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Background: MARL

Multi-Agent Reinforcement Learning
—to make everyone happy
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(a) A self-driving with single-agent RL (b) A system of MARL cars
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Problem Formulation
At time step t, n agents are at state s;
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state st
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Problem Formulation QA
The agents take actions a} ~ mp(-t[s¢), ..., al ~ m5(-"|s¢)

inty

state st

Equivalently a; ~ mg(-|s¢)
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Problem Formulation
The environment emits the joint reward r(s;, a;)
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r(st, at)
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The agents move to the next state s, 1 ~ P(:|s, a)
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state st+1
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The agents want to maximise the joint return

o0

j(e) = ESoNdo,ao;ooNﬂg,SLooNP |: Z 'Ytr(st; at)i|

t=0
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Multi-Agent Policy Gradient (MAPG) REGE S
Estimators

Decentralised Training (DT)

’Ytéi(st, al)Vyi log wg(aﬂst)

118

gp =
t

0
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Multi-Agent Policy Gradlent (MAPG) Jivsvstens

Estimators

Decentralised Training (DT)

fyt@i(st, al)Vyi log wg(aﬂst)

118

g =
t=0

Centralised Training Decentralised Execution (CTDE)

. w ~ . . . .
gk = Zofth(st,at_’,a’t)Vg,- log gy (at|st)
t=
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Multi-Agent Policy Gradlent (MAPG) Jivsvstens

Estimators
Decentralised Training (DT)

B = > 7@/ (sc.2) Vo log mh(af s
Centralised Training Decentralised Execution (CTDE)

- w ~ - . - -
gk = Zofth(st,a;’,a’t)ng log Ty (at|st)
t—

same feedback
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Credit Assignment Problem

Q(Sta at_i7 alt)
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Credit Assignment Problem
Q(Sta at_iv a’t)

If the bias is not the problem, then what is it?
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Credit Assignment Problem
é(sta at_ia alt)

If the bias is not the problem, then what is it?
Perhaps variance
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Settling the Variance
of Multi-Agent Policy Gradients
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Settling the Variance
of Multi-Agent Policy Gradients

begins with understanding how a subet of agents contributes to
the return (the agents affect MAPG estimators through actions).
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Settling the Variance
of Multi-Agent Policy Gradients

begins with understanding how a subet of agents contributes to
the return (the agents affect MAPG estimators through actions).
Multi-agent state-action value function

Q'l K (5 a' k) —E - [Q@ (5’ ailzk’ a—’ﬂ)]

a_ilikwﬂe_
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Settling the Variance
of Multi-Agent Policy Gradients

begins with understanding how a subet of agents contributes to
the return (the agents affect MAPG estimators through actions).
Multi-agent state-action value function

ngk (57 ail:k) =E —ik [Q@ (sa ail:ka a_il:k)]
o

a_ilzk ~TT
Multi-agent advantage function

Ag:k (s, avm, a"lik) = Qg:m’il”‘ (s, avm, a"lik) — Qg:’" (s, ajl:’")
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Multi-Agent Advantage Decomp05|t|on

..T‘
NEURAL
.;f kINFORMATION

ESSING
¢SYSTEMS

m
Ag:m(S’ a,']_;m) — ZAIé(S, ailljfl, alJ)
=1

¥ ¥

AYYs,#, %)
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m
Ag:m(s’ a,']_;m) — ZAIé(S, ailljfl, alJ)

o

AV(s,#, %)

= Als, ¥) + AXs, ¥, %)
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i il 2
VarSO:oong:oo@O:oo"‘ﬂ'B [gc] B VarSO:oongzoo:aO:oo"‘ﬂ'e [gD] =0 ( Z 6./)
J#i

where ¢; = max |AL(s,a™, d)]
s,aJ,al
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MAPG Variance
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i il 2
VarSO:oong:ooyaO:ooNﬂ'O [gc] - VarSO:oong:OO@():oo"/ﬂ'B [gD] - O ( Z EJ)
J#

where ¢; = max |AL(s,a™, d)]
s,aJ,a

@ The more agents, the worse.
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MAPG Variance
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i i 2
VarSO:oong:ooyaO:ooNﬂ'e [glc] - VarSO:oong:OO@O:ooNﬂ'O [gb] = O ( Z 6./)
J#i
where ¢; = max |Aj(s,a”, d)|
s,aJ,al

@ The more agents, the worse.

