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Networked systems are becoming smarter

Picture credit: IEEE, qrowd, ARC advisory group
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Opportunity: harnessing the data revolution

Reinforcement Learning (RL)

Black Box

Adaptive to complex/hard-to-model dynamics

Increasing number of sensors

Increasing on-device computation power

Increasing communication capabilities
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Great potential for smart networked systems
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Realizing the potential turns out to be challenging
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Realizing the potential turns out to be challenging

Actor

Centralized Critic

ActorActorActor

… Black box

Policy PolicyPolicyPolicy

SOTA: Centralized Training, Decentralized Execution/Play
Agent i

Centralized Training becomes harder and harder 
when network size increase
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Realizing the potential turns out to be challenging

Existing work rarely exists 100 agents



8Picture credit: IEEE, qrowd, ARC advisory group

Today’s Talk

How to do Scalable RL for Large Scale Networks
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… Black box …

But we know there is a “network structure” 
underlying the system

Off-the-shell RL treats the system as blackbox…
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Power Networks
[Chen et. al. 2022]

Traffic Networks
[Varaiya 2013]

Congestion of a road…

… depends on that of nearby roads

* Picture credits: keepomahamoving.com

Power flows along the transmission lines
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… Black box …

But we know there is a “network structure” 
underlying the system

Off-the-shell RL treats the system as blackbox…

Can we exploit network structure to do RL in a scalable manner? 
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… Black box …

But we know there is a “network structure” 
underlying the system

Off-the-shell RL treats the system as blackbox…

Road Map

Formally define network 
structure in RL

Exponential Decay 
Property

Algorithm:
Scalable Actor Critic

Experimental 
Validation



State

Action

Markov Decision Process (MDP) over network

s = (s1, . . . , sn) � S1 � S2 � · · · � Sn := S
<latexit sha1_base64="b3N/pg5pwbXnZps0cwRshQZ82fU="></latexit>

a = (a1, . . . , an) � A1 � A2 � · · · � An := A
<latexit sha1_base64="KG0+bn9r5dvU3zywcqDyoZEM4i4="></latexit>

si � Si, ai � Ai
<latexit sha1_base64="dVLRtx4ZzdS+Ic7NJFXFVf01nUE="></latexit>

Local State, Action
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…

…
…

s1
<latexit sha1_base64="Hkhum5k1badGQ/IjbaSG09l9UtE="></latexit> s2

<latexit sha1_base64="/gky3uyF9m7Fr6zPkSs6sbN7K9k="></latexit>

s3
<latexit sha1_base64="HZ3np5NugLxRF+n9BP5KPnX18Bc="></latexit>

s4
<latexit sha1_base64="o5QavpQ25/SCKMGUXLADgtbh+eI="></latexit>

.



State Transition

Stage Reward

Own state and 
Neighbor’s state

Own 
action

i’s next 
state

P (s(t + 1)|s(t), a(t)) =
n�

i=1

Pi(si(t + 1)|sNi(t), ai(t)).
<latexit sha1_base64="L7aWhcc1bXoGFIil/Bs1qwSUUuE="></latexit>

…

…
…

s1
<latexit sha1_base64="Hkhum5k1badGQ/IjbaSG09l9UtE="></latexit> s2

<latexit sha1_base64="/gky3uyF9m7Fr6zPkSs6sbN7K9k="></latexit>

s3
<latexit sha1_base64="HZ3np5NugLxRF+n9BP5KPnX18Bc="></latexit>

s4
<latexit sha1_base64="o5QavpQ25/SCKMGUXLADgtbh+eI="></latexit>

.

r(s, a) =
1

n

n�

i=1

ri(si, ai)
<latexit sha1_base64="z3dGbXCBLhmAngGZZC7jn4ITDv4="></latexit>
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Markov Decision Process (MDP) over network



local action local state
ai(t) � �i(·|si(t))

<latexit sha1_base64="lLPd0yV+qJuPiBE3mL3shY9XVMw="></latexit>

�i : Si � �(Ai)
<latexit sha1_base64="bGdwRSk6j1G8h0BibZ3SFZ3Ku30="></latexit>
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E
� ��

t=0

�tr(s(t), a(t))|s(0) = s

�

<latexit sha1_base64="BNDkuPJl0HUBZ+IaBzWR4Bt4qBI="></latexit>

Find decentralized policies to maximize objective.

where Infinite horizon discounted reward

…

…
…

s1
<latexit sha1_base64="Hkhum5k1badGQ/IjbaSG09l9UtE="></latexit> s2

<latexit sha1_base64="/gky3uyF9m7Fr6zPkSs6sbN7K9k="></latexit>

s3
<latexit sha1_base64="HZ3np5NugLxRF+n9BP5KPnX18Bc="></latexit>

s4
<latexit sha1_base64="o5QavpQ25/SCKMGUXLADgtbh+eI="></latexit>

.

