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Optimal Control (Open Loop)

* The optimal control problem:

T

min E Ct(CEt,Ut>
T,U
t=0
S.T. To = T

Lt+1 = f(:vt,ut) t = O, ,T — 1



Optimal Control (Open Loop)

* The optimal control problem:

T
min C
o Z t(xtaut)
t=0
S.T. To = T
xt—l—l :f(ZUt,U,t) t:O,,T— 1
e Solution:

Sequence of controls wand resulting state sequence

* |In general non-convex optimization problem, can be solved with
sequential convex programming (SCP): https://stanford.edu/class/
ee364b/lectures/seq slides.pdf



https://stanford.edu/class/ee364b/lectures/seq_slides.pdf
https://stanford.edu/class/ee364b/lectures/seq_slides.pdf

Optimal Control (Closed Loop a.k.a. MPC)

Given: xg
Fort=0,1,2,..,T

T

min Z Ci (ij, uk)
T, U

k=t
S.t. Try1 = f(:z:k,uk), Vk € {t,t—|— 1,....17 — 1}

Tt = Tt

« Solve

- Execute uy
» Observe resulting state, T+y1

« |nitialize with solution from ¢ — 1 to solve fast at time ¢



Shooting methods vs collocation methods

Collocation Method: optimize over actions and state, with constraints

Diagram: Sergey Levine



Shooting methods vs collocation methods

Shooting Method: optimize over actions only

min c(xq,uq) + c(f(x1,ur),us) + - -+ c(f(f(...)...), ur)

Ugy..., uT

Indeed, x are not necessary since every u results (following the dynamics)
in a state sequence X, for which in turn the cost can be computed

Not clear how to initialize in a way that nudges towards a goal state

Diagram: Sergey Levine



Bellman's Curse of Dimensionality

* n-dimensional state space

 Number of states grows exponentially in n (for fixed number of
discretization levels per coordinate)

e |n practice

Discretization is considered only computationally feasible up to
5 or 6 dimensional state spaces even when using

Variable resolution discretization

Highly optimized implementations



Linear case: LQR

- Very special case: Optimal Control for Linear Dynamic Systems and Quadratic
Cost (a.k.a. LQ setting)

- Can solve continuous state-space optimal control problem exactly
- Running time: O(Tn?)

Ui,..., ur / \
10 x 1" X x, 1"
X t t ¢
f(Xtaut) Ft[ui]—l—ft C(Xtaut) 5[111&] Ct[ut]+[ut] Ct

linear quadratic



Linear dynamics: Newtonian Dynamics

o Tt41 — T¢ -+ At$t -+ AtQFm
o Yrr1 = Y + Aty + AtPF,
¢ jjt—l—l — il.ﬁt —|- AtFx

© Ut+1 = Yt + AlF,



What Is the state x”?

In most robotic tasks, state is hand engineered and includes:
e position and velocities of the robotic joints

e position and velocity of the object being manipulated

Those are both known: the robot knows its state and we perceive the state
of the objects in the world. In tasks where we do not even want to bother
with object state, we just concatenate the robotic state across multiple time
steps to implicitly infer the interaction (collision with the object)



What is the cost c(xy, uy)

oz, ur) = ||z — 27| + Bluel]

r” is the target state

* In the final time step, you can add a term with higher weight:
Final cost  c(zr,ur) = 2(|lzr — 2™ + Bllurl)

 For object manipulation, =™ includes not only desired pose of the
end effector but also desired pose of the objects



Linear Quadratic Regulator (LQR)

Definitions:

Q(z+, ut): optimal action value function, optimal cost-to-go at state z; as a
function of u; assuming we act optimal past step t

V(x;): optimal state value function, optimal cost-to-go from state z;

Vi(ze) = man(xtvut)
L0: the |n|t|al state, known and given



Principle of Optimality

An optimal policy has the property that whatever the initial
state and initial decision are, the remaining decisions must
constitute an optimal policy with regard to the state resulting
from the first decision. (See Bellman, 1957, Chap. 111.3.)



