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Section 4: Inverse Reinforcement Learning



4.1 A AL DA

http://lamda.nju.edw.cn

® Recovering the reward function can be beneficial when the reward

function is the most parsimonious way to describe the desired

behavior
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® |IRLiIHE:

® Given 1) measurements of an agent’s behavior over time, in a
variety of circumstances, 2) measurements of the sensory inputs t0 « sz gk 7s-ZhEL T+ IR IS
that agent; 3) a model of the physical environment (including the
agent’s body).

Determine the reward function that the agent is optimizing
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® A common assumption in IRL is that the demonstrator utilizes a Markov

decision process (MDP)

® MDP: (2, % .2, v,D,R)

® many IRL methods assume that there are vectors of features ®: X~ [0,1]¥
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Goal :recover the unknown reward function from the expert’'s

trajectories(Multiple solution)

EYLE

1. margin between the optimal policy and others

2. maximize the entropy
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Algorithm 14 Abstract version of feature matching inverse
reinforcement learning

Input: Expert trajectories D = {7;}¥,
Initialize the reward function and policy parameters w, 0
repeat

IRLI$RE, & Evaluate the state-action visitation frequency p of the current pol-

LR ERKE  [icy 7o
5 315K Evaluate the objective function £ and its derivative V,,£ by com- = k1L

iﬂ;ﬂﬁiﬁ%ﬁ}] paring p and the state-action distribution implied by D AEFT
R ESH

RLII%E, {&kIE Update the policy parameter @ with a reinforcement learning
REE S

Update the reward function parameter w

until
return optimized policy parameters @ and reward function param-

eter w
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Model-Based: 7FFE 2> KRG ESHEBMER ( REABATE L) , A ALK H
] B R A B ) A
Model-Free: JoiR2g>] RAEDNSFAAMR, 58N KREREH S H R

PR I3 AT

Model-free

Model-based

Applicable to systems

Estimation of the trajec-

Advantages with nonlinear and un- | tory distribution is data-
known dynamics efficient.
It is necessary to sample | Model learning can be
' i sti- | very difficult.
Disadvantages many trajectories to esti- | very diicu

mate the trajectory distri-
bution.

It is hard to apply to un-
deractuated systems.
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Q1. Al SCH R, 452000 PR 200A ME—fifk?

Objectives

Employed by

Mazimum margin

[Ng and Russell, 2000, Abbeel and Ng, 2004,
Ratliff et al., 2006b,a, 2009, Silver et al., 2010,
Zucker et al., 2011]

Mazimum entropy

[Ziebart et al., 2008, Ramachandran and Amir,
2007, Choi and Kim, 2011b, Ziebart, 2010,
Boularias et al., 2011, Kitani et al., 2012,
Shiarlis et al., 2016, Ho and Ermon, 2016, Finn
et al., 2016b]

Other

[Doerr et al., 2015, Arenz et al., 2016
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Q2: i et/ AR et R R 7
JRERNE R R B G TR BB I Fon ik, (EAHRT M ES ] S48

Linear
reward

Nonlinear
reward

Model-free

Model-based

[Boularias et al., 2011,
Kalakrishnan et al., 2013]

[Abbeel and Ng, 2004,
Ratliff et al., 2006b, Silver
et al., 2010, Ramachan-
dran and Amir, 2007, Choi
and Kim, 2011b, Ziebart
et al., 2008, Ziebart, 2010,
Levine and Koltun, 2012,

[Finn et al., 2016b, Ho and
Ermon, 2016]

Ratliff et al., 2006a, 2009, |

Silver et al., 2010, Grubb
and Bagnell, 2010, Levine
et al., 2011]
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4.4 A FFE R R LD
B Rl R R SRR EL: r(x) = wld(x)
WIERI] = EIS!_ yir(x)|nl = wWES_ v é(x;)nl

AIST_ oy dxe) Il = () (HEAE122)
WERIn] =w p(n)

A R K p(n) = p(mg)



