Behavioral Cloning and
Interactive Imitation Learning

Instructor: Daniel Brown

[Some slides adapted from Sergey Levine (CS 285) and Alina Vereshchaka (CSE4/510)]



Course feedback is open

 Extra credit if class response rate is 70% or higher

* Sliding scale if we reach 70%:
* Extra credit points = response rate percentage/ 10






Reinforcement Learning
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Reward engineering is hard!
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Reward engineering is hard!
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Reward engineering is hard!




Reinforcement learning is hard...even with a
reward function!
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Imitation Learning:

Learn a policy from examples of good behavior.

* Often showing is easier than telling.
* Alleviates problem of exploration.
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What would the
human do?

Behavioral Cloning
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Inverse Reinforcement Learning

We'll talk about t;lis on Thursday!

Why? What is the
human’s reward
function?

Observation
Action




Imitation Learning via Behavioral Cloning

training supervised

leaini mo(at|os)
data earning
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ALVINN: One of the first imitation learning systems

ALVINN: Autonomous Land Vehicle In a Neural Network
1989

SRS 30x32 Video
@5°| Input Retina
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ALVINN: One of the first imitation learning systems

ALVINN: Autonomous Land Vehicle In a Neural Network
1989
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What could go wrong?

training Superv.ised
data learning

— training trajectory
- — Ty expected trajectory

7T9(at|0t)
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Distribution Shift

Pr+(0t) # Prg(0t) @8/"0 w*

Expert trajectory
B Supervised Supervised
......... - Learning Learning + Coritrol
/ Train (x,y) ~ s ~T(s,a,m(s))
No data on N ~
how to recover = : (:,‘! Test (x,y) s~T(s,a, E(.S))
' )@M

\,
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Bojarski et al. ‘16, NVIDIA

But it still can work in practice...
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How?

Recorded
steering
wheel angle

Adjust for shift Desired steering command

and rotation
i
e Network
_— | Leftcamera l computed
L steering
( .| Random shift = command
. camera]—: and rotation = CNN
A .
Right camera II f
- Back propagation |
weight adjustment

Bojarski et al. ‘16, NVIDIA
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A Machine Learning Approach to Visual Perception
of Forest Trails for Mobile Robots

Alessandro Giusti', Jérome Guzzi', Dan C. Ciresan', Fang-Lin He', Juan P. Rodriguez’
Flavio Fontana®, Matthias Faessler?, Christian Forster?
Jiirgen Schmidhuber!, Gianni Di Caro!, Davide Scaramuzza®, Luca M. Gambardella'

Deep Network Outputs
Neural
Network

T
Turn Go Turn

Left Straight Right

o~ =
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Can we make it work more often?

I training trajectory
LT expected trajectory

T pm(oé‘)~ 0 (at ‘Ot)

100

40
30
20

can we make Paata(0t) = Pr,(0¢)7
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— human recovery policy
— training trajectory
- — T expected trajectory
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Ross et al. ‘11

DAgger
T6 ‘éﬂfﬂ**j\ﬁ"\'ﬂ

can we make Pgata(0t) = pr,(0¢)7

idea: instead of being clever about p,(0¢), be clever about pgata(0t)!

DAgger: Dataset Aggregation

goal: collect training data from p,,(0:) instead of pgata(0t)

how? just run mg(as|oy) Dy - - - DOe=7

but need labels ii! A, - A
1. train my(a;|o;) from human data D = {0y,a;,...,0yx,an}
2. run mg(a¢|o;) to get dataset D, = {01,...,0n}

3. Ask human to label D, with actions a;
4. Aggregate: D <~ DUD,

—

OA&B W
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Ross et al. ‘11

DAgger has very nice theoretical guarantees.

Why might it be hard to implement in practice?

DAgger: Dataset Aggregation

goal: collect training data from p;,(0:) instead of pyata(0¢)
how? just run 7g(a;|o;)

but need labels a;!

