two agentsag anda; is annotated ad?{;gl + Whichisthe on-policy RL) of each agent can be estimated based on the
observation overlap percentage of the total area betwedaveraged reward signal. From this perspective, the value
agentag and ageng; at timestepl . An illustration of cal-  can be regarded as the agent's contribution to the team. Gen-
culating the observation overlap percentage can be founerally speaking, we use the Q value or state value to measure
in Appx. B.1. More scenarios to show the generalization ofthe contribution of a single agent. Contribution-based role

trajectory-based role can be found in Appx. B. diversity between two agents can be computed as follows:
o a dVaO Vag o
3.3. Contribution-Based Role Aoty = o ] 2 A (3)

max (Va, ; Va, )

To help ensure the authenticity of the modern MAS, agent$yere v is the Q value or state value of the policy output and
are initialized with different attributes in recently proposed dr*o™'*1 is the absolute value difference between the agents'
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output. In addition, we use the max value difference iffall the observation overlap percentage curves in Fig. 2b in two
agents to keep the range of contribution-based role diversitgcenarios including 3s_vs_5z and 4m_vs_5m. With the

from O to 1. game progressing, the observation overlap curve becomes
signi cantly different in these scenarios. In 3s_vs_5z, the
3.4. Distance to Diversity better training strategy is not sharing the observation or com-

) ) municating with other agents as the trajectory-based role
Role diversity can be counted as the mean value of thgyersity is big. While in 4m_vs_5m, sharing the observa-

role distance between all different agent pairs. Differentjon heips the policy learning as the trajectory-based role
role distances are used to measure different role d'VerS'tMiversity is small.

aspects. For instance, irfaagents MAS, the role diversity

can be calculated as: The contribution-based role diversity instance can be found
VRS in in Fig. 2c. We provide the Q value (mean & max) curves
Dt = p% o (4) to demonstrate that the contribution-based role diversity
0 a,=0 a;=ag can vary a lot in different scenarios. In 4m_vs_3z, the

a0ia1 a0:a1  4aoia: a0:a; contribution-based role diversity is signi cantly smaller
Heredr™™* can be any of thel g r Gy 'y 7 ANd0coni) 7 than that in 1s1lm1h1M_vs_5z. Therefore, it is a wise

to get corresponding action-based, trajectory-based, al

nd . . ) :
Lo . . choice to have a learnable credit assignment module in
contribution-based role diversity.

4m_vs_3z's policy. In the experiment, we nd that tack-
More detailed role de nition, analysis on connection be-ling 1slm1h1M_vs_5z with a learnable credit assignment
tween different role types, and application can be found irmodule can result in a serious performance drop.
Appx. B, C and D. More speci ¢ scenario-based illustration
can be found in Fig. 7 and Fig. 8. 5. Theoretical Analysis
4. Policy Diagnosis This section presents a simple exa_mple to_ illustra_te t_hat the
role diversity can serve as policy diagnostic criteria since it
With role diversity to measure a MARL task, we can now affects the Q-function estimation error. Suppose each agent
diagnose whether we have chosen the proper training straterakes individual observations and the learning procedure of
gies to get the optimal policy. In this section, we provideall agents is independent. We provide nite-sample analysis
case studies on how different types of role diversity varyfor the estimation error of the joint Q-function and identify
in one episode. We give a brief introduction on how tothe terms corresponding to the role diversity. We denote
nd the shortcomings of current training strategies based,,; andQ; as the optimal joint and individual Q-function
on different types of role diversity. Popular MARL training respectively and writ& Kk, as thelL, norm with respect
strategies including parameter sharing, communication, antb a probability measure Motivated by B9] and [36], we
credit assignment are discussed. The theoretical eviden@®nsider a simple case:
of the diagnosis process can be found in Sec. 5 and the Qui W’ Q WithQ =(Qu::::Q,):

experimental proof can be found in Sec. 6.
wheren is the number of agents amd is an-length weight

The action-based role diversity case is provided in g. 2ayector. Here, the credit assignment function is a weighted

We take a real battle scenario (4m_vs_3z) from SMAC, and,,, ofQ; with non-negative weights. We then study the
nd three stages includingind a good positionFocus on oy ~asg rilsk as follows:

enemyandFind each one's best strategp this battle sce-

nario. In stage 1, agents try to nd their own best location; EM = KQu W7 Qiky; Kk Qur (W )7 Q Ky; ;

the role diversity is large. In stage 2, agents focus on thevherew andw are the optimal and estimated weights and
same enemy target; the policies become similar and the rol@t is the output of FQI algorithm at the iteratianWe
diversity is decreased. In stage 3, the formation of the agent&!'ther denot& as the space of |rc1)d|V|dua2I Q-functions and
is broken up by the enemies. Action-based role diversity'/ €' (Q) = SUPqaq iNfooag kQ™ TQK5; :In Sec. H.3,
again increases as each agent is required to nd its ow{/€ Prove that

best strategy to deal with its current situation. In this case, B qg —— 4 TH

sharing or not sharing the model parameter can signi cantly EfT nkw Wk  Varn Q + ﬁl\/l
impact policy optimization. In stage 1 and stage 3 where the r (5)
role diversity is big, agents prefer to have their individual L4 P @)+ Of In No,.

policy. While in stage 2 where the role diversity is small, @ )2 N 7

sharing the policy is a better choice. whereN is the sample size ariilis the number of iterations.

The trajectory-based role diversity instance is provided a$h addition, . is the concentration coef cient ando
represents th&=N -covering number of): Please refer to
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Sec. H.1 for the detailed de nitions. to the Action-Based Role(Sec. 6.1). 2. that the bene t
brought by different communication mechanisms can be
easily affected by thé@rajectory-Based Role(Sec. 6.2).
3. that the performance of the credit assignment method,
o ) . or the centralized training strategy, is largely dependent on
mizing kw "_Vk can signi cantly decrease the eX(.:ess.nSk'the Contribution-Based Role (Sec. 6.3). 4. that the choice
The term that involves (Q) stands for the approximation - ; .

. S of training strategies should be determined by the scale of
error caused by functional approximationgn It depends . . . . . .

role diversity for different scenarios. The main experimental

on the concentration of thg ;ample and the scale .Of .the hypo'Iatforms are MPEZ9 and SMAC H(]. Extensions are
thetical space. The remaining two terms are statistical errof

o . . made to ful Il the requirements of parameter sharing and the
and algorithmic error. If the sample size is suf ciently large C . . ;
Lo 2~ communication mechanism, these include separated train-
and the learning time is long enough, they can be arbitrarily o . :
. Ing of policy in Sec. 6.1 and information exchange among
small. In Sec. H.5, we assun@eis a sparse ReLU network : .
. o . agents in Sec. 6.2. All results come from eight random
andT Q is a composition of ldlder smooth functions, and . .
analvze the converaence rateNeT | 1 seeds. All the role diversity values and curves come from
y 9 ' our baseline policy: VDN]9], no parameter sharing, and

Next, we demonstrate that the variance t&an, (Q ) iS  no communication for robust performance and training ef -

related to both théction-Based Role(Sec. 3.1) and the ; ; ;
Trajectory-Based Role(Sec. 3.2). We consider the case ciency. More details and experimental results can be found

in which all agents share one O-function and denote thd" the appendix.
optimal share Q-function & : Sec. H.4 proves that

