Proceedings of the 2007 IEEE/RSJ International ThD10.5
Conference on Intelligent Robots and Systems
San Diego, CA, USA, Oct 29 - Nov 2, 2007

1-4244-0912-8/07/$25.00 ©2007 IEEE. 4234






4236



IV. GAUSSIAN PROCESS REGRESSION FOR STEPPING AND to parameters of a policyv. [15] suggested that we can

WALKING DYNAMICS estimate the expectation of the gradient direction as:
We use a Gaussian process [14] to approximate the dy- oo . aln =
namics in (1). Gaussian processes provide us a stochasr%c E{V()|rw} FE (V(k) S V(%)) P Y orw
representation of an approximated function. With Gaussia w k=0 w (15)

processes for regression, the output values are sampled from

a zero-mean Gaussian whose covariance matrix is a functi$fiereV (x) 'S an approximation of the value function for a
of the input vectors: policy mw: VT (x) = E{V(k)|x(k) = x, mw}.

(yi,-.. ynlz1s-...z2n) N (0,K), 9) A. Value function approximation
The value function is approximated using a normalized

where Ki; = £(zi,zj) is a covariance matrllx of 'npUt,Gaussian network [16]:
vectors. Here, we used the following covariance matrix
model: N
No 4 V(x)=  wibi(x), (16)
k(zi,zj) = voexp S aa.llzi S 7|2 + vidij, (10) =t
d=1 2 where v; is a i-th parameter of the approximated value

whered;j is Kronecker deltavg, v1, andag are parameters funchop, andN is the number of baS|s. fun'ct|orb$(x). AN
for the covariance matrixNy denotes the number of input approximation error of the value function is represented by

dimensions. These parameters can be optimized by usindh§ temporal difference (TD) error [17]:

type-1l maximum likelihood method [14]. Bayesian predic- 8(k) = r(k+1)+ vV (x(k+1)) S V(x(k)), (17)
tion of an outputyn+1 corresponding to a new inputy+1

is given as: We update the parameters of the value function approximator
) using the TD(0) method [17]:
(yN+l|Zl;-~-7ZN;ZN+1;y17~-~7yN) N (Maa )7 (11)
vi(k+1) = wi(k) + ad(k)bi(x(k)), (18)
where
T 1 where« is the learning rate.
p = K(zn+1) Ky, 12) _
o2 = K(ZN 41, ZN+1) S K(zN+1)T KilK(zN+1), (13) B. Policy parameter update
_ d _ We update the parameters of a poliey by using the
Y - (y1,---5 o), L an K(zn+1) estimated gradient direction in (15). [15] showed that we
[(z1,2N+1); - - -, K(ZN, ZN+1)]

! . . an estimate the gradient direction by using TD error:
The input vectorz for the Gaussian process is composec? g y 9

of the current state and control inpat= (x(k)",u(k)")T. oo - 1IN Ty

The output valuey is a component of the state vector at E (V(k) S V(x(k))) ow v

the next intersectionx(k + 1), and the control input is k=0 -

the additional amplitude of the sinusoidal patterq(g) = _

Astep(k) i (7) for stepping, anda(k) = Awani(k) in (8) B e 49

for biped walking. We can then estimate probabilistic model . o
of the stepping and walking dynamics. wheree is the eligibility trace of the parameter. Then, we

can update the parameter as:
V. POLICY IMPROVEMENT BY USING A REINFORCEMENT
LEARNING METHOD w(k+1) = w(k)+ pi(k)e(k), (20)

Here, we explain how we applied reinforcement learningvhere the eligibility trace is updated as:
to our biped stepping and walking tasks. We use a policy
gradient method proposed by [15] to implement the RL e(k+1)= ne(k)+ 0 o (x(k), u(k) ,
framework. ow w=w(k)
The basic goal is to nd a policyrw (x,u) = P(ulx;w)  wherey is the decay factor for the eligibility trace. Equation
that maximizes the expedian of the discounted accumu- (19) can be derived if the condition= ~ is satis ed.
lated reward:

(21)

oo C. Biped stepping and walking policy
E{V(k)|rw} = E SR () I S (14) We construct the biped stepping and walking policies
i=k based on a normal distribution:

wherer denotes rewardy/ (k) is the actual returnw is the
parameter vector of the policy,, andv, 0 v < 1, is the
discount factor. whereu is the output vector and is the covariance matrix

In the policy gradient methods, we calculate the gradiemf the policy 7. In this study, we de ned the covariance
direction of the expectation of the actual return with respechatrix as a diagonal matrix, whergth diagonal element

mw(x, 1) = N (u(x; wH), B(x; w?)) (22)
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(a) t=0.0 sec (b) t=6.0 sec (c) t=9.0 sec (d) t=12.0 sec (e) t=15.5 sec

Fig. 10. Initial walking pattern. The red line represents the staniogition. Initially, the simulated robot explore around the starting positiome
proceeds from left to right.

(a) t=0.0 sec (b) t=5.0 sec (c) t=8.3 sec (d) t=11.3 sec (e) t=14.0 sec

Fig. 11. Improved walking pattern aftene iteration of the proposed learning process. Walkjpeed is 0.14 m/sec. The red line represents theirggart
position. Time proceeds from left to right.
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Fig. 9. Acquired steppingnovement. The red thin line represents desired
angle. After one iteration of the prope learning process, the pendulum
state represented by the light blue line behind the red line came close to
the desired state at the Poineaséction. The light blue sphere representsfig. 12.  Approximated stepping dymécs of the small size humanoid

Ay ron I 5° 10 ) ]

the center of mass. robot by a Gaussian process. The input vector is de nedzas=
( ™" (k),Aa ron (K)), and the output is dene ag = (" (k + 1))
(see (12)).

Figure 12 shows approximated stepping dynamics of the
small size humanoid robot by a Gaussian process. Here we
de ne the input vector az = ( ™" (k), Aa ron (k)) and VIIl. DISCUSSION
the output agy = ( ™" (k + 1)) (see (12)). We apply the
reinforcement learning algorithm to this acquired stepping We proposed using approximated biped stepping and walk-
dynamics to improve stepping performance. ing dynamics for Reinforcement Learning (RL) to improve
Figure 13 shows the roll angle®" at the Poincagsection task performance. In this study, we rst approximated the
ol = 0. This result suggests that a stepping policy wastepping and walking dynamics by using collected data from
acquired by using our proposed method, and it can keep thesimulated model or a real robot, then use the approximated
roll state "' around the desired angl6.0 ). An average dynamics for RL to improve stepping and walking policies.
angle from 10 to 40 steps wefel?2 . We explored using a Gaussian process to approximate the
Figure 14 shows the acquired stepping movement of trdynamics. By using a Gaussian process, we can estimate a
real robot after one iteration of the proposed learning procegzobability distribution of a target dynamics with a given
applied to the real environment. We will soon apply ourcovariance function. We showed that we could improve
proposed method to the biped walking task in the reatepping and walking policies by using a RL method with
environment. approximated models both in simulated and real environ-
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