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state/context — trajectories/actions

® Model-free BC methods

® Model-based BC methods
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3.1 [JSERRA LAVIDA

The aim of imitation learning:
T4 = 11(s)

s can be the initial state of the robotic manipulator x
or the state of objects relevant to a given task

In action-state space learning:

Uy = m(xe, S)

http://www.lamda.nju.edu.cn
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Learning trajectories: D = {(t;,s;)}4

Action-state space learning: D = {(u;, x;)}",

Algorithm 1 Abstract of behavioral cloning

Collect a set of trajectories demonstrated by the expert D
Select a policy representation g

Select an objective function £

Optimize £ w.r.t. the policy parameter 8 using D
return optimized policy parameters 0

http://www.lamda.nju.edu.cn
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3.2.1 IR KR EIRYERE

Quadratic Loss Function:

lquad(xl»xz) = (x1 — xZ)T (X1 — x3)

EEETDHRIRT | IMEESIRKRETSEREXT YA (expected log
likelihood) BRI A ZZTIFEK

y = fplx)+¢€ e ~N(0,0)

(v —fo(x))*
20

p(ylx,0) = exp( )

1
\V2TTo
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(y—fe (x))z)z]

20

argmax E[logp| = argmax E[logexp(—
: = al‘%ninE [((y — fo(x))?]
~ argming ~ X;(y — fo(x))?
DMPFIProMPEREEIE &/ M TR R EF S HNITE

Weighted Quadratic Loss Function:

lwquad(xl:er W)= (x; — xZ)TW (X1 — x2)

http://www.lamda.nju.edu.cn



3.2 TS IEAIGIT LAVIDA

www.lamda.nju.edu.cn

[, — Loss Function:

labs(xl»xz) = z |x1,i — X2
i

Log Loss Function:

ling(q,p) = — z q;Inp;
[
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Hinge Loss Function:

Lhinge (X1, X2) = max(0,1 — x;x;)

Kullback-Leibler Divergence:

)
D ()|q(0) = j Pt dx
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3.2.2 [ 75 %A%

Trajectory
Learning

Gaussian Model

[Paraschos et al., 2013, Maeda et al.,
2016]

[Calinon and Billard, 2009,
Gribovskaya et al., 2011,

GMR Khansari-Zadeh and Billard, 2014,
Calinon, 2016]
[WR [Schaal and Atkeson, 1998, Miilling
et al., 2013, Osa et al., 2017a]
LWPR [Vijayakumar et al., 2005]
GPR [Osa et al., 2017b]

Action-State
Space

Look-Up Table

[Chambers and Michie, 1969]

Linear Regression

[Widrow and Smith, 1964]

Neural Network

[Pomerleau, 1988, LeCun et al., 2006,
Stadie et al., 2017, Duan et al., 2017]

Decision Tree

[Sammut et al., 1992]

LWR

[Atkeson and Schaal, 1997]

LWPR

[Vijayakumar and Schaal, 2000)]

http://www.lamda.nju.edu.cn




IR FIRBEMNTRENITARIER X

LAVIDA

www.lamda.nju.edu.cn

?E

BCZ_ g%jggﬁﬂ]IU\

BERIEEETER J’EEPEI’J_I{TE
Eﬂ‘% 'JBC{%ﬁH%@EEBM‘E?&%ﬂ»\—T—Tﬁlﬂg BPEEALES RO , tBANAZIZ

BIRATRRBIIT AL |, BEES

ERE>

ERFES

FIIFEEXSEER |, (B

, BOFERY

Model-free

Model-based

A policy can be usually

Applicable to underactu-

Hard to predict future
states.

Advantages learned without iterative
. ated systems.
learning.
Hard to apply to underac- | Model learning can be
Disadvantages tuated systems. very difficult.

An iterative learning pro-
cess is often required.
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3.4.1Model-Free Behavioral Cloning as Supervised Learning

ERIREFIART , KEREZINGEAEIPRSSTEF
HTIRIDES , BIIIEBERARFET | I)IIZ— SR SCINME
BREEEERIIBRET |, (BIXFNTATT AR TS , IR R4
RERRESUFIEBRIRINTE | IRFERRRAVEEIER,

IEFIBEETINGFEAISIEL. BDHAIRK  BREFIRE
ASEEXMMRIZ , TEHERAEZI N EE M INFRERAIRES |
3.4 3BNB—F3z B IS EEFS] (supervised learning with interaction)

Y7 AR RIX AN B
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3.4.2 Imitation as Supervised Learning with Neural Networks