The rst term on the RHS of (5) re ects the bene t of credit
assignment that is strong related to @entribution-Based
Role (Sec. 3.3). Whewar, (Q ) is non-negligible, mini-

6.1. Parameter Sharing

q ——
p_— .
Err " nkw  #wk  Var, Q (z;u) Action-based role in uences the convergence speed and

nal performance of different parameter sharing strategies in

+ X w(Q Q) 4:72p 1(Q) (6) cooperative MARL. The scenarios we choose from the MPE
i=1 1 a and SMAC benchmarks are simple but diverse, covering
' TnNO 4 T+ action-based role diversity that ranges from small to large.
+ O( oN 2)+ ﬁM; In table. 1 and Fig. 3, we provide action-based role diversity
and the model performance curve on these chosen scenarios.
whereN is the1=(nN )-covering number 0@ and For the SMAC benchmark, we adopt two metrics to count
Q (zzu)= Q (z1;w);Q (Z2:W):::::Q (zn:Un) : r{ in Eq. 1. The rst metric isreal action diversity, which

_ treats each action as an independent. The second way is
The second term on the RHS of (6) stands for the biagemantic action diversity, which distributes the actions
caused by parameter sharing. If @ are the same, the 4 gifferent groups according to their semantic type (e.g.
bias will disappear. Therefore, tietion-Based Roléis  oye & attack). There is no semantic action-based role in
related to this bias. Second, the varialee, (Q ) hereis  gcenarios chosen from the MPE benchmark as all the actions
caused by the trajectory diversity. To reduce this term, Weyre of the same semantic type (move). The action-based
should ensure that all agents have similar observations. Ip,je diversity is then calculated according to Eq. 2. The
addition, theTrajectory-Based Rolemeasures the concen- pase MARL credit assignment strategy we choose in table. 1
tration of aI_I agents' support set. It_|s therefore r_u;tural to;g VDNI[49], combined with a fully/partly/no parameter
group the highly overlapped agents into one sub-joint agennaring strategy. For details of how the partial parameter
via communication mechanism. This can be compared tQp4ring strategy works, please refer to the Appx. E. We also
the separate case in (5), where approximation error and the 4|, ate other popular credit assignment strategies including
learning error are the same. In Sec. H.5, we show that thRgL[ 50, IA2C, MADDPG[ 29] MAPPO[59], MAA2C
parameter sharing improves the convergence rate of the StéthMlX[ 36] combined with a fully/no parameter sharing

tistical error via sample pooling, while the communication strategy in Fig. 31A2C andMAA2C are the extension of
decreases the convergence rate by activating more i”p%tzc[sz] on multi-agent scenarios.

variables. i -
Table. 1 outlines the performance of three parameter training

6. E . strategies includingNo shared Partly sharedand Shared

- Experiment with the base credit assignment method VBS8][ Detailed

In this section, we mainly demonstrate how model perforframework and settings can be found in Appx. E. As the
mance varies with role diversity and how to adjust the train@ction-based role diversity increases, the performance of the
ing strategy in the context of cooperative MARL. The exper-Sharedstrategy is degraded in terms of both convergence
imental results show the following: 1. that the performancesPeed (half training steps) and the nal reward (full train-
of different parameter sharing strategies is strongly relateénd steps). One interesting phenomenon also emerges: the
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Table 1.Performance of three parameter sharing strategies on different sceNdaims-uprefers to the reward value point where the
strategies start to differentiate.represents the additional reward gained based on warm-up performance. The left side and right side of
the/ represent the reward gained at the half training steps and the full training steps respectively. The best performance in each scenario is
marked in bold red. Role Diversity column is marked with gradient grey. Deeper the grey, the larger the role diversity. Detailed analysis
can be found in Sec. 6.1. More scenarios and parameter sharing strategies for comparison can be found in Appx. E.

Benchmark Scenario Role Diversity Warm-up No shared Partly shared Shared
SimpleSpread 14.1 -598.3 +137.0/+142.9 +149.0/+176.4 +154.1/+198.0
Tag 17.8 3.8 +43.4/+57.3 +47.0/+60.9 +48.8 / +59.2
MPE Adversary 18.3 10.7 +5.2/+5.7 +6.2/+6.6 +5.4/+5.9
DoubleSpread-2 17.6 7.3 +47.8/+53.2 +28.6 / +34.6 +3.6/+15.9
DoubleSpread-4 19.5 22.0 +29.5/+192.4 +12.0/+91.3 +11.4/+5.3
2m 3.1/12.2 6.0 +9.2/+11.1 +15.5/+15.6 +18.1/+17.6
4m_vs_4z 3.3/19.3 4.4 +8.8/+12.7 +10.5/+14.7 +5.4/+8.4
SMAC 4m_vs_3z 3.8/12.1 7.2 +12.4/+12.1 +12.5/+12.5 +11.9/+12.3
1lclslz_vs_1c1s3z 8.7/22.0 11.8 +4.1/+6.1 +3.7/+5.9 +2.7/+5.4
1s1lm1lh1lM_vs_5z 6.2/225 6.2 +6.4/+9.1 +4.2/+8.5 +3.7/+6.1
(a) 3s_vs_bz (b) 4m_vs_4z (c) 1lclslz_vs_1cls3z (d) 4m_vs_5m
(e) 3s_vs 5z (f)4m_vs_4z (g) 1c1slz_vs_1cl1s3z (h) 4m_vs_5m

Figure 3.Performance curves include Q value-based( rst row) and policy gradient-based(second row) credit assignnSdratreddnd
No sharedharameter sharing strategies.

same agent type (e.g. 3s_vs_5z, 4m_vs_4z) does not alwaysle diversity prefer no parameter sharing strategy, and vice
indicate small action-based role diversity, and vice versaersa. A suitable parameter sharing strategy helps obtain
(e.g. 1slm1h1M_vs_3z), which means it is hard to de nefaster convergence speed and higher nal performance.

the role before identifying an adequate policy. Fig. 3 shows

the model performances of two parameter sharing strategie® 2. Communication

including No sharedand Sharedwith different credit as- , o L

signment methods. For policy gradient-based methods, W_E(Iore |nformat|_on is t_)etter. This pr|r_10_|ple IS common sense
extend the training steps from the standard 2M to 20M (1d" Many areas including computer vision or natural language
times) as the convergence speed of policy gradient-basdf0cessing. With a bigger dataset and more detailed and
methods (e.g. MAPPO, MAA2C) is slower than Q value-accurate a}nnot.atlons, the modeI_ can be bettgr optimized.
based methods. From Fig. 3, we nd that different creditHowever, in reinforcement learning, the data is sampled
assignment methods have a slight impact on parameter sh&Sind the current policy; in most cases, this policy learning
ing strategies but the trend in which no parameter sharinﬁtarts with a randomly initialized neural network. In this

strategy achieves performance improvement continues to B4y the provision of more information may introduce a
present as the action-based role diversity increases. burden for the policy optimization and can moreover further

degrade the sampled data quality, which gives rise to a vi-
Here we conclude that scenarios with large action-based
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Table 2.Different vision scopes (6-9-18) impact the model performance. The smallest s&pehieh is the attack range of agents.
The best performance is marked in red. Vision scope columns are marked with gradient red. The deeper the red is, the better the policy

performance. Detailed analysis can be found in Sec. 6.2.

