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This paper presents an iterative Linear-Quadratic-Gaussian method for locally-optimal
control and estimation of non-linear stochastic systems. The new method constructs an affine
feedback control law, obtained by minimizing a novel quadratic approximation to the optimal
cost-to-go function, and a non-adaptive estimator optimized with respect to the current
control law. The control law and filter are iteratively improved until convergence. The
performance of the algorithm is illustrated on a complex biomechanical control problem

involving a stochastic model of the human arm.

1. Introduction

Optimal control theory has received a great deal
of attention since the late 1950s, and has found
applications in many fields of science and engineering
(Bryson and Ho 1969, Bitmead 1993, 2000, Bertsekas
2000, Kushner and Dupuis 2001). It has also provided
the most fruitful general framework for constructing
models of biological movement (Uno et al. 1989,
Harris and Wolpert 1998, Todorov and Jordan 2002,
Todorov 2004). In the field of motor control,
optimality principles not only yield accurate descrip-
tions of observed phenomena, but are well justified «
priori. This is because the sensorimotor system is the
product of optimization processes (i.e., evolution,
development, learning, adaptation) which continuously
act to improve behavioural performance. The majority
of existing optimality models in motor control have
been formulated in open-loop. However, the most
remarkable property of biological movements (in
comparison with synthetic ones) is that they can
accomplish complex high-level goals in the presence
of large internal fluctuations, noise, delays, and
unpredictable changes in the environment. This is
only possible through an elaborate feedback control
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scheme. Indeed, focus has recently shifted towards
stochastic optimal feedback control models. This
approach has already clarified a number of long-
standing issues related to the control of redundant
biomechanical systems (Todorov 2005).

However, solving complex optimal control of
partially-observable stochastic systems (Phillis 1985,
1989) is generally intractable, because the optimal
estimator tends to be infinite-dimensional and
consequently  the optimal controller is also
infinite-dimensional. The only notable exception is the
Linear-Quadratic-Gaussian (LQG) setting (Moore
et al. 1999), where the posterior probability over the
system state is Gaussian and the optimal controller only
depends on the mean of that Gaussian. Unfortunately
many real-world problems (including the biological
control problems we are interested in) are not LQG and
are not amenable to global LQG approximations. Local
LQG approximations, on the other hand, are often quite
reasonable: they rely on local low-order polynomial
approximations to the system dynamics, cost function
and noise log-probability—all of which tend to be
smooth functions. It then makes sense to construct
approximately-optimal estimators and controllers by
starting with a local LQG approximation, finding the
optimal solution, using it to construct a new LQG
approximation, and iterating until convergence.
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This work represents the convergence of two lines
of research we have previously pursued. In one line
of research, we derived an iterative algorithm for
optimal estimation and control of partially-observable
linear-quadratic systems subject to state-dependent and
control-dependent noise (Todorov 2005). This was
possible due to a restriction to non-adaptive filters.
In another line of research, we derived an iterative
algorithm for optimal control of fully-observable
stochastic non-linear systems with arbitrary costs and
control constraints (Todorov and Li 2003, Li and
Todorov 2004). This was possible due to a novel
approximation to the optimal cost-to-go function.
Here we combine these ideas, and derive an algorithm
which can handle partially-observable non-linear
systems, non-quadratic costs, state-dependent and
control-dependent noise, and control constraints.
Before deriving our iterative Linear-Quadratic-
Gaussian (ILQG) method, we give a more detailed
overview of what is new here.

(1) Most dynamic programming methods use quadratic
approximations to the optimal cost-to-go function.
All such methods are “blind” to additive noise.
However, in many problems of interest the noise
is control-dependent (Chow and Birkemeier 1990,
De Oliveria and Skelton 2001, Gershon et al. 2001,
Jimenez and Ozaki 2002), and such noise can
easily be captured by quadratic approximations as
we show below. Our new ILQG method incorpo-
rates control-dependent and state-dependent noise
—which turns out to have an effect similar to an
energy cost. In practical situations, the state of the
plant is only available through noisy measurement.
When the state of the plant is fully observable,
optimal LQG-like solutions can be computed
efficiently as shown by McLane (1971), Willems
and Willems (1976), El Ghaoui (1995), Beghi
and D’Alessandro (1998) and Rami et al. (2001).
Such methodology has also been used to model
reaching movements (Hoff 1992). Most relevant to
the study of sensorimotor control, however, is the
partially-observable case. Our goal here is to
address that problem.

(2) Quadratic approximation methods are presently
restricted to unconstrained problems (Ng et al.
2002). Generally speaking, constraints make
the optimal cost-to-go function non-quadratic
(Abu-Khalaf and Lewis 2005), but since we are
approximating that function anyway, we might as
well take into account the effects of control
constraints to the extent possible. Our new ILQG
method does that—by modifying the feedback gain
matrix whenever an eclement of the open-loop
control sequence lies on the constraint boundary.

(3) Quadratic approximation methods are based on
Riccati equations: define a quadratic optimization
problem that the optimal controls satisfy at time
step ¢, solve it analytically, and obtain a formula
for the optimal cost-to-go function at time step
t — 1. Optimizing a quadratic is only possible when
the Hessian is positive-definite. This is of course true
in the classic LQG setting, but when LQG methods
are used to approximate general non-linear
dynamics (Isidori 1995) with non-quadratic costs,
the Hessian can (and in practice does) have zero and
even negative eigenvalues. The traditional remedy is
to “fix”’ the Hessian, using a Levenberg—Marquardt
method, or an adaptive shift scheme, or simply
replace it with the identity matrix (which yields the
steepest descent method). The problem is that after
fixing the Hessian, the optimization at time step ¢ is
no longer performed exactly—contrary to what the
Riccati equations assume. Instead of making this
invalid assumption, our new method takes the fixed
Hessian into account, and constructs a cost-to-go
approximation consistent with the resulting control
law. This is done by modified Riccati-like equations.

