Dynamic Regret of Online Markov Decision Processes

Peng Zhao, Long-Fel Li, Zhi-Hua Zhou  {zhaop, lilf, zhouzh}@lamda.nju.edu.cn

International Conference u J El \

On Machine Learning Learning And Mining from DatA

Performance Measure: Dynamic Regret Our Results

*,

Online Markov Decision Processes

Ateachround t =1,2,...,T:

Dynamic Regret : competing with any policies 7, ...,y Episodic Setting Infinite-horizon Setting
1. the learner observes the current state x,;, decides a policy m;: X XA — [0,1], Loop-free Non-loop-free
draws and executes an action a, from m,(-|x;); T e O
2. the environment simultaneously picks a loss function €,: X X A — [0,1]; D-Regret (7, - - Z Ci(xe, me(24)) Z (¢, 75 (x4))
3. the learner suffers loss ¢;(x;,a;), observes function ¢; and transits the next state t=1 e O
X¢+1 according to the transition kernel P(-|x;, a;). adaptive to non-stationarity of environments
Regret: to learn as well as the best fixed policy universal guarantee against any compared policy sequence vee O
RegretT _ Z Et ZUt, T Z’t — min Z Et ZUt, Z’t Z gt ZUt, T Z’t Z gt ZUt, specialize 4 Static regret, by setting T[f = =n;r=mn" A _ MDP Model | Ouis Result (dynamic regret) Erevious Wor.k (.static regret)
—1 mell —l Regret. — Z 0o o)) ET: (20,7 () Episodic loop-free SSP (Section 2) O(H+\/K(1+ Pr)) [Theorem 1] O(H+K) (Zimin & Neu, 2013)
Non-stationary Environments: onlme MDPs for real—world apphcatlons L g — ’ — ’ ) Episodic SSP (Section 3) O(\/Bx (H, + Px) + Px) [Theorem 3] | O(vH™ DK) (Chen et al., 2021a)
Infinite-horizon MDPs (Section 4) (75(\/ 7T(1 + 7Pr) + 72 Pr) [Theorem 6] (75(\/ﬁ ) (Zimin & Neu, 2013)
e 4 . . . N
il optimal policy. changes in specialize Worst-case dynamic regret by setting 7y = 7Tt € arg min eyy & (¢, 7 (24)) » Our obtained dynamic regret bounds immediately recover the best known static regret.
4_’""‘_‘5@ n;?\/—i’:;"fr;‘zﬂnir'sy > D-Regret? — Z O (T (20)) Z Co(, 71 (2)) » The dynamic regret for episodic (loop-free) SSP are proved to be minimax optimal.
autonomous driving online recommendations robots \_ t=1 J » All our results are achieved by parameter-free algorithms.

Episodic Loop-free SSP Episodic SSP Infinite-horizon MDPs
O-REPS [Zimin & Neu, 2013]:  qx+1 = argmingeaar) 7(q, k) + Dy (¢, ) Challenge 1: simultaneously deal with two uncertainties: Reduction to the switching-cost expert problem:
: ¢ Unknown horizon length and unknown path length of ny, ..., mg. T T
Dynamic regret of O-REPS: i < e _ 2
K . XA . K Solution 1: group-wise scheduling : B|D-Fegetty] < ;@t g, b +(T+1) ; lg: = qt—ally +(7+1)"Pr+4(r+1)
Z <q’“ —q, g’“> < 77T+5 (H log o + Prlog a) with Pr = Z ‘ ¢ — g 1 ¢ Horizon poolH = {Hy,...,Hg}, step size grid & = {n;,1,...,n; n, } for each H;. where 7 is the mixing time and Py is the path length defined as Pr = 2.1_, ||f — 7tf_1 ||1.c0-
k=1 _

Key challenge: how to deal with the unknown path length P;? Challenge 2: I [D-Regret] = B [(Lx — Lic)| + E [(L — Lic)| Main difficulty: switching-cost in the meta-base structure.

