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Abstract— This paper presents an algorithm for adapting high-dimensional state space. This is true &y system
periodic behavior to gradual shifts in task parameters. Siwe  performing a periodic task, regardless of the size of ittesta
Iearnmq optimal cor_1tro| in hlgh_ d,mensmnal dom_alns is sutye_ct space (see also [3], section 3.1, and [4], figure 19, for a
to the ’'curse of dimensionality’, we parametrize the policy . . S ) .
only along the limit cycle traversed by the gait, and thus valldatlor_w of this point in the mpdel discussed below). This
focus the computational effort on a closed one-dimensional Observation holds a great promise: a controller that cap kee
manifold, embedded in the high-dimensional state space. We the system close to one particular limit cycle despite minor
take an initial gait as a departure point, and iterate betwe@  perturbations (i.e. has a non-trivial basin of attractisrfyee
modifying the task slightly, and adapting the gait to this i, gafely jgnore the entire volume of the state space.

modification. This creates a sequence of gaits, each optineid Findi h tabl troller is far f trivial d
for a different variant of the task. Since every two gaits in Inding such a stable controller Is far from trivial, an

this sequence are very similar, the whole sequence spans a@mounts to creating a stable gait. However, for our purpose,
two-dimensional manifold, and combining all policies in tis such a controller can be suboptimal, and may be supplied by
2-manifold provides additional robustness to the system. W g human tele-operating the system, by leveraging on passive
demonstrate our approach on two simulations of bipedal robts  yynamic properties of the system (as in section IV-A), or
— the compass gait walker, which is a four-dimensional syste, b Vi trol th tool . tion IV-B). | ' I
and RABBIT, which is ten-dimensional. The walkers’ gaits ae Yy applying con r_o GQW 0ols (_as In secuon )- n a
adapted to a sequence of Changes in the ground S|ope’ and cases, the one-dimensional manifold traced by the ga|t of a
when all policies in the sequence are combined, the walkers stable controller can be identified in one cycle of the gait,
can safely traverse a rough terrain, where the incline changs  simply by recording the state of the system at every time step
at every step. Furthermore, by querying the controller, we can identifg th
I. INTRODUCTION Iocal_ policy on and around that manifold. With these tW_o
. . . provided, we can create a local representation of the policy
This paper deals with the general task of augmenting thgyi, generated the gait by approximating the policy only

papjlacities of legged robots by using reinforcement lear, 4y around that manifold, like a ring embedded in state
ing™. The standard paradigm in Control Theory, whereby,.e and this holds true regardless of the dimensiorulity
an optimized reference trajectory is found first, and then fhe state space. By representing the original control fanct
stabilizing controller is designed, can become laboriobemw ;. a compact way we may focus our computational effort
a whole range of task variants are considered. Standare al% the relevant manifold alone. and circumvent the curse
rithms of reinforcement learning cannot yet offer compglli ¢ gimensjonality as such a parametrization does not scale
alternatives to the control theory paradigm, mostly beeausg,,,onentially with the number of dimensions. This opens a
of the prohibitive effect of thecurse of dimensionality qyoor for an array of reinforcement learning methods (such
Legged robots of_ten constitute a h|gh—d|men5|onal_sy:ster_HS policy gradient) which may be used to adapt the initial
and standard reinforcement learning methods, with theilohirolier to different conditions, and thus augment the
focus on Markov Decision Processes models, usually Ca”rﬁﬁpacities of the system.
overcome the exponential growth in state space volume. 1, s article we report two experiments. The first studies
qut previous work in ma_chme learning for gait domaingy,¢ Compass-Gait walker ([9], [10], [11], a system known for
required either an exhaustive study of the state space [} capacity to walk without actuation on a small range of
or the use of non-specific optimization techniques, such a&,ynward slopes. The second experiment uses a simulation
genetic algorithms [2]. In this paper, we wish 10 take gy e rohot RABBIT [3], a biped robot with knees and a
first step towards efficient reinforcement learning in hightysq pbut no feet. which has been studied before by the
dimensional domains by focusing on periodic tasks. control theory community [5], [4], [6]. The first model has a
~We make the observation that while legged robots haveg,,r_gimensional state space, and the second model has 10
high-dimensional state space, not every point in the stalgye dimensions and 4 action dimensions. By composing
space represents a viable pose. By definition, a propgfyether several controllers, each adapted to a different
gait would always converge to a stable limit cycle, whichncjine we are able to create a composite controller that
traces a closed one-dimensional manifold embedded in 1§, staply traverse a rough terrain going downhill. The same