LAVDA

4.4 BT EAR R s > Ok s e e

4.4.25 K [8] F% HL X
T cost R F i 7~ Bl v cost -5 HAM BT A costZ= i i K
C(r9emo) < min{C(t) — L(1)}

HC(M)=w 1) , ¢1) =Fpu, L(r) =Ty, HoPAFREE, RES-SMERETT, FRRRERERE, T8
Ptz B, A>O Ry A i 5 20 AR ) AR S RN AS R ) 1 e M #5453 R costerk i 2 Fhunde b b i d
U 7]
A 1 N
ljvﬂ = | |M|2+— Z 4
&.t. Vi,Wd(1;) < mh {M7¢,(T)—IT;J}+Z,
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T . T T . .
AASBIERRE; =0 B min{e B L R GG B
A
Lump(W = — Z (WrF Hi — nﬂ (WFip— I,-TIJ}) t7 I Wil

1—1

Algorithm 16 Maximum margin planning Ratliff et al. [2006b]

input: Training set D = {F}, 7;,1;}}Y,, regularization parameter \ >

ﬁfﬁﬁﬁ’iﬁ 0, stepsize sequence {at}, 1tLIat.1011 T
L1k 18] & while i <7 da

for :=1,....N do
Compute the loss-augmented cost map & = w ' Fj — 13—
Compute the optimal trajectory 7} = argmin é&;p
Compute the state-action frequency couts g
end for
Compute the subgradient g € dLynp(w)
W — W — g
(Optional) Project w on to any additional constraint
t+—t+1
end while
return w
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4.4. 35 K R ]
FERFAEST R VT EC A 25T B KA A 2L B i

:
max H(p(T)) = 2p(7)In )

s.t. B [(1)] = Eel¢(T)]

> p(t) = 1,Vr,p(r) >0

15 (r) IR IS5 p(T) o exp (w (1)) =exp (R(T))
WHKNEEIHTEF  RAWSEHHIZ MR E
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E’lﬁ/@i’%*ﬁﬁﬁ /"\E—Fﬁ

.
p(T [ w = 7w &P (W (1))

HEIRZSEEY

1
p(r |'w =Z_eXp (W (1)) [ P(Xt4+1 | Uty X¢)

(M Xt+‘|,Ut,XtET

TG BRECR AN, 5 B OO R 5 SOR i de 1

é\Dxi ygiﬁ[\tﬂxi %%9 )I_\”J

VimeW) = Eele(r)] - ; p(T | W(r) = Ee[P(T)] —g Dy, ¢(x; )
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{5 R R - REOGAE H PR MRAE D PR AR

' (u | x) = argmaxH(uy.7 Il Xy.7)
- (u | x)

Hor LR R 25w 2 A
H(uy.r Il xq.7) = Z H(u; | uy.p—1, X7.¢)

HIEART s 220 i) sl VA1 A %ZHUET?IJEI%JWE WESFHIA K
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MR 7 >

K A
e H(U'I:T | X'I:T) + z WeZy — E | Wﬂz
k=1

n'-(u | x),wz

S.t.

By 0ld(Ts)] = Ee[d(Te*™)]
B oldTE)] = Eg[p(r2em)] = z,

§ mulx)=1n(ulx)=0
BT s KA -5 R MO 7R Rk 30 22 ) iR
BRIES BTrERIBR R O 2522 T R AAT A 1Y 22l ek B A
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ey

4.4 AR T HAVEERBKIRLIT A

RAEFTRRHIMDP : A5 LA RGP A BB R IE PO ) (CSHMIEXAERHAS ) 5 187
Gin(xaalx) (CHHIH ) EHORMT SIS 2 0 (o 4L

R B

c(x,m) = c(x;) + D (1l p)

AV fe K I A

) = p(xt+1 | xt)ep (V(X¢+1))

M(Xe+1 | Xy -

A 3 2 2 2RI T4 ] BB R A PR (L PR 8O AR, ] 2 RS (A A R s S R 52
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DUSHESR T B335 2 >
L RIAT SN T T BT S S I

_p( I Rp(R) _1
PRIT) == 0 =7zexP(aEmR)p(A)

HAPENB RS 5010, B R 2 simir: i Markov chain Monte Carloy: >k fi#

oy &l fmaximum-a-posterior ( J5¥HK ) ik
Ruap = arg m& p(R| 1) =arg n& [In p(DI R) +In p(R)]

HADN L FREARS-BIEN B
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ERITE: 2 B BIR G R FEAR M R AL
MM ETTIR: S L A T~
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4.4.6 55 AFE
W R4y