scenario obs overlap scope performance scenario obs overlap scope performance
6 15.6/19.57/19.5 6 6.3/9.2/10.4
1s1m1hiM_vs_3z 0.41 9 16.4/19.5/19.7 4m_vs_5m 0.47 9 6.5/10.1/10.9
18 16.1/19.6/19.9 18 6.8/10.9/11.1
6 8.4/15.3/18.8 6 11.5/15.1/17.6
1s1m1hiM_vs_4z 0.25 9 8.4/15.7/19.7 1clslz_vs_l1cls3z 0.40 9 12.3/16.0/17.8
18 7.8/11.8/15.9 18 12.4/15.3/17.6
6 6.6/14.2/17.7 6 6.0/15.1/17.5
1s1m1hiM_vs_5z 0.18 9 6.3/12.6/15.3 3s_vs_b5z 0.21 9 5.4/12.9/16.4
18 5.9/8.9/10.4 18 5.2/9.0/12.1

Table 3.Action-based role diversity in uences the performance of different parameter sharing strategies on tRSMRESMACHKO|

benchmarks. The best performance in each scenario is mrkétth red cell color. Asterisks denote the algorithms that are not

signi cantly different. Q value curves can be referred to Fig. 20.

- di . no shared shared

scenario Q diversity vdn qmix iql vdn qmix igl
Iclslz_vs_1cls3z 12.37159717.9 12.9/17.8719.X 10.87/12.37122 11.27145717.2 125715.8718.X 9.8/11.2/11.9

3s_vs_5z <0.1 5.4/12.9/16.4 46/135/17. 46/51/79 6.0/13.6/17.2 4.2/12.9/20.X 43/53/7.8

4m_vs_4z 43/13.2/17.1 4.3/18.3/18.& 3.3/3.2/37 4.6/9.8/12.8 4.3/14.8/16.5X 26/32/32

4m_vs_5m 0.1-0.5 6.5/10.1/10.9* 7.0/9.9/10.9* 48776781 6.8/11.9/12.6* 6.9/12.4/13.3* 517/8.1/85

4m_vs_3z T 75/19.6/19.3* 6.5/19.7/19.3* 45/57/111 6.3/19.1/19.5* 6.1/19.7/19.7* 42145157
1sIm1h1M_vs_3z 16.4719.6/19.& 65/75/7.8 11.1716.9719.2 16.1/19.6/19.&K 9.9/9.8/8.9 12.27/17.9719.6
1s1m1hlM_vs_4z >0.5 8.4/16.0/19.& 49/51/6.1 7.4/9.0/10.7 8.1/135/18.% 55/5.0/5.0 7.1/85/85
1s1m1hlM_vs 5z 6.3/12.6/15.X 4.2/421/36 55/6.1/6.5 6.2/9.9/12.X 4.0/25/4.2 5.4/6.3/6.3

cious circle. Therefore, it is critical to determine when andpattern of support set which is preferred in scenarios with
how to accept the extra information provided via communi-small trajectory-based role diversity.

cation mechanism in the context of cooperative MARL. As

discussed in Sec. 5, the pattern of different agents' suppo®.3. Credit Assignment

sets for policy optimization can determine whether or not . ) i ,
the extra information is needed. Notably, the similarity of 1 "€ performance of different credit assignment methods is

these support sets is largely dependent on the trajectories §fONgly related to the contribution-based role. We mainly

different agents, corresponding to the trajectory-based rol€?c4s on three representative Q value-based MARL algo-
diversity de ned in Sec. 3.2. Small trajectory-based role/thm: VDN[49], QMIX[36] and IQL[50], and compare

diversity corresponds to a similar support set pattern, whictiheir performance on different scenarios that have different

means that forming a concentrated input is preferred for pofcOntribution-based role diversity measured by Q value ac-
icy optimization. Experiment results in table. 7 and Fig. q13cording to Eq. 3. The result can be found in table. 3. In small

further prove that scenarios with larger observation overlag? dVersity ( 0:5) scenarios, QMIX signi cantly outper-
are more suitable for communication. Detailed setting offo'™S VDN with both shared and no shared strategies. With

communication mechanism can be found in Appx. F the increase of Q diversity, the performance of QMIX starts
to degrade. In scenarios where agents have signi cantly dif-

To prove that small trajectory-based role diversity prefergerent Q value distribution (Fig. 20 1s1m1h1M_vs_3/4/57),
obtaining extra information via communication and vice VDN signi cantly outperforms QMIX. As for IQL, the
versa, we conduct extra experiments to study the re'atiorp'erformance is not as good as VDN and QMIX in most sce-
ship between the pattern of the input observation (suppofiarios. However, IQL is not sensitive to Q diversity and can
set) and the model performance by shrinking the visiomerform well in easy scenarios like 1s1m1h1M_vs_3z. Com-
scope ( in eq. 7). The results can be found in table 2. Thepined with theoretical analysis in Sec. 5, we can conclude
results show that the model performance is strongly relateghat QMIX is not suitable for a large contribution-based
to the visual scope and the trajectory-based role diversityole diversity scenario because of the additional value de-
determines whether the small or large vision is preferredsomposition module, which issumfunction in VDN and
Small trajectory-based role diversity prefers large visiong learnable neural networkh QMIX. The neural network
scope, indicating the similar pattern of support set is bettefails to minimize the approximation error f@; , and is an
Large trajectory-based role diversity prefers small visionextra burden when the reward function (or the contribution
scope, which means enlarging the pattern difference bengy the global reward) is diverse. IQL has no such problem
ts the policy optimization. This further proves that extra s it treaty; as the individual Q value. From this part,
information provided by communication forms a similar ywe conclude that using credit assignment methods with a
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decomposition and experiments conducted on MARL bench-
marks. The experiment results clearly show that the role
diversity signi cantly impacts the model performance of
different training strategies and this effect is ubiquitous in
various environments and algorithms. Based on this, we
provide a policy diagnosis guideline for a better policy in
cooperative MARL.
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A. Problem Formulation

Multi-agent Reinforcement Learning A cooperative multi-agent task is a decentralized partially observable Markov
decision process3@] with a tupleG = hS A;U;P;r; Z;0;n; i. LetS denote the global state of the environment, while
A represents the set ofagents andl is the action space. At each time stepgenta 2 A f 1;:::;ngselects an action
u 2 U, forming a joint actioru 2 U", which in turn causes a transition in the environment represented by the state transition
functionP(sYs;u) :' S U " S ! [0;1]. All agents share the same reward functigs;u) : S U " ! R, while

2 [0;1) is a discount factor. For any state-action pair, the rewasdlbounded byM , i.e. jrj  M: We consider a
partially observable scenario in which each agent makes individual observaRozisaccording to the observation function
O(s;a): S A!Z . Each agent has an action-observation history that colgditions a stochastic pplicgating the
following joint action valueQ (z;u:) = Es... ;, jue 1 [ReiZe; Ue], whereR, = ilzo 'r+ is the discounted return.