1. train mg(as|o;) from human data D = {0y,a,...,0yx,an}
2. run mp(as|oy) to get dataset D = {01,...,0n}

@181{ human to label D.. with actions a;
_Aggregate: D + DUD,
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1. train mg(a;|o;) from human data D = {04, a;,

2. run mp(az|os) to get dataset D = {01,...,0u}
[3. Ask human to label D, with actions ay; ]
4. Aggregate: D <+ DUTD,

7 — r .

/ —— b\ W@(at|0t)

| . } O¢ at
. E——— 2
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Ross et al. ‘11

DAgger has very nice theoretical guarantees.
Why might it be easy to implement in practice?

DAgger: Dataset Aggregation

goal: collect training data from p;,(0:) instead of pyata(0¢)

how? just run 7g(a;|o;)

but need labels a;!

1. train mg(as|o;) from human data D = {0y,a,...,0yx,an}
2. run my(as|os) to get dataset D, = {01,...,0n}
—3. Ask_bhvman to label D, with actions a;

4, Aggregg\te: D+ DUD,
BW{N(\ oV

27



Learn from an Algorithmic Supervisor!

Seita et al. 2020. “Deep Imitation Learning of Sequential Fabric Smoothing From an Algorithmic Supervisor”
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But we don’t always have access to an algorithmic
supervisor...

Can we make DAgger more practical when dealing
with real human labeling?
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Human-Gated Interactive |IL

[3] M. Kelly, C. Sidrane, K. Driggs-Campbell, and M. J. Kochenderfer. HG-DAgger: Interactive Imitation
Learning with Human Experts. ICRA 2019. 33



Human-Gated Interactive |IL

[3] M. Kelly, C. Sidrane, K. Driggs-Campbell, and M. J. Kochenderfer. HG-DAgger: Interactive Imitation
Learning with Human Experts. ICRA 20109. 34



Robot-Gated Interactive |IL

[4] J. Zhang, K. Cho. Query-Efficient Imitation Learning for End-to-End Autonomous Driving. AAAI 2017.
[5] K. Menda, K. Driggs-Campbell, M. Kochenderfer. EnsembleDAgger: A Bayesian Approach to Safe Imitation

Learning. IROS 2019. .



Minimizing Supervisor Burden

* C = Number of context switches
L = Latency of context switching
| = Expected number of supervisor actions per intervention

B(m) 2 C(m) - (L + I(m)) |

W o
Ideally, we want | o D& 0= ”S A

m = arg min L(7m;)
! €Il
S. L. B(ﬂ") < Fb




Minimizing Supervisor Burden

* C = number of context switches
L = Latency of context switching
| = expected number of supervisor actions per intervention

B(m) £ C(m) - (L + I(m))

T = arg 7rTr,1é1r1[ L(m;)

S.T. B(T[,) < Fb




SafeDAgger

Supervisor
Mode

Autonomous
Mode

.l"))//
I

Predicted Action Loss

Predicted action loss = predicted difference
between human and robot action.

Trained using held-out set of data from
human.

| 7? 530 i% @
= ©

QAR

J. Zhang, K. Cho. Query-Efficient Imitation Learning for End-to-End Autonomous Driving. AAAI 2017.



SafeDAgger LazyDAgger

Supervisor Supervisor
Mode Mode + Noise
Autonomous Autonomous

Mode > Mode
) H
- i r o -
Predicted Action Loss

-

Predicted Action Loss

BR
} =

True Action Loss

Hoque et al. 2021.



SafeDAgger LazyDAgger

Hysteresis

Supervisor Supervisor
Mode Mode + Noise
Autonomous Autonomous

Mode 3. Mode
JH
- i r o -
Predicted Action Loss

-

Predicted Action Loss

BR
} =

True Action Loss

Hoque et al. 2021.