While the new algorithm should be applicable to a
range of problems, our specific motivation for developing
it is the modelling of biological movement. Such
modelling has proven extremely useful in the study of
how the brain controls movement (Todorov and Jordan
2002). In §2 we formalize the original optimal problem
we want to solve. In § 3 we present a LQG approximation
to our original optimal control problem and compute
an approximately-optimal control law under the con-
sideration that state estimates are obtained by an
unbiased non-adaptive linear filter. In §4 we compute
the optimal feedback control law for any non-adaptive
linear filter, and show that it is linear in the state estimate.
In §5 we derive the optimal filter corresponding to the
given control law. Section 6 illustrates the application of
our method to the analysis of reaching movements and
explores numerically the convergence properties of
the algorithm, in the context of reaching movements
using a model of the human arm.

2. Problem formulation

Consider the non-linear dynamical system described by
the stochastic differential equations

dx’(r) = f(xF,w’) dt + F(x",v’) dw(z), (1
along with the output equation

dy’(¢) = g(x’,w’)dr + G(x",w’) dv(2), 2)
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where state variable x” € R"™, control input w’ e R™,
measurement output y” € R™, and standard Brownian
motion noise weR"™, veR™ are independent of each
other.

Let £(¢,xP,uP) be an instantaneous cost rate, h(xP(T))
the terminal cost incurred at the end of the process,
T a specified final time. Define the cost-to-go function
V'(t, xP) as the total cost expected to accumulate if the
system is initialized in state xP at time 7 and controlled
until time 7 according to the control law =

T
Vi(t, xP) 2E |:h(x"(T)) + / (1, xP(7), (7, xP(7))) dti|.
3)

The expectation is taken over the instantiations of the
stochastic process w. The admissible control signals may
be constrained: uP e Y.

The objective of optimal control is to find the optimal
control law u* that minimizes v"(0, xP(0)). Note that the
globally-optimal control law does not depend on a
specific initial state. However, being able to find this
control law in complex problems is unlikely. Instead, we
seek locally-optimal control laws: we will present a LQG
approximation to our original optimal control problem
and compute an approximately-optimal control law.
The present formulation in this paper assumes that the
state of system is measurable through delayed and noisy
sensors. Therefore, we will also design an optimal filter
in order to extract the accurate state information from
noisy measurement data.

3. Local LQG approximation

3.1 Linearization

In this paper the locally-optimal control law is
computed using the method of dynamic programming.
Each sample time lasts N time steps with Ar=T/N.
Our derived algorithm is iterative. Each iteration
starts with a nominal control sequence w), and a
corresponding nominal trajectory X, obtained by
applying ] to the deterministic system X’ = f(x”,uw’)
with X”(0) = x§. This can be done by Euler integration
Xp, =X, + ALfx],w).

By linearizing the system dynamics and quadratizing
the cost functions around (X7, u}), we obtain a discrete-
time linear dynamical system with quadratic cost. Note
that the linearized dynamics no longer describe the state
and control variables, instead they describe the state
and control deviations x; = x} — X}, uy = u} —u}, and
Y. =¥, —¥,, where the value of the outputs at the
operating point are defined as y; = g(x{, u}). Written in
terms of these deviations—state variable x; € R™,
control input w,€R"™, and measurement output

y, € R", the modified LQG approximation to our
original optimal control problem becomes

Xir1 = ApXg + Brug + Cr(Xp, up)éy,

k=0,...,N—1 4)
Vi = Fixie + Erui + Di(Xe, W), ®)
1
costy = gx + X/ q; + EXkT OiXi + ufry
1
+ EukTRkuk + llkT Pixg, (6)
Where
of of dg og
A(Zia B :'7’ F(Zi’ E=7’ 7
i i = Ti=g ©= (7
Cr(Xk, ug) él:cl’k + C’f,kxk + Clll,kuka <o Cny ke
+Cy Xk Ch e, (8)

A
Dy (X, ug) :[dl,k + DY Xk + DY jug, ..., dy &

D} X+ Dl ], ©)
. aF ]
cip = VALFU, Y = \/Az}-—,,,
’ ox;,
arl]
Y = VA —, 10
ik 311112 ( )
4. 1 g[i] e 1 ag[i ]
l,k - /—At ) ik — ,_A[ axk )
1 [i]
vt 2 (a1
K VAt o]
and
q Atl, q At ot 0 At i (12)
k = ’ . — PR k — BVENR!
o o)’
ol 9%¢ 9L
=Al—, Ri=At—>F, Pi=Al_—7F—,
8u£ 9 ui au‘,faxk
(13)

are computed at each (X, u)).

The initial state has known mean Xy and covariance
To. All the matrices Ay, By, Fi, Ex, ¢ix, Cy, Cis i
D_;fk,D_;“,c (i=1,...,ny,andj=1,...,n,) are assumed to
be given with the proper dimensions. The independent
random variables & € R"™ and n;, € R™ are zero-mean
Gaussian white noises with covariances =17 and
Q" =1 respectively. Note that FI and Gl denote the
ith column of matrix F € R™*" and G e R™*™ respec-

tively. At the final time step k= N, the cost is defined as
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gy + x%qy + 5xL0nxy, where gy =h, qy = 0h/0x},, and
On = Ph/o(x)’.

Here we are using a noise model which includes
control-dependent, state-dependent and additive
noises. This is sufficient to capture noise in the
system—which is what we are mainly interested in.
Considering the sensorimotor control, noise in the
motor output increases with the magnitude of the
control signal. Incorporating the state-dependent noise
in the analysis of sensorimotor control could allow
more accurate modelling of feedback form sensory
modalities and various experimental perturbations. In
the study of estimation and control design for the
system with control-dependent and state-dependent
noises, the well-known separation principle of stan-
dard LQG design is violated. This complicates the
problem substantially, and forces us to develop a new
structure of recursive controller and estimator.

