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The ultimate goal is to learn 
a complex task by imitation
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Q: Can we just replay the motion?
A: Apparently not! 
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The motion pattern needs to be 
optimized to match the dynamics of 
the robot.

But! Direct optimization of full-body 
“high-dimensional” joint angle data is 
“intractable”.

Problem No.1
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We bought a commercial robot, but 
the company just simply doesn’t give 
us the dynamic model. 
What should we do?

The dynamic model “is not” available! 

Problem No.2
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The re s earch g o a l i s to 
“generate full-body humanoid 
motions” while the problem of 
“intractable of high dimensional 
data” is inherited and the 
problem of “absences of dynamic 
model” is presence.

Research statement 
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Presentation outline

Low-dimensional subspaces

Motion optimization algorithm

Motion optimization results
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Dimension reduction algorithms

Linear Principal components analysis (PCA)

None-Linear PCA

Locally Linear Embedding (LLE)

ISOMAP 

Gaussian Process Latent Variable Models

[Karhunen and Loève 1940s’]

[Roweis and Saul, 2000]

[Tenenbaum et al., 2000]

[Kirby and Miranda, 1996]

[Neil D. Lawrence 2003]
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Low Dimensional posture space
[Gaussian Process Latent Variable Models]

Courtesy of Keith Grochow
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The “eigenpose” space
3-D low-dimensional subspaces by linear PCA
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The “eigenpose” space
3-D low-dimensional subspaces by linear PCA
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Action subspace embedding

Map data to cylindrical 
coordinate system

Learn 1-D representation 
of motion in term of 
motion phase angle:
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Figure 6. Optimization result for a walking motion pattern in a 
low-dimensional subspace based on an action subspace embed-
ding. 

We summarize below the entire optimization and action 
selection process: 

1) Use PCA to represent in a reduced 3D space the ini-
tial walking gait data from human motion capture. 

2)  Employ the non-linear embedding algorithm for pa-
rameterization of the gait. 

3) Start the learning process by projecting actions back 
to the original joint space and executing the corre-
sponding sequence of servo motor commands in the 
Webots HOAP-2 robot simulator [Webots, 2004]. 

4)  Use the sensory and motor inputs from the previous 
step to update the sensory-motor predictor as de-
scribed in Section 4 where the state vector is given 
by the gyroscope signal of each axis and the action 

variables are !,r and h  in the low-dimensional sub-

space. 
5)  Use the learned model to estimate actions according 

to the model predictive controller framework de-
scribed above (Figure 5).  

6) Execute computed actions and record sensory (gyro-
scope) feedback.  

7)  Repeat steps 4 through 6 until a satisfactory gait is 
obtained. 

6 Experimental Results 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 7. Motion pattern scaling. The target motion pattern is 

scaled down until it can produce a stable motion to start the motion 

optimization process. 

 
This section explains how the optimization methodology in 
the previous section is used in conjunction with the mocap 
data. From our study of the motion pattern in the reduced 
subspace, we found that we can scale up and down the mo-
tion pattern and get similar humanoid motion patterns ex-
cept for changes in the magnitude of motion. When we scale 
down the pattern in the reduced subspace, it produces a 
smaller movement of the humanoid robot, resulting in s-
maller changes in dynamics during motion. Our strategy is 
to scale down the pattern until we find a dynamically stable 
motion and start learning at that point. We apply the motion 
optimization method in Section 5 to the scaled-down pattern 
until its dynamic performance reaches an optimal point; 
then we scale up the trajectory of the optimization result 
toward the target motion pattern. In our experiments, we 
found that a scaling down of 0.3 of the original motion pat-
tern is typically stable enough to start the learning process.  
Our final optimization result obtained using this procedure 
is shown as a trajectory of red circles in Figure 7. It corre-
sponds to about 80% of the full scale motion. 
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Learning the predictive model 

Humanoid robot

Posture command
(Action: at)

Gyroscope signal
(State: st+1)

Predictive Model
+

-

Prediction error
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NARX model-predictor

Feed 
Forward 
Network

 Nonlinear autoregressive network with exogenous inputs 

input output

Time 
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recurrent neural network 
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NARX model-predictor

Feed 
Forward 
Network

 Nonlinear autoregressive network with exogenous inputs 

Time 
Delay

st+1 = F (st, st−1, at, at−1)
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Gyroscope signals prediction
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where= represents the number of kernels, Z? and @
?
−Σ are the 

mean and covariance of the Q!"? kernel respectively. Finally, 
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Maths details
a∗t = argmin

at
Γ(F(st, . . . ,st−n,at, . . . ,at−n))

Γ(ω) = λxω2
x +λyω2

y +λzω2
z

χ∗t = argmin
χt∈S

Γ(F(ωt,ωt−1,χt,χt−1))

S =




ϕs
rs
hs



 ra− εr ≤ rs ≤ ra + εr

ha− εh ≤ hs ≤ ha + εh

0 < εϕ < 2π

[ra,ha] = g(ϕs)

ϕt−1 < ϕs ≤ ϕt−1 + εϕ

 
 
 
 
 
 
 
 
 
 
 
 
 
!