Centralized training with decentralized execution Centralized training with decentralized execution (CTDE) is a
commonly used architecture in the MARL context. Each agent is conditioned only on its own action-observation history
to make a decision using the learned policy. The centralized value function provides a centralized gradient to update the
individual function based on its output. Therefore, a stronger individual value function can bene t the centralized training.

B. Observation Overlap Percentage Calculation
B.1. Overlap Percentage Calculation in Games

In this part, we demonstrate how to calculate the observation overlap percentage in 80JA&s[the partial observable
area is circular, and the coordinate system is a 2D map with axis X and Y, the observation overlap on one battle scenario can
be computed as:

p
= (Xap Xa;) (Xa,  Xao)*(Yas VYai) (Yai Yao)
p:(1+p2 ry=2
s=2 p@E )@ r (P 1 (1)
0=2 cos Y(I=(2 r)) r r s
d$0;31 = O:( r2)

Herer is the vision scope. Notice thatlik 2r, dr equals zero as no overlap exists. We provide the observation overlap
curve in Fig. 2b to show how trajectory-based role distance varies in one game.

B.2. Overlap Percentage Calculation in Real World Scenario (Semantic)

In this part, we demonstrate how to apply the observation overlap concept and trajectory-based role diversity calculation
(Eq. 4) to real-world scenarios. Different from game scenarios like SMAC and MPE, the observation of real-world tasks is
usually an image. For example, in the vision language navigation task @f),Mpents take real indoor scene pictures as the

input, combine them with language description to locate the target as shown in Fig. 5. Considering the learning ef ciency,
object detection techniques like YOL®Y]] and FasterRCNNJ8] are used in VLN to help extract the objects from the scene
pictures as semantic information. The semantic information can be recorded as part of the agents' trajectory, enabling agents
to use the past information for future decisions. Under the multi-agent setting, agents are required to cooperate and nd the
target together. Therefore, trajectory overlap should be avoided, which means that large trajectory-based role diversity is
preferred in this task, and policies that cause trajectory overlap should be punished. Directly using scene pictures as input
or its feature pattern can bring large noise in observation overlap calculation. Instead, using semantic information from
the detected object can signi cantly reduce the noise and serve as a good observation history representation. As shown in
Fig. 5, the red dotted frames indicate that the blue agent and green agent share some similar observation semantic in their
trajectories. In this way, the trajectory-based role diversity of multi-agent VLN task can be calculated the same as Eq. 4.
Only thedﬁ‘.";al is replaced by the observation semantic overlap, which is the shared detected object percentage in total
detected objects. In this way, without knowing the exact trajectory, we still manage to calculate the trajectory distance. And
using overlap to represent the trajectory-based role diversity, we can keep this metric in a xed range from 0 to 1.
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Figure 5.A multi-agent visual language navigation task. Agents are initialized in different locations and the target measurement is given.
Agents need to cooperate with each other to nd the target location according to the measurement as soon as possible.

Figure 6.Using real images as observation overlap percentage calculation. Two methods are proposed including vector-wise cosine
similarity and channel-wise threshold-based similarity percentage. A detailed discussion can be found in Sec. B.3

B.3. Overlap Percentage Calculation in Real World Scenario (Raw)

It is also possible that we can get observation overlap directly based on real image MARL tasks. As showed in Fig. 6.
Passing the input image to pre-trained CNN/Transformer backbone and getting its feature, we can use cosine similarity or
channel-wise similarity to compute the overlap between different observation featufgs asn Eq. 4. However, these
methods can bring large noise to this metric. Moreover, how to stabilize the reinforcement learning with real pictures as
input is still under investigation. In addition, it is rare in MARL tasks that the only information provided in the training
stage is one single image. Location and communication are necessary auxiliary information to help learn the coordination of
agents in most MARL tasks. Therefore, simply using the raw image to calculate the observation overlap can be a choice, but
not the best choice.
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C. Types of Role

We present two illustration gures for different types of role based on MEdnd SMAC HQ]. Fig. 7 is based on MPE.
Grey circles and black circles represent agents and goals respectively. Dashed arrows in different colors represent different
actions. Larger circles receive more rewards when they reach the goal.

(a) action-based role (b) trajectory-based role (c) contribution-based role

Figure 7.An illustration of different role based on MPE.

Fig. 8 is based on SMAC. A detailed explanation can be found in the caption.

(a) Action-based role difference in a period from t-2 to t+2. Acti¢ly) Trajectory-based role difference in a period from t-2 to t+2.
statistic shows only two different roles among three agents. The area covered by the grey dotted line is the observation
overlap of agents 2 and 3. There is no overlap for agent 1.

(c) Contribution-based role difference depends on agents' original attributes including attack method and defense.

Figure 8.lllustration of action-based role, trajectory-based role, and contribution-based role on real scenarios from SMAC.

D. Connections of Different Roles

Is there any redundancy in the de nition of different kinds of role diversity in Sec. 3? Here we discuss the connections of
different role diversity.
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Table 4.Different role diversities on different scenarios from SMAC. The minimum value of one column is labeled in green and the
largest value is labeled in red. Detailed analysis can be found in Appx. D.

Scenario Semantic Action Diversity Real Action Diversity Trajectory Diversity (overlap) Contribution Diversity (max Q)
4m_vs_bm 15 9.1 0.47 0.13
3s_vs_5z 2.7 18.7 0.21 0.09
4m_vs_4z 3.3 19.3 0.31 0.06
4m_vs_3z 3.8 12.1 0.35 0.25
1clslz_vs_1cls3z 8.7 22.0 0.40 0.03
1sim1hlM_vs_3z 2.4 13.2 0.41 0.61
1s1m1hlM_vs_4z 2.7 15.8 0.25 0.75
1s1m1hlM_vs_5z 6.2 22.5 0.18 0.82

From the theoretical perspective, the contribution-based role diversity is a compound measurement of role diversity. It
corresponds to the variance term in (5). For the parameter sharing case, we decompose this variance into a sum of two
terms: a bias term corresponds to the action-based role diversity and a variance term corresponds to the trajectory-based role
diversity. Therefore, under the simple scenario in Sec. 5, we can nd a clear relationship between different role diversity.

From the experiment perspective, the decomposition in (6) may not hold because of the more complicated settings. We
have discussed this issue in the remark on Page 18. Here we collect all different role diversity data in table. 4. We nd
scenarios like 3s_vs_5z have relatively small diversity in the action-based role while the observation overlap of trajectory
diversity is small. Scenarios like 4m_vs_5m have small action-based role diversity while the observation overlap is large.
Contribute-based role diversity can not be inferred from the action diversity and trajectory diversity, and is more depending
on the agents' behavior difference.

In conclusion, the relationship between different roles exists in MARL training theoretically, while this relationship is not so
signi cant in the experimental perspective due to more complicated settings of the real MARL tasks. Yet the strong relation
between different role diversity and the MARL training process still exists with no con ict with the conclusion of this paper.