Linear Quadratic Regulator (LQR)

Value iteration: backward propagation!
Start from urand work backwards



Linear Quadratic Regulator (LQR)

T T
1
c(thut) — _ [ %t ] C; [ Xt ] 4+ [ Xt ] c; only term that
2 | w uy uy depends on ur
Xt
_F £ .
Fxe, ) =B [ u, ] T Cost matrices
Value iteration: backward propagation! for the last time step:
Start from w7 and work backwards Cr = { ng,xT ng,uT }

1 g T
Q(XTaUT):COHSt‘Fi[ﬁ;] CTIET]—F[XT] CT CT:[CXT]



Linear Quadratic Regulator (LQR)

min c(xy,uy) + c(f(x1,uy),u2) +---+c(f(f(...)...),up)

ui,...,ur \ )
1[x 1" X x, 1"
c(X¢,Up) = = [ ¢ ] C; [ t ] 4+ [ t ] c; only term that
2 | uy Uy Uy depends on ur
Xt
=F f :
fxe,ue) = Fy [ uy ] T Cost matrices
Value iteration: backward propagation! for the last time step:
Start from u7and work backwards Cr = { ng,xT ng,uT }
1 y T y y T ur, X ur,ur
_ < T T T Cx.r
Q(XT,UT)—COHSt-FQ[uT] CT[uT]—F[uT] CT CT:[CuT]

Set derivative to zero since we have a quadratic to find
minimizing u_T:

VUTQ(XT7 UT) — CUT,XTXT —|_ CuT,uTuT _|_ CIII;T — O



Linear Quadratic Regulator (LQR)

min c(xy,uy) + c(f(x1,uy),u2) +---+c(f(f(...)...),up)

ui,...,ur \ )
1[x 1" X x; 1"
o(xp, 1) = [ t ] C, [ t ] n [ t ] ¢ only term that
2 | uy uy uy depends on ur
Xt
f(xe,ue) = Fy [ u, ] +1 Cost matrices

Value iteration: backward propagation! for the last time step:

Start from w7 and work backwards Cr = { Cxrxr Cxrur }

CuTaxT CuTauT

T T
_ 1| x7 XT XT C
Q(XTaUT)—COHSt+§[uT] CT[uT]—F[uT] CT CT:[cuT]

T

Set derivative to zero since we have a quadratic to find
minimizing u_T:
T

VUTQ(XT7 UT) — CUT,XTXT —|_ CuT,uTuT _|_ cuT — O

. —1
ur = _CuT,uT (CUT;XTXT + CUT) 1
KT — _C CuT,xT

ur,ur
ur = Krxr + kr . -
T=—

uT,uTCU-T



Linear Quadratic Regulator (LQR)

Remember: V(z;) = me(:ct Ut )

Substituting the minimizer ur into Q(zr,ur) gives us V(zr)!



Linear Quadratic Regulator (LQR)

Remember: V(z;) = me(:ct Ut )

Substituting the minimizer ur into Q(zr,ur) gives us V(zr)!

T T
1
Q(x7,ur) = const + 7 [ T ] Cr [ T } + { xT ] cr ur = Krxr + kr

1
Vixr) = const—|—§ [



Linear Quadratic Regulator (LQR)

Remember: V(z;) = mm Q(xs, us)

Substituting the m|n|m|zer ur into Q(xr,ur) gives us V(xrp)!

T T
1
Q(x7,ur) = const + 7 [ T ] Cr [ T } + { xT ] cr ur = Krxr + kr

T T
B 1 XT XT XT
Vixr) = const—|—§ [ Korxp 4+ k7 ] Cr [ ]+[ ] CT

1 1 1 1

1
x1 K7+ Cuyp upr KT + ZX%CXT w k1 + xhey, +x1Kley, + const



Linear Quadratic Regulator (LQR)

Remember: V(z;) = mm Q(xs, us)

Substituting the m|n|m|zer ur into Q(xr,ur) gives us V(xrp)!

B 1 XT g XT XT g
Vixr) = const—|—§ [ Korxr + ki ] Cr [ ]+[ CT

1 1 1 1

1
x1 K7+ Cuyp upr KT + ZX%CXT w k1 + xhey, +x1Kley, + const

1
V(x7) = const + §X§VTXT + x vy V1 = Cyxpxp + Cxpur Kt + KrCuypoxp + KLCuypou, Kr

VT = Cx, T+ CXT,UTkT + KgcuT + K%CuTauTkT



Linear Quadratic Regulator (LQR)

Remember: V(z;) = mm Q(xs, us)

Substituting the m|n|m|zer ur into Q(xr,ur) gives us V(xrp)!

