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Opportunities of RL for networked systems?

Underlying System

Model Unavailability Optimize Performance Online Adaptivity
e Unknown system dynamics « Deep RL can help improve * Online self-adapt to time-varying
e Hard-to-model behaviors performance for non-convex system changes

o control problems
 Uncertain disturbances P



There are already some success stories...

An Al quadcopter has beaten human
champions at drone racing

AUGUST 30, 2023 - 2:36 PM ET
HEARD ON ALL THINGS CONSIDERED

% Geoff Brumfiel

[Source: FT, NPR]



... but also many challenges and hurdles

Scalability

The StarCraft Multi-Agent Challenge
(FiFi7n m— .
A l [1 T OO0 D O
i o
i me (a) 2c_vs_64zg (b) 3s_vs_5z (c) corridor
: ' Bl = e ” Figure 1: Screenshots of three SMAC scenarios.

_."i;' : : Name Ally Units Enemy Units
R | 2s3z 2 Stalkers & 3 Zealots 2 Stalkers & 3 Zealots
5w B 3sbz 3 Stalkers & 5 Zealots 3 Stalkers & 5 Zealots

N — - 1c3sbz 1 Colossus, 3 Stalkers & 5 Zealots 1 Colossus, 3 Stalkers & 5 Zealots
5m_vs_6m 5 Marines 6 Marines
10m_vs_11m v . 11 Marines
AlphaGO e Se-dol 27m_vs_30m 30 Marines
. 3sbz_vs_3s6z o aileeeg et 3 Stalkers & 6 Zealots
1202 CPUS’ 176 GPUS’ 1 uman Braln’ MMM2 1 Medivac, 2 Marauders & 7 Marines 1 Medivac, 3 Marauders & 8 Marines
100+ Scientists. Coffee. “2s_vs_1sc 2 Stalkers 1 Spine Crawler
Exmtmgzwork rarelzsemsts 100 agents 5 Zealots
6h_vs_8z 6 Hydralisks 8 Zealots
bane_vs_bane 20 Zerglings & 4 Banelings 8 : X4 Ba
2c_vs_64zg 2 Colossi

corridor 6 Zealots




Existing MARL Theories are often pessimistic
for these applications

State space is factored

s = (81,59, ..., Sp)
l.e. exponentially large in the number of agents

Factored MDP is intractable

[Kearns and Koller, 1999; Guestrin et al., 2003]

Each agent only has partial observation

Dec-POMDP is general NEXP-complete
[Oliehoek, 2012; Oliehoek et al., 2016].
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Extract abstract

Apply to applications structural property
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Power Network
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Networked MDP




Scalable Actor Critic

Local policy improvement

Local and
neighboring
info

Networked MDP

Local action

[Qu, Wieman, Li Operations Research 2022] [Qu, Lin, Wierr#a(f?(t T 1) ’S(t)7 a(t)) — H Pi(Si (t T 1) ’SNi (t)a a; (t))

Li, NeurlPS 2020] [Zhang, Qu, Xu, Lin, Chen, Wierman =1
SIGMETRICS 2023]



For small systems, our For large systems, our approach is the best
approach is similar to

54 DGs
el I 2.4
0.8
22 1 ur approac
—_
% 2.0
%: 2
g2 encnmarks
g=
5 B 1.6 . .
EE without using
=] [-F]
=. 5b 1.4
=g
2 0.0
= structure
~—— MA-SAC (CTDE) —o0.2 4 ——— MA-SAC (CTDE) 10 ——— MA-SAC (CTDE)
0.12 MA-TD3 (CTDE) MA-TD3 (CTDE) i MA-TD3 (CTDE)
—— MA-SAC (Scalable Network-aware) —— MA-SAC (Scalable Network-aware) o8 —— MA-SAC (Scalable Network-aware)
o 20 40 60 80 100 120 140 o 20 40 60 80 100 120 140 o 20 40 60 80 100 120 140
episode episode episode