B HrenHq(r))

c,(T;) +InZ

150 P B B R
1
loo& s S
i€%demo
&1 5 oMr)+ho s
- CulT; n —
N, “Pdemo M, “%samp

exp (= cy(1;))

q(7;)

o, RRH—AL R EZIEA TR
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4.5.1 HXHE BRI E
S/ MU SEHE WS ) SESHLI T g (1) 552520 5 LS55 T (1) O RIX

. p(1)

m'ZMﬂm(hﬁ)

s.t. Vi €{1,...k}|EL[® (T)] — Eeld (7)]|& €;
S ey P(T)& 1
Vr e 1, 8(r) =0
Hrve, Mg e BAAER N 2 XYL R 52 ) BB I B 2 ny EA . a3 2 R
J7 ZORAG FAA H AR R E
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Algorithm 1 Generative adversarial imitation learning

1: Input: Expert trajectories 75 ~ 7g, initial policy and discriminator parameters 6, wo
2: for:=0,1,2,... do

3:  Sample trajectories 7; ~ Ty,

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

K., [V log(Duy(s,a))] + B[V, log(l — Dy(s, a))] (17)

5:  Take a policy step from 6; to 6; 1, using the TRPO rule with cost function log(D.,_, (s, a)).
Specifically, take a KL-constrained natural gradient step with

]En [VO 10g Uy (a|s)Q(s, (L)] - )‘VBH(T‘-Q)a

(18)
where Q(ga (_1,) = ]E’Ti [log(Dwi-H (8, a’)) | So = S,a0 = a’]

6: end for
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N R U £ B Ve ke i i

Estimate the

reward function R Tt thie policy

X 53R L A B RFFF Y
I

| A A5 X 53 B LT

Execute the learned policy

Data manifold Policy model manifold
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Hp(r)) = $p(r)in TL)

e/ IMEER ] A3 AT p (1) 5SS 58 0 A po (1) BYHIUE -

p(T)
Po(T)

IR A IS I AN, RN S de/Mbsi 2) F 5 S e AR BUE

D (p(T) I po (7)) = 2p(T)In
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FeAemte, H AMIART DR AL s M s AP ZE SR A, FABRRGSA R 5E T MY [FINy,
S AT AR AT LARSAI O B REAAOK SR Al R SCA 5 A 52 4 HY LN

4.7 A% FHBER4 v WM ;075 0L RPBH A M

@%%ﬁ%gﬁﬂﬁﬁﬁ:%M%ﬁ%ﬁﬂmﬁhﬁ?ﬁﬂ@%@mﬁﬁﬁﬁTmmm%

{if FHMarkov random fields FEF I EXPIRSHATHIE . W THREA S E XA (G5
R4 , R eHERKTRE
AN FER P RSB EE, AE X AR ER ST AR HME I A
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4.7.2% FHIEHR A FIRM : % A B Ab 543 W] LI A%
K% RGN POMDPH 5
IRL A EPOMDP _ERY#RE I A2 : 1.2 % ZRME 2.2 & KL

J. Choi and K. Kim. Inverse reinforcement learning in partially observable environments. Journal of

Machine Learning Research, 12(Mar):691-730, 201 1a.

4.7. 31/ JPOMDPH) B S . F 3t s fb > n] AR SRR ) s 255 B i POMDP
A

4.7 AthRIF R . NS NE DD, ANUERIREIEh e mlas N ERS] . A n] REdess
BTy NEEZ A5 SRR B B S5 : SR Grysiid 20 FPOMDPd#E



LAVIDA

4.8 Wigm Al ) R T i s

Model-based: F3AREZFRREHIEZHE

Auto - pilot
| Manual

OfRoad| Len|  Middle| Right| OMRoad

alpha: -0.77 accel: 0.00

o] 1o 5o 100] g
Centar

Gluit
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Model-based: 3] F iR EE L8805
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dish

pouring

HIREES: FIFLMERMIKS

human demo  initial pose  final pose
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Model-freef 3T H{E S : FEI S| BKAHF

B8 H
3 ' Je, |
T} I \3 o) Ny ]
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Section 5: Challenges in Imitation Learning
for Robotics
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1. IR AT N e e 3 55

ML FREAS R IR Sl R B RT DA N T & I T, DR SRl R R & AT 55 H A 151
an, BM—RIEG I TN, AR LR s A G, WXEAE T T el . AEIX AR
DUR, FATHREAERT L KRR 0F, RIS A 2 R B ARRY G o i, #5afese>d 2
it IS 1)t ) B