E. Parameter Sharing

Four different parameter sharing strategies are tested in our experiment including shared, no shared, partly shared, and
selectively shared]. For partly shared, we only shared the GRU cell across different agents while keeping the embedding
layer of the policy function model separated for each agent. For selectively shared strategy, we reproduce the grouping
results following [8]. An illustration gure can be found in Fig. 9.

Figure 9.An overview of how knowledge sharing works with the MARL framework. Fully shared, partly shared, no shared (separated),
and selectively share@] strategies are shown here. The same color indicates the same policy function part across different agents. Dash
line represent only sharing no gradient backpropagation.

E.1. Selectively Sharing the Parameter

Here we provide the selective parameter sharing strategy result in table. 5 as a supplement for table. 1. The main purpose
for doing so is to verify whether this method can serve as a general solution for parameter sharing strategy choosing issue.
Selective parameter sharing strategy partitions the agents into the different groups automatically with an encoder-decoder
model. However, the partition process is before the MARL training stage, which can not fully catch the policy difference.
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And according to the grouping result column in table. 5, the selective parameter sharing strategy tends to divide agents by
their initial attributes. This works well in scenarios like 1s1m1h1M_vs 4z and 1clslz_vs_1c1s3z but ignores the fact that

the same type of agents may evolve to different functions during MARL training, which is the weakness of the selective
parameter sharing strategy.

Table 5.Model performance including selective parameter sharing as a supplement to table. 1. The grouping result is provided in the last
column.

Benchmark Scenario Role Diversity Warm up No shared Shared| Selectively shared Grouping results
4m_vs_5m 15/9.1 6.5 +3.6/+4.4 +5.4/+6.1 +5.4/+6.1 all shared
3s_vs_ 5z 2.7118.7 5.4 +75/+11.0 +8.2/+11.8 +8.2/+11.8 all shared
2m 3.1/12.2 6.0 +9.2/+11.1 +18.1/+17.6 +18.1/+17.6 all shared
4m_vs_4z 3.3/19.3 4.4 +8.8/+12.7 +5.4/+8.4 +8.1/+11.7 2m+2m
SMAC 4m_vs_3z 3.8/121 7.2 +12.4/+12.1 +11.9/+12.3 +12.6/+12.2 2m+2m
3s_vs_ 4z 5.2/325 4.8 +2.2/+45 +0.9/+1.2 +0.9/+1.2 all shared
1clslz_vs_1c1s3z 8.7/22.0 11.8 +4.1/+6.1 +2.7/+5.4 +4.1/+6.1 lc+ls+1z
1s1m1h1iM_vs_3z 2.4113.2 16.2 +3.4/+3.4  +3.4/+3.6 +3.4/+3.4 1s+1m+1h+1M
1s1m1hiM_vs_4z 2.7/15.8 8.2 +7.8/+11.6 +5.3/+10.0 +7.8/+11.6 1s+1m+1h+1M
1s1m1h1M_vs_5z 6.2/22.5 6.2 +6.4/+9.1 +3.7/+6.1 +6.4/+9.1 1s+1m+1h+1M

F. Communication Framework

The communication mechanism is important for MARL. The information shared can be location, action, and partial
observation as showed in Fig. 10a. In many cases, communication is optional where the agent should learn when to
communicate and how to ingest the information (dash line in Fig. 10b). In our experiment, we only consider the observation
sharing method where the support set of policy functions contains both self partial observation and the aggregated observation
information from other agents. The aggregated information is obtained by getting the mean value of other agents' observation

and concatenate with the self partial observation. This means the support set of policy functions is now much similar to the
global state.

(a) Communicate with others: where | am, what | see and what

. (b) Communication is optional during optimization.
| will do

Figure 10.Communication works as a supplement part for MARL under the CTDE framework. (a) The sharing information can be current

status or future policy, as the extra information for the decision making. (b) Learning when and how to communicate is critical to help
policy learning.

G. Credit Assignment
Credit assignment is the key part module for cooperative MARL, especially for the value decomposition-based method as it

leverages the reward signal to each agent by approximatgtheThen the learned individual policies combine to form a
joint policy interacting with the MAS.
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Figure 11.Credit assignment method focuses on assigning the proper individual reward from the total reward to update.

H. Proofs

In this section, we present more detailed results and the proofs for the theoretical analysis in Sec. 5. In Sec. H.1, we denote
more notations and state the concentration property of Markov decision process. Sec. H.2 presents two useful lemmas
about the error propagation and one-step approximation respectively. In Sec. H.3, we consider a simple example of the
decentralized and cooperative MARL and provide the nite-sample analysis for the estimation error of the joint action-value
function. We use the value decompositi@[49] and the nite-sample results for single-agent RI0[. For more related

results about MARL, please refer t61] and [54]. Sec. H.4 studies the parameter sharing case that all agents share one
deep Q network. In Sec. H.5, we assu@és a sparse RelLU network afidQ is a composition of ldlder smooth functions.

Then we discuss the convergence rate of the statistical error as the sample size tends to in nity. According to Sec. H.3, H.4
and H.5, one can nd that each type of role diversity have different impact to the decomposed estimation error. Furthermore,
we explain the bene ts of the training options, e.g. parameter sharing (Sec. 6.1), communication (Sec. 6.2) and credit
assignment (Sec. 6.3), and discuss how these options impact the convergence rate of approximation error and statistical error.

We summarize our results as follows:

» The parameter sharing strategy introduces a bias term by constraining the diversity of individual action-value functions,
which corresponds to the action-based role diversity. At the same time, it speeds up the convergence rate of statistical

error by pooling training data.

« The communication mechanism reduces the variance caused by the trajectory-based role diversity but slows down the
convergence rate of approximation error by introducing more active input variables.

« When the contribution-based role diversity is nonnegligible, the credit assignment can signi cantly reduce the estimation
error of the action-value function.
H.1. More Notations and Assumptions

We denote the joint optimal action-value function by

U andz is the observation of the agengenerated from the emission distributipn  ( zji; s): We further denote the
individual optimal action-value function bg; and write

Q (zzu)= Qq(z1;u);:::;Qn(Zn; Un)
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as the vector of all agents' action-value functions. According to the value decomposition assumption, the joint optimal
Q-functionQ,,; can be approximated with

whereF 2 F is a credit assignment function. The VDN methd@][approximates the joint as a sum of individual
action-value functions that condition only on individual observations and actions. Then a decentralised policy arises simply
from each agent selecting actions greedily with respect Q;itsSincen is a xed integer, we write the hypothetical space

of credit assign functions that only contains one function as:

1 X

n i=1

F= F(Q)= Qi : with Q =(Qq;:::;Qn) -

The QMIX method [36] generalizes the value decomposition scheme and prove that if
@Q (z;u)
@Qz;u)

then the globahrg max performed on joint Q-function yields the same result as a set of indiviahgahax operations
performed on each agent Q-function, that is

O;for 81 i n; 8z2Z"; 8u2U";

0 1
arg max,, Q1(z1;uz)
g o, e

argmaxQ(z;u) =
u

arg max,, Qn (20 n)
Motivated by VDN and QMIX, we consider a simple case throughout this section:
F= F(Q=wQ:w2 ,andQ=(Q;:::;Qn) ;
where , isthen 1dimensional probability simplex.