Local policy improvement

Local and
neighbnring Local action Networked MDP
info | DD -
mn
[Qu, Wieman, Li Operations Research 2022] [Qu, Lin, Wierr#a(f?(t + 1)[s(t),a(t)) = H Pi(si(t + 1)|sn, (1), a:(t)).
Li, NeurlPS 2020] [Zhang, Qu, Xu, Lin, Chen, Wierman =1 13

SIGMETRICS 2023]



Locally Interdependent Multi-Agent MDP
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Locally Interdependent Multi-Agent MDP

[DeWeese and Qu 2024]

Interdependent Radius .';\R Y A
. . : : _}_»: 0 AN .
Policy decompositions that are Lo s Vieiblify Radlus

scalable and near optimal . .Y
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Locally Interdependent Multi-Agent MDP

[DeWeese and Qu 2024]
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Demand Response
Load Aggregator

AAABDA

Job
arrival
Dispatcher
[ (] —
(] ] ] = ]
! 1 J [l §
Job Job Job Job Job

departure departure departure departure departure

A
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Job
arrival

4

Di h
Demand Response ispatcher
Load Aggregator /N
%\ ; -‘ = U
— == —

A D A A A T T 1 ¢ —

A o e e 1
ﬁ ﬁ ﬁ ﬂ ﬂ ﬁ de;azure de;agure de;all?ture de;agure de;:gure

Global agent
State Sg action ag

Local agents

18



Job
arrival

4

Dispatcher

Demand Response
Load Aggregator

“ADNA DA H - b

departure departure departure departure departure

Global agent
State Sg action ag

Power of k-choices inspired -
subsample Q-learning algorithm

[Anand and Qu 2024] Local agents
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Today’s Tutoria
Part 1. Background on reinforcement learning

Part 2: Exploiting network topology structure

------- ., &
g . l'g* 0‘ \‘n v
Part 3: Exploiting locality structure AN S
Part 4. Exploiting homogeneity structure &
J LTl JPrtystes \" b’ [ A4
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RL Background

Environment/System ; _ =1 t =2
P(s1]s0, ao) P(s2|s1,a1) P(st+1]s¢t,at)
@ Sl (G Pl oy Tl
v v v
T --->|Ap (M T--->| A1 1 TT--> A¢ (A
®.@)
St—> Policy —> (¢ & Find an optimal policy 7° € argmax J(m) = Egj~ 0 Ex Z vir(ss, ap)
T
ol t=0
m(als) without knowing the model a priori
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Q Functions

m Q-Function @, : S x.A — R for agiven policy 7 is defined as Q,(s,a) = E, {nytr(st, ar)|so = s,a0 = a
t=0

m Q-Function satisfies the Bellman Equation: V(s,a) € § x A

solve Q‘JT(SJ ﬂ) — T(Sa {1) + ’}“]ES’NIP"(-|5,a]=a’ww(-|s’)Qﬂ(SI1 af)

Replace with samples

Qn(st,ar) (1= a)Qn(st,a0) + ar |r(st,00) +¥Qr (Bo1, a141)|

Learning rate



Q Functions

m Q-Function @, : S x.A — R for agiven policy 7 is defined as Q,(s,a) = E, {thr(st, ar)|so = s,a0 = a
t=0

Temporal Difference (TD) Learning
(Policy Evaluation)

Qn(st,ar) (1 — a)Qn(st, a1) +  [r(st, a1) +7Qn (041, 0141




Policy based RL

m Q-Function @, : S x.A — R for agiven policy 7 is defined as Q,(s,a) = E, {thr(st, ar)|so = s,a0 = a
t=0

Policy Gradient Theorem

g parameterized by 6

VJ(Q) — Esmdw (s),amﬂ(-|s)vﬂ log g (a‘S)Qﬂ(S: G,)

Replace with sampA Replace with estimated Q
\ from TD-learning

0 0+ NV log Wé(at\st)éﬂg (s¢,at)