2470 vl i Ay ) 3 n] i 3 5

7% [ & IRl -5 SR MR X S B B AT Dy Y A ] 2 R

Bi1: BIMEST (ANBEFRT) , AR08 XHREE, EA W RRERPLE: R
R Jify PR 0 o A A B

B2: PO NPUERRIE S, RIBIRES S RBP4 % R AT To e
DAf X — i 4
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IMAT N ZBA~R KA 7
ML B R B AT ) FIRCRAEAE 22T AT K >

“Third, in all domains, the best clones were obtained when examples from a single human only were used.”?

THRT X & R T8 7 500 A R 7
LRBOUNEGE T RE A AR, FEE I P T AT
— MR R E AL N St S
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EART A (R DL A B 1707

L RBEUN I T N — AFR, (B2 BAATEE N = ARR, THEMSE = AP T
(L55  W 24 THY



LAIVIDA

5. 217527 > W HoAth H ke =X ) 4 e ey

5.2.1 5 A 5 B 9] j3

AT S S A2 SRR AR B A 2 ) 7
BN R I h = 2T, BATIR EIRAG & Kz a2 5 8.
— AR AR B TR EE I SR B RARFAE , P08 A= ~) ST 2 il R %

A A AR RAEF B BN, R T AURIES
AR AR AR Bt H b4 752 ), ORI E 5 BA R 2 e A Wi AAE
{155 T 7S P 3R A AT LATE RS B RIH 2
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AN SR B AL B T B KL AU S MR R B 5 75 oAt ol LAR Y Ay R s anJ SR B

Wassersteinfif 5545

UM N R 7 2 37
PGS (BERR L ) A4 (M)

. S S B 1
—
1\ = > <
-

e R R R A TR S0 AT 5 A o 4 SR
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JRUER RGBT JCm AR, Bz sh~2 s UF i s, R RS2 IR AR
THARPUE . H—JrH, WA RS SCRAR, Flaneak 1ok S E i
BN A Se e AR Y 5 ¥R T LA D B R s Bt 9T A0 ibilas AR o

LUEPE Z L LR e s e N

B HRAT T WL FAEARPET [F] —Fh e gk, (Hn] BE[R] A7 AE 2 i jan (5 58, (2
s, WIEER, TSR FEIAFAE ) , AR S & e 5 5.7

( ZASRA TS AR )
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5.2. 258 TTHAE R K 5]
> B N R I BRAEM AR S

AR RETCIA S th— 55 iR, il @ Ablas NAE AR RIAUEE i . Blandilgs

N REA I H LA LAY F6
i H A HE HATIA AL RIS 1 5Tk

Al » —
ﬁ[I{ﬂﬂﬁﬁ[l@%/l\ ? Time Stabil.e Stochasticity Encoding
dependence attraction of spatial co-
to a ta_a,rget trajectories ordination
position patterns
Way points / Keyframe
[Abbeel et al., 2010, v
Nakaoka et al., 2007]
HMMs
[Inamura et al., 2004,
Takano and Nakamura, (v) v v
2015]
DMP
[Schaal et al., 2004, v v
Ijspeert et al., 2013]
ProMP
[Paraschos et al., 2013, v v v
Maeda et al., 2016]
SEDS
[Khansari-Zadeh and v v

Billard, 2011, 2014]
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Bl AdLge Na@ H - BA 5024 K1, (HIA R =~ VA & AN fras ~ At e rY 2
B B0 iz 45 mT DME B 4R R AR, (BRFRT2DIEB . 75— rl RER AL BRE
e A TP 4E

AHATRE R 4E = H) P AR Bl 2 R LR T
Hlas N U4 il 0 Al 4725 (8] ] BE A SRR RS ], AR =7 ) il o 2R B T %
FAT B RS AT A4 R g7
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AT FE S B REAAEASE T AT £~ 7
Z R HEARIAEL T AR R T N T 2% I HAR R BE R R 2 5 5 B A RE A IE lir
IHAT N AR I nh R EK

I EEFE R > TP A BB R 7
MW IR R SR AR B SRS P BEAN IR BN EORIN, w i ol E 2 > R R E TR
YRR (HA G EXIRL AR 725 BB
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Thanks!



