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Background Generalization of GAIL
> Reinforcement Learning Assumption 1 (5-Mixing). Expert demonstrations (s, at)f 01 forms an exponentially 3-mixing Markov chain, i.e.,
— State s € S : sup [ su P(A|B) —P < By exp(—pF1k“
Agent ~ Action a € A, Environment mpBEGZ)” A€J§+k‘ (A|B) (A)] < Boexp(—B51k7),

~ T .

Learn policy 7

S~ /

— New state s" € S

Assumption 2 (Bounded Feature Vectors). There exist feature vectors 1) € R%S and 1), € R*A for every s € S and
a € A, respectively, satisfying ||vs|l2 < 1 and |||l < 1, for all s € S and a € A.

Assumption 3 (Bounded Reward). The reward function class is bounded, i.e.,

|, < By foranyr e R.

— Reward r Theorem 1 (Generalization of GAIL). Suppose Assumptions 1-3 hold, and @ satisfies dr(m}l,7) —inf dr(n},m) < €.
With probability at least 1 — § over the expert demonstrations {(at ,sgz))t o tiq, we have
Reward functions are often difficult to describe Sy
: O 1
in complex tasks. dr(7*,7) — lnde(ﬂ' ) <O \/logN R, nT,H HOO) B, 3(1/9) + € with { = (B 1log L)a .
vnT/ nT'/¢
> Imitation Learning
Agent ¢ accounts for the dependence in the expert demonstrations.

?
- > Reproducing Kernel Reward Function

r(s,a) = 0" g(vs,1,), with 8 € RY,||0||2 < By and g being p,-Lipschitz, g(0,0) = 0.

Learn policy 7

Environment

_5 Corollary 2. With probability at least 1 — § over the joint distribution of {(at,s})/—'}"_ |, we have
S
gt |
T eon U § By log(1/9
- N’“ﬁ/ \ dr(m”,7) —infdg (77, 7) < O( piT \/(]10g (pgBo/nT/C) + PgBe\/ 5;/2 )) + €.
Expert poli 25 :
- e my%;w g € > Neural Network Reward Function
YW

r(s,a) = Who(Wp_1o(---a(Wilp, ;) ]1"))), with W; € R%*%-1 ||IW;]|, < 1 and Lipschitz activation o.

Expert

Corollary 3. With probability at least 1 — § over the joint distribution of {(a;,s:),—o ", we have

e Behavior Cloning

| /\

dr (7™, 7) — lnde(T(' )

— Supervised learning; | (\/nT \/

— Mismatch in training and testing; — . - —
_ Poor generalization. Trade-off dr (7, )éu;f dr(m, 7" ) + generalization gap‘
e Inverse Reinforcement Learning class of # NOT too small > R NOT too small V.S. R NOT too large

— Learn a reward function; A

dQDlog D\/dnT/C) \/1051(}/;)) e  with d = maxd;.

— Bi-level optimization;

Computation of GAIL

— Computationally inefficient.

We consider kernel reward function 74(s,a) and policy parameterized by w. A regularized GAIL objective function:

Generative Adversarial Imitation Learning min max F(0,w)=E, [re(s,a)] — Ex[re(s,a)] — NH (7)) — g 161>, with \, 1 tuning parameters.
> R-distance w |0]],<k

dR(ﬂ-a 7T/) — sup K [T(Sv CL)] — [T(Sv a)] .
reR plt+1) — 17T, (6)(15) + 776(;,% zje/\/lé” Vo (w(t)7 Q(t))) and @t — @) _ an% ZjeMSf) Vo fi (w(t), 9(t+1))7
e 7, 7 evaluation policies;

> Alternating Stochastic Gradient Descent Ascent

| | ® 19,1N,: learning rates; e /\/lét),/\/lff) mini-batches; o Vf;, VE: independent stochastic approximations of V F'.
e R: a symmetric class of reward functions;

Assumption 4 (Unbiased and Bounded Stochastic Gradients). There are two positive constants M, and My such that
o E.|r|, E./|r]: expected average rewards.

Unbiased : EV f;(w,0) = EVf;(w,0) = VF(w,0),

Special examples: - , ,
Bounded : E||V, f;(w,0) =V, F(w,0)|5 <M, and E|Vyfi(w,0)—VeF(w,0)|5 < M.

e Wasserstein distance: R = {1-Lipschitz function}; . | _
Assumption 5 (Bounded and Smooth Regularizer). There exist constants By and Sy such that

H(n,) < By and ||Vu,H(T,)—VoH (7w )|, < SHllw—w|,-

e Total variation distance: R = {£14}.

> Generative Adversarial Imitation Learning (GAIL) Theorem 4 (Computation of GAIL). Suppose Assumptions 1-5 hold, and certain regularity conditions on .. With

# € argmin max dr (7, 7 ) properly chosen 1., and ng, for any given € > 0, alternating stochastic gradient descent ascent converges to a fist-order

©r  TER stationary point in at most
N = n(Co + 4V2pyk + pk* + 2\By )e

= argminmax E,[r(s,a)] — E«[r(s, a)]. _
iterations. Here Cy depends on the initialization, 1 depends on n,, and ng, and the mini-batch size is O(1/¢).

T reR i

e E.-|r(s,a)]: expert empirical average reward;

Empirical Convergence of GAIL

e 7T minimizes its discrepancy with 7" under the R-

distance. Acrobot-vl (1, = 3e — 4,19 = le — 3) Hopper-v2 (1, = 5e — 4,19 = le —3)  MountainCar-v0 (n,, = be — 4,ne = le — 3)
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Questions

e Is 7 close to m* under the R-distance? —
Generalization theory;

| | | | |
O H=~ v DO —
-] -] -] -) (-)
- (- (- (- (-

e Can 7 be obtained efficiently? — Compu-
tation theory.
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