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Figure 1: ALVINN Architecture

ALVINN: An Autonomous Land Vehicle in a Neural Network
[Pomerleau 1989]
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Does it work?
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Does it work?
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Drift

* Expert is too good
e Lack of corrective feedback
* Policy inaccuracies

* Errors compound over time
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Drift

* Expert is too good

e Lack of corrective feedback
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Feedback
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Noise Injection

DART: Noise Injection for Robust Imitation Learning
[Laskey et al. 2017]
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Noise Injection

DART: Noise Injection for Robust Imitation Learning
[Laskey et al. 2017]
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Noise Injection

ALGORITHM 2: BC with Noise Injection

1: D+ () initialize dataset

2: for timestep t do

3: 0o < record observation

4:  a; < query expert for an action

5. € < sample noise

6: a,<a; +e

7. Apply a; to environment

8:  Store (o, a;) in dataset D

9: end for

10: 7wBC = arg min_ E(Oigai)ND [—logm(a;|0;)]

11: return m

BC

DART: Noise Injection for Robust Imitation Learning

[Laskey et al. 2017]
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Noise Injection
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Noise Injection

ALGORITHM 2: BC with Noise Injection

1: D+ () initialize dataset

2: for timestep t do

3: 0o < record observation
4:  a; < query expert for an action
5. € < sample noise
6: a,<a; +e
7. Apply a; to environment
8:  Store (o, a;) in dataset D
9: end for
. BC e i .
10: 7°% = arg min, E, a,)~p [—logm(a;|0;)]

11: return m

BC

DART: Noise Injection for Robust Imitation Learning

[Laskey et al. 2017]

28



Noise Injection

ALGORITHM 2: BC with Noise Injection

1: D+ () initialize dataset

2: for timestep t do

3:
4:

&:
9:

10:
11:

0o¢ < record observation
a; < query expert for an action

€, < sample noise
a, < a; +¢
Apply ag to environment

Store (0, a;) in dataset D
end for
B¢ = arg min, K, a,)~p [—logm(a;|o;)]
return 72¢

DART: Noise Injection for Robust Imitation Learning

[Laskey et al. 2017]
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Noise Injection

ALGORITHM 2: BC with Noise Injection

1: D+ () initialize dataset

2: for timestep t do
3: 0o < record observation
4:  a; < query expert for an action

5 €; < sample noise
6: a,<a; +e

T Kpply a; to environment

8:  Store (o, a;) in dataset D

9: end for

10: 78¢ = arg min_ B, a,~p [—logm(a;]0;)]
11: return 75¢

DART: Noise Injection for Robust Imitation Learning
[Laskey et al. 2017]
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Noise Injection

ALGORITHM 2: BC with Noise Injection
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Noise Injection

ALGORITHM 2: BC with Noise Injection

1: D+ () initialize dataset

2: for timestep t do

3:
4:

8:

0o¢ < record observation
a; < query expert for an action

€; < sample noise
a, < a; +¢

Apply ag to environment

Store (0, a;) in dataset D

9: en or

10:
11: return =

BC

= arg min,_ E, a,)~p [—logm(a;[0;)]
BC

DART: Noise Injection for Robust Imitation Learning

[Laskey et al. 2017]
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Noise Injection

ALGORITHM 2: BC with Noise Injection

1: D+ () initialize dataset

2: for timestep t do

3: 0o < record observation
4:  a; < query expert for an action
5. € < sample noise
6: a,<a; +e
7. Apply a; to environment
8:  Store (o, a;) in dataset D
|
9: end for
10: 7wBC = arg min_ E(Oigai)ND [—logm(a;|0;)]

11: return m

BC

DART: Noise Injection for Robust Imitation Learning

[Laskey et al. 2017]
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Noise Injection

ALGORITHM 2: BC with Noise Injection

1: D+ () initialize dataset

2: for timestep t do
3: 0o < record observation
4:  a; < query expert for an action

€; < sample noise
a, < a; +¢
Apply ag to environment

8:  Store (o, a;) in dataset D
9: end for

10: 78Y = arg min_ B, a,~p [—logm(a;]0;)]

?
11: return m

DART: Noise Injection for Robust Imitation Learning
[Laskey et al. 2017]



Noise Injection

ALGORITHM 2: BC with Noise Injection

1: D+ () initialize dataset

2: for timestep t do

3: 0o < record observation
4:  a; < query expert for an action
5. € < sample noise
6: a,<a; +e
7. Apply a; to environment
8:  Store (o, a;) in dataset D
9: end for
. BC e i .
10: 7°% = arg min, E, a,)~p [—logm(a;|0;)]

11: return m

BC

DART: Noise Injection for Robust Imitation Learning

[Laskey et al. 2017]
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Noise Injection

Simple method to get corrective feedback
Can work well in practice
3¢ Dangerous for expert!