® Recent successes of Imitation Learning with Neural Networks

J}; ; _” . ) .
’ 1@ ‘ ”

‘“\h _45 \ :”
Ty
e E"

: J&!’Fﬂiﬁt s
I

a value network:

approximate the value function to
predict the expected outcome of the
game

a policy network:
output actions using a representation
of the image input of the board

The value and policy networks are
improved using data collected
through self-play

http://www.lamda.nju.edu.cn
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3.4.2 Imitation as Supervised Learning with Neural Networks

® [ earning with Recurrent Neural Networks

Dialogue act:
inform(name="red door cafe”, goodformeal="breakfast”,
area="cathedral hill”| kidsallowed="no")

Generated samples:

red door cafe is a good restaurant for breakfast in the area
of cathedral hill and does not allow children .

red door cafe is a good restaurant for breakfast in the cathedral hill
area and does not allow children .

red door cafe is a good restaurant for breakfast in the cathedral hill
area and does not allow kids .

red door cafe is good for breakfast and is in the area of cathedral hill
and does not allow children .

red door cafe does not allow kids and is in the cathedral hill area
and is good for breakfast .

generate human like natural
language using a special form of the
long short-term memory(LSTM)

L MR E M A SRR
JHIBAES. EHERZELL
XIETARFEN | BERRIE
FIREIERFENEX T
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3.4.3 Teacher-Student Interaction during Behavioral Cloning

This method highlights a central difference between imitation learning and
the traditional setting of supervised learning, where we typically assume the
input distribution to be independent and identically distributed.

BE | BMFEEEENERIERZE SRR |, R e aeiE FIREER
SR EARTHY , R IR PP REXAIASE T

® SEARN

o

® Confidence-Based Approach

® Data Aggregation Approach: DAGGER
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3.4.3 Teacher-Student Interaction during Behavioral Cloning

® Confidence-Based Approach

Algorithm 2 Confidence-based autonomy algorithm: confident execu-
tion and corrective demonstration [Chernova and Veloso, 2009]

Input: Demonstration of the action-state pairs D = {(x;, u;)}Y ,,
confidence threshold ¢y

Initialize the policy =«
repeat
Observe the state @

Compute the confidence c(x)
Plan action u"

if c(x) < cg or Corrective demonstration is necessary then
Receive the demonstration data Dpew = { ("W, u"V)}
Update the dataset D <— D U Dyew
Update the policy 7%

end if

until the task learned

http://www.lamda.nju.edu.cn
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3.4.3 Teacher-Student Interaction during Behavioral Cloning

® Data Aggregation Approach: DAGGER

Execute 7, ,and query expert

o New data
eering p—
= P=c
T Tl v
§ Q‘*‘ — @
‘&\ %§ f o
\ -, *:.’ —_ ;‘4 :
TR Aggregate +
g dataset All previous data
New policy « . ‘ =k
71-11 i _!ﬁi @

Supervised learning
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3.4.3 Teacher-Student Interaction during Behavioral Cloning

® Data Aggregation Approach: DAGGER

Algorithm 3 DAGGER [Ross et al., 2011]

Input: initial dataset of demonstrations D = {(x,u)}, {5;} such
that & S, B — 0
Imtlahze Ut
for :=1to N do
Let m; = BﬂTE + (1 — ﬁZ)WZL
Sample trajectories T = [xq, ug, ..., £, wr| using m;
Get dataset D; of visited states by m; and actions given by expert.
Aggregate datasets: D < D UD;
Train the policy 7TZL+1 on D.
end for
return best 7 on validation.

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation

® Keyframe/Via-Point Based Approaches

® Hidden Markov Models(HMM)

® Dynamic Movement Primitives(DMP)

® Probabilistic Movement Primitives(ProMPs)

® Stable estimator of dynamical systems(SEDS)

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation
® Hidden Markov Models(HMM)

X : a finite set of latent state

Y : a finite set of observation labels
A={a;;} : a state transition matrix
B={b;;} : an output probability matrix
d; : an initial distribution vector
A=(4,B)

A" = argmaxp(Y'|A)
A

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation
® Dynamic Movement Primitives(DMP)

ensure the smoothness and continuity of the trajectory

NCNNAN N AN
A \
A TN N4 NI A TR
\\ RS/~ N NN \\\\; / §\\\
<
U o i AR B ¥
L> ¥ _” Zlz (H BN

(a) (b) (c)