3.2 Computing the cost-to-go function
(partially observable case)

In practical situations, the state of the controlled plant is
only available through noisy measurement. While the
implementation of the optimal control law depends
on the state of the system, we have to design an
estimator in order to extract the correct information
of the state. In this paper we are assuming that the
approximately-optimal control law is allowed to be
an affine function of X;,—the unbiased estimate of state
x; and the estimator has the form

Xir1 = AiXy + Brwg + Ki(y, — FiXe — Eug),  (14)

where the filter gains K, are non-adaptive, i.c., they
are determined in advance and cannot change as a
function of the specific controls and observations within
a simulation run. The detailed derivation for computing
the filter gain K will be presented in §5.

The approximately-optimal control law for the
LQG approximation will be shown to be affine,
in the form

uk:nk(f(k)zlk+ka(k, k=0,.... N—1, (15)

where [, describes the open-loop control component (it
arises because we are dealing with state and control
deviations, and is needed to make the algorithm
iterative), and L, is the feedback control gain.
The control law we design is approximately-optimal
because we may have control constraints and
non-convex costs, and also because we use linear
Gaussian approximations. Let the cost-to-go function
ve(Xi,X;) be the total cost expected to accumulate
if the system (4) is initialized in state x; at time step k,

and controlled according to 7, for the remaining
time steps.

Lemma 1:  Suppose the control law 7y for system (4)—(5)
has already been designed for time steps k,...,N —1.
If the control law is affine in the form (15), then the
cost-to-go function vi(Xy,Xy) has the form

1 1 < «
T AT R A T A
Xk SkXe + 53X S + X S X

+x/sE xS+ (16)

Vie(X, Xp) =

for all k. The parameters S}, S%, S, s¥, st and s for
k < N can be computed recursively backwards in time as

= O« + Al S}, A + FLK[ S}, | KiFy

N
+ 24 S KiFi + Z (Cix) TS/’EH Cik

i=

+ Z (DY) KTSk-HKlek’ Sy =0~ (17
i=1

S¥ = (A — Ky F)TSY, ((Ax — KiFy) + LTHL,
+LIG*+(GY'L, Sy =0, (18)
= Fl K] XH(A/( KiFy) + A{ k+1(A/»' — KicFi)
+ (GX)TL](, S?\;( — 0’ (19)
St=aq; +AlsE, + FTK/cTS;c}Jrl + (GX)TZ

ey

Z S/‘HC, K+ Z KT Y Kidig,
Sy = Q> (20)
st = (A — KeFi) sty + LEHL 4 Llg + (GY',

st =0, 1)

Sk = Gk + Sk+1 +l g+ lTHZk+ (Zc Sk 1Cik

—i—Zd KISE, Kid 1A>, SN =qN (22)

and

HéRk“‘B{( Z+1+S2+1+2 A+1)

n,

o A
2 () St Gl 2 (01) KESL KDl @3

g—rk—i—Bk (Sk+1 +Sk+1 +Z Sk+1clk
i=1

n,

+Z D:]k KZ +]K/\dl/u (24)
i=1
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G2 Py +B{(S} 1+ S;S(H)Ak +BZ(SZ+1 + Siil)Kka
e

+ Z(C“/C)TS% Cut Z(D )KL S} KDYy, (25)
X A X XX
G* 2 Bl (St + St ) (i — K Fy). (26)

Proof: Consider the control law which has been
designed for time steps k,..., N — 1, and at time step k
is given by u, = mi(Xy) = Iy + LiX, (note that in the
later derivation we will use the shortcut 7 in place of
the control signal 7 (X;) that our control law generates).
Let vi (x4, X;) be the corresponding cost-to-go function,
then the Bellman equation is

vi(Xk, X)) = immediate cost

+ E [t (Xt 15 Xe 1) 1Xk, X, . (27)

Based on the dynamics function (4) and (14), the
conditional mean and covariance of x;,; and X, are

E[Xps11Xk, Xp, ] = ArXic + By, (28)
E[Xpeq1 Xk, Xpe, k] = (A — KiFi )Xk + Bimtie + Ki FieX,
(29)

Cov[Xpr1]Xk, Xi, 1] = Z (cix + Chxic + Cyymi)

i=1
X u T
X (C[,k + Ci’ka + C,‘,k”k) S (30)
n,

CoV[Xjt1 Xk, X, ] = K Z (di + D} X+ Dfyi)
)

% (di,k + D}y, +D;{knk)TK](T. 31
Since
E [Xir1 X7 1Xkes Rk, 70k ]
= CoV[Xpa1|Xk, Xp, k]
+ E[Xpy1 [Xp Xieo 1] X1 X0, X ), (32)
E[Ren R X6 R, 7]
= CoV[Xpr1|Xk» Xp, k]
+ E[Rpr1 X0, X, Tl (E [Rey1 1%, X6, w7, (33)
E [Req1 X141 X5, Xe, 4]
= ((Ar — KcFo)Xi + KiFieXy + By
x (Apxy + Bkrrk)T, (34)

applying the formulation of cost-to-go function defined
in (16) and substituting (28)—(34) into the conditional

expectation in Bellman equation, it yields

E i1 (X 15 Xie 1) X1, X, 7]
1 Ny
= itr SE-H Z (C,‘,k + C}kak + Cﬁknk) (C,;k + C}kak

=1
+ Chym )T + (Aixi + B )(Arxy + Bknk)T:|

ny

1 .
+ 5trS,’§ 41 |:Kk E (die + DXy + Dy
i=1

X (di,k + kaxk + D:{kﬂk) TKkT:|

| B o
+ EtrS’,QH [((Ak — KiFi)Xp + Ki Fixi + Bkﬂk>
. T
x ((Ax — KiFi) Xk + KiFiXi + Bimy) ]
+ S [((Ax — KiFo)Xx + KiFixyc + Birmy)
< (Ax + Bim) ") + (Aixi + Bim) sk
+ (A — KiFi)Xe + KieFixie + Bi) sty + Skt

Using the fact that tr(UV)=(VU) in the above
equation, and substituting the immediate cost (6) and
the above equation into (27), the resulting cost-to-go
function becomes

V]((Xk, f‘k)

