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1 Weakly-Coupled Markov Decision Processes (WCMDPs) 2 Prior work and this paper 3 Challenge: heterogeneity
ing. i i Optimalit -
Focus on planning, i.e., model is known PHIMATLY 94b ® our previous work Different system state representations:
o . . . ® this paper
It's just a big MDP. Can we directly solve it? o GG\‘(ZSa GG\.(ZSb HXC&V24b, GN24 fully heterogeneous ~ Homogeneous: for each s
I . e —
/ Armi  Reward, cost: 7i(s. @), ¢ (s.d) | A: N-dimensional state space; hard if N large X () = fraction of arms in state s
Action: a
------ State § —————————— ¢’ Can we efficiently find a good policy? Ne,,-ght AL Heterogeneous: for each s and i € [/V]
\ Transition prob. P. (5| s, a) 0(1/ N)— O O O .
How to define a good policy? WWO90 Verloop16 Yan24 GA24 Xi(s) = l{state ofarm i = s
o(l) — o ® ® ®
max Ry, = long-run avg reward per arm under policy 7 A: We want to efficiently find a policy s.t.
T — A J
s.t. total type-k cost < o /N, each time step, fork € [K]| lim,_, ( R — R;\T,) — () (asymptotic optimality) restless bandits WOMDPs Generality State aggregation fails
(2 actions, 1 constraint)

4 Algorithm 5 Main theorem

4.1 Linear programming relaxation 4.2 What LP relaxation gives us... 4.3 ID policy Assumption 1: For each arm , let 7; be its mixing time

. ., . - under the optimal single-armed policy 7. Assume that

(s, a) = steady-state probability of arm i ’s (state, action) = (s, @) =ach arm: 1. Permute the IDs of the arms “evenly” in terms of P J POIEY %,

i. ldeal state distribution: ,ul.*(s) — Zayi*(s, a) there exists a constant z such that 7, < zfori = 1,2,....

expected cost under 7 (see Algorithm 1 of the paper)
Relaxed constraints :

onh expected cost

myax Z r{s,a)y(s,a)

1,8,

i. 1deal policy:: 7*(a | s) = y*(s. a)///tl.*(s) 2 Prioritize arms with low 1Ds Theorem 1: Let 7z be the ID policy. Under Assumption 1,

s.t. Z e i(s,a)y(s,a) <N Vk € [K] o o B there exists a constant Cjp s.t. R;‘\j — Ry < C|D/\/N.
_ 4 Policy is good if: as  — oo state; 7S action, . e
Remark: C\p = O(K max { Vot la

- s € )
Z Pis]s’,a)y(s’,a) = Z yi(s,a) Vse&€S,i€|[N] i. State distribution approximates () |;I> max> ~max min
, ) ’ Arm 2 state

0 action,

ii. Action distribution approximates 7;*(a | $)

s'.a
yis'h,a)=1; y(s,a)>20 VseS,aeA,i €|[N] Py m state actiony = 0

| . If arm i takes actions using 7 (a | 5), until used
o l
. ] [ ] ] [ ] ] A 4 State . : u b u d et
— yi*(s’ 1) = ideal state-action frequency its stationary state distribution is ,ul.*(s) ! actions = 0 [UP J

6 Analysis: a projection-based Lyapunov method

6.1 Lyapunov analysis overview 6.2 Defining “distance” to (//ti*)ie[N] assuming all arms independently follow ﬁ;k 6.3 One more hurdle: not all arms follow ﬁ;“
Define V(X,) as “distance” between o e /\ Observation: a small enough subset of arms can follow ﬁ;k
Xi = (X;(5)); s and (u*(s)); s s.t. _ Future expected T R R 7 - . h(X,, m)=m h(X,) evaluated on first m fraction of arms

Example: ! > reward / cost D et — a -
(C1) Drift condition: for some p < 1 * Two states, blue and red “ as features: 0 1250- — (b)
VX, ) IX ] < oV(X 1/ » Arm [ = i-th row of pixels = _ /T (i )iem .
[V(X, 1)| < pV( )+ O( N) 1 1200 - m, fraction
| - » (a)and (b) represent two 0 5 A 5 8 follow 75 I:{> h(X,, m,) decreases

(C2) Dominance condition: realizations of X, Future time step / i
RY — Ry < E[V(X)] + O(l/\/N)  Lyapunov functilon based on feature projections: _

N hX,) = ~ max sup e?/(20) Z (X, — ) PL, g) l m, increases

(a) (b) (ﬂi*)ie[N] 5= ZeN i€[N]

R* — Ry, < E[V(X)] + O(l/\ﬁ\f) | | | S | | Final Lyapunov function:

N  (a)and (b) have same fractions of arms in blue and red Foreach arm i, g; € R” is expected reward / cost function, P, is VX)) = h(X,,m) + L(1 —m)
<0/ \ﬁ\f) - Which of (a) and (b) is closer to (47),cx? transition matrix, (X; P ‘. g;) is expected reward / cost £ steps later t vt t

for some large constant L
. (C1) (C2) satisfied by /(X)) if all arms independently follow ﬁ;’“s



