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Challenges in MARL
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Value Factorization

* Individual-Global-Max (IGM) principle

[Agent1] [AgentZ] [Agentn]

arg rrlllax Q1(Tq,uyq)
arg max Qjt(t,u) = ; Qi (11,a1) |Qa(72,a2) lQn(THa an)

arg rrglax QTl (TTU un)

n [ Mixing Network ]

QMIX- th(s, ag, - - ,a,n)

g~ = Sunehag et al. Value-decomposition networks for cooperative multi-agent learning based on team reward. In AAMAS, 2018.
//A Rashid et al. QMIX: monotonic value function factorisation for deep multi-agent reinforcement learning. In ICML, 2018. 3
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Distributional RL Z(s,a;) —

Value is actually a distribution S

7/ S 7 X
v

Z(SvaN)_’ ‘

Oz(T,u,w) =inf{z € R :w < CDFz(2)}, VYw € |[0,1] *Z

Z(r,u) =Y pilT, 1, wi)0g(r )

1=1

» Distributional IGM (DIGM) principle
argmaxE[Z;: (T, u)]

= (argmax E|[Z1 (11, u1)], ..., argmaxE|[Zyx (7N, un)])
w1 UN

» Sun et al. DFAC Framework: Factorizing the Value Function via Quantile Mixture for Multi-Agent Distributional Q-Learning. In ICML, 2021.
4
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Risk-sensitive RL

Risk-sensitive RL aims to optimize a risk measure based on a m=) 7y (s) = argmaxpiofZ(s, u)]
return distribution, rather than the expectation. “ u

Risk measures:

« Value-at-risk (VaR) VaR,(Z(T,u)) =0(T,u, )

, , L g(w) g (w)
Distorted risk measure (DRM) ¢ (Z) = g (w)d(w)dw 10 5 ——
0 0.8 A 4 CI(:\LIJV(rng)
» Conditional Value at Risk (CVaR) . N )
CVaR,(Z) =Ez|z|z < 0(a)] 0.4 2
1 0.2 - 1 —

- Wang g(w)=P(P Hw) + a) v 1 \
0.0 02 04 06 08 1.0 00 02 04 06 08 1.0

« CPW g(w) = w*/(w* + (1 — w)o‘)é “ W
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Motivation

> Risk-sensitive scenarios

nivn

REWARD

Risk and Return Risk-seeking Risk-averse

» Most of the existing MARL value factorization methods do not extensively consider risk, which

could impact their performance negatively in some risk-sensitive scenarios.

» How to effectively combine risk-sensitive reinforcement learning with MARL value factorization?
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RiskQ
Risk-sensitive Individual-Global-Max (RIGM) Principle

Definition 6 (RIGM). Given a risk metric ),, a set of individual return distribution utilities
(Z; (i, u:) Y, and a joint state-action return distribution Z;;(T,w), if the following conditions are
satisfied:

arg mEXE[th(T,U)] = (a,rgrr}gx[zp_a[Zl(leul)], ..., arg mu%x[@b_a[ZN(TNjuN)])? (7)

where 1o : Z X R — R is a risk metric such as the VaR or a distorted risk measure, « is its risk

level. Then, [Z;(;,u;)| Y, satisfy the RIGM principle with risk metric 1o, for Z it under under 7. We

can state that Zj;(T,u) can be distributionally factorized by [Z;(1;, u;)|X_, with risk metric 1.

The RIGM principle is a generalization of the DIGM and the IGM principle.

argmax E[Z;; (T, u)]
* Y =CVaR and a = 1, RIGM principle » DIGM principle . "

= (argmax E[Z1 (11, u1)], ..., argmax E[Zn (TN, un)])
U — UN  w—

* |If Z; is a single Dirac Delta Distribution(value distribution Z; becomes a single value, i.e., Q;),
and in this case ( = CVaR and a = 1), RIGM principle »IGI\/I principle . argmax Q;(7,,u;)

1 ——

argmax Qj;(t,u) =
u ——

— arg max Qp (T, upn)
n
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RiSkQ Current value factorization methods can not satisfy RIGM princib.le

Theorem 1. Given a deterministic joint action-value function () j;, a stochastic joint action-value
Junction Z;;, and a factorization function ® for deterministic utilities:

th(T:u) — q)(Ql(Tlaul)?"'SQR(Tn:un)) (7)

such that [Q;]7—, satisfy IGM for Q j+ under 7, the following risk-sensitive distributional factorization:
Zit(1,u) = ©(Z1(11,u1), vy Zn (T, Un)) (8)

is insufficient to guarantee that [Z;]?'_, satisfy RIGM for Z (T, ) with risk metric 1),