B 1 XT g XT XT g
Vixr) = const—|—§ [ Korxr + ki ] Cr [ ]+[ CT

1 1 1 1

1
x1 K7+ Cuyp upr KT + 2x§ch w k1 + xhey, +x1Kley, + const

1
V(xr) = const + §X§VT><T + x v V1 = Cyxpxp + Cxpur Kt + KrCuypoxp + KLCuypou, Kr

VT = Cx, T+ CXT,UTkT + KgcuT + K¥CUT,UTkT



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

| 9T ) 9T
Q(xXr—1,ur_1) :const+§ { wred ] Cr_1 [ ET ! ]—I—[ wred ] cr—1+V (f(xr—1,ur—1))



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

( 1 \

V(x7) = const + §X¥VTXT + X%VT



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

( 1 \

V(xr) = const + §X¥VTXT + XtV

q«(s,a) =r(s,a) +~ Z T(s'|s,a)v.(s")
s’'eS



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

1

T T
XT_ X7 _ .
Q(xXr_1,up_1) = const—|—§ [ u;_i ] Cr_y [ 11?—1 ]—I—[ el ] cr 1+V(f(xp—1,ur_1))

( 1 \

V(xr) = const + §X¥VTXT + XtV

q«(s,a) =r(s,a) +~ Z T(s'|s,a)v.(s")
s’'eS

We can eliminate x_T by writing only in terms of quantities of T-1!



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

1

T T
Q(xXr_1,up_1) = const—|—§ [ i;:i ] Cr_y [ zzii ]—I—[ el ] cr 1+V(f(xp—1,ur_1))

( 1 \

V(xr) = const + §X¥VTXT + XtV

q«(s,a) =r(s,a) +~ Z T(s'|s,a)v.(s")
s’'eS

We can eliminate x_T by writing only in terms of quantities of T-1!

X7 _
Flxrosur_) =xr = Fry | 304 |+t
T—1



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

T T
L] xp—y ] [ XT-1 ] [ XT-1 ]
X7_1,Ur_1) = const+ — Cr_ + cr_1+VI(f(xr—1,ur—
Qxr_1ur1) o] S T B R Bl IR 1 )

)
( 1 \

V(xr) = const + §X¥VTXT + XtV

q«(s,a) =r(s,a) +~ Z T(s'|s,a)v.(s")
s’'eS

We can eliminate x_T by writing only in terms of quantities of T-1!

X7 _
Flxrosur_) =xr = Fry | 304 |+t
T—1

T T T
1| x4 e X7T_1 XT_1 T XT_1 T
V(x7) = const + — F+ . VrFp_ 4 Fr_ Vprtr_1 + Fr_ v,
(T) 2[11T—1] T-1¥ITET 1[11'1“—1 ur_1q T-1 ¥V TH-1 ur_1q r=1

quadratic linear linear



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

T T
L] xp—y ] [ XT-1 ] [ XT-1 ]
X7_1,Ur_1) = const+ — Cr_ + cr_1+VI(f(xr—1,ur—
Qxr_1ur1) o] S T B R Bl IR 1 )

)
( 1 \

V(xr) = const + §X¥VTXT + XtV

q«(s,a) =r(s,a) +~ Z T(s'|s,a)v.(s")
s’'eS

We can eliminate x_T by writing only in terms of quantities of T-1!

X7 _
Flxrosur_) =xr = Fry | 304 |+t
T—1

T T T
1| x4 e X7T_1 XT_1 T XT_1 T
V(x7) = const + — F+ . VrFp_ 4 Fr_ Vprtr_1 + Fr_ v,
(T) 2[11T—1] T-1¥ITET 1[11'1“—1 ur_1q T-1 ¥V TH-1 ur_1q r=1

quadratic linear linear

We have written V(x7) only in terms of x7_1, upr_1 !



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

1

T
X7 _
Q(x7—-1,ur—_1) = const + B [ 11;—1 ] Qr_1 [

Qr-1=Cr_1+F7_VrFr_;

Qr-1=cr_1+ Fo_ Vofr i + FA4_ vy



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

1

T T

XT_1 XT-1 XT—1
X7_1,Ur_1) = const+ — Cr_ -+ cr 1+V(f(xr_1,ur_
Q(xr—1,ur—1) 2[UT—1] Tl[uT_1] [uT_1] T 1+V (f(xr—1,ur_1))

| v

T T
XT_1 XT-1 XT-1
X7T-1,Ur—1) = const + — _ + _
Q(T1 T1) 2[11T—1]QT1[U—T—1] [ ]CITl

Qr-1=Cr_1+F7_VrFr_;
Qr-1=cr_1+ Fo_ Vofr i + FA4_ vy

We have written optimal action value function Q(x7—1, wr—1) only in terms of
TT—1,UT—1!