SafeDAgger LazyDAgger

Supervisor Supervisor
Mode

Mnde‘+ Noise |

Predicted Action Loss

Autonomous Autonomous
Mode * — , Mode
- | > =
Predicted Action Loss
-

[5] M. Laskey, J. Lee, R. Fox, A. Dragan, K. Goldberg. DART:
Noise Injection for Robust Imitation Learning. CoRL 2017.
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LazyDAgger

Query Robot Action a; = wg(s¢)

h_

Execute a;

Hoque et al. 2021.



LazyDAgger

Query Robot Action a; = wg(s¢) Execute a,

Mode Select
A __— Otherwise IEI
> 0.5 OR Mode = Sup
I

. Execute @ ~ N (all,0%I)
>




LazyDAgger

Query Robot Action a; = mr(st) Hxecute a;

Mode Select
' _)— Otherwise E
> 0.5 OR Mode = Sup
]

> TR Ayl Set Mode = Sup ‘

Set Mode = Auto ‘

' Execute af ~ N (al,o°I)
)
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Simulation Experiments

Number of Context Switching
Context Switches

Reduction

\ 79%

46%

Behavior Cloning [l DAgger " SafeDAgger [l Ours | Ours (- Noise) B Ours (- Switch to Auto)




Simulation Experiments

Number of Learning Curves:
Context Switches Learning Curves Ablations
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Simulation Experiments

Number of Learning Curves: Number of
Context Switches Learning Curves Ablations Supervisor Actions
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Hoque et al. 2021.



(Time to perform one context switch)

(Time to perform one action)



(Time to perform one context switch)

(Time to perform one action)

B(m) 2 C(m) - (L + I(m))



(Time to perform one context switch)

(Time to perform one action)

B(r) 2 C(m) - (L+ 1(m))

/

C = 20 switches
| =10 actions
B=20L +100



(Time to perform one context switch)

(Time to perform one action)

B(r) 2 C(m) - (L+ 1(m))

7\

C = 20 switches C = 4 switches
| = 2 actions D = 20 actions
B=20L +40 B=4L+ 80



(Time to perform one context switch)

(Time to perform one action)

B(r) 2 C(m) - (L+ 1(m))

Define “cut-off latency” L* = 0, as the minimum value such that

B(SafeDAgger) > B(LazyDAgger) for all L > L*



Simulation Experiments

L*=0.0

L*=4.3

L*=7.6




(B) Number of (C) Number of
(A) Final Coverage Supervisor Actions Context Switches

Gym-Cloth

1 2 3 - 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 1 2 3 - 5 6 7 8 9 10

~ Behavior Cloning | SafeDAgger [l SafeDAgger Execution [l LazyDAgger LazyDAgger Execution
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Limitations

* Parameter tuning

Supervisor

Mode + Noise

* Hard to know how many interventions Autonomous \ 4
. ode
will be requested.

A

".__‘:"” :

Y
|

Y
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Pred: dAc{ion Loss
-;Hi
. -« +— >
* One human managing one robot.

True Action Loss
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When should a robot ask for help?

Novel (and risky)

61



When should a robot ask for help?
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Novelty Estimation ;1 b
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Novelty

Estimation: Supervisor Mode
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Risk Estimation

D 4 Mg (sy)|se, ar

65



Risk Estimation

Qgr(stva’t) — 4:77?" Z'Yt _t]lg(ss;”stva’t

|t/ =t

Risk™"(s,a) =1 — Qg’:‘g(s, a)




Risk Estimation

o ;
Qgr(stva’t) — 4:77?" Z'Yt _t]lg(ss;”stva’t

|t/ =t

Risk™"(s,a) =1 — Qg’:‘g(s, a)
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AUTONOMOUS
MODE

Putting it all together...

Novelty(s:) > dp

. OR
Risk™ (s¢,7-(s¢)) > Bn

Switch to
SUPERVIS
OR MODE
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Putting it all together...