Policy based RL

m Q-Function @, : S x.A — R for agiven policy 7 is defined as Q,(s,a) = E, {nytfr(st, ar)|so = s,a0 = a
t=0

Actor-Critic Algorithm

Critic (policy evaluation)
ng(st:at) — (- @t)Qng(St:at) T oy [’*"‘(St:at) T ’YQWg (5t+1=at+1)]
Actor (policy improvement)

0 0+ NV log Wé(adst)éﬂé (st,a¢)
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Today’s T
Part 1. Background on reinforcement learning

Up Next
Part 2: Exploiting network topology structure

Part 3: Exploiting locality structure

Part 4: Exploiting homogeneity structure
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Local and
neighboring
info

Local policy improvement

Local action

Networked MDP

28



Local and
neighboring
info

Local policy improvement

Local action

Networked MDP
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state: voltage, freq, ...
action: reference set point...

Power Networks
[Chen et. al. 2022]
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Markov Decision Process (MDP) over network

Qg4
ai a
as

Local State, Action

S; € 87;, a; € Afl v
/o<_> ana

v v S4

i —

Sl 82
S3

State 8:(817---7877,)631XSQX"'XSn::S

Action ¢ =(a1,...,a,) € A x Aa x -+ x A, =A



state
s =(sq1,...

Markov Decision Process (MDP) over network

, Sn) <

Qg4
ai a
as
Local State, Action
S; € 87;, a; € Afl v
| l ,yc><—>s4
e S1 S
action a = (a1, ...,ay)
A
4 \
Q(S a) (0,0,...., 0) (0,0,...,1) (1,1,...,1)
Y]
(0,0,...,0)
00.1) Time/space complexity

(1,1,....,1)

exponential in n!




Markov Decision Process (MDP) over network

Qg4

ai a

as
Local State, Action
S; € 87;, a; € A@ v
! | ,yo<—>s4
.. C— - -
_ J
Q(s,a)

Centralized training is needed
[Lowe 2017]
state/action/reward observation of all agents required to train Q functiol



Markov Decision Process (MDP) over network

Power flows along the transmission lines

ai

a

a4

Local State, Action
S; € 8@', a; € A;

10 < —— =

v

S1

as

S2

S4

Is there any structural properties we can leverage

to overcome curse of dimensionality and avoid centralized training

34



Markov Decision Process (MDP) over network

ai

Power flows along the transmission lines

Local State, Action
S; € 8@', a; € A;

S1

n

a

‘ V- v
...H

52

~S3

a4

as

State Transition ~ P(s(t +1)[s(t), a(t)) = ] [ Pi(si(t + Dlsw, (1), ai(1)).

1=1

i’s n

ext
state

VAN

Own state and
Neighbor’s state

Own
action

Networked local interaction structure
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Markov Decision Process (MDP) over network

State Transition

Stage Reward

ai

S1

P(s(t +1)|s(t), a(t))

N

1
r(s,a) = —
n 4

as

S2

Ti(Su aw;)

a4

as

n

Sq

53

[T Pilsit + D)ls, (1), ai(t)).

1=1

i’'s next
state

VAN

Own state and
Neighbor’s state

Own
action




Markov Decision Process (MDP) over network

ai

as

a4

v
. e G
S1

v

S2

as

S4

53

Find decentralized policies to maximize objective.

(

\_

ai(t) ~ Gi(-[si(t))

local action local state

where (; : S; — A(A;) Y

— ¢ N\

E[ivtr(S(t),a(t))S(O) =

Infinite horizon discounted reward

\_ J

37



Networked MDP

38



Can we exploit network structure to achieve

« Scalable RL that breaks exponential scaling in n
* Distributed RL that avoids centralized training

Local and
neighboring
info

Local policy improvement
Local action Networked MDP

- Up next!

i
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Qi(S1,. 80,01, ..,0y)

—— —A-

N¥: k-hop neighborhood N*, = N//NF

Definition.” The (¢, p)-exponential decay property holds if for integer k&,

‘Qi(SNik’SNEi’aNik7a’Nﬁi) o Qi(SNzk7S§VEi’aNf’aiNﬁi)‘ S C,Ok+1

\

change state/action outside N exponential decay

40
* See also [Gamarnik et al. 2013, 2014, Bamieh et al. 2002, Motee and Jadbabaie 2008]




Qi(S1,--38n,01,-..,0p)

— Exponential decay dependence!

