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STEP	  1:	  ESTIMATE	  DYNAMICS	  &	  CONTROLS	  

Gestural	  hypothesis:	  
Act	  of	  speaking	  can	  be	  decomposed	  into	  atomic	  units	  of	  ac6on,	  or	  
gestures	  –	  dynamically-‐controlled	  constric6on	  ac6ons	  of	  	  dis6nct	  vocal	  
tract	  organs.	  (e.g.,	  lips,	  tongue	  6p,	  tongue	  body,	  velum,	  glofs).	  	  

is then

J = �outWout,H2�H2WH2,H1�H1WH1,in (8)

where Wi j is the weight matrix connecting layer i to
layer j.

General design parameters of networks with this ar-
chitecture are many, and include the learning rate (�),
the number of training iterations (numiter), the number
of hidden layers and the number of nodes in each hid-
den layer. It is possible in theory to tune each of these
parameters to optimal values, but the tuning procedure
becomes intractable with so many free parameters. The
complexity of the model is essentially determined by
the number of nodes in each hidden layer, which we
denote pANN . Thus, we chose to treat only this as a
free parameter within the scope of parameter tuning for
ANNs. Other design parameters were fixed, so that
numiter = 300, � = 0.001, and the number of hidden lay-
ers was always 2. Limiting the free parameters in this
way still allows for proper tuning to be performed, so as
to promote generalizability of the statistical model (see
Section 2.6), while keeping this procedure tractable.

2.5. Locally-Weighted Regression

Locally-weighted linear regression is one outcome
of a long line of research into nonparametric methods
which use locally-defined, low-order polynomials to ap-
proximate globally nonlinear functional relationships.
Much of this early work is contained in the Statistics lit-
erature, where these techniques have a long successful
history (Cleveland, 1979; Cleveland and Devlin, 1988;
Cleveland et al., 1988). Atkeson et al. (1997) surveyed
much of the early work on this topic from the Statistics
literature, and also provided a unifying view of these
techniques for the Machine Learning community.

LWR is a memory-based, lazy learning method,
which means that it keeps the entire data set in mem-
ory and uses it directly at prediction time in order to
calculate the parameters of interest. Formulation of this
technique begins by assuming that the data were gener-
ated by a model following

xi = k(qi) + ⌅ (9)

where k is a function which can be nonlinear, in general.
The value ⌅ represents the noise which is assumed to
follow a Gaussian distribution

⌅ ⇥ N(0,⌃2) (10)

a normal distribution with mean 0 and variance ⌃2.

We would like to fit the data in a local region defined
by the data point qi. The measure of locality K is taken
to be a Gaussian kernel function

K(qi, q j, h) = exp{�(qi � q j)T H(qi � q j)} (11)

although any such kernel can be utilized. H is a positive
semi-definite diagonal matrix, with diagonal elements
equal to 1/2h2. The value h is a free parameter with a
straightforward interpretation: it is the standard devia-
tion of the Gaussian kernel. If h has the same value in
each column in H (i.e., in all directions in articulatory
space), the kernel will be spherical. Since the articula-
tors in this case have a variety of ranges and units, we
chose to set h di⇥erently in each direction, which gives
one value for each articulator variable.

We assume that a linear model is an appropriate ap-
proximation to the forward map within the local region.
Thus, the model we would like to fit locally is of the
form

xi = ⇥
T
i qi (12)

where ⇥ is the vector of regression coe⇤cients.
The error function that needs to be minimized is an

extension of the standard weighted least squares func-
tion of the form:

Ei =
1
2

�

j

[(⇥T
i qi � xi)2K(qi, q j, h)] +

⇧

2
⌃⇥⌃ (13)

The second term is a regularization term, which con-
tains the ridge regression parameter ⇤. In cases when
there are very few data points near qi, a danger is that
the regression matrix may become nearly singular and
numerical issues will arise in computing the solution.
Adding the regularization term prevents this problem at
the expense of biasing the solution very slightly. In
practice, the parameter ⇤ can be e⇥ective even when
⇤ 1, which ensures a marginal bias of the solution.

An analytical solution can be found for ⇥ with ridge
regression as follows:

⇥i = (QT WiQ + ⇤I)�1QT WiX (14)

The matrix, Wi, is a diagonal weight matrix, formed
from the outputs of the kernel function with a fixed qi.