1The interested reader is encouraged to follow the links imead in the algomhm was §uccessfu|ly applled to the second SyStem too
footnotes to section IV to see movies of our simulations although the size of that problem would be prohibitive for



most reinforcement learning algorithms.

In the following we first give a short review of previous
work in machine learning, and then explain the technice
aspects of constructing a manifold controller, as well &s tr
learning algorithms used. We then demonstrate the effe
tiveness of Manifold Control by showing how it is used to
augment the capacities of existing controllers in two défe
models of bipedal walk. We conclude by discussing th:
potential of our approach, and offer directions for future
work.

Il. PREVIOUS WORK

The general field of gait design has been at the focus
mechanical engineering for many years, and recent years

saw an increase in the contribution from the domain ofi9- 1. lllustrations of the models used. On the left, the pass-gait
walker: the system’s state is defined by the two legs’ angtes the vertical

machine I?aming- For example, Stilman al. [7] SFUdied direction and the associated angular velocities, for a tdtur dimensions.
an eight-dimensional system of a biped robot with kneegShis figure also depicts the incline of the sloped ground. @ tight,

similar to the one studied below. They showed that in theffRABBIT: the system’s state is defined bt the angle of the tdsm the
; vertical direction, the angles between the thighs and tteotand the knee

particular C_a_-se the d_|mer_1$|onallty Can_ be reduced throug gles between the shank and the thigh. This model of RABEBIF ten
some specific approximations during different phases. Thestate dimensions, where at every moment one leg is fixed tgrthend,

they partitioned the entire volume of the reduced stateespagnd the other leg is free to swing.
into a grid, and performed Q-learning using a simulation

model of the system’s dynamics. The result was a robot

walker that can handle a range of slopes around the levi 2 normallzgd Gaussian activation function, usings a
horizontal plane. scalar bandwidth term:

In addition, there is a growing interest in recent years w; = exp(—(x — ¢;) TMToM(x — ¢;)), 2
in gaits that can effectively take advantage of the passive n
dynamics (see the review by Collies al. [8] for a thorough ulx) = M 3
: _ (x) = ®3)
coverage). Tedrake [9] discusses several versions the com- Dic1 Wi

pass gait walker which were built and analyzed. Controllersote that, as opposed to more advanced techniques such as
for the compass gait based on an analytical treatment Rleceptive Field Weighted Regression [13], we use the same
the system equations was first suggested by Goswemi M and o for all PEs, fixed throughout all simulations. In
al. [10], who used both hip and ankle actuation. Furthesur case, we set so that for every state, any one PE is
results were described by Spong and Bhatia [11], whekesponsible for no more than 40% of the total actuation.
the case of uneven terrain was also discussed. Ramamoorthys we noted in the introduction, the first manifold con-
and Kuipers [12] suggested hybrid control of walking ovetroller is created by approximating a known stable congroll
irregular terrain by seeking inspiration from human watkin This step is still not well-founded in theory: we cannot yet
state the conditions for which the resulting controller Vaou
be a good-enough approximation of the original one, and
A. The Basic Control Scheme could guarantee a stable gait. However, in practice we found
The basic idea in manifold control is to focus the comthat if enough PEs are used, and the linear gains model is
putational effort on the limit cycle. Therefore, the policyfitted according to data from the original controller whose
is approximated using locally activated processing elgmenwidth is appropriate (narrow enough so that a linear fit i sti
(PEs), positioned along the manifold spanned by the limf€asonable, and wide enough so that the resulting controlle
cycle. Each PE defines a local policy, linear in the positio§an maintain the system), we were always able to create
of the state relative to that PE. When the policy is queriean initial manifold controller. Of course, for the case oéth
with a given statex, the local policy of each PE is calculatedcompass gait walker, the initial controller is the zero ppli
as: and this problem becomes trivial.