1
2X1<T|:Qk +Ak k+1Ak +FTKTS2(+1Kka

+24] A+1Kka + Z(C k)T52+1 Cl

=
+ Z (Dzk)TKkTSIiEJr 1 KkD;fk:| Xie
i1
l.r Tk .
5%k (A — KicFi)” Spy 1 (A — KiFi) X

1 . .
+§”1{ |:Rk +B{(S{y + Sk + 251 Br

+ Z(C WDISE I Cl+ Z(Dz k TK,{TS,’E+1K,€D;{,(1| Tk

i=

+ X, I:FTKTSX_’_I(A/& Kka)+AZ k+1(Ak—Kka):|)A(k

+ ) [Pk +BI(SY + S ) A+ BL(SE + SE K Fi

T,y

2 (C ST

T
+7f B (S} k1t

+Z(D 'OTKLSE, KDY, ]

kil)(Ak — Ki Fio)X
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+Xf[qk + Z(C O Sk e+ Z(D O KL SE, Kidi
i=1

TS+ F,szs;zH}
+ )A(kT(Ak — Kka)Tsi_H

Ny, 1y
+ T[]{ |:rk + Z (Cgk)TSE_H Cik + Z (D:l, TKTS;§+1 K/cdi,/c
i=1 i=1

+B{(s}, + S/§+1):|

Ny ny
+ gk +Sk+1 +3 (chkSkJrlclk—"_Zd KZSk+lKk 1k>'

(35)
Substituting (23)—(26) into the above equation, the

m-dependent terms in (35) becomes

1 i n
En[ Hrmy + ) (g + G*x; 4+ G*Xg). (36)

Since we assume that the control law has the general
form given in (15), replacing m; with [, + L; Xy, it yields

%ﬁ,f(L,f HL + LG + (G L)y +x! (G Lk
+x[(@) 1+ K] (LTHI + Lg +(GY 1)
+ g + EJ,Zsz. (37)
Now the cost-to-go function vi(xy, X;) becomes

Vie(Xre, Xk)

1 N
=5X [Qk + A Sp i Ak + Fe K Sy KiFi

e,

+24[ S K Fr + Z (Czk)TSzH T

=1
n,
+Y (D)KL }f+1Kijfkj|xk
=1

1.

+ 58 [(Ak — KeFO)'SE, (A — KeFy) + LTHL,
+ L,{GX + (GX)TLk:IXk

+x/ F,{K[ S (A — KiFr)

+ Ak k+l(Ak KkF/c) + (GX)TLk]ik

Ny,

+x/{|q + Z (CE)TSKiCik
i=1

+ Z (D) TKkT k+1dei,k + AkTSiH

+FIK]sY, + (G")le}

+ &1 (i = KBTSty + LTHI + Lg + (GY L]
Ny

+ qi + Sk+1 + 3 (Z cz kS/»_;'_]cI k

+ Zd KISE, Kid;, k) +1lg+ zTsz (38)

By applying the defined formulation of cost-to-go
function given in (16), we can obtain (17)—(22)
immediately which completes the proof.

3.3 Computing the cost-to-go function
(fully observable case)

Suppose the state of system (4) is available for
measurement in the implementation of the optimal
control design, then Lemma 1 readily leads to the
following corollary.

Corollary 1:  Suppose the control law 7, for system (4)
has already been designed for time steps k,...,N — 1.
If the control law is affine in the form w,= [, + L;xy,
k=0,...,N—1, then the cost-to-go function v;(X;) has
the form

1
Ex,{S}ﬁxk + X'} + sk (39)

where the parameters S}, sy, and s; can be computed
recursively backwards in time as

V(X)) =

1y

= QO+ A +1Ak+Z(C O S CY + LEHL

+ LG+ G"'Ly, S’;, = Oy, (40)
Sy = qy +Aksk+l + iwl(C k)TSzHc,k

+LkHI;<+Lkgji-G Iy, Sy =qps (41)

Ty

1 T
Sk—Q/c+5k+1+ZZC,1‘Sk+1CIk+ lHlk-f-l g,

SN = {N> (42)
and

H= Ry + B[S}, By + Z (Cr) SE L Cys (43)

ey

g= rk + Bk5k+1 + Z (C k)TSk+1clk7 (44)
i=1

G2 P+ BIS A+ Y (Ch)TSE, CYy (45)

i=1
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4. Controller design

As we saw in (35), the cost-to-go function vi(Xy,Xy)
depends on the control u;, = m;(X;) through the term

a(Xp, Xp, T) = %JTZHﬂk + nkT(g + G*xy + G*Xyp).

This expression is quadratic in ; and can be minimized
analytically, but the problem is that the minimum
depends on x; while 7 is only a function of X;. To
obtain the optimal control law at time step k, we have to
take an expectation over x; conditional on X, and find
the function 7, that minimizes the resulting expression.
Since E[xy|Xx] = X;, we have

~ A ~ ~
a(Xg, mr) = Ela(X, Xp, i) 1Xk]

= %nkTan + 7l (g + GXy), (46)
where G = G* + G*. Ideally we would choose m; that
minimizes (X, ;) subject to whatever control con-
straints are present. However, this is not always possible
within  the family of affine control laws
me(Xx) = I + LiX, that we are considering. Since the
goal of the LQG stage is to approximate the optimal
controller for the non-linear system in the vicinity of X},
we will give preference to those control laws that are
optimal/feasible for small x,, even if that (unavoidably)
makes them sub-optimal/infeasible for larger x,.

4.1 Second-order methods

If the symmetric matrix H in (46) is positive semi-
definite, we can compute the unconstrained optimal
control law

e = —H (g + GX), (47)

and deal with the control constraints as described below,
but when H has negative eigenvalues, there exist 7;.s that
make « arbitrarily negative. Note that the cost-to-go
function for the non-linear problem is always non-
negative, but as we are using an approximation to the
true cost, we may encounter situations where a does not
have a minimum. In that case we use H to resemble H,
because H still contains correct second-order informa-
tion; and so the true cost-to-go decreases in the direction
—H"Y(g + GX) for any positive definite matrix 7.

