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Behavioral Cloning and noise injection

Behavioral cloning

Train policy 7; to minimize Esq7e [D(m(:|s), me(+|s))]
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Behavioral Cloning and noise injection

Behavioral cloning

Train policy 7; to minimize Esq7e [D(m(:|s), me(+|s))]

Expert trajectory

Learned Policy
e
>€ i@,

No data on
how to recover

Noise injection
Apply noise on mg to explore neighbourhood of the trajectory

Empirically validated [Laskey et al. 2017].
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Current theoretical results and open problems

Theorem [Xu, Li, and Yu 2020]

T = expert policy, m; = imitator policy.

2Rmax
(1-7)?

e = Es~ame [TV (me(-]s), mi(:|s))].

Not suited for continuous actions

If 7g deterministic, TV (mg(+|s), m(+]s)) = 1.
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Current theoretical results and open problems

Theorem [Xu, Li, and Yu 2020]

T = expert policy, m; = imitator policy.

(f’i_m;X)zEsNdwE[TV(wE(-|s),7r/(-IS))]-

JTE— JT <

Not suited for continuous actions
If 7g deterministic, TV (mg(+|s), m(+]s)) = 1.

Can we explain the performance of Noise injection?

The bound shows no advantage in using noise injection.

3/13



Mathematical background

f : X — Y is L-Lipschitz continuous:

dy (F(x), F(X)) < Ldx(x,x'), ¥x,x' € X.

Lipschitz constant: denoted as ||f]|,.
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Mathematical background

f : X — Y is L-Lipschitz continuous:

dy (F(x), F(X)) < Ldx(x,x'), ¥x,x' € X.

Lipschitz constant: denoted as ||f]|,.

Holder continuity

f: X — Yis «, L-Hdlder continuous for some o < 1:

dy(f(x), f(x)) < Ldx(x,x)*, Vx,x" € X.

a< B = HC(B) C HC().
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Mathematical background 2

Woasserstein distance

For probability measures i, v on €, the Wasserstein distance is
defined as:

Wi(p,v) = sup
IFll, <1

/ f(w)(u—v)(dw)] Vi € Q
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Mathematical background 2

Wasserstein distance
For probability measures i, v on €, the Wasserstein distance is

defined as:
Wil = sup | [ F@)u—)(e)| Vi €2
I, <tl/Q
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Lipschitz MDPs

Lipschitz MDP

S and A metric spaces with distances ds and d4.
o |[E[R(s,a)] — E[R(s',d)]| < L/(ds(s,s") + da(a, "))
° Wl(P("S, 3)7 P("SI, al)) < LP(dS(S, 5/) + dA(aa a/))

Lipschitz Policy

o Wi(m(:|s), n(:|s")) < Lrds(s,s’).
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Lipschitz MDPs

Lipschitz MDP

S and A metric spaces with distances ds and dj4.
o |E[R(s,a)] — E[R(s,d)]| < L.(ds(s,s’) + da(a,a’))
° Wl(P("S, 3)7 P("Sl, al)) < LP(dS(sa 5/) + dA(aa a/))

Lipschitz Policy

o Wi(m(:|s), n(:|s")) < Lrds(s,s’).

Theorem [Rachelson and Lagoudakis 2010]

Under yvLp(1+ L;) < 1, Q™ is Lipschitz-continuous

L,
Lor <
=1 ALp(1+ Ly)
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First results

Performance bound on BC
If Q™ (s,a) is Lgm-LC, then:

JTE _ T < LQW’
-1

Es~ame Wi(mi(-[s), e (:|s))]-
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First results

Performance bound on BC
If Q™ (s,a) is Lgm-LC, then:

JTE _ T < LQW’
-1

Es~ame Wi(mi(-[s), e (:|s))]-

v

Is this a realistic assumption?

L,
Lor < . 1
= T AL (1 Ly) (1)

v
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This bound cannot be improved, but...

Holder continuity of the @™ function

The Q™ (s, a) function is always a, L — HC with

_ . —log
0 = 1 .
Sasa=mn { VTog(Ly(1 + Lw))}
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This bound cannot be improved, but...

Holder continuity of the @™ function

The Q™ (s, a) function is always a, L — HC with
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Result over BC

Optimal Error Rate for BC

Lom o a
JTE — T < IQ l7 Eowgme [Wl (WE(‘ls)ﬂTI("S)) ]

JrE —JT < O(:"),

where €2 = Eqgne[||me(s) — mi(s)|13]-
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Noisy expert:
at g~ 7TE('ISt)
Vt S N . 77t !'I\d’ L 9

atr = ar g+ Nt
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Noisy expert:
at g~ 7TE('ISt)
Vt S N . 77t !'I\d’ L 9

atr = ar g+ Nt

Noise condition

denoting with TV(:,-) the total variation distance

TV(L( + ), £()) < Lllhll2,  VheR™.
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Result of noise injection

Error bound for noise injection

Given noisy expert mg ¢ and a noisy imitator ;.

2L£ Qmax
1—

e — e < ZEE e Wa(re( ). mi(1s))]

Note that Qmax < %
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Result of noise injection

Error bound for noise injection

Given noisy expert mg ¢ and a noisy imitator ;.

2L£ Qmax
1—

et = e < SR e [ (e (1), mi (1))

Note that Qmax < %
Performance guarantee using BC:

JTEC — e < O(2),

where 2 = Eswdre[||me(s) — TFI(S)H%]
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Result of noise injection

Error bound for noise injection

Given noisy expert mg ¢ and a noisy imitator ;.

21—5 Qmax
1—

ST = T < SR e DM Cls), i)

Note that Qmax < %
Performance guarantee using BC:

e e < 0(),
where 2 = Eswdre[||me(s) — TFI(S)H%]

Noise gap
Is JTE — JTEL big?
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Numerical simulations

Lunar Lander
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