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Part 1: Introduction

m |.]1 Imitation Learning Concepts

m |.2 Imitation Learning Methods
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1.1 Imation Learning Concepts

m Motivation:

O No Reward Function Available

m Setting:
. A~ A~ PN . . . . .
O Input: Expert Demonstration = ,” , Ty =< 81,07,85,05,...,8, ;11 >

O State Function p(-|s;, a;) 18 available

m Goal

O To Get A Policy Function n(als)

m Main Methods:
O Behaviour Cloning (BC)

O Inverse Reinforcement Learning (IRL)

O Generative Adversarial Imitation Learning (GAIL)
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1.2 Imation Learning Methods

input label
O Behaviour cloning 4 4
o"= (" C..om (7))
O Pros: 1instuitive, efficient, off-line

O Cons: limit of train data, error-accumulate(step-data), never better than
expert

O Used to initialize model
O Inverse Reinforcement Learning
O Train The Reward Function == Reinforcenment Learning
O Pros: solved error-accumulate problem
O Cons: time-consuming, liner reward function restriction
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Part 2: GAN and GAIL

m2.1 GAN
m2.2 GAIL
m2.3 Pros And Cons

Southeast University WDS 6




WDS

DataScience@Web

2.1 GAN
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2 1 GAN Discriminator O
° D
Is Image
/ Real ?
Generator
G
< . Generated / Fake
O Basic Concepts: .4 sl

N-dimensional

O Generator G(s,0) Noise Vector
O s: input vector in which e ~N(-1, 1) or N(0,1)
O 0O: neural network argument
O G(sy, 0): depends on the task

O Discriminator D(X,0)
O x: the output of generator or the sample data
O o: the neural network argument

O D(x,p): a scalar which denotes the probability of sample data
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2.1 GAN
O Train the generator
O Connect the generator G(s,0) and discriminator D(x,) !
O Fix the discriminator parameter ¢
O Define the loss function with cross entropy o — cte, 0} Pha)
E(s;0) = In [1 — D(z; ¢) } stw = Qs ). Discriminator
N, o’ Random vector s Generator Fixed
[LPN T

O Update the 6 with SGD or B-SGD

0 G—ﬁ‘VQE(S; 9).
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2.1 GAN

O Train the discriminator

O Take a random sample from the database xreal

O Get the xfake = G(s;0)

O Define the loss function with cross entropy

B 2™ g) = In {1 — D(z™; cb)} & n BT ) .
N ot e

/| N e

O Update the ¢ with SGD or Mini-Batch SGD

& —n-V .',F ;rl'ezll,;z’.]ake; &).
]~ Vg ; .
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Backward Propogation

D(x_fake, )

Discriminator
Fixed
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2.2 GAIL

O Expert Demonstration (Database)

O & = {’r(l): 2 s T(k’-)}_
O Generator

O ~(als;@) «eovniininn G(s; 0)

O output f = =(-|s:0).

O given initial state s, , generator will get a trajectory 7 = [s1. a1, s2. a2, =+, sn ).

| : l Softmax 0.2

|
’ — 5 IE B f=mu(|s;0)
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2.2 GAIL

O Discriminator

O 7. = D(s,a;¢) € (0,1), Va

m
-

1 | .
; Sigmoid ;
— AFR4% | > > 2EHEAS | — R
J . J I = \ m&m&J .
s — - : P=D(s:9)
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2.2 GAIL: Algorithm

Algorithm 1 Generative adversarial imitation learning

1: Input: Expert trajectories 7p ~ 7, initial policy and discriminator parameters 6, wo
2xdory =012 ... do

3:  Sample trajectories 7; ~ T,

4:  Update the discriminator parameters from w; to w;, 1 with the gradient

E,, [V log(Dw (s, a))] + Erpy [V log(l — Dy (s, a))] (17)
5:  Take a policy step from 6; to 0,1, using the TRPO rule with cost function log (D, ,, (s,a)).
Specifically, take a KL-constrained natural gradient step with
E,. [V logma(als)Q(s,a)] — AVeH (mg), (18)
where Q(5,@) = E, [log(Da,., (5,a)) | so = 5,00 = @
6: end for
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2.2 GAIL: Algorithm