OO OO OO —rCOO— O — O

node i

Definition.” The (¢, p)-exponential decay property holds if for integer k&,

‘Qi(SNik’SNﬁi’aNik7a’Nﬁi) R Qi(SNz'k’ngﬁi’aNik’aiNfi)‘ < CIOk+1

\

change state/action outside N exponential decay

41
* See also [Gamarnik et al. 2013, 2014, Bamieh et al. 2002, Motee and Jadbabaie 2008]



Qi(S1,--38n,01,-..,0p)

— Exponential decay dependence!

OO OO OO —rCOO— O — O

node i

Lemma [Qu, Wierman, Li 2022].

If all rewards are bounded, then (¢, p)-exponential decay property holds with p < .

42



Effect discounted by y*! A change occurs here
l k steps away...

node i

Proof. Qi(s,a) — Qi(s',a")|

(©.@)
S Z fytE(Si,ai)Nﬂ't,ir’i(Si7 a”i) T fyt]E’(Si,ai)Nﬁé,iri(S’U a”l:)
t=0
©.@) —
Tk
— Z /ytE(Si,ai)Nﬂ't,iTi(S’l:) ai) T /ytE(si,a,i)Nﬁé,iri<Si7 a’i) S 1 . /y/y +1
t=k+1

43



Effect discounted by y*! A change occurs here
l k steps away...

node i

Lemma [Qu, Wierman, Li 2022].

If all rewards are bounded, then (¢, p)-exponential decay property holds with p < ~.

When will the decay rate p strictly smaller than y?

44



Interaction strength
how change of s; affects transition of s;

Bounded total interaction strength from neighbors
« Small pairwise interaction strength & small degree
« Consistent with results in combinatorial optimization
[Lovasz Local Lemma] [Gamarnik 2014]

SupsNt_!ﬂj,ai Supsj,s;. Tv(ﬂ("sjESNifj:ai):Pi / SETSNifj}a’T:))T "':f.? S N’i:j '_fé i:
SupsNt_ﬁ Supsi,sg?ui,u; TV(Pi("Si: SN; /iy Q4

where TV denotes total variation distance. If thesewards are bounded, and further

z‘("SZ‘,:SNI-ﬁ:ﬂ;,)): "':f.? :i:

\V/’L',ZC@]'S,LL<1,

JEN;

then, the exponential decay property holds with decaying rate p = uy <y.

When will the decay rate p strictly smaller than y?

45



Full Q function:

Qi(S1,-- 38,01, ..,0p)

A

Qz’(SNikaaNik> only depends on k-hop neighborhood

Qi(SNfaaNf): Z wi(SNﬁiaaNﬁzJSNfaaNf)Qz‘(SNfaSNﬁiaaNfﬂNﬁi)

SNk ANk
—1 —1

Arbitrary weights Average out outside neighborhood

Lemma (informal) Under the (¢, p)-exponential decay property, then

Sup ‘QZ(Saa) _Qi(SvaaNf)‘ < C:Ok+1
(s,a)eSXA




Parameterized Policy: @;(t) ~ (i (+|s;(t)) with 8 = (64,...,60,)

Objective Function:

Full Policy Gradient 'V, J(6

Truncated Policy Gradient 7 (

J(0) =Esur,Eg [Zytr(s(t) a(t

Global summation \xpcinentlally large table
9
Z/ytESNﬂ't,aNCQ(MS)v@ |Og C a’L|Sz ZQ S, a