pi(x) =1 (x—c;)"M"|G; Q)

1. M ANIFOLD CONTROL

B. Improving Performance

wherec; is the location of element M is a diagonal matrix ~ Our policy is approximated using two sets of parameters:
which determines the scale of each dimension,@nds an 7 = u(x; C, G), whereC = {c;} is the set of the locations

(n 4 1)-by-m matrix, wherem is the action dimension and of all PEs in state space, and = {G;} is the set of

n is the number of state space dimensidds.is made ofm  each PEs gain matrix, as described in the previous section.
columns, one for each action dimension, and each columssuming one such parameter q¢t, G} that generates a

is an (n + 1)-sized gain vector. The final policu(x) is stable limit cycle and has a non-trivial basin of attractioe
calculated by mixing the local policies of each PE accordingeek to modify the policy so that the adapted controller @oul



traverse a path of higher value (i.e. collect more rewards, avell u(-;C,G,.). This can be done by linear regression

less cost) along its modified limit cycle. sinceu(-; C,G) depends linearly orG. The end result of
1) Defining the Value Functiontn the present work we this entire protocol is a new policy over a new manifold,

consider a standard nondiscounted reinforcement learnititat generates a limit cycle overlapping this manifold.

formulation with a finite time horizon and no terminal costs. .

More accurately, we define the Vall& (x,) of a given state C. Augmenting Performance

xo under a fixed policyr(x) as: 1) Shaping: Shaping is a conditioning procedure that
T works by iterating through better and better approximation

V™ (xo) :/ r (e, m(x¢))dt (4) Every step in this iterative process requires only a small

0 effort from the learner, but a good trainer can bring leagner

wherer(x, u) is the reward determined by the current staté® great achievements through a carefully laid-out shaping
and the selected actioff] is the time horizon, ang; is the protopol. This is true both for learning animals and leagnin
solution of the time invariant ordinary differential eqiot ~ @lgorithms. In our context, we may shape the walker to walk

x = f(x,m(x)) with the initial conditionx = x, so that O steep inclines by gradually pushing the envelope, making
sure that at every iteration the new slope lies within the

X, = /t F(xy, (x,))dr. (5) bounds of staple inclines, and training thg walker on_thg new
0 slope so that it would be “comfortable” in the new incline,
2) Approximating the Policy Gradientith C being the 1-€. would reestablish a wide margin of stability. Everypste
locations of the processing elements, a@dbeing the set of Of the shaping process creates a new controller that isrbette
their local gains, we make use of a method, due to [14], gtdapted to the present incline. If this procedure is folidwe
piecewise estimation of the gradient of the value functibn &lowly, the capacity of the system can be greatly augmented,
a given initial statex, with respect to the parameter gt as demonstrated in section IV.

As Munos showed in [14], from (4) we can write 2) Creating Higher-Dimensional Manifold Controllers:
The shaping protocol described above generates a con-

ov or ) X o
— = =, (6) secutive series of controllers, one for each incline. Every
oG oG neighboring controllers would be very similar, but through
and for the general form = r(x,u) we can decompose the iterations the small changes aggregate, and new solu-
or/0G as tions are discovered. Another way to think of this series
Or _ 9rdu +ﬁ3_x (7y ©f one-dimensional manifolds is to stitch them together,
oG  0udG  9xIG’ and get a two-dimensional manifold embedded in the high-