One possibility is to set H = H + (€ — Anin(H )) where
Amin(H ) is the minimum eigenvalue of H and € > 0. This
is related to the Levenberg—Marquardt method, and has
the potentially undesirable effect of increasing all
eigenvalues of H and not just those that are negative.
Another possibility is to compute the eigenvalue
decomposition [V, D]=eig(H), replace all elements
of the diagonal matrix D that are smaller than € with ¢

(obtaining a new diagonal matrix D), and then set
H = VDVT. The eigenvalue decomposition is not a
significant slowdown, because we have to perform a
matrix inversion anyway and we can do so by
H'=VD 'V It is not yet clear which of the two
methods works better in practice. Note that we may also
want to use H instead of H when the eigenvalues are
positive but very small—because in that case H~' can
cause very large control signal that will push the original
system outside the range of validity of our LQG
approximation.

Lemma 2: The optimal control law is computed as

llk:lk—i-ka(k, k=0,...,N—1,
k=—H"'g, Li=—HG,
H=H+(G_}~min(m)l7 €>0,

nﬂ)

A . .
H = Bi(Sio + S 288 ) B+ Z (Ch) Sk Cly
i1
n, .
+ Z (DY) K S} Ki DYy,
p

%

A .
g=1Ix +BI<T(S1§+1 +85e1)+ Z(C:’l,k)TSzHci,k

=1
ny
+Y (DE)KLSE Kidi,
i=1

G2 Pict B{(S}yy + Shar +255 )4k
Ny, n,

+ Z (CrTSE O+ Z (D} KL St KDYy, (48)
i=1 =1

X X X .
where St 1, Sk 1> SKiis Sip1s Skq1s Sk+1 can be obtained

through (17)—(22) backwards in time.

4.2 Constrained second-order methods

The problem here is to find the control law
u, = (X)) = I + LyX, minimizing (46) subject to
constraints u + ) €/, assuming that H has already
been replaced with a positive definite H (see the above
section). Given that x,. is unconstrained, the only general
way to enforce the constraints U/ is to set L, =0. In
practice we do not want to be that conservative, since we
are looking for an approximation to the non-linear
problem that is valid around x, =0. Either way we can
ignore the L;X; term in the constraint satisfaction phase,
and come back to the computation of L, after the open-
loop component /;, has been determined.

The unconstrained minimum of u/g+ Ju/Huy is
uf = —H 'g. If it satisfies the constraint u} +u} €U
we are done. Otherwise we have two options. The more
efficient but less accurate method is to backtrack once,
i.e. to find the maximal € €[0; 1] such that eu} +u} €.
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This is appropriate in the early phase of the iterative

algorithm when the nominal trajectory X! is still far

away from f(f;; in that phase it makes more sense to
quickly improve the control law rather than refine the
solution to a LQG problem that is an inaccurate
approximation to the original problem. However in
the final phase of the iterative algorithm we want to
obtain the best control law possible for the given LQG
problem. In that phase we use quadratic programming.
When the constraint set is specified by a collection of
linear inequalities, and given that H is positive definite,
the active set algorithm (which is a greedy quadratic
programming method) can be used to quickly find the
global constrained minimum.

Once the open-loop component /, is determined, we
have to compute the feedback gain matrix Ly. If [ + uf)
is inside U, small changes L;X; will not cause constraint
violations and so we can use the optimal L, = —H'G.
But if /[, + ﬁz lies on the constraint boundary U/, we
have to modify L, so that L;X; can only cause changes
along the boundary. This is not only because we want to
avoid constraint violations. The fact that /, + ﬁi is on
ol means that the unconstrained minimum uj is actually
outside U, and so a change of L;X; orthogonal to the
boundary aU cannot produce a better feasible control.

Modifying L, is straightforward in the typical case
when the range of each element of w, is specified
independently. In that case we simply set to zero the
rows of —H~'G corresponding to elements of I + ]
that have reached their limits.

5. Estimator design

It is well known that, for models with control-dependent
and state-dependent noises, the optimal filter is very
difficult to compute in practice. For this kind of model,
the construction of suboptimal filters that approximate
the optimal one becomes very important.

So far we computed the optimal control law for any
fixed sequence of filter gains K. In order to preserve the
optimality of the control law obtained in the previous
section and attain an iterative algorithm with guaran-
teed convergence, we need to compute a fixed sequence
of filter gains that are optimal for a given control law.
Thus our objective here is the following: given the
control law wg,...,uy_; (which is optimal for the
previous filter Ky, ..., Ky_;), compute a new suboptimal
filter evaluated by minimizing the magnitude of its
estimation errors, in conjunction with the given control
law, which results in minimal expected cost. Once the
iterative algorithm has converged and the control law

has been designed, we could use an adaptive filter in
place of the fixed-gain filter in run time.

Lemma 3: By defining the unconditional means
mj, L [ex], m,’:f L [Xc], and the unconditional covar-
iances X% = Elepel], =% 2 E[R%X[], and =¥ £ E[%e]],
and assuming that the initial state of system has known
mean Xo and covariance X, the optimal filter gain for
system (4)—~(5) is computed as

Xicr1 = ArXk + B + Ki( v — FiXie — Exmi),  (49)
Ki = A FL(FSgFL +Pr) (50)
mzﬂ = (Ax + BiLy)m} + Ky Fym + Byl
my = Ko, (51)
My, = (A — KeFiymj,  mig =0, (52)
55,1 = (e + B L) SR (Ax + BiLy) + KiFi S5 AT
+ (Ax + BL) S FI KT + Ky F S5 (A + BiLy)”

+ (i + BeLiymf + KiFom )17 B]

+ Byl ((Ak + B Lt + Kkam;)T

+ BT BI,  S¥=%o%,, (53)
S = (A — KeFOS(AL + My, SG=13,  (54)
X0 = (Ax + BeL) S8 (A — KiFi)”

+ Bl (m) (Ax — K F)T,  =ie=0,  (55)

n, A
Pi=3) |:di,/cd{k + d (mf +m) (DY) "

i=1

i+ mOA% + dig (I + L) (DY)

(
+ DY (I + Lem)d],
(
(

+ D;fk(z;;‘ + I+ E;;)(Difk)T

+ DY (Omf -+ ] + (25 + =) LT (D8

+ DY (ot +m)" + L2+ 25) ) (D3

+D8 (1] + () LT + L] + L)

x (DY) T}, (56)
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N,

M= 3 [ el +m) (1)

p
+Czk(mk +mp)el + C[,k(lk + Lkm;:f)T(C;",k)T
C:‘I,k(lk + Lkm}:f)cfk

+ O (O +m) (s + =)L) ()"

((
(lk (mf +m)" + Le(5F + Eie))(cﬁk)T

+ ka(zk + 5+ a4 s (e

lk(l/&lk + Zk(m,c) LT+ L' 1!