x Difficult to pick effective perturbations
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Data Augmentation
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Data Augmentation
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Data Augmentation

@ ar = ap + Aay
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Data Augmentation

Recorded
steering
wheel angle._ Adjust for shift Desired steering command
and rotation
- ~ Network
Left camera computed
* . steering
‘s ™y _-"' s
Random shift command
\Center camera —: and rotation | ™ CNN
Right camera f
Back propagation | Emmor
weight adjustment

End to End Learning for Self-Driving Cars
[Bojarski et al. 2016]
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Data Augmentation
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Drift

* Expert is too good
e Lack of corrective feedback
* Policy inaccuracies

* Errors compound over time
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Theoretical Analysis

Analyze the number of mistakes 7T makes over time

Theorem 1. The number of mistakes grow O(e7?)
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Theoretical Analysis

Given dataset sampled from pdata(s,a)

n|

mﬂi'n t(saa) ~Pdatals,a) [_1Ogﬂ-(a‘ S)]

Such that

m(a+#m(s)|s) <€ forall 8 ~ DyatalS)

i.e. the probability of 7T making a mistake is bounded.

0 ifa=n"
Cost: c(s,a) { A= (S)

1 otherwise
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Theoretical Analysis

Assume: m(a# 7 (s)ls) <e forall s~ paia(s)

p_zi% = (1= )'phaga(8) + (1= (1= 0Dl e®)

probability of being in S after following 7 for ¢ timesteps
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Theoretical Analysis

Assume: m(a# 7 (s)ls) <e forall s~ paia(s)

(s) + (1= (1 = € )Pistake(s)

no mistakes in ¢ timsteps
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Theoretical Analysis

Assume: m(a# 7 (s)ls) <e forall s~ paia(s)

Pr(s) = (1 =€) Plaals) (1 = (1 = )Ppiciare(S)

- \

no mistakes in t timsteps at least 1 mistakes in ¢ timsteps
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

Pr(8) = (1 = )'Daa(®) + (1= (1= ))pistate(S)

Et: Ept (s)Ex(als) [o(s, 2)]

expected cost
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

pr(S) = (1 - e)tpéata(s) + (1= (1 - E)t)pfnistake(s)

Et: Ept (s)Ex(als) [o(s, 2)]
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

pr(S) = (1 - e)tpéata(s) + (1= (1 - E)t)pfnistake(s)

zt: EwEW(a@ [C(S, a)]
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

pr(S) = (1 - e)tpéata(s) + (1= (1 - E)t)pfnistake(s)

Et: Ept (s)Ex(als) [o(s, 2)]
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

pr(S) = (1 - e)tpéata(s) + (1= (1 - E)t)pfnistake(s)

(

0 if a=7"*(s)

1 otherwise

\
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

pr(S) = (1 - e)tpéata(s) + (1= (1 - E)t)pfnistake(s)

ZEp%(s)Ew(a\s) c(s,a)] = S: y:pfr<s)E7T(a\s) c(s,a)]
t t S
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

Pr(s) =

2By

(1— e)tpéata(s) +(1—(1- E)t)pfmstake(s)

YT}% c(s, )

—YY(pﬂ &)+ Pl >) B r(afs) (5, 2)]

= ()
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

Pr(s) = (1= )" Djara(8) + (1 = (1 = €))Ppistare(s)
Z Y Ypﬂ (s, a)]
_ y y (pﬂ b (s) +pdata< >) Er(afs) [c(s, )]
= Z: Z:pdata c(s,a)] +Y 7 (Pw ~ Pata(8 )) E(als) (s, a)]

56



Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

Pr(s) =

2By

(1— e)tpéata(s) +(1—(1- E)t)pfmstake(s)

YT}% c(s, )

—YY(pW &)+ Pl >)E(a|>[< a)

_S:S:pdata S a _I_YY(;D?T pdata ) m(als)
t S
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

Pr(s) =

2By

(1— e)tpéata(s) +(1—(1- E)t)pfmstake(s)

YT}% c(s, )

—YY(pﬂ &)+ Pl >) B r(afs) (5, 2)]

_xs:pdata m(als) [ (s,a)
t s ‘
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

ph(s) = (1= )'Pla(s) + (1= (1= "ol iare(s)
Z Y Ypﬂ (s, a)]
=2 Y (pﬂ - haal®) il >) Er(as) [c(s, )
= g Zpdm wtals) o8 14D D™ (Ph(8) = Plia(®)) Ergas) [e(5,2)

t S
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Theoretical Analysis

Assume: 7 (a = 7w (s)|s) < e forall 8 ~ pyaials)