Kl3.4: DMPHI7RERE. DMPsH iR s Rm AAELE N AR 5| F HmimAaE. &
B SR EBEF G EHRAE . B (A) PR RPUEE RERUTSA H . B
AL ST, ERE T s AN, R NEARE, 1E D) GO RER IR T
HT, ERAFRR, KT RERRSES. EREIRsh 2= =ERN (C) s 1% L 1
[ FNR 2 ST 1Y)
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3.5.1 Trajectory Representation
® Dynamic Movement Primitives(DMP)

We describe details of DMPs in the following. In a DMP, the demon-
strated motion with one degree of freedom (DoF) is modeled as a
spring-damper system

°F = ay (Be(g —x) —T2) + f, (3.22)

For a striking movement,
TZ = —U,Z a,ls a constant

Using a Gaussian basis function with z,

) = (g - %) ) i@z
i=1

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation
® Dynamic Movement Primitives(DMP)

frarget(t) = 29O () — @ (B (g — x9em0(£) ) — Tdeme (1))

T
Lowp = ) (frarger(t) = £(6)¥e)
t=0

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation
® Dynamic Movement Primitives(DMP)

Algorithm 4 Learning dynamic movement primitives [Schaal et al.,
2004, Ijspeert et al., 2013]

demo - narameters ay, By, T, Oy, W,

Input: demonstrated trajectory T
Choose a system of a phase variable z, e.g., (3.23)

Choose a basis function v of the forcing function f

Compute the forcing function at each time step using 79™° with
(3.27)

Find a weight vector w that minimize Lpyp in (3.28) using a least-

square solution (3.29)

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation
® Probabilistic Movement Primitives(ProMPs)
izl . RFERVIRESRIRTA

q(t) T
x(t) =1 " = W(t) w+ €y, 3.34
(t [ o ] (t (334)
where W(t) is a M x 2 dimensional time-dependent basis matrix defined

as i , i
Pi(t)  a(t)
W(t) = : : : (3.35)
| Ym(t) Ym(t)
w is a weight vector, and €, ~ N(0,X,) is zero-mean i.i.d. Gaussian
noise. Here, the probability of observing the state x(t) is expressed as

p(x(t)|w) = N(2(0)¥(t) w, ;). (3.36)

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation
® Probabilistic Movement Primitives(ProMPs)

T
2
EProMP = Z Hw(t) - \Il(t)TwH ) (339)
t=0
where x(t) = [q¢(t) ¢(t)]T. The solution is given by a least squares
solution _
q'(0)
R
w' = (FFT) r| : |, (3.40)
¢'(T)
¢"(T)

where the basis function matrix I is given by

1(0)  P1(0) - i(T) i (T)

I = (3.41)

621(0) Dar(0) .. oai(T) dar(D)

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation
® Probabilistic Movement Primitives(ProMPs)

Algorithm 5 Learning probabilistic movement primitives [Paraschos
et al., 2013]

Input: Multiple demonstrated trajectories D = {Tdemo N,

Choose a basis function @ and the number of the basis function M
Compute the basis function matrix W¥(t)
for each demonstrated trajectory do
Obtain w by computing (3.40)
end for
Compute p(w) ~ N (g, 2w)

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation Time-Invariant
® Stable estimator of dynamical systems(SEDS)

Let us define x as the state vector of the system. When a set of
x — f (x ) demonstrated trajectories is given, the joint distribution of & and « can
be estimated from the observations using a GMM. The kth component

of the GMM models the distribution p(x, z|k) as

Yizk ik
The estimated dynamics function f is learned as

g

p(x, z|k) ~ N ([ i ",

K
= (@) (16 + Baw s Ty k(2 — o)) (3.46)
where

hi() = p(k)p(xlk)  mN(Z|pg ks B k)

SE p@)p(zli)  TE mN (b, Bei)

where 7y is the prior of the kth Gaussian component.

(3.47)

http://www.lamda.nju.edu.cn
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3.5.1 Trajectory Representation Time-Invariant
® Stable estimator of dynamical systems(SEDS)

The study by Khansari-Zadeh and Billard [2011] showed that the
system described by (3.46) is globally asymptotically stable at the tar-
get ™ if the condition

(3.48)

A* 4+ (AF)Tis negative definite,
—Arx* = py g — Ay,

is satisfied for all k = 1, ..., K where A* = Yiek(Zer) k.

http://www.lamda.nju.edu.cn
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3.5.2 Comparison of Trajectory Representations

JEFREK
1. IEFEE&ESAVHILEAR
2. EEFEGETARESRENERR

I

Stabile Stochasticity Encoding
attraction of spatial co-
to a target trajectories ordination

position patterns

Time
dependence

Way points / Keyframe
[Abbeel et al., 2010, v
Nakaoka et al., 2007]