5(0) = s]

nytEswﬁt,aNCQ(ab)v@ IOgC az‘sz Z QG SNk CLNk)

t=0 /EN’@L_J

Local summation Much smaller table

47



Actor-Critic Method

Actor Outer Loop: m = 0,1,...,.M

Critic Inner Loop: t =0,1, ..., T

Sample state, action reward

Temporal Difference (TD) update for full Q function

Estimate full policy gradient

Gradient Ascent




Actor-Critic Method-Scalable Actor-Critic Method

Actor Outer Loop: m = 0,1,...,.M

Critic Inner Loop: t =0,1, ..., T

Sample state, action reward

Temporal Difference (TD) update for fal-Q-funetior truncated Q function

Estimate full-peliey-gradient truncated policy gradient

Gradient Ascent




Scalable Actor-Critic Method

Actor Outer Loop: m = 0,1,...,.M

Critic Inner Loop: t =0,1, ..., T
Get state s;(t), take action a;(t) ~ C <m)( s;(t)), get reward r;(t).

Qi(syx(t —1),anx(t —1)) < /TD-update for truncated Q function
(1= 1) Qilsnr (t = 1), apr (£ = 1)) + a1 (ra(t — 1) +7Qi(sx (1), ays (1))




Can we exploit network structure to achieve

« Scalable RL that breaks the curse of dimensionality
 Distributed RL that avoids centralized communication Yes

Local policy improvement
Local and palicy imp

neighboring
info

Networked MDP

o R

Local action

51



Our approach: Distributed Training, Decentralized Execution

T o e - y
_ = —

Truncated Critic Truncated Critic Truncated Critic Truncated Critic Truncated Critic

!
Actor ﬁ

I . .
ommuynicati

Actor

Ommun|catio



Can we exploit network structure to achieve

 Scalable RL that breaks the curse of dimensionality ?
 Distributed RL that avoids centralized communication Yes

Local policy improvement
Local and palicy imp

neighboring
info

Networked MDP

o R

Local action

53



Optimality Guarantee

Theorem [Qu, Wierman, Li 2022]. Under some assumptions, with high probability,

Cmo T [VI(Bm) > _ @( poly, ) L O
J

N M+1
H/_/

M
= E&k

Converges to zero  steady-state error due to truncation

~ (1
when the inner-loop length 17" > €} (E—QPOWQ)
k

- Reaches steady state error of ¢, = 0(p**?'), close to zero even for small k
« Complexity scales with the largest state-action space size of any k-hop neighborhood

« Communication with k-hop neighborhoods required during training

54



Optimality Guarantee

Role of k?
Trades off between optimality and complexity

/\

Reaches steady state error of ¢, = 0(p**?!) /close to zero even for smal k
Complexity scales with the largest state-agtion space size of any k-hop neighborhood

Communication with k-hop neighborhoods required during training

55



Optimality Guarantee

Role of graph?
Fixing k, the sparser the graph, the smaller the complexity

- Reaches steady state error of ¢, = 0(p**1), ngar optimal even for smal k
« Complexity scales with the largest state-action space size of any k-hop neighborhood

« Communication with k-hop neighborhoods required during training

56



Can we exploit network structure to achieve

« Scalable RL that breaks the curse of dimensionality
 Distributed RL that avoids centralized communication

Local policy improvement
Local and palicy imp

neighboring
info

Networked MDP

Local action

o R
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Up next!

Localized MARL Algo.

Local policy improvement

Local and
neighboring
info

Local action

Networked MDP
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Microgrid Voltage Control
[Xu and Qu 2023]

| l Wy Z
S
Current Voltage Power £ 5
Controller Controller Controller ‘V_ g s
ni F’D
=
Iy Voi 1o
VSL Ly Ry Li R
(v iai, v :q\r) o A AAA & Grid
o Cr N Output
—> LC Filter
— : 1 Connector
(b) Load and transmission line models (c) DG model

How many agents (DGs) can we scale up our approach to?

How does our approach compare with
Centralized Training Decentralized Execution (CTDE)?