Pr(8) = (1= ) Paarals) + (1 = (1 = ) )Pyiare(s)
Z Y Ypﬂ (s, a)]
-3 Y (pﬂ - )+ Pl >) Er(afs) [¢(5. )
= Z: Z:pdata c(s,a)] +Y 7 (Pw ~ Pata(8 )) E(als) (s, a)]

|

< €T
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Theoretical Analysis

Assume: 7 (a £ 7 (s)|s) <€ forall 8 ~ py.ia(S)
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Theoretical Analysis

D rh(e) - > (1= Pha(8)+ (1= (1= ) pisetare®)
Zpﬁ —(1—¢ pdata( S) = Z (1 — (1 - E)t) pfnjstake(s)

S
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Theoretical Analysis
D rh(e) - Zu—e)tpgm(sw(l — (1= ") Plgare®)
Zpﬂ 1 —€ pdata( ) Z (1 o (1 o E)t) pfnistake(s)

S

Zpﬁ (1= Pa8)= (1= (1= ) Pia(8) =D (1= (1= ) Phitae®)= (1 = (1= ') pligas)

S
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Theoretical Analysis
D rh(e) - Zu—e)tpgm(sw(l — (1= ") Plgare®)
Zpﬂ 1 —€ pdata( ) Z (1 o (1 o E)t) pfnistake(s)

S

zpﬁ ~(1=0Pa(8)= (1= (1= ) Phaga(8) = (1= (1= ") pypuse(8)= (1= (1 = ') Phio5)

S
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Theoretical Analysis

D rh(e) - Zu—e)tpgm(sw(l — (1= ") Plgare®)
Zpﬂ ~(1=0"Dlia(s) = 3 (1= (1= ") Pl (s)

S

Zpﬂ ~(1=6)"Phasa(8)= (1= (1= ) Phoga(8) =D (1= (1= ") plisetare(®) = (1= (1= ") plials)

S
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Theoretical Analysis
D rhls) = Zu—e)tpgm(sw(l — (1= ") Pyl
Zpﬂ 1 € pdata( ) Z (1 o (1 o E)t) pfnistake(s)

S

Zpﬂ (1= Pa8)= (1= (1= ) Pia(8) =D (1= (1= ) Phitae®)= (1 = (1= ') pligas)

S

t
ZPW pdata — ( 1 - E ) melbtake pdata( )
t
< ( (1—e ) Z ‘pmlstake pdata( )‘

J

total varlatlon distance < 2
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Theoretical Analysis
D rhls) = Zu—e)tpgm(sw(l — (1= ") Pyl
Zpﬂ 1 € pdata( ) Z (1 o (1 o E)t) pfnistake(s)

S

Zpﬂ (1= Pa8)= (1= (1= ) Pia(8) =D (1= (1= ) Phitae®)= (1 = (1= ') pligas)

S

t
ZPW pdata — ( 1 - E ) melbtake pdata( )
t
< ( (1—e ) Z ‘pmlstake pdata( )‘

<2(1-( l—E)t) Note: (1 —e)f >1— et
< 2et

for € € [0, 1]
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Theoretical Analysis

Zpﬂ pdata ) <2 (1 —(1- e)t) Note: (1 — E)t >1—€t for e € 10, 1]
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Theoretical Analysis

2By cls,a)l = ) ) x(s)
<6T—|—YY(
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Theoretical Analysis

ZEp%(s)Eﬂ(a\s) c(s,a)] = S: SPZ(S)E

t S

< el +7 Y ( — Plata(S )) E.(als) [c(s,a)

geT—FZQet
t

c(s,a)
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Theoretical Analysis

2By clsa)l = ) Prls)

t S

< el +7 Y ( — Plata(S )) E.(als) [c(s,a)

geT—FZQet
t

< €T + 26T €| O(eT?)

c(s,a)l

71



Worst Case
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Worst Case
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Distribution Shift

%:Epms)Ew(ms) cls,a)] < €T

VA

Z Ep%(s)Eﬂ(a| ) ET—FY Y (pﬂ' pdata )) EW(&‘S) [C(Sa a)]
L /

pr(S) 7 pﬁata(s)

74



Distribution Shift




Dataset Aggregation

Can we make pdata(o) = pw(O) ?

Key idea:

* Collect observations from pr(0) instead of Pata(O)
* Label actions with expert

* DAgger: Dataset Aggregation [Ross et al. 2011]
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DAgger
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DAgger
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DAgger

ALGORITHM: DAgger

1: for iteration 7 =0,....k — 1 do

2:  train 7(alo) from dataset D = {0, ag, 01, ag, ...}
3:  run 7m(alo) to collect dataset D, = {0y, 01, ...}

4 Label D, with actions a; from expert

5. Aggregate datasets: D <« D UD,

6: end for

A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning
[Ross et al. 2011]
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2:  train 7(alo) from dataset D = {0, ag, 01, ag, ...}
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DAgger

ALGORITHM: DAgger

1: for iteration 7 =0,....k — 1 do
train m(alo) from dataset D = {0q, a9, 01. ag, ...