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

T
L1 xp X1 X7
—1,ur—y) = const Cr_
QNXT 1ﬂkr;ﬂ (Dns—k2[ UT—1] T 1[ e 1 o
Q(x7_1,ur 1):(301r18t—|—1 AT-1 TQT . XT-1 + XT-1
o 2 ur— | ur—1 ur_q

Qr-1=Cr_1+F7_VrFr_;

Qr-1=cr_1+ Fo_ Vofr i + FA4_ vy

We have written optimal action value function Q(x7—1, wr—1) only in terms of

TT—1,UT—1!
Let’s take derivative to find the minimizing u_{T-1}!

1

T
1] cr1+V(f(xr—1,ur—1))

T
] qr-1



Linear Quadratic Regulator (LQR)

We propagate the optimal value function backwards!!

T T
L] xp—y ] [ XT-1 ] [ XT-1 ]
X7_1,Ur_1) = const+ — Cr_ + cr_1+VI(f(xr—1,ur—
Qxr_1ur1) o] S T B R Bl IR 1 )

v

T T
L] xp_q XT-1 XT-1
X7T-1,Ur—1) = const + — _ + _
Q(x7-1,ur-1) 5 [ wr ] Qr-1 [ ar ap_, | A1

Qr-1=Cr_1+F7_VrFr_;
Qr-1=cr_1+ Fo_ Vofr i + FA4_ vy

We have written optimal action value function Q(x7—1, wr—1) only in terms of
Tr—1,UT—11
Let’s take derivative to find the minimizing u_{T-1}!

T
vuT_l Q(XT—17 uT—l) — QUT_l,XT_le—l _I_ QUT_l,uT_luT—l —I_ quT—l — 0

_ —1 — —1
ur—1 = Kr_1x7_1 + kr_ Kr1=-Qu; ,ur  Qur i xr_ kr-1=-Qu; ,ur Qur_,



Linear case: LQR

Backward recursion:

fort =1 to 1:
Q, =C; +F;,V,F,
q: = C¢ + FtTVt+1ft + FtTVt+1

1| x r X X T
Q(Xtaut):COHSt+§[ t] Qt[ t]+[ t} op

u; < argmin Q(x¢, uy) = Kyxy + ky
Uy
—1
Kt — _Qut,ut Qutaxt
—1
kt — _Qut,utqut

Vt — th,xt + th,uth _I_ K;Qut,xt + K;Qut,uth
Vt — th —|_ th,utkt + K?Qut —|_ K?Qut,utkt

1
V(Xt) — const + §X$Vtxt + X?Vt

Diagram: Sergey Levine



Linear case: LQR

Backward recursion:

fort =1 to 1:
Q, =C; +F;,V,F,
q: = C¢ + FtTVt+1ft + FtTVt+1

1 Xt g Xt Xt r
Q(x¢, u) = const + 5 [ ] Q: [ ] + [ } op

Uy Uy U
u; + argmin Q(x¢, uy) = Kyx; + ky Forward recursion:
_ —1
Kt o _Qut,llt Qutrxt fort=1to 1"
k; = —Q;t{utqut w; = Kyxy + kg
Vt — th,xt + th,uth _I_ K;Qut,xt + K;Qut,uth Xt—|—1 — f(th ut)

Vt — th —|_ th,utkt + K?Qut —|_ K?Qut,utkt

1
V(Xt) — const + §X$Vtxt + X?Vt

We know x_0!



Non-linear case:Use iterative approximations!

First order Taylor expansion for the dynamics around a trajectory i:,d:t=1---T':

.. . X; — X
f(Xhut) ~ f(Xtaut) +th,utf(xtaut) [ bt ]
U — Uy

Second order Taylor expansion for the cost around a trajectory 3, a,t=1---T:

~ ~ T ~
A A A A X _X 1 X _X A A X _X
C(Xtaut) ~ C(Xtﬂut)—l_vxtautc(xt?ut) [ U-Z . ﬁi ]+§ [ uz _ ﬁz ] vit,utc(xt?ut) [ U-Z . ﬁ-i ]



Non-linear case:Use iterative approximations!