Suppose the individual action-value function is estimated by the tted-Q iteration (FQI) algor®t88][ At the iteration
0 t T,wewriteQ;; and ;; as the output of FQI algorithm and the corresponding greedy policy respectively. Let
Q it be the Q-function corresponding tg . Then the joint action-value function is estimatedd{Q, ), where

Qi(z;u) = Q ™ (z1;u1); Q 2 (Z2;Up); 1, Q ™ (Zn; Uy)

To proceed further, we give the following assumption that controls the similarity between two probability distributions under
the Markov decision process.

Assumption 1 Let ; 2 P(Z U ) be two probability measures that are absolutely continuous with respect to the
Lebesgue measure @h U : Letf gbe a sequence of joint policies for all the agents, with Z ! P (U) for all time t:
Suppose the initial state-action pdiry; Ug) has distribution , and the actiony, is sampled from the joint policy; : For

any integem, we denote by "P m 1+ P t the distribution off (z; u;)gf2,; under the policy sequenée(gi=1 ::::m

Then, then-th concentration coef cient is de ned as

m m 1 1 2 1=2
(m;; )= sup E LG g P*) ;
o .

whered(P "P m 1 P 1 )=d is the Radon-Nikodym derivative Bf "P = 1 P 1 with respectto and the
supremum is taken over all possible policies.

Furthermore, let be the stationary distribution of the sampfdz; ; u;)g from the Markov decision process and lebe a
xed distribution onS U : We assume that there exists a constant such that

2 X .
@ ) m (m;; )
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To proceed further, we deno@ as the space of individual Q-functions and let
! =sup inf kQ° TQK3 ;
(Q)=sup Jnf, kQ™ TQk;

wherek k. as thel, norm with respect to a probability measurdn the following, we take as the independent data
sampling distribution in the FQI algorithm, e.g. experience replay [27].

We say a collectiofiQ?;:::;QXg Q isan -cover ofQ if for eachQ 2 Q, there exist®* such thakQ Q¥k
The -covering number of with respect t&k Kk is

N(Q; ; k k):=inf fK 2 N : thereis an -cover ofQ with respect t&k kg:

In the following, we take th&! (Z U ) norm onQ by

kQ Q%:zu)y= sup Q(zu QAzu):

(zzuw2Z U

For the sake of simplicity, we rewritd (Q; ; k k) asN :In Sec. H.3, we study the estimation error of the joint action-value
function and prove that the statistical error dependbdyig=N, whereNg is the1l=N-cover ofQ andN is the sample size.

For the parameter sharing settings, the sample size increases while the cover number also increases due to the smaller
Thus, we still do not know whether the parameter sharing improves the convergence rate of the statistical error. So we
present a ne-grain analysis to discuss the convergence rate in Sec H.5.

H.2. Useful Lemmas

Lemma 1. (Theorem 6.1 in10)). For each agent 2 [n], we denotd Qi go ¢ T as the iterates of FQI Algorithm. Lef;

be the one-step greedy policy with resped@ie, and letQ i be the action-value function corresponding i@ . Under
Assumption 1, we have

. 2 ¥ 3 : 47 .
in Q ; kl; W{Q%HQ”‘ 1 Ql;l k2: + (1 )ZM' (8)

Proof: Please see Appx C.1 of [10] for a complete proof.

This lemma quanti es the error propagation procedure of each agent action-value functions through each iteration of FQI
Algorithm. The rst term on the RHS is the one-step statistical error and will not vanish even when the iteration goes to
innity (T !1 ). For more related error propagation results, please refer to [11, 12, 23, 33, 41].

Lemma 2. (Theorem 6.2 in10Q]). Letf(z;;u;j)gj2nj beN iid. random variables. For ea¢gh2 [N], letr; and

zﬁ-’ be the reward and the next state correspondinfzfqu; ). In addition, for any xedQix 1 2 Q, we de ne
yij = rj +  max, Qix 1(sz-’ ;u). Based orf (zj ; uj ;Y; )gj2(n], We de neQi; as

o1 X 2
Qix =argmin — Q(zj ;u; ) Yi -
e N,

Then for any > 0, we have

M2 InN M
KTQix 1 Quk 4Q+ Cr -t Cr— ©)

where! (Q) =supq,q infqoxq kQ® TQk? andN isthe -covering number of with respect to the norrk Kk :

Proof: Please see Appx C.2 of [10] for a complete proof.
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H.3. Individual Q-Function

Theorem 1 We consider the separated strategy that each agent has its own action-value function and reward. All agents'
learning process is independent. Suppb&g go ¢ 1 are the output of FQI Algorithm for the agentLet ;; be the
one-step greedy policy with respect@:; , and letQ i be the action-value function corresponding te . We rewrite

Qe= Q™;Q=;:5Qm ; and Q = Qp;Q::15Qy

Recall thatO < 1isthe discount factor, the reward function is bounded, jrés; u)j M, Q is the space of individual
Q-functions and (Q) = sup g, infqeqg kQ®  TQK3. : Then, undeAssumption 1, we have

KQiot I“A(Qt)kl; K Qo (W )7 Q ki

+pﬁ kw Wk Var, Q (z;u)

1
In Ng 4 T+ .
N T @ ™

4,
@ )2

whereNj is thel=N-covering number o with respect to the norrk k; and

" T@+ o

+

Iy

1 X 1 X
Var, Q (z;u) = 5 Qi (zi;u) o Qi (zi;w)
i=1 i=1

Proof: Itis easy to see that

KQut F(Qu)ky;
kQot F (Q)+F (Q) FQ)+F(Q) F(Quky
KQo F (Q)ki +kF (Q) F(Q)ky +kF(Q) F(Quky : (10)

Here the rst term at the RHS of (10):
thot F (Q )kl; = thot (W )>Q kl; (11)

represents the best achievable estimation error under the value decomposition assumption. Next we consider the second
term in the inequality (10):

kF (Q) F(Q ki kw )’Q W’ Q ki,

k(w — #)7Q ki,

Forany giverz = (z1;:::;zy) andu = (Ug;:::;Uy),

(w  W)"Q (z;u)

1
=

Wi)Q; (zi;ui)
|

1 X
®i) Qi(zi;u) o Qi (zi; )

i=1 i=1

1
=

P
The second equality holds sinc:ei”:l (w; W) c=0 forany constant: By the Cauchy—Schwarz inequality, we have

v__. .V ;
U o U o " _2
oWy e w2 U qaw =@
i=1 i=1 i=1
q
= kw Wk nVar, Q (z;u)
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where
1

1 X 10
Varn Q (z;u) = 0 Qi (zi;u) " Q (zi;u)

i=1 i=1

2

is the variance of the output vector@f givenz andu: Plugging the positive upper boundary(@  #W)> Q into the
expressionokF (Q ) F(Q )ki: , we obtain that

q
kF (Q) F(Q )k kw Wk n Var, Q (z;u)

L

q___
= pﬁ kw Wk Var, Q (z;u) : (12)
1

q__
Heretheternk Var, Q (z;u) k;. stands for the diversity of the agents.
Finally, we deal with the third term on the RHS of (10). Notice that

xo
kF(Q) F(Qoki = k wW(Q Q bk

i=1
WikQ;  Q;'ky; :
i=1

Therefore, it suf ces to consider the deep Q-learning procedure of each agent separately and to give upper bound of
kQ; Q;'ksy; foreachi 2 [n]: According to (8) and (9),