2
3:  run 7m(alo) to collect dataset D, = {0y, 01, ...}
4 Label D, with actions a; from expert

5. Aggregate datasets: D <« D UD,

6: end for

A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning
[Ross et al. 2011]
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DAgger

ALGORITHM: DAgger

1: for iteration 7 =0,....k — 1 do

2:  train 7(alo) from dataset D = {0, ag, 01, ag, ...}
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1. Label D, with actions a; from expert
5. Aggregate datasets: D < D UD,

6: end for

A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning
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DAgger

ALGORITHM: DAgger

1: for iteration 7 =0,....k — 1 do

2:  train 7(alo) from dataset D = {0, ag, 01, ag, ...}

3:  run 7m(alo) to collect dataset D, = {0y, 01, ...}

4 Label D, with actions a; from expert
Aggregate datasets: D < DUD,

end for

D:
6:

A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning
[Ross et al. 2011]
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DAgger

ALGORITHM: DAgger

1: for iteration 7 =0,....k — 1 do

2:  train 7(alo) from dataset D = {0, ag, 01, ag, ...}
3:  run 7m(alo) to collect dataset D, = {0y, 01, ...}

4 Label D, with actions a; from expert
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A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning
[Ross et al. 2011]
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DAgger

A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning
[Ross et al. 2011]
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DAgger Analysis

Assume: 7 (a £ 7 (s)|s) <€ forall 8 ~ py.ia(S) Pdata(s) = pr(s)!
pr(S) = (1 - e)tpéata(s) +(1—(1- E)t)pfnistake(s)

t
— pdata<s)
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DAgger Analysis

Assume: 7 (a £ 7 (s)|s) <€ forall 8 ~ py.ia(S) Pdata(s) = pr(s)!
pie(s) = (1 = €)'phaa(s) + (1 = (1 = "D} istane(s)

t
— pdata(s)
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DAgger Analysis

Assume: 7 (a £ 7 (s)|s) <€ forall 8 ~ py.ia(S) Pdata(s) = pr(s)!

Pr(8) = Data(s)

zt: Ep%(S)EW( Z pdata C<S? a)];
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DAgger Analysis

Assume: 7 (a £ 7 (s)|s) <€ forall 8 ~ py.ia(S) Pdata(s) = pr(s)!

Pr(8) = Data(s)

zt: Ept (s)Er(als) Z Phacals ) lc(s,a)
< Z €
t

< el €|O(eT)
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DAgger

ALGORITHM : DAgger

1: for iteration 2z =0,....k — 1 do

Label D, with actions a; from expert
5:  Aggregate datasets: D <— DU D,
6: end for

A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning
[Ross et al. 2011]
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DAgger

ALGORITHM : DAgger

1: for iteration 2z =0,....k — 1 do

2:  train w(a\o) from Dxporl dataset D = {0y, ag, 01, ay, ..
3 r 0g, 01, ...}
T . — :

o

Aggmgato damc;olc, ’D — D U D
6: end for

-}

A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning
[Ross et al. 2011]
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Applications



Applications

sl
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Single Play-LMP policy

Learning Latent Plans from Play
[Lynch et al. 2019] 94



Applications

‘Place Dottle'in trayp==_ § place banana in.ceramic Cup %
xreaé‘ume L e ' 2)5; reitime

5 b Egl i ¢

- Nes

' ;- | - ‘.h\

‘Place banana ON. W tesponge push purple bowlaeross table’

DX realtlme : : rea}tlme

BC-Z: Zero-Shot Task Generalization with Robotic Imitation Learning
[Jang et al. 2021] 95



Summary

* Behavioral Cloning
* Drift

* Theoretical Analysis
* DAgger

* Applications
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Assignment 1: Behavioral Cloning

' eetah ' B Walker
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Assignment 1: Behavioral Cloning

O Search or jump to... Pull requests Issues Codespaces Marketplace Explore

.

Xbpengﬁrl_assignments Public Q{ Pin @ Unwatch 2 % Fork 3 - 7 Star 3 -

<> Code (® Issues 1§91 Pullrequests () Actions [ Projects [0 Wiki @ Security |~ Insights 3 Settings

¥ main ~ $ 1branch © 0tags Go to file Add file ~ About &

No description, website, or topics provided.

Jason Peng fixing potential lacding issueg ssbi7le 19 hours ago &) 4 commits
0 Readme
al al 2 days ago &8 BSD-3-Clause license
data al 2 days ago w3 stars
& 2 watching
envs al 2 days ago
Y 3 forks
learning fixing potential laoding issueg 19 hours ago
tools al 2 days ago Releases
util al ? days ago No releases published
C n releas
[§ .gitignore al 2 days ago reate anewelesse
[ LICENSE al 2 days ago
Packages
[ README.md readme 2 days ago

github.com/xbpeng/rl_assignments .
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