First order Taylor expansion for the dynamics around a trajectory i:,d:t=1---T':

SR L X; — X
Flox ) % F e ) + Vo f5000) | 05
t — Uyt

Second order Taylor expansion for the cost around a trajectory 3, a,t=1---T:

~ A T ~
A A A A X _X 1 X _X A A X _X
C(Xtaut) ~ C(Xtaut)_l'vxt,utc(xtvut) [ U-Z . ﬁi ]+§ [ uz . ﬁz ] vit,utc(xt?ut) [ U-Z . ﬁ-i ]



Non-linear case:Use iterative approximations!

First order Taylor expansion for the dynamics around a trajectory i:,d:t=1---T':

N . X; — X
f(Xt7ut) ~ f(thut) + th,utf(xtaut) [ ut . At ]
t — Uyt

Second order Taylor expansion for the cost around a trajectory 3, a,t=1---T:

~ A T ~
A A A A X _X 1 X _X A A X _X
C(Xtaut) ~ C(Xtaut)_l_vxt,utc(xtvut) [ U-Z . ﬁ-i ]+§ [ uz . ﬁz ] vit,utc(xt?ut) [ U-Z . ﬁ-i ]

_ 5%y ] 1 oxe |17 o [ ox x|
f(éXt, 5ut) == Ft 51115 C((SXt, 511,5) = 5 51115 Ct 511t + 5ut Ct
- - -
th;ut f()%tJ ﬁt) V}Qct,utc(ﬁtv ﬁt) vXt;UtC(ﬁtv ﬁt)

5Xt:Xt—3A(t _

X Now we can run LQR with dynamics f, cost ¢, state 0x;, and action duy
5111; — Ut — Ut



terative LQR (I-LQR)

Initialization: Given I, pick a random control sequence 1i...147 and obtain
corresponding state sequence Zg...ZT

until convergence:
Fi = Vg, u f(X¢,04) VE
ct = Vx, u,c(X¢, 0y) Vi
C, = Vit,utc(itv u;) Vt
Run LQR backward pass on state dx; = x; — X; and action du; = u; — 0, Vi

Run forward pass with real nonlinear dynamics and ws = U + K¢(x: — T7) + Kkt Vi

Update x; and 0; based on states and actions in forward pass V¢



terative LQR (I-LQR)

Initialization: Given I, pick a random control sequence 1i...147 and obtain
corresponding state sequence Zg...ZT

until convergence:

Fi = Vx, u, f(Xe,0¢) V2

Ct — vxt,utc(ita ﬁt) \V/t

=>
~

Find Aut,t — 1...I'so

; - that 1+ + Aus minimizes the
Ct = Vi, u. 0%, ) linear approximation
Run LQR backward pass on state dx; = x; — X; and action du; = u; — 0, Vi

Run forward pass with real nonlinear dynamics and us = Uy + K¢(x: — T7) + ki Vit

Update x; and 1u; based on states and actions in forward pass V¢

Gotothe ' =&+ Az, and @' = 4 + Awy



Nonlinear case: DDP/iterative LQR

The quadratic approximation in invalid too far away from the reference trajectory

1
X — arg min §(x —%)'H(x - %)+ gl (x — %)

X

Instead of finding the argmin i do a line search

until convergence:

Ft — vxt,utf()%'tj ﬁt)
ct — vxt,utc(fcta ﬁt)

C, = V3, o c(X¢, )

line search for \alpha

Run LQR backward pass on state dx; = x; — X; and action du; = u; — iy

Run forward pass with real nonlinear dynamics and u; = @y + Ky (xy — T7) + aky

Update x; and 0; based on states and actions in forward pass



Nonlinear case: DDP/iterative LQR

« So far we have been planning (e.g. 100 steps) and then we close our eyes
and hope our modeling was accurate enough..

« At convergence of iLQR and DDP, we end up with linearization around the
(state, input) trajectory the algorithm converged to.

* |n practice: the system could not be on this trajectory due to perturbations /
initial state being off / dynamics model being off / ...

« (Can we handle such noise better?



Model Predictive Control

* Yes! It we close the loop! Model predictive control!

« Solution: at time t when asked to generate control input u_t, we could re-
solve the control problem using iLQR or DDP over the time steps t through T

every time step:
observe the state x;

, .. t+T
use iLQR to plan uy, ..., ur to minimize Z;;t c(xyr, Uy )

execute action uy, discard Wy g, ..., Ui

* Re-planning entire trajectory is often impractical -> in practice: replay over
horizon H (receding horizon control)



-LQR: When it works

Cost: ||z — ™|

X

X
}\/ Direction for minimizing the cost

et

Lt

P



-LQR: When it doesn’t work

Due to discontinuities of contact, the local search fails! Solution?
Initialize using a human demonstration instead of random!