O Train the generator (i.e. policy function 7(as; @now) )
O 0,.,: current parameter of policy function
O use current policy function to get a trajectory 7 = [s1, a1, s2, a2, -+, sp,0n].
O D(s, a; @) can output the quality of (s, a,)

W = th qﬂ ag: qb]

<;:|

Backward Propogation
-‘;l - (Il 4 u l ) %2‘ (12 ffz i ) S’ﬂ_? (.f,--?'a_. 'ai-n' .

A |

n ::> PO“CV . )
9 ! 9now} = i Z o (!3‘ %L - Ug. S Function(G) |:> TraJeCtory :> D(leed)
T

— m(ay | 5430 now

—
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Backward Propogation

Policy

S | C——> | Function(G) | T |Trajectory | C——> D

Fixed

2.2 GAIL: Algorithm _ ,

O Train the discriminator (i.e. policy functim(als; Onow) ) samvte | |
O Random sample - = {s?’*". ap non s s{fﬁ‘,ag’:“]. Trajectory
O Use current policy function to get a trajectory  fake _ [.sff*“, gike ... ke G_EKC]‘ ] |
O Define the loss function [ gcioware Propogatior

F(Tru] fake, qb _ Ezln [l . I‘Cdl rcal ) } = Zth _fake U?ikc; qb)

D ﬂJh’f?fhfcﬂsk- el T A D ﬂ"Jh’ﬁfhfc%fJ\-. X I
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2.3 GAIL: Pros and Cons

O Pros
O Efficient Compared to IRL
O Exact more features than IRL

O Cons

O Modal collapse
O Improved GAIL based on multiple modal

O Improved GAIL based on
O Low utilization of generated samples

17

Southeast University WDS




Part 3: Third-Person Imitation Learning

m3.1: Basic Concepts
m3.2: DANN
m3.3: TPIL
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3.1

Third-Person

First Person

Third Person
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3.1 TPIL VS Transfer Learning

m Transfer Learning: Ability of a system to recognize 7‘5 - g

and apply knowledge and skills learned in previous G
domains/tasks to novel domains/tasks

® Domain

m TPIL and Tranfer Learning
O Source Domain: Third person

O Destion Domin: First Person
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3.2 DANN
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3.2

QL
_——
ol
8 |:> |::> |::> class label y
? \ v J
\ 9L4 == label predictor Gy (-:6,)
T T P " g domain iﬂlassiﬁcr Ga(+;64)
_}.. Y j@@bt?ojc‘p 4 A}
feature extractor G ¢(-;0y) é}@f% U
Y |:> @ B domain label d
0 e
20,

forwardprop  backprop (and produced derivatives)
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3.3 TPIL

Input 04,4

Input o4
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3.3 TPIL

Algorithm 1 A third-person imitation learning algorithm.
1: Let CE be the standard cross entropy loss.
2:; Let G be a function that flips the gradient sign during backpropogation and acts as the identity
map otherwise.
3: Inmitialize two domains, E and N for the expert and novice.
: Initialize a memory bank (2 of expert success and of failure in domain F. Each trajectory w € 2
comprises a rollout of images 0 = 01,...,04.,...0,, a class label ¢, and a domain label d;.

.

5: Initialize D = Dy, Dy, Pp, a domain invariant discriminator.

6: Initialize a novice policy mp.

7: Inmitialize numiters, the number of inner policy oplimization iterations we wish Lo run.
8: for iter in numiters do

9:  Sample a set of successes and failures wy from €.

10:  Collect on policy samples wpy

1:  Setw =wr Uwy.

