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I. Motivating Example
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IV. Low-dimensional Adaptation
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We work under Conditions 1-3. For
some ), there exists a Lipschitz invertible func-
tion ¢ : V — #(X) satisfying Condition 4, © €
Nx(D+1)  and 7°: X — AP such that # = ¢o
(:) . Moreover, for any (gb,@ 7°) such that 7 =

qb 0 ©7°, there exists a Lipschitz continuous func-
tion 77 : AD — AP such that 7T = po© o7l 0 7°.
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Theorem.

V. Improved Sample Complexity
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II. Mathematical set-up
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I11. Suftficient Conditions

Condition 1. For a given metric dp,, on the space of distributions
on ), there is some positive scalar L such that

dp, (7 (-|z1), 7T (-|z2)) < Ldp,, (7 (-|21), 7 (-|22)) (1)
Condition 2 (Image Inclusion).
! (X) C 7(X) (2)

Condition 3 (Low-dimensional encoding). There exists an injec-
tive function ¢: V — Py, where V C R” is a bounded convex
polytope with D + 1 vertices, such that:

1. The image ¢()) contains the image of the policies: 7' (X) C

m(X) C o(V);

2. Tt is (L¢, Ly-1)-bi-Lipschitz with its left inverse ¢~': Py —
Vi g llvr = vallp < d(@(v1), ¢(v2)) < Lollvr — val|, where
d is a metric on Py .
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Theorem. Assuming we have trained to conver-
gence on proxy data,

we need
~ D ~
ey =02 (96L¢u@||pr\/5) bg(%quu@np@) ey
€ € €
samples to generalise.
Theorem. Otherwise ...
We need
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VI Real world application

Tempered softmax gives a real-world example which satisfies our
conditions.

o« A :R57 Px :N(07]5)
e V=1{1,2,3}, so Py = A%, a two-simplex.

Condition 3 1s satistied.

o D=1. «

e I :R> 5 R — A2,
)) _ 1Og(7TT(yk|iU))

o log(m(yr | @ Temperature T' = 5.

o Trof = Uniform{1,2,3} \
Division by a constant T satisfies conditions
1 and 2 where d@? 1s the log difference.

Toef | 70 T o 7Tg
mean | 0.63 | 0.0 | 0.33 | 0.34 | 0.32
std 0.00 | 0.0 | 0.00 | 0.014 | 0.096

Table 1: Results for the Tempered Reward experiment
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