An illustrative example is shown in Figure 3 for a toy
set of low-dimensional nonlinear data. The Gaussian
kernel is visualized along with a locally-linear model
for one point in articulator space A global fit line, also
visualized, can be obtained as a agglomeration of many
locally-linear models. This is done by simply identi-
fying an arbitrary number of points in articulator space
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Func6onal	  mapping	  can	  be	  es6mated	  to	  a	  high	  degree	  of	  accuracy	  in	  data-‐
driven	  fashion	  using	  Locally-‐Weighted	  Linear	  Regression	  (LWR)	  [3]	  

Weighting kernel 

Uses	  locally-‐defined,	  lower-‐
order	  polynomials	  to	  
approximate	  a	  global	  

func,on	  

Closed-‐form	  solu,on	  with	  
minimal	  parameter	  tuning	  

Given	  a	  set	  of	  controllable	  
parameters,	  determine	  

corresponding	  set	  of	  control	  
values	  that	  effects	  an	  observed	  

sequence	  of	  coordinated	  
ar3culatory	  movement.	  

Vikram	  Ramanarayanan,	  Louis	  Goldstein,	  and	  Shrikanth	  Narayanan	  

IDEA:	  USE	  A	  SMALL	  NUMBER	  OF	  CONTROL	  SEQUENCES	  TO	  PRODUCE	  ALL	  MOVEMENTS!	  
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STEP	  1a:	  INITIALIZE	  DYNAMICAL	  SYSTEM	  MODEL	  

Use	  a	  simple	  2nd	  order	  equa6on	  for	  the	  NLD	  system	  to	  “ini6alize”	  the	  
func6onal	  map	  es6mate	  fEST , for example:  

Saltzman and Munhall (1989) 

Learn fEST using	  a	  nonlinear	  regression	  learning	  technique 

Chhabra and Jacobs (2006). Neural Computation 

Goal:	  To	  find	  the	  op6mal	  control	  signals	  u(t)	  that	  minimize	  cost	  J 

Problem:	  Computa6onally	  intractable	  for	  nonlinear	  systems 
One	  idea:	  Use	  approx.	  methods,	  find	  locally	  op6mal	  solns:	  	  
itera,ve	  Linear	  Quadra,c	  Gaussian	  (iLQG)	  procedure 

Li and Todorov (2005). Iterative LQR/LQG methods 

P. Hoyer (2004), JMLR. 

V. Ramanarayanan, L. Goldstein and S. 
Narayanan, “Articulatory movement 
primitives – extraction, interpretation 

and validation,” JASA, 2013. 

EXAMPLE	  VOCAL	  MOVEMENTS	  EFFECTED	  BY	  DIFFERENT	  CONTROL	  PRIMITIVES	  

Forma6on	  of	  a	  dorsal/uvular	  constric6on	  

Forma6on	  of	  a	  pharyngeal	  constric6on	  

Forma6on	  of	  a	  palatal	  constric6on	  

1 

Forma6on	  of	  a	  coronal	  constric6on	  	  
(ini6al:	  low	  flat	  tongue)	  

Forma6on	  of	  a	  coronal	  constric6on	  	  
(ini6al:	  tongue	  maximally	  constricted	  against	  

pharynx)	  

The	  same	  primi,ves	  can	  generate	  different	  movement	  trajectories	  depending	  
on	  the	  ini,al	  ar,culatory	  configura,on	  

Gestural	  scores	  (Browman	  and	  
Goldstein,	  1992,	  1995)	  represent	  
latent	  ac6va6on	  intervals	  for	  
dynamical	  systems	  controlling	  
constric6ons.	  	  

STEP	  1b:	  LEARN	  (NONLINEAR)	  FUNCTIONAL	  MAP	  

STEP	  1c:	  FIND	  CONTROLS	  THAT	  PRODUCED	  OBSERVED	  MOVEMENTS	  

Vector	  of	  (es6mated)	  control	  
signals	  at	  t=2	  

We	  get	  an	  average	  error	  of	  
~29%	  in	  recovering	  the	  

control	  signals	  (a)	  and	  ~16%	  
in	  recovering	  the	  original	  
movement	  trajectories	  (b).	  

DATASET	  
•  Synthe6c	  data	  generated	  using	  TaDA	  (Task	  Dynamics	  Applica6on)	  and	  a	  Configurable	  
Ar6culatory	  Synthesizer	  (CASY)	  

•  972	  synthesized	  Vowel	  –	  Consonant	  –	  Vowel	  (VCV)	  sequences	  consis6ng	  of	  all	  
permuta6ons	  of	  12	  consonants	  and	  9	  vowels	  in	  English.	  

•  Allows	  us	  to	  get	  a	  basic	  sampling	  of	  the	  whole	  range	  of	  vocal	  movements.	  

Free	  parameters:	  
K:	  #	  of	  bases	  =	  8	  (empirical	  choice)	  
T:	  temporal	  width	  =	  11	  (~110ms)	  
Sh:	  sparseness	  =	  0.65	  (so	  about	  2-‐3	  

gestures	  ac6ve	  every	  instant)	  

Mitrovic et al (2010) 