 

Figure 6. Optimization result for a walking motion pattern in a 
low-dimensional subspace based on an action subspace embed-
ding. 

We summarize below the entire optimization and action 
selection process: 

1) Use PCA to represent in a reduced 3D space the ini-
tial walking gait data from human motion capture. 

2)  Employ the non-linear embedding algorithm for pa-
rameterization of the gait. 

3) Start the learning process by projecting actions back 
to the original joint space and executing the corre-
sponding sequence of servo motor commands in the 
Webots HOAP-2 robot simulator [Webots, 2004]. 

4)  Use the sensory and motor inputs from the previous 
step to update the sensory-motor predictor as de-
scribed in Section 4 where the state vector is given 
by the gyroscope signal of each axis and the action 

variables are !,r and h  in the low-dimensional sub-

space. 
5)  Use the learned model to estimate actions according 

to the model predictive controller framework de-
scribed above (Figure 5).  

6) Execute computed actions and record sensory (gyro-
scope) feedback.  

7)  Repeat steps 4 through 6 until a satisfactory gait is 
obtained. 

6 Experimental Results 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 7. Motion pattern scaling. The target motion pattern is 

scaled down until it can produce a stable motion to start the motion 

optimization process. 

 
This section explains how the optimization methodology in 
the previous section is used in conjunction with the mocap 
data. From our study of the motion pattern in the reduced 
subspace, we found that we can scale up and down the mo-
tion pattern and get similar humanoid motion patterns ex-
cept for changes in the magnitude of motion. When we scale 
down the pattern in the reduced subspace, it produces a 
smaller movement of the humanoid robot, resulting in s-
maller changes in dynamics during motion. Our strategy is 
to scale down the pattern until we find a dynamically stable 
motion and start learning at that point. We apply the motion 
optimization method in Section 5 to the scaled-down pattern 
until its dynamic performance reaches an optimal point; 
then we scale up the trajectory of the optimization result 
toward the target motion pattern. In our experiments, we 
found that a scaling down of 0.3 of the original motion pat-
tern is typically stable enough to start the learning process.  
Our final optimization result obtained using this procedure 
is shown as a trajectory of red circles in Figure 7. It corre-
sponds to about 80% of the full scale motion. 

-5

0

5

-3-2-101234

-4

-2

0

2

4

Target pattern 

Final result Scale 0.7 

Scale 0.3 

Scale 0.5 

-5

0

5
-4 -2 0 2 4

-4

-2

0

2

4 Original data

Embed function

Optimized data
Search space

-5

0

5
-4 -2 0 2 4

-4

-2

0

2

4 Original data

Embed function

Optimized data
Search space

Tuesday, February 23, 2010



Presentation outline

Low-dimensional subspaces

Motion optimization algorithm

Motion optimization results

Motion imitation

Lossless motion imitation 

Tuesday, February 23, 2010



Motion-phase optimization

Chapter 4. Learning and Prediction 37

4.3 One-dimensional Optimization
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Figure 4.5: Motion-phase optimization.

The first experiment is simulation in Webots dynamic environment [32]. And, a real

robot can be interchanged with the simulator. This simulation is an experiment to

increase the stability of a regenerated hand-coded walking gait shown in Figure 3.5 by

using the motion optimization technique in the feature space. This experiment also

demonstrates the utility of action subspace embedding and the physical meaning of the

parameter ϕ. Since this experiment is one-dimensional optimization the parameters �r

and �h in equations 4.10 and 4.11 are set to zero. Then, equation 4.7 becomes:

ϕ∗t = arg min
ϕt

Γ(F (ωt, ωt−1, ϕt, ϕt−1)). (4.14)

This process can be referred as motion-phase optimization. Because, only the parameter

ϕ is optimized while values of r and h are implicitly optimized through equation 3.23. At

the first learning episode, joint angle data that are approximated from an inverse PCA

mapping from the three-dimensional feature data in Figure 3.6. Then, their subsequent

gyroscope signals were recoded. In this experiment according to equation 4.14, the three

channels gyroscope signals are regarded as state and the ϕ is regarded as action. These

state-action data then were used for the time-delay RBF network (depicted in figure