Novelty(s;) > dp,

AUTONOMOUS OR SUSF\;\I/EitCh;%
MODE . LT RVISOR
Risk™ (s¢,7-(s¢)) > Bn
’ TS MODE
W\O
SUPERVISOR e (s¢) — ﬂ-h(st)”% <0r Switch to
AND
MODE m( AUTONOMOUS
Risk"" (s¢, 7, (\% < By MODE

WX
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Putting it all together...

Novelty(s:) > dp,

AUT?AT)%'EOUS OR su5¥§3lééa
Risk™ (s¢,7-(s¢)) > Bn MODE
supERVISOR | 1™ (s6) = mn(se)ll2 < 6 Switch to
MODE R (st,Aql;IT[Est)) <8 AUTC[\)/II\CIDCE)I\IQIOUS

Supervisor

Mode A

Autonomous \ 4
Mode ;T TT

Wait, didn’t we just double
the number of
hyperparameters?
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Putting it all together...

Set to 1-a quantiles of
Novelty St >’ empirical data  Switch to

AUTONOMOUS N
MODE Risk™" ( Sta’ﬁr St)) >‘ MODE
2 —
SUPERVISOR 17 (s¢) — mh(se)ll2 < 0r Switch to
AND >
MODE . B AUTONOMOUS
RlSk (St: Ty (St)) < /8‘?’ MODE
desired ode - A
# Interventions
o = .
# robot actions Autonomous \/

Mode y
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Putting it all together...

Set to 1-a quantiles of
Novelty(s¢) > 0n  empirical data Switch to

AUTONOMOUS OR " SUPERVISOR
MODE RiSkﬂT(St,’ITT(St)) > ,Bh, MODE
2
SUPERVISOR Hﬂ_T(St) - ﬂ'h,(st)llz < 5T Switch to
AND >
MODE . AUTONOMOUS
Risk (St,’ﬂ'r(St)) < ﬁr MODE
Set to medians of
. empirical data upervisor
desired " > Mode =~ Iy
# interventions
o = .
# robot actions A“t‘;n";d";ws Yy I
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Putting it all together...

Novelty(s;) > dp,

AUTONOMOUS OR SUSF\;\EE\Z;%R
MOPE Risk™ (s, ™ (s)) > B MODE
2
SUPERVISOR H?TT(St) - Wh(st)ll? < Or Switch to
AND
MODE . 1T AUTONOMOUS
RlSk (Sta Ty (St)) < /8‘?" MODE
desired Su'ﬂmfor ““““ Y
# Interventions
O = .
# robot actions Autonomous \/

Mode " """"
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Target percent of time human Th rlfty DAgge I

wants to give interventions.

Human
@ :
PN al

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 75



ThriftyDAgger

Human

el p
Q

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 76



ThriftyDAgger

Human

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 77



Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 78




/
Autonomous Mode

—

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 79




Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 80




Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 81




Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 82




Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 83




Human Demonstration
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Behavior Cloning

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 85



3
: -

Behavior Cloning ThriftyDAgger (autonomous)

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 86



Behavior Cloning ThriftyDAgger (autonomous) ThriftyDAgger (+human)

= - 3

(ot -

£33
rii

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 87



User Study

N=10 subjects each control 3 robots in simulation.

IS Robot-Gated i Human-Gated

Memory: Non-Match

Memory: Match

ElEEENEREN
EEEEEN © KN

L NN
EIEEEN RN
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ThrittyDAgger Qualitative Results

Survey Responses

Very High

Neutral

Very Low

Mental Demand Frustration

B SafeDAgger B HG-DAgger B LazyDAgger

B ThriftyDAgger
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User Study Quantitative Results

ThriftyDAgger had
e 21% fewer human interventions

* 57% more concentration pairs found
* 80% more throughput

90



Scalable and safe robot fleets are possible when robots ask for
help in ways that minimize human supervisor burden.




Next time: Inverse Reinforcement Learning!
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