For small systems, our approach For large systems, our approach is the best
IS similar to benchmarks

6 DGs 54 DGs 84 DGs
4 2.4 - "
08 1 Our approach
0.22 2.2 1
o 0.6
%"3 2.0 1
0.20 A
Py Benchmarks
- O -
S O 0.4 4 1.8 .
22 el using CTDE
o — 0.18
s 1.6 4
82 0.2 '
R B
w -
2 g 016 3 i
&
2 0.0 -
< 014- 1.2
—— MA-SAC (CTDE) —0.2 - —— MA-SAC (CTDE) 1.0 4 —— MA-SAC (CTDE)
0.12 1 MA-TD3 (CTDE) MA-TD3 (CTDE) MA-TD3 (CTDE)
—— MA-SAC (Scalable Network-aware) —— MA-SAC (Scalable Network-aware) b8 —— MA-SAC (Scalable Network-aware)
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
episode episode episode
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120 DGs

Training rewards

episode rewards
I
=
i

—4 1 —— Proposed Algorithm
— CTDP
T T T T T T T
0 5 10 15 20 25 30
episode

« We can efficiently train on 120 DGs
« For similar microgrid control problems, the SOTA is 40 DGs*
« Ongoing: run on even larger systems, currently the main bottleneck is simulator

* Dong Chen, Kaian Chen, Zhaojian Li, Tianshu Chu, Rui Yao, Feng Qiu, and Kaixiang Lin. Powernet: Multi-agent deep
reinforcement learning for scalable powergrid control. IEEE Transactions on Power Systems, 37(2):1007-1017, 2021 61



B MASAC (SNA) B MASAC (CTDE) mm PI Controller

IEEE [4-bus, 6-DGs

N ~

N Y o
IEEE 145-bus, 114-DGs

IEEE 118-bus, 84-DGs Our approach has the least voltage violation
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Scalable Actor Critic

Local and

Local policy improvement

neighboring
info

Local action

Networked MDP
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Extensions

What if the objective is average reward (reward in stationarity)?

Guannan Qu, Yiheng Lin, Adam Wierman, Na Li, Scalable Multi-Agent Reinforcement
Learning for Networked Systems with Average Reward, NeurlPS 2020.

What if the interaction graph is stochastic?

Yiheng Lin, Guannan Qu, Longbo Huang, Adam Wierman, Distributed Reinforcement
Learning in Multi-Agent Networked Systems, arXiv:2006.06555, June 2020.



Theorem [Qu, Wierman, Li 2022]. Under some assumptions, with high probability,

M 2
Zmzo T M + 1

Our guarantee is on the norm of gradient, so this is local optimality guarantee!

Also, we have been restricted to decentralized policies, i.e. a; only depends on s;

What about global optimality guarantee?
l.e. compare with the best policy among all possible policies (not just decentralized)?




Global Convergence Guarantee

Theorem [Informal, Zhang, Qu et al 2023].

Under conditions on y, T and weak interaction, we have

. 20 1
kY M < M ¢’ /¥
\ J
Y Y Y

Global optimality gap Converges to zero ¢,: error due to using k-hop policy

~ 1
when the rollout length per iteration 1" > @(6—2poly)
L

« This is the global optimal guarantee.
« Sub-optimality gap is decaying polynomially in k

« Similar tradeoff of k between optimality and complexity as before.

66
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Up Next
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Job
arrival

4

Dispatcher

Demand Response
Load Aggregator

“ADNA DA H - b

departure departure departure departure departure

Global agent
State Sg action ag

Power of k-choices inspired -
subsample Q-learning algorithm

[Anand and Qu 2024] Local agents



Example: Load balancing

=

Queue lengths evolve
based on dispatch and

service rates
\_

J

Job
arrival Dispatch jobs to one of the servers]
2
Dispatcher
!
- -
] - O
D - - -
D D - - —
I | i
Job Job Job Job Job
leparture departure departure departure departure
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Example: demand response

Setting demand response signals ]