+LsiLf) ()] (57)

Proof: Rewrite the system dynamics and state
estimator as the following:
X1 = ApXp + Brug + Cr(Xge, ug ),
Vi = Fixg + Exui + Di(Xe, u )k,
Xiy1 = AiXp + Brug + Ki(yy, — FiXi — Exug),
where u; = 7'[/((;(1() =l + Li Xy, (k=0,...,N—1), and
K is the filter gain that minimizes the functional

J=Ele[ .\ Tern], T =0, (58)

where the estimation error ex;| = X;4| — X¢41, and the
estimation error dynamics are given by

ery1 = (Ax — KiFi)eg + Co(Xp, )&k — Ki Die(Xie, ).
(59)

Note that we use the shortcut 7, in place of the control
signal for the convenience. Based on the estimation error
dynamics (59), the conditional mean and covariance of
41 are

Eex11Xk, X, mi] = (A — KicFioex, (60)
Covlex 11Xk X 7] = Cie(Xier 1) Cre (X, )"
+ Ki Di(Xie, 1) D (X, 1) K. (61)

By applying the properties of conditional expectation,
we obtain

T A
Elery1e X, Xpe, i ]

= Covlejr1 Xk, Xpe, k]

+ Eles1 X, Xy T (E [ersr X, X, Ti])T, (62)

Elexriefy] = E[Elersief Xk, Xe. - (63)

The terms in E[ek+1e,{+1|xk,)2k,nk] that dependent
on K are

(A — KiFierel (Ax — KiFi)"
+ K Di (X, ) Di (X, 71) T K
With the definition of ¢ = E[exe/ | and
Pr = E[Di(X, 1) D{ (X, i) | (64)

the unconditional expectation of the Kj-dependent
expression above becomes

(Ax — Ki F) (A — KieF)' + K PRKY.

Using the fact that Ele/, Ter ] = tr(E[errref,,17),
it follows that the K,-dependent terms in J becomes

B(Ky) = trT (A — Ky F) 5 (A — KiFi)"
+ trT Ky Pr K}, (65)

and that the minimum of B(K}) is found by setting the
derivative with respect to K, to zero. Using the matrix
identities (9/0X)tr(X4) = AT and (3/aX)tr(AXBXT) =
ATXBT + AXB, we obtain

3B(K
g(Kk) = T (Ki(FeSpF] + Pr) — ARSF]) = 0. (66)
k
Hence
e e 71
Ky = AL S FL(FeSSFL + Pr) (67)

To complete the proof of the lemma, we need to
compute the unconditional covariance. By substituting
the control law u; = 7 (Xx) = [ + L X, we can rewrite
the state estimator as

X1 = (Ax + BeLi)Xy + Bili + KiFrey
+ K Di(Xk, )Mk (68)

With the definition of the unconditional means
mj, my, the unconditional covariances Xj, X and
the additional definition

My = E[Ce(X, m)C (X 1) ] (69)

given in Lemma 3, using the fact that E;f‘ = (E,’Ee)T and
X = ERy + )R + o)1 = ZF + ZF + =¥ + 2¢ and
equations (59) and (68), the updates for the uncondi-
tional means and covariances are

m/fﬂ = (Ax + BiLy)m: + Ky Fom, + Byl

mi ., = (A — Ki Fimy,
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SR, = (i + BlLOS{ (A + BiLo)” + KiFi S, FLK]
+ Ki Pk + (Ai + BeL) S FUK]
+ K F S5 ( Ay + BiLy)”
+ ((A/c + B Ly + KkamZ>11{B;{
~ X T Tl
+ Bilk ((Ak + BiLi)my, + Kkam2> +Byll} By,
(70)

¢ = (Ax — KeFO)S(Ax — KeF)" + K Pkl + My,

(71)
X = (Ak + BeL) Z5 (A — KieFi)"
+ Bile(m$) (A — KeFi)"
+ K Fi S5( Ay — K Fr)" — K PyK] (72)

By substituting K, (67) into the above equations
and combining the term KiFX{F Kl + KiPrKY,
we can rewrite the update equations (70)—(72) into
forms (53)—(55) which are exactly the same as those we
obtain in Lemma 3.

Furthermore, based on the definition given in (64) and
(69), and all the definitions of the unconditional means
and unconditional covariances, P, and M, can be
computed using (56)—(57) which completes the proof.

The complete iteration algorithm is as follows:

(1) Apply the current control law and obtain the
nominal state-control trajectory X/, uf. Discretize
system using time step Af, linearize the dynamics
and quadratize the cost, we then build a local LQG
approximation around X7, u}.

(2) Based on the current control law, in a forward pass
through time, compute an improved suboptimal
filter (49) evaluated by minimizing the magnitude of
its estimation errors.

(3) In a backward pass through time, compute an
improved affine feedback control law (48) in the
form w; = [ + LiX¢, and update its value function
in the quadratic form (16).

(4) Apply the new control law forward in time and
repeat iteration (1), the new open-loop controls
i, = +u, and the corresponding average state
trajectory are computed. Iterate the above steps
until convergence.

In the next section we will test the above algorithm on
the reaching movements for a 2-link 6-muscle arm
model, which has non-linear dynamics, non-quadratic
costs and multiplicative noise.