2 . 4 T+1
QT e PR 1 Qe et
2 . M2 InN M 4 T
) | 0
@y YO e T T M
r _ p_
4 . p—— M . InN 2 M . p— 4 T
) | ) 0 ) .
G I A R I I (R = RS ch
We take = 1=N and writeNq as thel=N-covering number of. Then, we have
r
t 4. P_—— INNo, . 4T+
Qi Qi'ku, 4y L@ ol S M
Furthermore,
p r | T+1
4 . — nNo, . 4
. ! | .
KF(Q) F(Quky @y L@FOoC T M (13)

Combining the results of (11), (12) and (13), we know

KQut  F(Quki, K Qo (W) Q ky;
+pﬁ kw Wk Var, Q (z;u)
1;
In Ng 4 TH i
N )+ a )2M'

L4 P
@ )

H(Q)+ O(
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Remark. The term

p_ qg - —
n kw Wk Var, Q (z;u)

1

shows the bene ts of learning credit assignment, wherestands for the best credit assignment scheme. Here we agsume

is given and do not take the modelling and learningrahto consideration. In practicey is the output of a credit distribution

network and its learning procedure also in uence the convergence properties of individual Q-functions. On the other hand,
Var, (Q) corresponds to the contribution-based role diversity in Sec. 3.3. Therefore, when the variance is nonzero, a good
credit assignmenfr can the estimation error. For the parameter sharing case in the next section, we decompose the variance
term into the sum of a bias and a variance caused by action-based role diversity and the trajectory-based role diversity
respectively. This decomposition does not always hold. Here, we assume that all agents' learning processes are independent
and that each agent has its own reward function. In practice, these assumptions are idealistic and limited.

H.4. Shared Q-Function

Theorem 2 We consider the parameter sharing strategy that all individual agents shares one action-value function. Suppose
fQigo + 1 are the output of FQI Algorithm. Let; be the one-step greedy policy with respedftoand letQ t be the
action-value function corresponding t@. We further denot& as the optimal shared action-value function and write

Qi(z;u) = Q "(z1;uw); Q "(Z2;W);::5;Q (ZnsUn)
Q (z;u)

Recall thatO < 1isthe discount factor, the reward function is bounded, jrés; u)j M, Q is the space of individual
Q-functions and (Q) = sup g, iNfqeg kQ®  TQK3. : Then, undeAssumption 1, we have

1
O
—~

N
.
c
flacy
~
O
—~
N
N
c
N
~
O
—~
N
=}
c
=}
~

X
kQut F(Qu)ky; K Qo (W)*Q ki, + w(Q Q)

i=1 1;
p_ g —"—
+ n kw Wk Var, Q (z;u)
1
r—
4 . p—— nNJ 4 T+
) | 0 .
Yoy Q)+ 0 — )+(1 )2M-

whereN § is the1=(nN )-covering number of with respect to the norrk k; and

2

1 X 1 X
Var, Q (z;u) =5 Q (zi;w) o Q (zi;w)

i=1 i=1
Proof: Similar to the arguments in (10), we have

kQut  F(Qu)ky; k Qo F (Q)ki +kF (Q) F (Q )ky
+kF (Q) F(Q )k +kF(Q) F(Quky : (14)

ThetermkQ,,; F (Q )ki. caused by the value decomposition is the same to that in (10). So (11) still holds. For the
second term on the RHS of (14),

k(w )™ (Q  Q )kg
X
wi (Qi Q) ;

i=1 1;

kF (Q) F (Q )ky

which is the bias term caused by the parameter sharing. Next, we turn to a turn that is related to the trajectory-based role
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diversity. Similar to (12), we know

F(Q) F(Q)(zu) = (w W’Q (zu)

X
= (w,  W)Q (z;u)

i1

1 X |

= (w; W) Q (zi,u) o Q (z;u)

i=1 i=1

q

= n kw Wk Var, Q (z;u) :
On the other hand, by (8) and (9),

2 . T+1
e R D
2 . M2 InN M 4 T+1
) | 0
@ E 41 (Q) + C(1 )2 1N +Cl + a )2M
r p__
4 . pP—— M . InN 2 M . P 4TH
) | 5 0 5 .
@y QD W@ = e oM
We take = 1=(nN) and writeN  as thel=(nN )-covering number of. Then, we have
4 . P_— InNQ 4 T+
tk.. ; | 0 .
Therefore,
r—
4 . P —— N O 4 T+
. ' ! 0 :
KF(Q)  F(Quky @y (@O0 Tt g

Summarizing the above results, we have

X
kQot F(Qu)ki; K Qo (W)*Q ki, + w(Q Q)

i=1 1;
p_ L —
+ n kw Wk Var, Q (z;u)
1,
r—
4 . P —— InNgQ 4 TH
; | 0 .
+(1 E 1(Q)+ O( N )+ a )2M'

H.5. Convergence Rate

Similar to the Theorem 4.4 irLD], we assume thaD belongs to a family of sparse ReLU networks an@ can be written
as compositions of lder smooth functions. HerE is the optimal Bellman operator. We start with the de nition of a
(L +1) layers and dj g} width ReLU networks:

fF(X)= Wear (WL (WL 10 (Wo (WX + vy)+ vo)iiive 1)+ VL)

where is the ReLU activation function, and, andv, are the weight matrix and the bias in thth layer, respectively. The
family of sparse ReLU networks is de ned as

( " )

M
F(Lfdgt;s)= f: |2rRa}r)§] kWike 1, kWko s; j2r[r;ax ]kfj kq T
1=1 L +1
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whereWW, is the parameter matrix that contaMg andv; andf; is thej -th output off: On the other hand, the set oblder
smooth functions is

9
2 X X . .
C,(D;;H):>f:D! R: k@ fks + sup ek @ngy)J S
: Joj< k ki=b cx,){&ze, kx  yki ;
where D is a a compact subset &', b c stands for the oor function and®@ = @:@2 @ with =
1, 2:::1 n)” - Furthermore, we writ€(fp; ; tj; j;Hjgj2(q) as the family of functions that can be decomposed into
the composition of a sequence oblder smooth function§g; g; »q: That is, for any functiod 2 G(fp;;tj; ;i Hj g2 [q).
f =05 Oq1 R O
where for anyk 2 [p;+1] andj 2 [q], thek-th component of the functiog is a Helder smooth function, i.egx 2
G, ([a;B1]%; j;Hj): For simplicity, we takepj +1 = 1: Here we assume that the inputgf ist; -dimensional, wherg

can be much smaller tham: More speci ¢, the deep Q network we used is a sparse ReLU network for any given action
Therefore, we rewrite the space of individual Q-functiGhas

Fo=ff:S U! R:f(;u)2F(Lfd gl ;s) forany u2 Ug:

Furthermore, for an® 2 F o, we assuméd& Q is a composition of ldlder smooth functions and belongs to the following
family:

G=ff:S U! R:f(;u)2G(fp;tj; jiHjg2q) forany u2 Ug:

To proceed further, we denote

t; Yo

=max ———; | = | min( ;1); and ,=1:
I=j+1

Now we are ready to state the following result.

