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1. Before DAgger: Behavior Cloning
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1. Before DAgger: Behavior Cloning
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1. Before DAgger: Behavior Cloning
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1. Before DAgger: Behavior Cloning
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1. Before DAgger: Background

1) Imitation Learning(2 &&5)
Learn to imitate expert actions
Does not require manually designing a reward function, unlike Reinforcement
Learning(RL)

2) Behavioral Cloning(&¥& £X|)
The simplest form of Imitation Learning
Learns directly from expert demonstrations using Supervised Learning



1. Before DAgger: Background

3) Covariate Shift(&H2F 0]F)

Starts from the mismatch between the training and real-world state
distributions
Ultimately leads to error accumulation

4) Error Accumulation(2 X} +%&)

A phenomenon where small prediction errors accumulate over time and lead
to increasingly larger errors
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1. Before DAgger: Motivation
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1. Before DAgger: Motivation

Training Deployment
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2.\What is DAgger

- A method for improving the policy in imitation learning by adding the states
visited by the learner during execution to the training dataset.



2.\What is DAgger(Algorithm)

Initialize D « @.
Initialize 1171 to any policy in I'.

fori=1to N do Let i = Bitr = + (1 — Bi)"mi .

Sample T-step trajectories using Tri .

Get dataset Di = {(s, 1+ (s))} of visited states by i and actions given by
expert.

Aggregate datasets: D «— D S Di .

Train classifier m'i+1 on D.

end for Return best 117i on validation.



2.What is DAgger
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2.What is DAgger

Next policy

7+ = arg min {(m(s),a”
g min > Un(s),a¥)

(s,a*)eD
- Loss function
{(m(s),a”)

Classification - Continuous control(MSE)

- )0, 7w(s)=a" o k2
E{L x(5) £ o (= (m(s) —a)



3. Why does DAgger Reduce Error to O(Te)?

if T=10and € = 0.1(10%2| 2X})

j}d QEAl S,[—)S,[_I_,I
tH W A= ECH T -t +1 1

but Behavioral Cloning2| 4%

Step1 & -> Step2 X5 2= & El
-> Step3 7(1.:. HE= HEf-> ... 4




3. Why does DAgger Reduce Error to O(Te)?
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3. Why does DAgger Reduce Error to O(Te)?
DAgger -> oh ¥ M =8l M = 2ot B Ct3 & H|O|H o =7t

- L= H.JEOHHE off & SEf7ZF O Ol 2H5| EX| gt «fE{f 7t OFL|CY.
Of7] I=0f, X F +=X0|

A 1
bas
el
z
=
Hu
II
Hn
Ot
rr g
02
M
=2
2
10
0
3
M
A

HlQ HFI7/HO=Z
O(eT)



4. Experimental Results

1) Super Tux Kart Steering Control
1) Super Mario Bros Playing

1) Handwriting Recognition



4. Experimental Results

1) Super Tux Kart Steering Control

- DAgger”} 7| = supervised imitation learning 2 Cf & A| =& 20| 2F
ST s80| TS24 = ¢

- A8 2! Linear Controller,
Ridge Regression

- &= A" O|O|X]| feature
(800600 -> 25*19 = resize)

- &=H9: Steeringdt(5hzE Y H|0|E)

Figure 1: Image from Super Tux Kart’s Star Track.



4. Experimental Results

1) Super Tux Kart Steering Control 45 . ‘
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4. Experimental Results

2) Super Mario Bros Playing
- DAgger?l = &2t sequential decision problemOi| A & £-& policyE FHE=X| 20l

Al-% EE%' Linear SVM 47H(-6OH% 47H) s G5 Sl DI ICIITYRTTRY

21 &: 27,1527 2| sparse binary feature
(02| 2 FH grid "*E,
A SX|, dol=, o] A= 7| =)

-

= 3 4 binary action(left/right/jump/speed )

Figure 3: Captured image from Super Mario Bros.



4. Experimental Results
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4. Experimental Results

3) Handwriting Recognition
- DAgger~} imitation learningt® OfL|2} structured prediction |0l = & & 75
otX| =0l

AtE 2 & Linear SVM

O|O| E{: Taskar et al. handwriting dataset

T 2F 6,600 words, 2F 52,000 characters



4. Experimental Results
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4. Experimental Results
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4. Experimental Results
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5. Discussion: Advantages

Distribution Shift 2l & s &4
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5. Discussion: Limitations
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9. Discussion: Meanings
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5. Discussion: Features

Expert distributionO| OtL|2} policy distributionO| A] St&
Il HENQ} =+ HEE H|O|E0f =gt
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6. Future work

1. O dust #2458 0|5 &
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