6. Application to reaching movements

6.1 2-link 6-muscle human arm model

Consider an arm model with 2 joints (shoulder
and elbow), moving in the horizontal plane (figure 1).
The inverse dynamics is

M(6)6 + C(6,6) + BO = 1, (73)

where e R? is the joint angle vector (shoulder: 6,
elbow: #,), M(6) € R**? is a positive definite symmetric
inertia matrix, C(6,6) € R? is a vector centripetal and
Coriolis forces, B e R**? is the joint friction matrix, and
T € R? is the joint torque. In (73), the expressions of the
different variables and parameters are given by

<a1 +2arcosbr, az+ ar c056’2>

as + a, cos 6, as
—6,(26, + 6 by b
C= 2( .1+ 2) azsinQZ, B:( t 12),
63 by by
(74)

ar=hL+hL+mb, a=mhs, a=5L (75

where b1 = byy = 0.05, b1y = by; = 0.025, m; is the mass
(1.4kg, 1kg), [; is the length of link 7 (30 cm, 33 cm), s; is
the distance from the joint centre to the centre of the
mass for link 7 (11cm, 16cm), and [; is the moment
of inertia (0.025kgm?, 0.045kgm?). Based on equations
(73)—(75), we can compute the forward dynamics

6 = M) (r — C(,6) — BH). (76)

As we see in figure la, there are a large number of
muscles that act on the arm in the horizontal plane. But
since we have only 2 degrees of freedom, these muscles
can be organized into 6 actuator groups: eclbow
flexors (1), elbow extensors (2), shoulder flexors (3),
shoulder extensors (4), biarticulate flexors (5), and
biarticulate extensors (6). The joint torques produced
by a muscle are a function of its moment arms
(figure 1b), length-velocity-tension curve (figure 1c),
and activation dynamics (figure 1d), which is given by

= M(0)T(a, I(6), (6, 0)). (77)

The moment arm M(F)e R>*® is defined as the
perpendicular distance from the muscle’s line of action
to the joint’s center of rotation. Moment arms are
roughly constant for extensor muscles, but vary
considerably with joint angle for flexor muscles.
For each flexor group, this variation is modelled with
a function of the form a + bhcos(c 0), where the constants
have been adjusted to match experimental data. This
function provides a good fit to data—not surprising,
since moment arm variations are due to geometric
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(a) m.1 Biceps long,
Brachialis, \
Brachioradialis

m.3 Deltoid anterior,
Coracobrachialis,
Pect. major clav.
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m.6 Triceps long

m.4 Deltoid posterior
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£
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o
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Muscle activation
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Figure 1. (a) 2-link 6-muscle arm; (b) joint torques; (c) length-velocity-tension curve; (d) muscle activation dynamics.

factors related to the cosine of the joint angle. It can also
be integrated analytically, which is convenient since all
muscle lengths need to be computed at each point
in time.

The tension produced by a muscle obviously depends
on the muscle activation «, but also varies substantially
with the length / and velocity v of that muscle. Figure Ic,
based on the publicly available virtual muscle model
(Brown et al. 1999), illustrates that dependence for
maximal activation. We will denote this function with
T(a,l,v).

T(a,l,v) = A(a, [ ) Fr(D) Vi, v)+ Fp(l))

u Ni(l)
A(a,1) =1 —eXp<_(WNf(l)> )

N(l) = 2.11 +4.16<; - 1)

1.87)

—572—vy
, v=<0
—5.72 4 (1.38 +2.097)v

1193 _
1.03

Fi ()= exp(—

FV(Zy V) =
0.62 — (—=3.12 + 421/ — 2.672)y
0.62+v

Fp(l) = —0.02 exp(13.8 — 18.71).

Mammalian muscles are known to have remarkable
scaling properties, meaning that they are all similar after
proper normalization: length is expressed in units of L,
(the length at which maximal isometric force is
generated), and velocity is expressed in units of Lg/sec.
The unitless tension in figure 1¢ is scaled by 31.8 N per
square centimeter of physiological cross-sectional
area (PCSA) to yield physical tension 7. The PCSA
parameters used in the model are the sums of the
corresponding parameters for all muscles in each group
(1: 18cm2; 2: 14cm2; 3: 220m2; 4. 12cm2; 5: Ssz;
6: 10cm?). Muscle length (and velocity) are converted
into normalized units of Ly using information about
the operating range of each muscle group (1: 0.6 —1.1;
2: 0.8 —1.25; 3: 0.7 —1.2; 4: 0.7 —1.1; 5: 0.6 —1.1;
6: 0.85 —1.2).

Muscle activation a; (i=1,...,6) is not equal to
instantaneous neural input u;, but is generated by
passing wu; through a filter that describes calcium
dynamics. This is reasonably well modelled with a first
order non-linear filter of the form

N ((1 + 0‘u‘cf‘)ui - ai)

l l(uia Cl[) ’ (78)

where

l‘(U‘ Cl‘) — Ideact + ui(tact - ldeact) ui > daj,
P tdeact otherwise.
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The input-dependent activation dynamics #,. = 50 msec
is faster than the constant deactivation dynamics
ldeact = 06 msec. Figure 1d illustrates the response of
this filter to step inputs that last 300 msec. Note that the
half-rise times are input-dependent, while the half-fall
times are constant (crosses in figure 1d). The neural
inputs u; is disturbed by the multiplicative noise, whose
standard deviation is 20% of its magnitude—which
means o, =0.2 in (78), while ¢ is a zero-mean Gaussian
white noise with unity covariance.

We notice that adding muscles to the dynamical
system results in 6 new state variables. Combining the
forward dynamics (76) and muscle actuator model (78),
we could write the system into a state space form

X = F(x) + G(x)(1 + o,8)u, (79)

where the state and control are given by x = (6;,6,,
01,62, ai,...,a6)" and u = (u, ..., ug)" respectively.

The sensory feedback carries the information about
position and velocity

V= (91 (%3 é] 92 )T + v (80)

where the sensory noise v has zero-mean Gaussian
distribution with unity covariance.