Theorem 3 Suppose the assumptions of Theorem 1 hold and foQaRy o, TQ 2 Gy, whereT is the optimal Bellman
operator. The sample si2¢ is suf ciently large such that there exists a constart 0 satis es
9
<Xxd X =
max_  (f + ;+1)%"Y; In(tj + ;); maxp;. . (InN):
D _ 20 s
i=1 j2[al

The network architecture of the Q-function is well designed such that

L. (InN) ; r mind maxdi. N ; and s N (InN)
j2[L] j2[L]

for some constant > 1+ 2 : The number of iteration$ is suf ciently large, such that
T cq )In N;
whereCCis a constant. Then, undéssumption 1, we have

kQot r‘A(Qt)kl; k Qot (W)™ Q ky

+pﬁ kw Wk Var, Q (z;u)
!
miniﬂq]ﬁ

+0 (nN)™2 N

Proof: This is a direct conclusion reached by Theorem 4.4 in [10]. That is, for any agefmt],

4 T+1

a )ZM:

kKQ; Q™ kg O (InN)¥2 NC D=2 4
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The approximation error in Theorem 1 that involvg%)) is bounded above via Theorem 5 #2]. The upper bound for the
cover numbeN is derived from Theorem 14.5 in [2]. Please refer to Section 6 in [10] and Sec. H.3 for a complete proof.

Remark: Note that
4 T+1

—M! 0 as T!1 ;

@a )2

which is the algorithmic error that converges to zero at a linear rafe lof Theorem 3, we assunieis suf ciently large

such that this error is negligible comparing to the statistical error. If we ignore the logarithmic term, the convergence rate of
the statistical error is about

maxN “i

j2[dl
Here ; andt; are parameters of the functional spacd . Therefore, the parameter sharing (Sec. 6.1) kegndt;
unchanged and increases the sampleNize nN by pooling training data. In additiomy, is the number of active input
variables ofg; : Thus, the communication mechanism (Sec. 6.2) slows down the convergence rate by etjlarging
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|. Experiment Table & Curve

Table 6.Action-based role diversity in uence the performance of different parameter sharing strategies on th2diie [SMAC K0]

benchmarks.
Benchmark Scenario Sharing QL 1A2C MADDPG MAPPO MAA2C QMIX
Ta no shared 19.4/53.0/52.6 1471317147 33/25723 1.1/55.6747.2 0.6/11.3747.9 2471527225
9 sharedX 16.87/50.3747.9 1.0/16.67275 3.1/5.9/328 1.4740.0/459 0.8742.1760.9 2.9/23.3736.0
Adversary no shared 15.8716.3716.7 17.1719.7719.9% 16.8719.0/16.0% 18.8720.1720.8* 15.3719.6720.4* 13.3716.1/16.5
MPE shared 15.3715.8715.5 16.7719.9720.3% 16.5/18.4716.4* 19.8719.9720.5% 17.9719.8720.4% 14871737173
DoubleSpread-2 no share 7.1759.4759.8 0.3759.9764.1 5.3710.57/11.6* 0.6/63.0763.7 0.2/41.6763.8 0.5/0.9/9.5
shared 4375.478.0 027797111 5.37105711.6* 3.1/25.67/56.5 0.3710.1719.2 0.674376.0
DoubleSpread-4 no share 32.271443]212.2 12.37436.47480.8 11712713 47.07261.47261.1 4.77343.67/390.5 32/3.272.9*
shared 31.37/29.17/20.1 18.6/83.4/106.3 49712713 61.9/291.7/504.8 32.77/94.47231.0 3.873573.2*
4m vs 5m no shared 48776781F 6.476.67/6.7 25724711 6.9/7177.2% 6.6/7.0/7.1F 7.0/9.9710.9
- sharedX 5.17/8.1785% 58771779 47740731 7077177.2% 6.9/70/71F 6.97/12.4713.3
3s vs 57 no shared 467/5177.9% 42743744 28741745 4376.076.1 41744753 467135717.0
SMAC — - sharedX 4375377.8% 41744744 33745751 5.776.976.5% 4175.876.0 4.2712.9720.0
1clslz vs 1cls3z — MO shareX 10.8712.3712.2 11.0/11.47115 9.5713.47/135* 11.1712.97135 10.271167/12.2 12.9717.8719.4
- shared 9.8711.2711.9 9.07/9.279.4 9.7712.8713.4 10.77/12.2712.6 9.7710.6711.0 125/15.8/184
am vs 4z no shareX 33732737 2.6/407/54 24720730 43745745% 40746745" 43718.3718.8
- - shared 26732732 37739739 32729714 41742743 3.874174.2F 4371487165

Table 7.Model performance with and without communication. The performance is recorded in the 'warmup performance / half steps
performance / nal performance’ pattern. Detailed analysis can be found in Sec. 6.2.

scenario obs overlap baseline communication scenario obs overlap baseline communication
4m_vs_5m 0.47 65/101/109 0O/ 121114 4m_vs_3z 0.37 75/19.6/103 1 190/194
1clslz_vs_lcls3z 0.40 123/159/17.9 12471577181 3s_vs 57 0.21 54/129/164 411241155
4m_vs_4z 0.32 43/13.2/17.1 4'1121.?'?1/58'3 1s1m1hiM vs 4z 0.25 8.4/160/198 ' 7/2%3.%./819.0

Figure 12 Histogram of performance improvement when adopting communication mechanism compared to baseline (w/o communication).
Grey dots represent for the observation overlap. Larger the overlap, smaller trajectory-based role diversity.

(a) Model performance with or without communication (b) Model performance with various vision scope

Figure 13 Histogram of (a) model performance when adopting communication mechanism compared to baseline (w/o communication).
(b) model performance with different vision scope (6-9-18), where scope 9 is the standard setting in SMAC. Grey dots represent the
observation overlap. Larger the overlap, the smaller the trajectory-based role diversity. Detailed analysis can be found in Sec. 6.2
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(a) 3s_vs_5z (b) 4m_vs_3z (c) 4m_vs_4z (d) 4m_vs_5m

(e) 1c1slz_vs_1cls3z (f) 1sim1hiM_vs_3z (9) 1sIm1h1M_vs_4z (h) 1s1m1h1M_vs_5z

Figure 14.Policy learning curve with different parameter sharing strategies.

(@) 3s_vs_bz (b) 4m_vs_3z (c)4m_vs_4z (d) 4m_vs_5m

(e) 1c1slz_vs_1cls3z () 1s1m1hiM_vs 3z (9) 1s1m1h1M_vs_4z (h) 1s1m1h1M_vs_5z

Figure 15.Policy learning curve with and without communication on different scenarios.
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Figure 17. Observation overlap curve of one episode game on different battle scenarios. The policy is trained using VDN[49] and no
parameter sharing. We also provide the curve of game progress(equals to the enemy health), ally in scope and ally alive. All values are
normalized from O to 1.
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Figure 18. Policy based role diversity(real) in one episode.
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Figure 19. Policy based role diversity(semantic) in one episode.
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