and therefore estimatdV (x,)/0G by integrating the es- dimensional state space. The cyclic dimension of this 2D
timation of dr(x;)/0G for eachx; along the trajectory manifold corresponds to the phase in the gait, and the linear
starting atx, until time 7. This gradient is estimated for dimension corresponds to a task dimension (in our case,
one arbitrary point along the manifold. Then, a new policghe incline). This 2D manifold controller can be used to
is created by setting?,.., = G + 7 - G for some small control the robot just like a regular manifold control, ®nc
value of the learning rate, and keeping_' fixed. the equations in section IlI-A make no assumptions about
3) Moving the Manifold: G,,.., generates a new policy the continuity ofC.
that drives the system in a new limit cycle that diverges a This composite controller still takes up a negligible vokim
little bit from the manifold spanned by the original. We of the state space. However, the different one-dimensional
found that in order to ensure effective learning at subseguemanifolds are positioned just where the system might arrive
iterations we need to relocate the manifold to overlap that when the task conditions change. This adds a new level of
current limit cycle. However, if we simply modified stability to the system’s performance, as this controlkm c
to overlap the new limit cycle without readjusting,..,, handle the entire range of conditions any of its components
we would alter the policy, and probably the limit CycleCOU|d handle. In the next section, we demonstrate how we
would move too. Instead, we need a method to describe thempose the series of controllers produced by the shaping
new policy defined by(C, G,...,) using an adjusted set of protocol to create controllers that can handle not only sewid
parameter§Ciq;, Gad;)- range of inclines, but also rapidly changing inclines, as in
C.q; can be easily found by tracing the new limit cyclethe case of rough terrain.
using created by(-; C, Gyew): first, the system has to run
for a few cycles until transient effects (due to the partcul _ _ )
initial state) die out. Then, the trajectory of the systenft- The Downhill-Walking Compass Gait Walker
through state space is recorded during one cycle of adivati The compass gait walker was first described by Goswami,
- we start when one PE has the strongest activatigrand Thuilot, and Espiau [15], where a thorough investigation of
continue until it is maximally-activated again. Then we fitthe passive gait was presented. The model consists of two
this trajectory with a fixed number of PEs. legs joined at the hip (see figure 1a.). At any given moment,
At this stage, we perform a short phase of superviseghe leg is attached to the ground, and the other is free to
learning, findingG,q4; so thatu(-; Cuq;, Geq;) approximates swing. The swinging leg is free to penetrate the floor during

IV. RESULTS
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Fig. 2. The path used to test the compass gait walker, and entapwf the walker traversing this path. Note how the steytle adapts to the changing
incline.

the forward swing, but will undergo an inelastic collisionpath. A movie of this march is available onlife.
with the floor during the backward swing. At this point it The Unhill-Walking RABBIT Rob
will become the stance leg, and the other leg will be sé?l" € Yphilii-valking obot

free to swing. The entire system is placed on a plane that isWe applied manifold control also to simulations of the
inclined at a variable angleé from the horizon. legged robot RABBIT, using code from Prof. Jessy Grizzle

] ) ] ~_ that is freely available online [16]. RABBIT is a biped robot
In the interests of b_reV|ty, we omit & comp_lete descriptioRith a torso, two knees and no feet (see figure 1b.), and
of the system dynamics here, referring the interested readg actyated at four places: both hip joins (where thighs are
to the relevant literature [15], [10], [11]. Although prews  sctyated against the torso), and both knees (where shanks
work considered actuation both at the hip and the ankle, Wge actuated against the thighs). The simulation assumes a
chose to study the case of actuation at the hip only. stance leg with no slippage, and a swing leg that is free to

The learning phase in this system was done using simpROVe at all directions until it collides inelastically withe

stochastic gradient ascent, rather than the elaborateypolfl00r, and becomes the stance leg, freeing the other leg to
gradient estimation described in section 111-B.2. Theiatit SWing. This robot too is modeled as a nonlinear system with

manifold was sampled at an incline ¢f= —0.05 (the initial ~ IMPulse effects. Again, we are forced to omit a complete
policy is the zero policy, so there were no approximatioﬁeCO”StrUCt'O” of the model’s details, and refer the irsiee