4.1) to learn a predictive model of the gyroscope signals at the next time step. The

optimization algorithm used the predictor to obtain a new optimized action plan. The

algorithm samples points in the search space defined by equation 4.9 uniformly. Values

of gyroscope signals of the sampled points are then calculated. An optimized action

ϕ∗t = arg min
ϕt

Γ(F (ωt, ωt−1, ϕt, ϕt−1))

[r, h] = g(ϕ)

Tuesday, February 23, 2010



3-D Eigenposes optimization result
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3-D Eigenposes optimization result
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Human motion capture mapping

Robot skeletonHuman skeleton Robot skeletonHuman skeleton
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Joint trajectories
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Action subspace scaling
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Imitate a human walking gait
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Imitate a human walking gait
 
 
 
 
 
 
 
 
 
 
 
 
 
!

 

Figure 6. Optimization result for a walking motion pattern in a 
low-dimensional subspace based on an action subspace embed-
ding. 

We summarize below the entire optimization and action 
selection process: 

1) Use PCA to represent in a reduced 3D space the ini-
tial walking gait data from human motion capture. 

2)  Employ the non-linear embedding algorithm for pa-
rameterization of the gait. 

3) Start the learning process by projecting actions back 
to the original joint space and executing the corre-
sponding sequence of servo motor commands in the 
Webots HOAP-2 robot simulator [Webots, 2004]. 

4)  Use the sensory and motor inputs from the previous 
step to update the sensory-motor predictor as de-
scribed in Section 4 where the state vector is given 
by the gyroscope signal of each axis and the action 

variables are !,r and h  in the low-dimensional sub-

space. 
5)  Use the learned model to estimate actions according 

to the model predictive controller framework de-
scribed above (Figure 5).  

6) Execute computed actions and record sensory (gyro-
scope) feedback.  

7)  Repeat steps 4 through 6 until a satisfactory gait is 
obtained. 

6 Experimental Results 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 7. Motion pattern scaling. The target motion pattern is 

scaled down until it can produce a stable motion to start the motion 

optimization process. 

 
This section explains how the optimization methodology in 
the previous section is used in conjunction with the mocap 
data. From our study of the motion pattern in the reduced 
subspace, we found that we can scale up and down the mo-
tion pattern and get similar humanoid motion patterns ex-
cept for changes in the magnitude of motion. When we scale 
down the pattern in the reduced subspace, it produces a 
smaller movement of the humanoid robot, resulting in s-
maller changes in dynamics during motion. Our strategy is 
to scale down the pattern until we find a dynamically stable 
motion and start learning at that point. We apply the motion 
optimization method in Section 5 to the scaled-down pattern 
until its dynamic performance reaches an optimal point; 
then we scale up the trajectory of the optimization result 
toward the target motion pattern. In our experiments, we 
found that a scaling down of 0.3 of the original motion pat-
tern is typically stable enough to start the learning process.  
Our final optimization result obtained using this procedure 
is shown as a trajectory of red circles in Figure 7. It corre-
sponds to about 80% of the full scale motion. 
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Walking by imitation results
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Human sidestep motion
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Accuracy of 3-D eigenposes
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Hyperdimensional cylindrical transformation

f(x, y, z)→ f(ϕ, r, h)

h = z

r =
�

x2 + y2

ϕ = arctan( y
x )

3-D mappingFor f ∈ Rn when n > 3

f(d1, d2, d3, . . . , dn)

f(x, y, z1, . . . , zn−2)

f(x, y, z1, z2, z3)

Suppose f ∈ R5

f(x, y, z1, . . . , zn−2)→ f(ϕ, r, h1, . . . , hn−2)
Thus

f(x, y, z1)
f(x, y, z2)
f(x, y, z3)

f(ϕ, r, h1)
f(ϕ, r, h2)
f(ϕ, r, h3)
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Multiple cylindrical frames
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Hyperdimensional motion optimization

[r, h1, h2, . . . , h18] = g(ϕ)

Hyperdimensional action subspace embedding

ϕ∗t = arg min
ϕt

Γ(F (ωt, ωt−1, ϕt, ϕt−1))

Motion-phase optimization
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Hyperdimensional optimization result
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Conclusion

Stable humanoid motion can be realized 
through imitation 

Compact low-dimensional spaces allows 
efficient optimization

Dynamic model is not required
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Conclusion

Stable humanoid motion can be realized 
through imitation 

Compact low-dimensional spaces allows 
efficient optimization

Dynamic model is not required

Note:
 Learn directly from the real robot
 Learn none-periodic motion
 Real-time feedback needs to be realized
 Multiple learning modules organization
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Last but not least

Tuesday, February 23, 2010



Last but not least
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Last but not least
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Thank
 you!
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