The first task we study is reaching movement, where
the arm has to start at some initial position and move to
a target in a specified time interval. It also has to stop at
the target, and do all that with minimal energy
consumption. There are good reasons to believe that
such costs are indeed relevant to the neural control of
movement (Todorov and Jordan, 2002). The cost
function is defined as

Ji = ||e®@(D) — e+ 0.001 |é(6(T), 6(T)) ||

1 T
+§/ 0.0001 || dt, (81)
0

where e(f) is the forward kinematics transformation
from joint coordinates to end-point coordinates, and the
desired target e¢* is defined in end-point coordinates.

6.2 Numerical results

In order to demonstrate the effectiveness of our design,
we applied ILQG method to the human arm model
described above. Note that this model is stochastic: we
include multiplicative noise in the control signal, with
standard deviation equal to 20% of the control signal.
Here we use the center-out reaching task which is
commonly studied in the motor control—the targets are
arranged in a circle with 0.1 m radius around the starting
position. Figure 2 shows average behavior for the fully
observable case: hand paths in (a), tangential speed
profiles in (b), and muscle activations in (c). We found

out that both the movement kinematics and the muscle
activations share many features with experimental data
on human arm movements, but a detailed discussion of
the relevance to motor control is beyond the scope of
this paper. Another encouraging result is the CPU time.
On average, the algorithm can find a locally-optimal
time-varying feedback control law in about 10 seconds
(on a 2.8 GHz Pentium 4 machine, in Matlab), for
reaching in 16 different directions.

Figure 3 illustrates the robustness to noise: open-
loop control in (a), closed-loop control in (b),
and closed-loop control optimized for a deterministic
system in (c). Closed-loop control is based on the time-
varying feedback gain matrix L generated by the ILQG
method, while open-loop control only uses the final u
constructed by the algorithm. As the endpoint error
ellipses show, the feedback control scheme substantially
reduces the effects of the noise, and benefits from being
optimized for the correct multiplicative noise model.

Now we look at the partial observable case where the
states of system are obtained by the estimator. Although
the state of the controlled plant are only available
through noisy measurement, figure 4(a) shows that the
hand could still arrive to the desired target position
(shown as red stars in figure 4a) as accurately as
possible. Figure 4(b) shows tangential speed profiles, for
reaching in 16 different directions, and they remain in
bell shapes. Figure 4(c) shows the muscle activation
patterns for elbow flexor, elbow extensor, shoulder
flexor, shoulder extensor, biarticulate flexor and biarti-
culate extensor.

Trajectory-based algorithms related to Pontryagins
Maximum Principle in general find locally-optimal
solutions, and complex control problems may exhibit
many local minima. To explore the issue of local
minima for the arm control problem, we used 50
different initializations, for each of 8§ movement
directions. The final trajectories are given in figure 5,
where figure 5(a) shows that, for the fully observable
case, all the optimization runs converged to a solution
very similar to the best solution we found for the
corresponding target direction. Figure 5(b) shows how
the cloud of 50 randomly initialized trajectories
gradually converge for the partial observable case by
using ILQG method. There are local minima, but half
the time the algorithm converges to the global
minimum. Therefore, a small number of restarts of
ILQG are sufficient to discover what appears to be the
global minimum in a relatively complex control
problem.

Finally we studied the convergence properties of the
algorithm. The complete algorithm is that we initialize
Ko,...,Ky_1, and iterate (48) and (49)—~(57) until
convergence. Convergence is guaranteed, because the
expected cost is non-negative by definition, and we are
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Figure 2. Fully observable case: average behaviour of the ILQG controller for reaching movements, using a 2-link 6-muscle human
arm model: (a) hand paths for movement in 16 directions; (b) speed profiles; (c) muscle activations.

(b) (©

Figure 3. Effects of control-dependent noise on hand reach-
ing trajectories, under different control laws: (a) open-loop
control; (b) closed-loop control; (c) closed-loop controller
optimized for deterministic system.

using a coordinate-descent algorithm, which decreases
the expected cost in each step. Figure 6 shows how the
cost decreases with the number of iterations, obtained
by averaging 50 random conditions over each of
8 movement directions. In all cases convergence is very
rapid, with the relative change in expected cost decreas-
ing exponentially.

7. Conclusion

Optimal control theory plays a very important role in
the study of biological movement. Further progress in
the field depends on the availability of efficient methods
for solving non-linear optimal control problems. For the
real control system design, feedback is based on delayed
and noisy sensors that may not measure all the state
variables, hence we extend the algorithm to the partially
observable case by combining it with an extended
Kalman filter. This results in a coupled estimation-
control problem, which is complicated in the presence of
multiplicative noise. This paper developed a new
iterative local method for optimal feedback control
and estimation design of non-linear stochastic dynami-
cal systems. It provided an iterative coordinate-descent
algorithm, which is guaranteed to converge to a filter
and a control law optimal with respect to each other. We
illustrated its application to a biomechanical model of
the human arm. The simulation results numerically
demonstrated that the solutions were close to the global
minimum.
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Figure 4. Partial observable case: average behavior of the ILQG controller and estimator for reaching movements, using a 2-link
6-muscle human arm model: (a) Hand paths for movement in 16 directions; (b) Speed profiles; (c) Muscle activations.
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Figure 5. The optimized hand paths obtained by using
50 different initial conditions for each of 8 movement
directions. (a) fully observable case; (b) partial observable case.

Finally there are several extensions to the work we
presented here. While we assumed a specified final
time 7, the algorithm can be applied in model-predictive
mode, using a fixed time horizon rather than a fixed
final time. The final cost /i(x) will have to be replaced
with some approximation to the optimal cost-to-go,
but that has to be done whenever fixed-horizon
model-predictive control is used. Additional work is

—1.5;s

logyq cost
A

CPU time (sec)

Figure 6. Cost over iterations for each of 8 movement
directions.

needed to ascertain the properties of the algorithm in
more complex problems, where we cannot use global
methods for validation. We are going to implement a
very detailed model of the human arm, including 4
degrees of freedom and around 20 muscles; it will be
interesting to see if the algorithm can handle such a
complex system in a reasonable amount of time.
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