errors involved). One shaping iteration consisted of thEeader to [4], equation 8. _
following: first, G was modified t0Gien: = G + 1G, This m_odel was s'tudled extenswely by the con_trol theory
with 5 = 0.1 and G drawn at random from a multinormal COmmunity. In particular, an optimal desired signal was
distribution with unit covariance. The new policy’s perfor derived in [6], and a controller that successfully realiités
mance was measured as a sum of all the rewards along $gnal was presented in [4]. However, all the efforts were
steps. If the value of this new policy was bigger than théocused on RABBIT walking on even terrain. We sought a
present one, it was adopted, otherwise it was rejected., Théy t0 augment the capacities of the RABBIT model, and
a newdsG was drawn, and the process repeated itself. Aftedllow it to traverse a rough, uneven terrgm. We found th.at
3 successful adoptions, the shaping iterations step cdedlu the controller suggested by [4] can easily handle negative
with a resampling of the new controller, and the incline waédownhill) incline of0.2 radiand and more, but cannot handle
decreased b.01. positive (uphill) inclines’.
Learning started by approximating the policy from [4] as

After 10 shaping iteration steps, we had controllers thai manifold controller, using 400 processing elements with

could handle inclines up t¢ = —0.14. After another 10 a mean distance of aboQt03 state space length units. The

iteration steps with the incline increasing byo05, we had
controllers that could handle inclines up ¢go= 0.0025 (a
slight uphill). This range is approxmately double the limwifit
the passive walker [15].

Finally, we combined the various controllers into on
composite controller. This new controller used 1500 charts
to span a two-dimensional manifold embedded in the fouf*
dimensional state space. The performance of the composite
controller was tested on an uneven terrain where the incline

was gradually changed fromm = 0 to ¢ = 0.15 radians,
made of “tiles” of variable length whose inclines wer@1
radians apart.

performance of the manifold controller was indistinguislea
to the naked eye from the original controller, and perfor-
mance, as measured by the performance criterion C3 in [6]
(the same used by [4]), was only 1% worse, probably due to
eminor approximation errors.

The policy gradient was estimated using (6), according to
simple reward model:

(8

1
r(x,u) = 100}, — é(uTu/umagE)3

2nttp://tinyurl.conf yngnvd. This URL will be automatically
redirected to YouTube.com where all our movies are hosted.

3As can be seen in the following movies, available on the YdgTweb-
site through the following shortcuts:t p: //tinyurl . conf 2nxuhc

figure 111-B.2 shows an overlay of the walker's downhill andhttp://tinyurl.con 2g4b8b
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Fig. 3. The rough terrain traversed by RABBIT. Since this eidaas knees, it can walk both uphill and downhill. Note how #tep length adapts to
the changing terrain. The movie of this parade can be sedrh#ipttinyurl.com/2b8sdm, which is a shortcut to the Yob&uvebsite.

wherewy;,  is the velocity of the hip joint (where the thigh i Stability margins
and the torso meet) in the positive direction of the X-axis
and u,,,., iS a scalar parameter (in our case, chosen to t
120) that tunes the nonlinear action penalty and promoti
energetic efficiency.

After the initial manifold controller was created, the
system followed a fully automated shaping protocol fol
20 iterations: at every iteration)V/0G was estimated,
andn was fixed to 0.1% ofiG|. This small learning rate
ensured that we don’t modify the policy too much and los
stability. The modified policy, assumed to be slightly bette
was then tested on a slightly bigger incline (the very firs L
manifold controller was tried on an incline of O rad., and ir Ji
every iteration we increased the incline in 0.003 rad.)sThi o T %
small modification to the model parameters ensured that tl 0 ° eraton 1 20
controller can still walk stably on the incline. If stabflivas
not lost (as was the case in all our iterations), we resampl%. 4. This figure shows the inclines for which each iteraticould
u(+; C, Gpew) SO thatCyq; overlapped the limit cycle of the maintain a stable gait on the RABBIT model. The diagonal lst@ws

modified system (with the new policy and new incline), ande incline for which each iteration was trained. Iteratiiis the original
' caontroller. The initial manifold control approximation gtades most of the

_the WhOIe_ process repeated. This procedu_re a_-llowed a gradk@bility margin of the original control, but this is quigkiegained through
increase in the system’s maximal stable incline. adaptation. Note that both the learning rate and the inatinenge rate