@ The more they explore, the worse.
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Modify the estimator with the baseline trick

Z’y Staat ,d ) b(stvat )]VG’ |Og71'9( t‘st)

= Z Vtgé,t(b)
t=0
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Modify the estimator with the baseline trick
gé(b) = Z’Yt[é(snat_i7 3’;) — b(st, at_i)] Vi log 77(’;(3”51&)
t=0
= Z Vtgé,t(b)
t=0
which brings no bias

IFL‘a_ ~Ty 7atfv7r [gc t(b)] = Eat_fNﬂe_i,aQNWQ [gé,t(o)]
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Modify the estimator with the baseline trick

o0

Z St7 at ) t) - b(st7 at_i)] v9i log ﬂ-g(ai‘st)

oo
Z gCt
t=0

which brings no bias

Ea_ ~Ty ,at~7r [gc t(b)] - Eat_"wﬂ'g_",a’;~7rg [gé,t]
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MAPG Varianec Reduction:
Decomposition

VarStNdé,atNﬂ'g [gé,t(b)] = Varstwdé [EatNﬂ‘e [giC,t(b)] ]

-~

Variance from state

+ IEst"-‘dé [Varat_i 7-r6_' [Ea ~T [gC t( )]H
Variance from other agents’ actions
F By s st | Varm [86.(5)]]

Variance from agent i’s action
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Decomposition

Varstwdg,atwwe [gé,t(b)] = yarStNdé [Eat’vﬂ'e [ge,t} ]

-~

Variance from state
. . T
+ Estwdé [Varat_lwﬂ'g_l [Eagwﬂ'le [gC,t]H
Variance from other agents’ actions
. ) [
+ Estng,at_’N‘rrg’ [Vara,twﬂb [gc,t(b)”

Variance from agent i's action
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min Var . [(@(s, a' a')— b(s, a_i)>V9f log mj(a'|s)

b(s,a=")
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min_ Vara,-mrg [(Q(s, a~',a')— b(s, a_i)>V9; log rrg(a"\s)}

b(s,a=")
The optimal baseline is given by

Eqimy [Q(s a7, a")|[ Vi log mj(a'ls)| ]
Eyiori [ Vi log mp(al]s)| 2]

boptimal (S afi) _
, =
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MAPG Varianec Reduction: Optimal = “%iSerns
Baseline

min_ Vara,-mrg [(Q(s, a~',a')— b(s, a_i)>V9; log rrg(a"\s)}

b(s,a=")
The optimal baseline is given by

Eri [Q(s, a7, 27)||Vyi log mj(als)| 2]
E oz [V log 7h(2']5)]]

boptimal (S afi) _
, =
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: A i —i ) i
b(r;l;rli)Vara,N7T [(Q( a') — b(s,a ))VG, log my(a |s)}

The optimal baseline is given by

E,im [Q(s @, a")||Vyi log mp(a'ls)| ]
E i [[Voi log 7y (a']s)| 2]

boptimal (S a—i) —
)

@ No closed-form formula
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Baseline
b(rsrj;rL)Vara,N7T [(Q( a') — b(s,a ))Vg,- log my(a |s)}

The optimal baseline is given by

E,im [Q(s, a7, )|V logmj(a'ls)| ]
E i [[Voi log 7y (a']s)| 2]

boptimal (S a—i) —
)

@ No closed-form formula

@ The large dimension introduces extra variance in estimation
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Baseline
b(rsn::,n’)Vara,N7T [(C:)( a’ ai) — b(s, a_i)>V9; log Tr;',(a"|s)}

The optimal baseline is given by

Eyim; [Qs.a™,a)|| Vi log mj(a'ls)|?]
Eyiremi [[Voi log my(a']s) 2]

boptimal (S a—i) —
Y

@ No closed-form formula
@ The large dimension introduces extra variance in estimation

@ Multiple backpropagations are computationally expensive
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my(a'ls) = 7' (a'[5(s))
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Decomposition with the last layer
mp(a'ls) = m'(a'[v(s))
For example, wé can be the layer of logits

mh(a'|s) = softmax (wé(s)) [a]
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Neural Network Policies v

Decomposition with the last layer
mp(a'ls) = ' (a'|v(s))
Gradient decomposition with chain rule

Vi logmh(a'|s) = Vyitsj(a'|s)V; log my(a [ (s))
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Neural Network Policies v