Theorem 2. Given a stochastic joint action-value function Z;;, and a distributional factorization

function ® for the stochastic utilities which satisfy the DIGM theorem, the following risk-sensitive
distributional factorization:

Zit(1,u) = ®(Z1(m1,u1), ory Zn(Trs Un)) 9)
is insufficient to guarantee that [ Z;|1*_, satisfy RIGM for Z;.(T,u) with risk metric VaR,,.

Theorem 3. DRIMA [14] does not guarantee adherence to the RIGM principle for CVaR metric.

p—
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RiskQ RiskQ satisfies RIGM principle

J N
Zj (T:u) — ij (Tau:wj)éﬂ(r,u,wj) 9(7‘, u, wj) = Z kzgz(’:"z, ui,wj)

J=1 i—1

L B
‘ RiskQ \ _
...o '...' wz -----
0(wy) = I kibi(w) | @1 8(w;) = F3'(w))

6(w) : /

0(wy) = X1 ki6i(w)) _G(wl) 0(w,) 6(wy)

RiskQ overview: quantiles mixing for Z;:
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RiskQ

J N
Zj (T: u) — ij ('T, u:wj)é‘@(f,u,wj) Q(T,u, wj) = Z ]{729@(1’@, fu,,,;,wj)
1=1

J=1

w;: quantiles Y risk function |-| : absolute Zj, target distribution:

G

" ot prd 6} yH(Th b o) S+ Zp (TR a0 T)
\‘ e, fo) T 2zt By
e \—-[ RiskQ 1 ®‘—“’h‘—l"

) x \ o a= (WY,
[ I M)
Ve (Zi(ffr)) ‘\‘ Zy(TLB1) e Zn(Tfi'#;)\\\ ® _~ k41
GRU ) Vo] ! U; = arg maxy,; Yq [Z i (Ti ) uZ)]
\[Tb_:]‘— MLP / Y hgtt':e'n:iid
(oL, ™)  www (0f iy \ f
(oll'." Hf—l) (St’ ff)
(a) (b) (¢)

The framework of RiskQ

JASC 1




Experiments —— Risk-sensitive environments

RiskQ has better performance than other baselines in risk-sensitive settings

I RiskQ BN QMIX BN QPLEX mam DMIX
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(b) MACN (4 x 15)
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(c) MACF
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Experiments —— Starcraft Il Multi-agent Challenge(SMA('fb)

RiskQ reaches the best win rate in most scenarios

. EEE RiskQ BN QMIX BN QPLEX N CWQMIX @ ResQ ResZ W DMIX I RMIX N DRIMA
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Experiments — ablations
It is important to satisfy the RIGM principle

(a) 2c_vs_64zg (b) 3s_vs 5z
1.0 1.0
— RiskQ {
RiskQ-sum
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Experiments — ablations

» The representation limitations of RiskQ do not significantly impact its performance

(e) 3s_vs 5z (f) MMM2
1.0 ] ey 1.0
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« Evaluate the impact of different risk metrics, risk levels and number of percentiles
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Summary

* RIGM principle, a generalization of IGM and DIGM principles.

* RiskQ, a value distribution factorization approach satisfying RIGM principle for Risk-
sensitive Multi-Agent Reinforcement Learning problems

* Through extensive experiments, we show that RiskQ can obtain promising results.

For more details, please check our project page:

https.//github.com/xmu-rl-3dv/RiskQ oF 1 —
RiskQ

Contact us: g o

sigishen(@xmu.edu.cn - : /

chennanma(@stu.xmu.edu.cn oo = Mo @ 0(wy) = F7'(w))

chaoli@stu.xmu.edu.cn B(w){ o) =S ita) | Bl@D 8‘(;) o)

vonequanflanudt.edu.cn

//A 15



https://github.com/xmu-rl-3dv/RiskQ
mailto:siqishen@xmu.edu.cn
mailto:chennanma@stu.xmu.edu.cn
mailto:chaoli@stu.xmu.edu.cn
mailto:yongquanf@nudt.edu.cn

	幻灯片编号 1
	幻灯片编号 2
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 6
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13
	幻灯片编号 14
	Thanks for your attention!