Load Aggregator
/Z\
aNAA . A

responds to the signals ]
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Local agents

Global state transitions

Sg(t +1) ~ Py (- |Sg(t)» ag(t))

Global agent

State Sg action ag

Si(t +1) ~ Piocar |Sg(t); Si(t))

Local agent states influenced by global state
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Global agent

State Sq action ag

Local agents

S]_ SZ ...... S’n

How to design policies to achieve optimal reward?
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Global agent

State Sq action ag

Local agents

SZ ...... S'n

Directly solving this via RL is intractable for large n

S = (Sg,Sl, eis)Sp)

\ y,
Y

State space size exponentially large in n!
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Global agent

State Sq action ag

Local agents

Our approach: structure of MDP enable “power of two choices” trick!
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Global agent

State Sq action ag

Local agents

\ J
Y

Training: assuming only k local agents (ignoring the rest)
Solve for the optimal policy

k < n (the pic. shows k = 2)
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Global agent

State Sq action ag

N

Local agents

\ J
Y

In implementation, at each time, randomly sample k agents
Apply the policy learned for the k-agent-system

Complexity 20 « 20®)
which is exponential speed up as k K n
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Theorem. [Anand and Qu 2024]
The learned "power-of-k-choices” policy has the following optimality gap

* T ~ rmax . 5
V: —=V" < 0( ) + statistical error
1-vVk
Inherent loss due to Converges to 0 as samples increase

randomly sample k agents

« Even for a small k, we get close to optimality

* Avoids exponential complexity in n!




Extract abstract

Apply to applications structural property

........ -
theorationr auarm _ cZLSse £
i i o [T % - i
with theoretical guarantee N f@‘

that avoids intractability

~
——————

Exploit structure to obtain
“positive” MARL theory Xe+1 = fphysics(Xe, Ut)
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[Network structure]

* Guannan Qu, Adam Wierman, Na Li, Scalable Reinforcement Learning for Multi-Agent Networked Systems, Operations
Research 2022

« Guannan Qu, Yiheng Lin, Adam Wierman, Na Li, Scalable Multi-Agent Reinforcement Learning for Networked Systems with
Average Reward, NeurlPS 2020

* Yiheng Lin, Guannan Qu, Longbo Huang, Adam Wierman, Multi-Agent Reinforcement Learning in Stochastic Networked
Systems, NeurlPS 2021.

* Yizhou Zhang*, Guannan Qu*, Pan Xu*, Yiheng Lin, Zaiwei Chen, Adam Wierman, Global Convergence of Localized Policy
lteration in Networked Multi-Agent Reinforcement Learning, ACM SIGMETRICS 2023.

 Han Xu, Guannan QU, A Scalable Network-Aware Multi-Agent Reinforcement Learning Framework for Distributed Converter-
based Microgrid Voltage Control, Tackling Climate Change with Machine Learning workshop at NeurlPS 2023

[Locality-based time-varying networks]

» Alex Deweese, Guannan Qu, “Interdependent Multi-Agent MDP: Theoretical Framework for Decentralized Agents with
Dynamic Local Dependencies”, ICML 2024

* Alex Deweese, Guannan Qu, “Thinking Beyond Visibility: A Near-Optimal Policy Framework for Locally Interdependent
Multi-Agent MDPs”, preprint 2025.

[Homogeneous structure]
« Emile Anand, Guannan Qu, “Efficient Reinforcement Learning for Global Decision Making in the Presence of Local
Agents at Scale”, NeurlPS 2025 (Spotlight).

[Physics model]

« Zeji Yi, Chaoyi Pan, Guanqgi He, Guannan Qu*, Guanya Shi*, CoVO-MPC: Theoretical Analysis of Sampling-based MPC and
Optimal Covariance Design, 6th Learning for Dynamics and Control 2024.
* Chaoyi Pan, Zeji Yi, Guanya Shi*, Guannan Qu*, Model-based diffusion for trajectory optimization, NeurlPS 2024.
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