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Some ways to do Meta (Reinforcement) Learning:

@ Learn an initialisation that is quickly adapted (Finn et al., 2017)
@ Learn a recurrent model (Wang et al., 2017)
@ Learn a bias (Cella et al., 2020)



Setup

Definition (MDP with linear transition core)
o MDP M (S,A,P,r, N, H)
o A priori given feature maps ¢(s¢, ar) € RY and v(s;41) € RY

/
o There exists an unknown matrix M* € R9*9 (the transition core),
such that V(s,a:) € S X A, s¢11 € St

P(5|s, a) = (s, a)TM*¢(§).

Regret as Performance Metric

n=

H
V*(s0) (Zr Sn by 3nh )] -

1




Finding the transition core

Notation

Ky =Y ecs VBB, Vo =3 cpnan G ndh p and Vi = A+ V.

Ridge regression problem in n-th episode for a fixed bias matrix W e R¥*’

n,H
M, = arg min D llw nKyt = dm nM3 +AIM - WE .
n’ h

Solution of the biased ridge regression:

M, =w+ (V) Z¢nh( Tk = 0L W)




Feature Regularity Assumptions

Q [|¢(s,a)|13 < Cs ¥(s,a) € S x A,
2 Hqu;lHZoo < C{l}

Q [[VTv]l2 < Cyf[v]loo Vv € R®

Q |[M*||2 < Cud



Regret Single Task BUC-MatrixRL

Optimistic radius:

BY(8) = c;/,\/zdf log (;) +d'dlog (D)+VA|W — M*|[r (1)

Theorem (Regret BUC-Matrix RL (Yang and Wang, 2019))

Under regularity assumptions, choosing the ellipsoid radius B}V () as in 1
BUC-MatrixRL abides with probability at least 1 — 1/(NH) after NH steps
the following bound on the regret:

Rr(M") < (C},/ddlog (TD) + VAW — M*|[£ ) 2C,Hy/ Cyr Td In (D)

v




Interpreting the Single Task BUC-MatrixRL regret

@ Uninformed transition core W = 0 € R?%¢" recovers Yang and Wang
(2019)

@ Oracle provided transition core W = M*. Recalling the definition of D

HCs -, .
as 1+ n)\g“’, it is clear that the regret goes to 0 as A — oo




Considered Meta RL Setting

Interaction Protocol
@ |Interact with train tasks Tiain
@ Be evaluated on test task distribution Tzest

Meta Transfer Regret as Performance Metric

Mtr1(Ttest) = Ep7 Regret(T, M) .

Useful quantities

Vary(T) = Em~r [|M — WZ]
Madw(T) = Em~7 [IM — W||F] .




Optimal Meta Transfer Regret

Theorem (Meta Transfer Regret BUC-MatrixRL)

Under regularity assumptions we have with probability at least 1 — 1/(NH)

for a task distribution T the following Mtr after T steps per task (where
we absorb constant factors into C):

Mirr(T) <CC,HCd/d T, log (TD) In (D)

+ CCyH/VarwATCyad In (D)




Interpreting MTR

Q limy_sMtr(T) < CCwH\/VarWT2C¢

@ Choosing the regularlsatlon strength TVarW

yields a \/Iog (1 + Varw ) dependence

Q Let A= TVa and W = M. Then:
llmVarW(’T)HO MtI‘T(T) =0

@ Oracle BUC-MatrixRL improves against
individual task learning, whenever the variance
of the task distribution is much lower than its

offset from the origin:

Vary = Ew~7|M — M|z < Emr||M||E = Varo .




What to do without an oracle?



Estimating the bias

Theorem (MTR with bias estimator)

BUC-MatrixRL incurs after T interactions in G previous tasks, using a bias
estimator WG nh , Step size A = # under regularity assumptions,
WG,n,h

with probability at least 1 — 1/(NH) at most the following meta transfer
regret:

Mtrr(Megi1) < CCy HdC{ﬂ

3 _
\/ CosaTiog( 7+ T (T




A low bias estimator

Combining previous estimators with normalisation factor Z:

Resulting estimation error:

= Bg,7(1/NH)
GG,T( ) < H’T(G +1 M) +gn;?G] W




A high bias estimator

@ Performing global ridge regression with global features Ve k-

G-1N.H
Wo o =(V ,0) lz Z Dg.nhtbg.nnky T+ Z D6 e Ky

g=1 n,h n’ h’

@ Resulting estimation error:

ec.7(T) < Hr (G +1,M) +2(G +1) max H(G+1,M,)
g€[G+1]

dC , 2 GN2H2C,
+ A + Vmin * Cw\/)\ + Vmin log (NH - Ad

BO(1/(GNH))
Atv,

@ Minimal singular value: vmin = Amin (VGJ,,;,)

o A(G+1, M;) is a weighted version of the estimation error Mj:

AG. My) = H(g, My)omas (Ve Ve ko)



Conclusion

@ Meta Learning via learning a bias improves against single task learning
for certain task families

@ Tradeoff between more training tasks and alignment of them

@ Assumes known features: future work to explore the impact of feature
learning (Raghu et al., 2019)
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