Markov Decision Process (MDP) over network
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… Black box …

But we know there is a “network structure” 
underlying the system

Off-the-shell RL treats the system as blackbox…

Road Map

Formally define network 
structure in RL

Exponential Decay 
Property

Algorithm:
Scalable Actor Critic

Experimental 
Validation
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Temporal Difference-learning [Sutton 1988], Q-learning [Watkins1989],
Actor-Critic methods [Konda and Tsitsiklis 2000], …

Standard RL doesn’t scale to multi-agent systems

Q(s, a)
<latexit sha1_base64="2R48xJzyCY7TLKMTjykmxiACvBs="></latexit>

Q(s, a) = E
 1X

t=0

�tr(s(t), a(t))

����s(0) = s, a(0) = a

�

<latexit sha1_base64="3Qp+7Xiu2FzY+wEfbQsuJ/yB2H0="></latexit>



(0,0,….,0) (0,0,…,1) … (1,1,…,1)

(0,0,…,0)

(0,0,…,1)

… 

(1,1,….,1)
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Time/space complexity 
exponential in 𝒏!

Q(s, a)
<latexit sha1_base64="2R48xJzyCY7TLKMTjykmxiACvBs="></latexit>

state

action a = (a1, . . . , an)
<latexit sha1_base64="W3jQoY/BomvlEXFEaK/ugrJZxFE="></latexit>

s = (s1, . . . , sn)
<latexit sha1_base64="3y9oyqYimmsF5LQSjXdxCcsIMrw="></latexit>

…

Standard RL doesn’t scale to multi-agent systems
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… Black box …

Exploit network structure!

Is it possible to exploit model structure to do scalable RL
with provable guarantee?

No structure used so far



node 𝑖
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Definition.*

… …

Qi(s1, . . . , sn, a1, . . . , an)
<latexit sha1_base64="W1hsHLbLUH2gntATtkJDzIfIaTQ="></latexit>

7KH (c, �)�H[SRQHQWLDO�GHFD\�SURSHUW\�KROGV�LI�IRU�LQWHJHU k�
<latexit sha1_base64="FVYl/8DorMGNWHSiujHQ8fY5DtE="></latexit>

Nk
i � k�KRS�QHLJKERUKRRG

<latexit sha1_base64="3tvA1huuog5C9yp5avIgW4tAypM="></latexit>

FKDQJH�VWDWH�DFWLRQ�RXWVLGH Nk
i

<latexit sha1_base64="b6Zqz9q06oiLffKn0uWnvxwVHoU="></latexit>

exponential decay

Nk
�i = N/Nk

i
<latexit sha1_base64="VLLjGS8cebgSVa7/iUVOBlTfYjg="></latexit>

|Qi(sNk
i
, sNk

�i
, aNk

i
, aNk

�i
)�Qi(sNk

i
, s0Nk

�i
, aNk

i
, a0Nk

�i
)|  c⇢k+1

<latexit sha1_base64="lICB4C+e5/W8Sr73e7AD8P5uDBE="></latexit>

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

… …

7KH (c, �)�H[SRQHQWLDO�GHFD\�SURSHUW\�KROGV�LI�IRU�LQWHJHU k�
<latexit sha1_base64="FVYl/8DorMGNWHSiujHQ8fY5DtE="></latexit>

node 𝑖

Exponential decay dependence!

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

Qi(s1, . . . , sn, a1, . . . , an)
<latexit sha1_base64="W1hsHLbLUH2gntATtkJDzIfIaTQ="></latexit>

FKDQJH�VWDWH�DFWLRQ�RXWVLGH Nk
i

<latexit sha1_base64="b6Zqz9q06oiLffKn0uWnvxwVHoU="></latexit>

exponential decay

|Qi(sNk
i
, sNk

�i
, aNk

i
, aNk

�i
)�Qi(sNk

i
, s0Nk

�i
, aNk

i
, a0Nk

�i
)|  c⇢k+1

<latexit sha1_base64="lICB4C+e5/W8Sr73e7AD8P5uDBE="></latexit>
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Lemma [Qu, Wierman, Li 2019]:

… …

Exponential decay dependence!