12:  Shuffle w
13: for o.cp,dy inw do

14: for o, in o do

15: oy = Dr(o)

16: Tji4 D;,'(€J4+4_]

17: L =CE(Dgrl(0,,0144). 1)
18: Ly = CE(Dp(G(ay)).de)
19: ,C':/\-E,[fﬁﬁl

20: minimize £ with ADAM.

21: end for

22:  end for
23:  Collect on policy samples wy from mg.

24: [for win wy do

25: for w; inw do

26: o = Dp(o)

27: Opir4 = ‘D}“(U]_IJ

28: U _‘Dn(ﬂf.(l';él}

29: r = é[0], the probability that o,, 0,4 were generated via expert rollouts.
30: Use 7 to train 7mp with via policy gradients (TRPO).

31 ona 1or

32:  end for
33: end for
34: return optimized policy 7y

23:
24:
25:
26:
27
28:
29:

|:> 30:
31:

APs
33

A,
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Collect on policy samples wp from my.
for w in wy do
for w; in wdo
Ty = DF(OE)
Tt+a = DF(Ot+d)
Cp = DR(G’t,th+4)
r = ¢¢|0], the probability that o;, 0,14 were generated via expert rollouts.
Use r to train myp with via policy gradients (TRPO).
end for
end for
end for
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3.3 TPIL

Algorithm 1 A third-person imitation learning algorithm.
1: Let CE be the standard cross entropy loss.
2: Let G be a function that flips the gradient sign during backpropogation and acts as the identity
map otherwise.
3: Inmitialize two domains, E and N for the expert and novice.
: Initialize a memory bank (2 of expert success and of failure in domain F. Each trajectory w € 2
comprises a rollout of images 0 = 01,...,04.,...0,, a class label ¢, and a domain label d;.
: Imitialize D = Dy, Dy, Dy, a domain invariant discriminator.
: Initialize a novice policy 7g.
. Initialize numiters, the number of inner policy optimization iterations we wish Lo run.
for iter in numiters do
9:  Sample a set of successes and failures wy from €.
10:  Collect on policy samples wpy
1:  Setw =wr Uwy.
12:  Shuffle w

.

96 =1 o LA

13: |for o,cp,dy inw do

14: for o, in o do

15: o = Dr(o)

16: Tji4 D;,'(€J4+4_]

17: L =CE(Dgrl(0,,0144). 1)
18: Ly = CE(Dp(G(ay)).de)
19: E::/\'E,[T’Eﬁl

20: minimize £ with ADAM.
21: end for

22:  “end lor
23:  Collect on policy samples wy from mg.
24:  for winwy do

25: for w; inw do

26: o = Dp(o)

27: Opir4 = ‘D}“(Uj-_[]

28: ¢¢ = Dploy, 0i44)

29: r = é[0], the probability that o,, 0,4 were generated via expert rollouts.
30: Use 7 to train 7mp with via policy gradients (TRPO).

31 end for

32:  end for
33: end for
4: return optimized policy 7y

L

8: for iter in numiters do

9:
10:
1l
12:
132
14:
15:
16:
17-=

18:
19:
20:

21
D3

Sample a set of successes and failures wg from Q.
Collect on policy samples wy

Setw =wgr Uwy.

Shuffle w
for o,ce.deinw do
for o, in o do
T = DF(O}:)
Oti+qg = DF(0t+4)
ER = (/‘E(DR(Ut, O't_|_4), C,{))
La= CE(Dp(G(a1)). do)

L=X-Ly,¥ Lzl

minimize L with ADAMN.
end for
end for
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Part 4: Conclusion

m 4.1: Imation Learning
O No Reward Function Available

O Main methods: Behaviour Cloning/Inverse Reinforcement Learning

m 4.2: Generative Adversial Immitation Learning

m 4.3: Third-person Learning
O Extend of GAIL

O DANN && TL && InfoGAN

®m 4.4: Some open i1ssues: Manually Setting Award Funtion / Techniques Innovation
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8/5/2021

Thanks!
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