Figure 4 depicts the evolution of the stabilty margins of/%%, "% TSt fough he entre piocess The big Jomeeratcr,
every ring along the shaping iteration: for every iterationnpredictable results, in this case, for the best.

we present an upper (and lower) bound on the incline for

which the controller can maintain stability. This was teste

by setting a test incline, and allowing the system to run fbr 1margin. Finally, three iterations were composed togetat,
seconds. If no collapse happened by this time, the teshimclithe resulting controller successfully traversed a rougtaie
was raised (lowered), until an incline was found for whichthat included inclines from-0.05 to 0.15 radians. Figure 3
the system can no longer maintain stability. As this picturehows an overlay image of the rough path.

shows, our automated shaping protocol does not maintain a
tight control on the stability margins - for most iteratioas
modest improvement is recorded. The system’s nonlinearity In this paper we present a compact representation of the
is well illustrated by the curious case of iteration 9, whergolicy for periodic tasks, and apply a trajectory-basedcyol
the same magnitude @G causes a massive improvementgradient algorithm to it. Most importantly, the methods
despite the fact that the control manifold itself didn’t olga we present do not scale exponentially with the number of
dramatically (see figure 5). The converse is also true fatimensions, and hence allow us to circumvent the curse of
some iterations (such as 17 and 18) there is a decreasedimensionality in the particular case of periodic tasks. By
the stability margins, but this is not harming the overalfollowing a gradual shaping process, we are able to create
effectiveness, since these iterations are using trainatg@ d robust controllers that augment the capacities of existing
obtained at an incline that is very far from the stabilitysystems in a consistent way.

o
[

incline (radians)

©
=}
a

V. CONCLUSION AND FUTURE WORK
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Fig. 5. A projection of the manifold of several stages of thagng process for the RABBIT model. The top row shows thdeaagd angular velocity
between the torso and the stance thigh, and the bottom rowsstiee angle and angular velocity of the knee of the swing Eagry two consecutive
iterations are only slightly different from each other. @ighout the entire shaping process, changes accumulateesnsolutions emerge.

Manifold control may also be used when the initial con-[5] C. Sabourin, O. Bruneau, and G. Buche, “Experimentaidesibn of

troller is profoundly suboptiméJ It is also important to note a robust control strategy for the robot rabbit,” froceedings of the
. . . . IEEE International Conference on Robotics and Automati@RA),
that the rough terrain was traversed without informing the 5555

walker of the current terrain. We may say that the walkerg6] C. Chevallereau and Y. Aoustin, “Optimal reference dcapries for
walked blindly on their rough path. This demonstrates how  Walking and running of a biped robotRobotica vol. 19, no. 5, pp.

. . . 557-569, 2001.
stable a composite manifold controller can be. However, in7; i stiman, C. G. Atkeson, J. J. Kuffner, and G. Zeglin, yiamic

some practical applications it could be beneficial to regmes programming in reduced dimensional spaces: Dynamic pignfor
this important piece of information explicitly, and seld¢e r_obust biped locomotion,” nP_roceedmgs of th_e 2005 IEEE Interna-

. . tional Conference on Robotics and Automation (ICRA 20@Bp5,
most appropriate ring at every step.

. y SIe _ pp. 2399-2404.
We believe that the combination of local learning and[8] S.H. Collins, A. Ruina, R. Tedrake, , and M. Wisse, “Eféist bipedal

careful shaping holds a great promise to many applications robots based on passive-dynamic walkeiS¢ience pp. 307:1082—

" . 1085, February 2005.
of periodic tasks, and hope to demonstrate it through futurey; r | “redrake, “Applied optimal control for dynamicalstable legged

work on even higher-dimensional systems. Future research locomotion,” Ph.D. dissertation, Massachusetts Ingtitot Technol-
directions could include methods that allow second-orde[‘lro] 0gy, August 2004.

| . | of th | A. Goswami, B. Espiau, and A. Keramane, “Limit cycles &
convergence, and learning a model of the plant. passive compass gait biped and passivity-mimicking conaws,”

Autonomous Robatsol. 4, no. 3, pp. 273-286, 1997.
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