Qi(s1, . . . , sn, a1, . . . , an)
<latexit sha1_base64="W1hsHLbLUH2gntATtkJDzIfIaTQ="></latexit>

node 𝑖

,I DOO UHZDUGV DUH ERXQGHG� WKHQ (c, ⇢)�H[SRQHQWLDO GHFD\ SURSHUW\ KROGV ZLWK ⇢  ��

<latexit sha1_base64="Fcshy7fcyvCsDkFyW55aXBchGDc="></latexit>
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… …
node 𝑖

A change occurs hereEffect discounted by 𝛾!!
𝑘 steps away…


1X

t=0

�����
tE(si,ai)⇠⇡t,i

ri(si, ai)� �tE(si,ai)⇠⇡0
t,i
ri(si, ai)

����

<latexit sha1_base64="7A+22b5vi/PoElfgkv4C8MecHoE="></latexit>

=
1X

t=k+1

�����
tE(si,ai)⇠⇡t,i

ri(si, ai)� �tE(si,ai)⇠⇡0
t,i
ri(si, ai)

����

<latexit sha1_base64="keEbYDleeXlmixVJuuzFfxYOCkc="></latexit>

Proof.

 r̄

1� �
�k+1

<latexit sha1_base64="SOH132+ntSyyl9esg+BLJoH9X44="></latexit>

|Qi(s, a)�Qi(s
0, a0)|

<latexit sha1_base64="CkYGWPlyyyOJ1Ds6uUfaif6lCEo="></latexit>
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… …
node 𝑖

A change occurs hereEffect discounted by 𝛾!!
𝑘 steps away…

Lemma [Qu, Wierman, Li 2019]:

,I DOO UHZDUGV DUH ERXQGHG� WKHQ (c, ⇢)�H[SRQHQWLDO GHFD\ SURSHUW\ KROGV ZLWK ⇢  ��

<latexit sha1_base64="Fcshy7fcyvCsDkFyW55aXBchGDc="></latexit>

When will the decay rate 𝝆 strictly smaller than 𝜸?
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Theorem. Define interaction strength between 𝑖, 𝑗 as

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

then, the exponential decay property holds with decaying rate 𝜌 = 𝜇𝛾 < 𝛾.

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]

When will the decay rate 𝝆 strictly smaller than 𝜸?

8i,
X

j2Ni

Cij  µ < 1,

<latexit sha1_base64="/kO160VMHDsIqpMQOGzLUJjWXGI="></latexit>
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… …

Qi(s1, . . . , sn, a1, . . . , an)
<latexit sha1_base64="W1hsHLbLUH2gntATtkJDzIfIaTQ="></latexit>

Q̂i(sNk
i
, aNk

i
)

<latexit sha1_base64="3YQcSYdTBuOQng3wAc+/Z/Qg80c="></latexit>

Full Q function:

only depends on k-hop neighborhood

Average out outside neighborhoodArbitrary weights

/HPPD �LQIRUPDO��8QGHU�WKH (c, �)�H[SRQHQWLDO�GHFD\�SURSHUW\� WKHQ
<latexit sha1_base64="j800k+EdEAOcYabPNdJN/asz5JU="></latexit>

Q̂i(sNk
i
, aNk

i
) =

X

s
Nk

�i
,a

Nk
�i

wi(sNk
�i
, aNk

�i
; sNk

i
, aNk

i
)Qi(sNk

i
, sNk

�i
, aNk

i
, aNk

�i
)

<latexit sha1_base64="F/WpgYcUuI534uiOUpd+Kajb7mw="></latexit>

VXS
(s,a)2S⇥A

|Qi(s, a)� Q̂i(sNk
i
, aNk

i
)|  c⇢k+1

<latexit sha1_base64="HlkIcG1j6py/lXiKE2aUK2Qn1Vc="></latexit>
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… Black box …

But we know there is a “network structure” 
underlying the system

Off-the-shell RL treats the system as blackbox…

Road Map

Formally define network 
structure in RL

Exponential Decay 
Property

Algorithm:
Scalable Actor Critic

Experimental 
Validation
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Actor

Centralized Critic

ActorActorActor

… Black box

Policy PolicyPolicyPolicy

SOTA: Centralized Training, Decentralized Execution/Play

Key idea 
Leveraging truncated Q-function to 
make the centralized critic distributed!
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… …

only depends on k-hop neighborhood

Truncated Critic

Actor

Policy

Truncated Critic Truncated Critic Truncated CriticTruncated Critic

Actor

Policy

Actor

Policy

Actor

Policy

Actor

Policy

Agent i

communication communication



Full Policy Gradient 

Truncated Policy Gradient

Exponentially large table

Much smaller table

Global summation

Local summation

��iJ(�) =
��

t=0

�tEs���
t ,a���(a|s)��i ORJ ��i

i (ai|si)
1

n

n�

j=1

Q�
j (s, a)

<latexit sha1_base64="R2ThdNwGzuDOxvhUo6icoeCHu8g="></latexit>
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Objective Function: J(�) = Es��0E�

� ��

t=0

�tr(s(t), a(t))

����s(0) = s

�

<latexit sha1_base64="soXuOWof2+Uqb7PWe0m23H78e8I="></latexit>

� = (�1, . . . , �n)
<latexit sha1_base64="iKcXCuLveDYqM6fZpMaR+YSKpFk="></latexit>

ai(t) ⇠ ⇣✓ii (·|si(t))

<latexit sha1_base64="RUs+58PnY5gl+Vaq1cVvXVk9zxw="></latexit>

Parameterized Policy: with

hi(✓) =
1X

t=0

�tEs⇠⇡✓
t ,a⇠⇣✓(a|s)r✓i ORJ ⇣✓ii (ai|si)

1

n

X

j2Nk
i

Q̂✓
j (sNk

j
, aNk

j
)

<latexit sha1_base64="BTVjiRRQucKicUpHwv3uNiMzCDU="></latexit>
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Actor-Critic Method

Gradient Ascent

Temporal Difference (TD) update for full Q function

Actor Outer Loop: 𝑚 = 0,1,… ,𝑀

Critic Inner Loop: 𝑡 = 0,1, … , 𝑇

Estimate full policy gradient

Sample state, action reward
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Gradient Ascent

Temporal Difference (TD) update for full Q function truncated Q function

Estimate full policy gradient truncated policy gradient

Actor-Critic Method Scalable Actor-Critic Method

Sample state, action reward

Actor Outer Loop: 𝑚 = 0,1,… ,𝑀

Critic Inner Loop: 𝑡 = 0,1, … , 𝑇
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// truncated policy gradient

//TD-update for truncated Q function

�i(m + 1) = �i(m) + �mĝi(m) ZLWK �m = ��
m+1

<latexit sha1_base64="+M7yHm9wfLAszIgbr/9ZsSkeauk="></latexit>

// gradient ascent

ĝi(m) =
T�

t=0

�t��i ORJ ��i(m)
i (ai(t)|si(t))

1

n

�

j�Nk
i

Q̂j(sNk
j
(t), aNk

j
(t))

<latexit sha1_base64="+p072K7o1LvD9SZdvS6FdYfVd9Q="></latexit>

Scalable Actor-Critic Method

*HW VWDWH si(t)� WDNH DFWLRQ ai(t) ⇠ ⇣✓i(m)
i (·|si(t))� JHW UHZDUG ri(t)�

<latexit sha1_base64="8HFVzy4afU3k4gBsvjGTsqIZKHM="></latexit>

Q̂i(sNk
i
(t� 1), aNk

i
(t� 1)) 

(1� ↵t�1)Q̂i(sNk
i
(t� 1), aNk

i
(t� 1)) + ↵t�1(ri(t� 1) + �Q̂i(sNk

i
(t), aNk

i
(t)))

<latexit sha1_base64="PuNK91Bd65layjf2ZMQ8DdIyWV4="></latexit>

Actor Outer Loop: 𝑚 = 0,1,… ,𝑀

Critic Inner Loop: 𝑡 = 0,1, … , 𝑇
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Optimality guarantee?

…

Exponential Decay Property

Truncated Q-function

Main ideas so far

Scalable Actor Critic Alg.
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Theorem [Qu, Wierman, Li 2019]. Under some assumptions, with high probability,

when the inner-loop length

Converges to zero steady-state error due to truncation

• Reaches steady state error of 𝜀! = 𝑂(𝜌!$%), 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

:= �k
<latexit sha1_base64="TYFLN5r0mpo8dTetJnWgWRP27Zc="></latexit>

Optimality Guarantee
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Optimality Guarantee

• Reaches steady state error of 𝜀! = 𝑂(𝜌!$%), 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

Role of 𝑘?
Trades off between optimality and complexity
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Optimality Guarantee

• Reaches steady state error of 𝜀! = 𝑂(𝜌!$%), near optimal 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

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

Exploit network structure

Network as black box…

Scalable RL for networked systems by exploiting
network structure!
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… Black box …

But we know there is a “network structure” 
underlying the system

Off-the-shell RL treats the system as blackbox…

Road Map

Formally define network 
structure in RL

Exponential Decay 
Property

Algorithm:
Scalable Actor Critic

Experimental 
Validation
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Microgrid Voltage Control
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120 DGs

We can efficiently train on 120 DGs, which is larger than 100 agents

For similar microgrid control problems, the SOTA is 40 DGs
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… Black box …

But we know there is a “network structure” 
underlying the system

Off-the-shell RL treats the system as blackbox…

Exploit network structure to do RL in a scalable manner! 