Learning Dexterous manipulation Policies from Experience and Imitation, Kumar, Gupta, Todorov, Levine 2016



Time varying linear dynamics

A d *
reference trajectory Ty, Uz, t = 1,..., 7

{ AL

— —




Time varying linear dynamics

reference trajectory Ty, Uz, t = 1,..., 7
learn time varying linear dynamics: A,, B, /</

0o T




Time varying linear dynamics

reference trajectory Ty, Uz, t = 1,..., 7
learn time varying linear dynamics: A,, B, /</

0o T

How do | get the data to fit my linear dynamics at each time step?

We execute the controller u; at state '+ to explore how the world
works in the vicinity of the reference trajectory!



Discrete and Continuous version

x(t+1) = Ax(t) + Bu(t)+D

x — Ax + Bu



Fitting Dynamics(1): Compute analytically derivatives of the

‘true” non-linear dynamics

- We may not have such analytic non linear dynamic equations available
- Very limiting: under modeling errors
- Complicated derivations



Fitting Dynamics(2): Finite Ditferences

AX AX X = Ax + Bu

F(x)

~

f( r) f(z+Az)—f(x—Ax)

2Aa

We need 2 samples per state dimension



Fitting Dynamics(3): Linear regression

x(t+1) = Ax(t) + Bu(t)+D

Use linear regression to fit A,B,D to samples {xi,u;,x}}

Use GMM priors as described in the lecture



Bayesian Linear dynamics fitting

Fit a Global Gaussian Mixture Model using all samples (z+, ut, Te41)
of all iterations and time steps. -> prior

Use current samples (from this iteration) and obtain Gaussian posterior
for (.CUt, U, CIZ't_|_1), which you condition to obtain p(.ﬁUt_|_1 ]:Et, Ut).

Such prior results in 4 to 8 times less samples needed, despite the fact
that it is not accurate enough by itself.

o BHNEA N (e = po) (ft — po) ™
N + ng
mig + nofi

m —+ o

1L

Posterior of mean and covariance where [, 2. are the empirical means and
covariances and @, uo, ng, m an inverse Wishart prior

Learning Neural Network Policies with guided Policy Search under Unknown Dynamics, Levine and Abbeel 2014



Bayesian Linear dynamics fitting

Fit a Global Model of Dynamics by fitting a Neural Network using all
samples (xt, Ut , xt+1)of all iterations and time steps, and across
multiple manipulation tasks->multi-task learning.

Use model predictive control with iLQR for computing the policy at every
time step.

State is the robotic arm configuration and cost depends on a desired end-
effector pose. No object involved in the state.

df
f([x:u]) = f([x;u)) - o ([x;u] — [xq: u4))
_ _[Xi;uz] ]
= f([x'uuz])
_ = T _ .
2 _ ) Exu xu_ ) ii[df] qu ,Xu
_qu,xu% d[i]ju] Yixu,xu d[x u + Z:x x|

One shot Learning of Manipulation Skills with Online Dynamic Adaptation and Neural Network Priors, Fu et al.



Time varying linear dynamics

We iteratively fit dynamics and update the policy. Why such iteration is
important?

So that the space (state, action distribution) our dynamics are estimated is
similar to the one our policy visits (last lecture).

e I
run p(u|x;)
on robot
collect D = {7;}
\ J
P(Xep1]xe,up) = N(f(x¢,14), %)
next fit dynamics
f(xe,mp) = Agxy + By iteration M
p(Xe+1Xe, ue) 2”@'
df df ==
A, =—"— B,=-—"—

- dXt dut

/\
\ IMProve @ -
AN plug|xy) 7




Fitting time varying linear dynamics

-+ Can we further improve sample complexity? Right now each
sample (z:, u¢, T¢4+1) contributes in one linear model fitting.

- Instead of linear regression use Bayesian linear regression!

-

IIMPIOVe g @
p(ug|x¢) :

e I
run p(ug|x;)
on robot
collect D = {7;}
\ J
p(Xey1|xe, 1) = N(f (x4, ut), X)
next fit dynamics
f(xe, 1) = Ayxy + Bruy iteration Y
7\ 4188y Ut
Al
T %, YT du, @
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