Decomposition with the last layer
mp(a'ls) = ' (a'|v(s))
Gradient decomposition with chain rule

Vi logmh(a'ls) = Vyioj(a'[s)V s log mp(a' |4 (s))
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Neural Network Policies v

Decomposition with the last layer
mp(a'ls) = ' (a'|v(s))
Gradient decomposition with chain rule

Vi log my(a'|s) = Vyitpp(a'|s)V ; log mp(a' [ (s))
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MAPG Varianec Reduction:
Surrogate Objective

)

b(T;E,)Vara'w:;, [( (s,a' a") — b(s, a_i)> Vi log 7rg(a"|s)}

x b(rsn;n’)Vara,Nﬂg [(Q(s, a' a") — b(s, a_i)) Vi log wé(a"hpg(s))}
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MAPG Varianec Reduction:
Optimal Baseline (OB)

The optimal baseline (OB) minimising the surrogate variance is

Eyiy [Q(s a7, a")[[V,; log (a1 (5))][2]
Eyrr 11V, log (@ [05()) ]

b*(s,a”’) =
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MAPG Varianec Reduction:
Optimal Baseline (OB)

The optimal baseline (OB) minimising the surrogate variance is

Eyimy [Qs,a™,a")[|V; logmh(al[0p(s))]I]

b*(s,a”’) = —
By [V log mp (2l |vog(s))12]

@ it has an explicit formula in the discrete-action case
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MAPG Varianec Reduction:
Optimal Baseline (OB

The optimal baseline (OB) minimising the surrogate variance is

Eyimy [Q(s,a™",a")|IV,; log mp(al|v(s))]I]
By [V log mp (2|1 (s))12]

b* (s, a_i) =

@ it has an explicit formula in the discrete-action case

@ it is easy to approximate in the continuous-action case
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MAPG Varianec Reduction:
Optimal Baseline (OB

The optimal baseline (OB) minimising the surrogate variance is

Eyioy [Qls a7, a")[[V,; log (a1 (5))][2]
E,rr, [V, log (@ [05()) ]

b*(s,a” ") =

@ it has an explicit formula in the discrete-action case
@ it is easy to approximate in the continuous-action case

@ in each case, it is cheap to compute
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Baseline (OB)

The optimal baseline (OB) minimising the surrogate variance is

Eyiromy [Qs,a™,a")||V i log mh(a’ [ (s))I7]
Eyiromi [|IV.yi log mh(al [ (s)) ] 7]

b*(s,a”’) =

@ it has explicit formula in the discrete-action case
@ it is easy to approximate in the continuous-action case

@ in each case, it is cheap to compute

To use it in an MAPG estimator
Xi(s,a=",a") £ Q(s,a~",a') — b*(s,a™")
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OB significantly reduces the variance of MAPG estimators

ai

Yh(al)  mh(ah) ;L'fpé(a") Q(a~i,a’) Ai(a™ al) Xi(a_i,ai)’Melhod Variance

1 log 8 0.8 0.14 2 -9.7 —41.71 MAPG 1321
2 0 0.1 0.43 1 -10.7 —42.71 COMA 1015
3 0 0.1 0.43 100 88.3 56.29 OB 673

Figure 2: Toy Example
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Lower variance leads to more stable training (example of COMA).

3m (Easy)

8m (Easy)

100

[+
o

80

o
o

VAV

COMA w/ OB
COMA w/o OB

60

40

Average Test Win (%)
N =
o o

Average Test Win (%)

20 J\
0 0

/\/\ 3 //\J”‘-m

J

0.00 025 050 0.75 1.00 125 1.50 0.0
# Episode (k) e

(a) 3 marines

05 15

1.0
# Episode (k) o

(b) 8 marines

Figure 3: StarCraftll: COMA with OB vs COMA
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Empirical Results
Lower variance leads to better performance (example of MAPPO).
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Half-Cheetah [6x1] 10 6h vs. 8z (Super Hard)

o 1500

g 0.8

& 1000

3 206

o ©

2 500 o«

a c

w

s, 204

o

$ 0.2

e M
0.0

0.0 0.5 1.0 1.5 0.0 0.2 0.4 0.6 0.8 1.0

Environment Steps (1e6) Timesteps 1e7

(a) MAMuJoCo: MAPPO with OB (b) StarCraftll: MAPPO with OB
vs MAPPO, COMIX, MADDPG vs MAPPO, QMIX
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