Main idea: online ensemble with meta-base two-layer structure. 2
y . ~ ~ ~ ZHC]t_Qt—lul Z Zptthz Zpt 1,i4t—1,i <ZZP7§@HQ7§@ qt— 1@“1+ZHpt pe-1ll
M Mo NN Ly < LS +O(VH"DK) < DK + O(WH™ DK) = O(DK) =2 =2 || i=1 =2 i=1
@ @

Static regret: base-regret < H;« /n;« + 1= LG < (f)v(\/HZ-*L%) < O(VH™ DK)

Step size pool:

meta-regret < 1/e;+ +|eg« Hy= Lio| < 1/e + €+ Hi» DK = O(VH™ DK) Solution: Add a correction term to penalize unstable base-learners.

Base-algorithm: Qr+1,i = ArGMIN e A (pr) 7 (¢, k) + Dy (¢, qr,i)

Dynamic regret: 1. < LS -+ base-regret , but L% < DK does not holds! Surrogate loss: hii = (e, be) + (T + 1) ||qei — qe—14]
Meta-algorithm: pj;,; o exp(—¢ Z’;zl hs.i), where hg; = (qs.i,s), Vi € [N]. y 8 k > L g K )

. . - - Dynamic regret decomposition (for any base-learner i):
BT (e s astion fer ey Fese esrmar i Solution 2: add correction term in both base and meta level. i
K K K K ) —
c (2 - i, _ 2 (@ —q" b))+ (T+1 gt — g1
D-Regret, = Z<Qk,€k> — > (g™, lg) = Z< — Qh,is Ur) + Z Qi —q %, 0 Base algo. q;1, qeir@mﬁa) N{a & + ax) + Dy(q, ") where aj, = 32n¢; ; Z 1
k=1 k=1 k=1 k=l ) v , T T
meta—}regret base- ;:regret Meta algo pk—l-l — ar%inln <p7 hk + bk> + Dz/) (pvpk) Where h <Qk 7€k> bk — 328hk — Z Dt ht ht z T+ 1 Z Hpt Pt— 1H1 + Z <Qt A q > + (7- + 1) Z HQt,i - %—1,75”1
where gy is the final policy at episode k; gy ; is the policy of the i-th base-learner, vi € [N]. PEow —1 =2 _
771' »] meta \rregret base—‘rregret
_ weighted entropy: ¢ —Di log p; i, with ¢; ; =
Base-regret. 2521 <ka _ Trk €k> < T + Hlog(|X||A|/H)+2Prlog T < O \/T(H—i—PT)) ;Z} £ij J J ¥ 2H, | | | i . c C
i / — Base-regret regarding the best learner i*: Define Pr =3, , ||¢™ — ¢™~1||,
_ ok he negative term is
Meta-regret. S, (py, hy,) — hy; < 288 . <+HTlogN base-re . s o LS — e i*,5" g2y | e ned .
_ ; AR = gret < (H;« + Pr)/ni= j= + ni= j= L Mi* 5 (q ,03) | crucial to cancel the Hlog(|X||A|) + 2PrlogT ~ —
’ 7R ’ kzzl : term in meta-regret base-regret < n;«1T + g(| || |> T 96 + (7' + 1>77i*T < O(\/TT(l + PT))
Lower bound: E[D-Regret ] > Q(/T(H + Pr)log | X||A] &
o Dynamic regret bound: E[D-Regret,]| < O (\/(H* + P ) (H, + Px + L%)) Meta-regret. meta-regret < log&.N +2e(27 + 3)°T < (27 + 3)/2T log N
Path length of policies: Pr =3, >, ! ||Ins, -

Relationship between P; and P;: P < HP; Lower bound: E[D-Regret ;] > (\/ DH.K (1+ Pk /H*)> and Py = cPy,Vc > 0. Relationship between P; and Py: Pr < (t+2)P;
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