HMDMs
[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
Maeda et al., 2016]

SEDS
[Khansari-Zadeh and
Billard, 2011, 2014]
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Method Gezg;iléi?ble Advantages Disadvantages

DMP Limited
[Schaal et al., 2004, Star;:siril;infoal Glgllarin‘;lee ,Of generalization
Ijspeert et al., 2013] P stable behavior capabilities

ProMP Any subset of Gegeral(ization N ¢
[Paraschos et al., 2013, | the observations }? 5¢ . c,)n ¢ obgluaga}rllte(.e ©
Maeda et al., 2016] of the system stoc aStIClt,y © stable behavior
demonstrations
State of the Generalization
ED ime-

S .S system with with guarantee No time
[Khansari-Zadeh and fixed f stabl dependence
Billard, 2011, 2014] e Ot Stabie

dimensionality behavior
Way points with Generalization | Stochasticity of
non-rigid registration A point cloud of | based on point demonstrations
Schulman et al., 2013) the given scene c.louds of a 1s'n0t
given scene considered

http://www.lamda.nju.edu.cn
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3.5.4 Information Theoretic Understanding of Model-Free BC

minimize a sum-of-squares error function
=maximize the likelihood for the given dataset of demonstration
=minimize the KL divergence given by:

DKL(CI(T)||P(T|W)) jCI(T) In 2 dt

p(t|w)

>

1
D (@@IIp(l@)) = = ) (= In(xf™|w) + lnq(zfem))

http://www.lamda.nju.edu.cn
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3.5.4 Information Theoretic Understanding of Model-Free BC

— maximize the likelihood In p(t|w)

Learn the policy
min Dk, (q(T) | |p(‘r|’w))

Data manifold Policy model manifold

http://www.lamda.nju.edu.cn
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® Time Alignment of Multiple Demonstrations
® Learning Coupled Movements

® Incremental Trajectory Learning

http://www.lamda.nju.edu.cn
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3.5.8 Combing Multiple Expert Policies

Given multiple experts’ policies {T[l}l 15

2%1 0;TC; (x)

mixture of experts: m(x) = 7
i=10i
Hlivi1 1T (X)
roducts of experts: w(x) =
p P ST i (x)dx

LAVIDA
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3.6.1 Segmentation and Clustering for Task-Level Planning

BATRENINITZ I FAERRESHRIRE NERAVHITEE S — s
5] , (BESEET |, ErHYUE A BER A RSEE RIS S 2E P
R , ATEIFNRIDEE] , BVEXERAVSIEHTOE]. 1
ob  EXNHE I TEEE | AT EISHEENRIRIES] , EEFRES
PEIERNEEIHITERES. AT , FLoBIFIRENITEEZEFETH,

BFHMMBELDEIGZ | B BTEUEREEIITE | WAET
SIREIER T EF I AR T E
FIAS@BHMMs S EIFIR XL BIEENAE - iTEHMMs Z |8 RYEE
B, R BRI ERRIRIE oI ER SR 4514
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3.6.2 Learning a Sequence of Primitive Motions

( N a8 N\ ( )

-
MP Library Goal Learning Graph Learning Switching Behavior

O O48 €000
o o 6660

MR ES A Emovement primitives , FFRSFRIE=
WK ESS 73 R E R F—1 a0

JLe
&
JLe
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3.6.2 Learning a Sequence of Primitive Motions

{EFHMMIIMPZ [BIRSIRIAI TIER | FIBERS |
FRFIHIDMPs{EEBETSEN A BHIK

http://www.lamda.nju.edu.cn
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3.6.2 Learning a Sequence of Primitive Motions

sentence | probability

a player throws 0.8

! ! W a player throws a ball | 0.75 ;g W
i a player ball run 0.01 a player throws

Natural Language Model
(Syntax Graph)

Natural Language Model Motion Language Model

(Syntax Graph) (Semantic Graph)

motion pattems

Motion Language Model

(Semantic Graph)
motion pattems

“eat”

latent states latent states

O words
cat

m - 8 : A
- D T iy

® @ @D T O @

Words are associated Words are arranged Motion is associated A sentence is segmented
with motion grammatically. with words into words
[Motion is interpreted as a sentence] [Motion is generated from a sentence]

MNEEF=E G FE N FHFE1Es)]

http://www.lamda.nju.edu.cn
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Algorithm 10 Motion language model [Takano and Nakamura, 2015]

Learning:

Input: demonstrated trajectories and sentences D = {Tdemo, y}
Train a set of HMMs that represent the primitive motions

Train the motion language model and the natural language model
Prediction:

Input: a motion sequence or a sentence
if the given input is a motion sequence then
Recognize the motion symbol A\ using HMMs
Predict words for the given motion
y* = arg max, p(y|\™)
Arrange the order of the words using the natural language model
return sentence
end if
if the given input is a sentence then
Predict a motion symbol corresponding to the given sentence y™
X* = arg maxyes p(Aly™)
Predict the motion sequence from the motion symbol \*
return motion sequence

end if

http://www.lamda.nju.edu.cn
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3.7.1 EF R NERENITARERZE
Correspondence problem

Learning a forward dynamics model:

Xer1 = f(Xe,up)

forward dynamics model learning can be framed as a regression problem

Regression Employed by ...
Locally Weighted
Regression

[Atkeson et al., 1997, Schneider, 1997]

Gaussian Mizture [Grimes et al., 2006b, Grimes and Rao,

2009]

Regression

Gaussian Process | 16 mes et al., 2006a, Englert ct al., 2013,

Deisenroth et al., 2014]
Neural Networks | [Baram et al., 2017, Nair et al., 2017]

Regression

http://www.lamda.nju.edu.cn



3.7 B SR HEER LAVIDA

www.lamda.nju.edu.cn

3.7.1 BEF R AFRRITARIESE

® |[mitation with a Gaussian Mixture Forward Model

Algorithm 11 Behavior acquisition via Bayesian inference and learn-
ing [Grimes and Rao, 2009

Observe an expert’s demonstrations |01, - , o
p : :

Estimate the kinematics of the expert
Initialize the forward model f
Infer bootstrap actions based on the forward model
repeat
Execute actions
Learn/update the GMR forward model
Infer constrained actions
until task learned

http://www.lamda.nju.edu.cn
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3.7.1 BEF R AFRRITARIESE

® |[mitation with a Gaussian Process Forward Model

Algorithm 12 Probabilistic model-based imitation learning [Englert
et al., 2013]

Input: n trajectories 7; demonstrated by the expert
Estimate the expert distribution over trajectories g(79¢™°)

Record state-action parts of the robot through applying random con-
trol inputs
repeat i =1 to N do

Learn/update probabilistic GP forward model

Predict the new trajectory distribution p(7)

L

Learn policy 7~ = arg min, Dkj, (q(TdemO)Hp(T)>

Apply 7" to the system and record data
until task learned
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3.7.2 Imitation Learning through Iterative Learning Control
A FE Eforward dynamics model

Algorithm 13 Iterative control learning [van den Berg et al., 2010)]

Input: desired trajectory 7%, learning rate «
Initialize the target trajectory as = = 7¢
repeat
Execute a controller with the target trajectory 7
Record the executed trajectory 7
Update the target trajectory + «+ 7+ — a(T — 7%)

until 7 ~ 74

ZRBTCEERH T AR E T

S f
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3.7.3 EFEEBCHZNERICIERE

Learn the policy so as to satisfy
Eqlo(T)] = Eplo(T)]

Execute the policy

Data manifold Policy model manifold
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3.8 Robot Applications with Model- LAVIDA

Learning And Mining from DatA

F re e B C M et h O d S www.lamda.nju.edu.cn

Learning to Hit a Ball with DMP
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Learning Hand-Over Tasks with ProMPs

E
= robot
/."A//‘:--'O‘/.s - 0'8
1 os 05 " 02 %
' y (m) ' 2 m

y (m)
X (m)

(c) Holding the screw driver

(a) Handing over a plate (b) Handing over a screw
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3.8 Robot Applications with Model- LAVIDA

Learning And Mining from DatA

F ree B C M et h O d s www.lamda.nju.edu.cn

Learning To Tie a Knot Modeling the Trajectory
Distribution with Gaussian Process
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3.9 Robot Applications with Model- LAVIDA

Learning And Mining from DatA

Based BC Methods wwww Jamda,nju.cdu.cn

Learning Acrobatic Helicopter Flights
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3.9 Robot Applications with Model- LAVIDA

Learning And Mining from DatA

Based BC Methods wwww Jamda,nju.cdu.cn

Learning to Hit a Ball with an Underactuated Robot
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3.9 Robot Applications with Model- LAVIDA

Learning And Mining from DatA

B as e d B C M et h 0 d s www.lamda.nju.edu.cn

Learning to Control with DAGGER

MARLOTS GO0 GOTN S prEa el Rt e,
, 03 i 72
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Thanks!
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