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Abstract analysis steps are needed in voice puppetry. Although
HMM has been shown to be a powerful tool to model the
In this paper we formulate the problem of synthesizing dynamic process, it is quite sub-optimal for synthesis. Tra-
facial animation from an input audio sequence (a.k.a. video ditionally, for recognition, an HMM aims to model the dy-
rewrite, voice puppetry) as dynamic audio/visual mapping. namics of one kind of signal. For synthesis, we need to
We propose that audio/visual mapping should be modeledexplore the mapping relationship between different signals,
with an input-output hidden Markov model, 8®©§HMM. each of which might have a different probabilistic model.
An IOHMM is an HMM for which the emission and transi- Moreover, the model parameters in conventional HMMs are
tion probabilities are conditional on the input sequence. We fixed after training, which result in a homogeneous Markov
train IOHMMs using the expectation-maximization (EM) chain. On the other hand, when our observations are two re-
algorithm with a novel architecture to explicitly model the lated input and output sequences, and the output sequence
relationship between each transition probability and the in- conditionally depends on the input sequence, the expected
put using a neural network. Given an input sequence, anmodel should be inhomogeneous, or have the ability of
output sequence is synthesized by a maximum likelihood esadapting to the input.
timation. Experimental results demonstrate that IOHMMs  In this paper, we propose that dynamic audio/visual map-
can generate good-quality and natural facial animation se- ping should be learnt by an input-output hidden Markov

guences from input audio. model, oiOHMM. IOHMM, a.k.a. conditional HMM orig-
) inally introduced by Bengio [3, 1] for sequence processing,
1. Introduction can be stated as followsn IOHMM is an HMM for which

Dynamic audio/visual mapping (or vocal/facial map- the emission and transition distributions are conditional on
ping) has recently received much attention as a powerfulthe input sequenceSpecifically in this paper, we present
alternative to traditional facial animation techniques [6, 5, novel algorithms to tackle the following two problems:

7, 4, 9]. Instead of directly animating facial expression, a e learning IOHMMs for dynamic vocal/facial mapping
sequence of audio is used to drive the facial motion. While from synchronized audio and visual signals;

voice is generated from the vocal cords, and facial expres- o synthesizing facial expressions from input audio and
sions are formed from facial skin and muscles, there exists the learnt IOHMMs.

a great deal of mutual information between audio and Vi-  The remainder of this paper is organized as follows. The
sual signals. Representative projects on learning dynamigoHmm model is introduced in Section 2. We explain why
audio/visual mappings, recently from the graphics com- [\ m needs to be augmented to IOHMM for the synthe-
munity, include video rewrite [5] and voice puppetry [4]. s task. The audio/visual mapping is studied in Section 3.

A good survey on the importance and difficulties of au- gyperimental results are presented in Section 4. Finally we
dio/visual mapping can be found in Section 2 of [4]. conclude our paper in Section 5.

As a powerful approach to model time-series data in
the state-space, Hidden Markov Models [10, 12] have been .
adopted in many synthesis applications [5, 4]. Previousz' IOHMM for synthesis
approaches assume that either the input or the output car.1. HMM
be modeled by a Hidden Markov Model (HMM). For ex- HMMs are statistical models of sequential data that have
ample, the “video rewrite” technique recognizes different been used successfully in many applications, e.g., speech
phonemes from the input audio signal. Animation is gener- recognition. A Bayesian network [11] representing graph-
ated by re-ordering the captured video frames which shareically the independence assumptions of an HMM is shown
similar phonemes as in the training video. On the other in Figure 1(a). The relationship between the observed (out-
hand, the “voice puppetry” technique trains an HMM model put) sequencg? = (y1,v,...,yr) and the hidden state
for the visual signal. A remapping process is employed to sequencef = (q1, ¢, ..., ¢r) satisfies the conditional first-
give each state a dual mapping into both audio and visualorder independence assumptions [12].
signals. The conventional HMM can be extended for the purpose

There is a reason why the cumbersome remapping andf dynamic input/output mapping. The Bayesian network
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Figure 1. Bayesian networks for several hidden
Markov models. (a) Conventional HMM where no
input is in the network. (b) HMM remapped (with
dotted lines) to the input sequence as well. (c)
Remapped HMM (b) plus direct connection be-
tween input and output. (d) Input-output HMM.
Dotted lines from ¢, to z; in (b)(c) indicate a remap-
ping process, not a causal effect. Solid line from

x; 1o ¢ in (d) shows that ¢; and transition from ¢
to ¢:+1 are conditional to ;.

Second, and more significantly, a remapping process is
required to map the occupancy matrix (obtained from the
HMM model for the output sequence) to the synchronized
input so that each state has a dual mapping with both input
and output. The underlying assumption made in the remap-
ping process is that the input sequence shares the dynamic
behavior exhibited in the HMM trained from the output. As
a result, the learnt model is homogeneous for all input se-
qguences.

These problems are addressed in the Bayesian network
shown in Figure 1(d) where input and output are put to-
gether for training. The model proposed in Figure 1(d) is
called IOHMM or conditional HMM because the model
configuration is conditionally dependent on the input se-
guence. This is illustrated by the arc from the input to the
state {;q;) in Figure 1(d) having a direction reverse from
that in Figure 1(b). It indicates the causal effect from the
input to the output.

2.2. IOHMM

The main difference between standard HMMs and
IOHMMSs, is that the former represents the distribution
P(yT) of output sequences, whereas the latter represents
the conditional distributionP(y? |2T) of the output se-
quence given the input sequeneé = (1,79, ..., 7).
IOHMMs are trained by maximizing the conditional like-
lihood P(yf|zT). This is a supervised learning problem
since the outpug? plays the role of a desired output in re-
sponse to the input?. The Bayesian network for HMMs
(Figure 1(a)) can be obtained by simply removing the input
nodes and arcs from the IOHMM in Figure 1(d).

The arc fromz; to y; in Figure 1(d) indicates that
IOHMMs represent a conditional distribution of an (de-

shown in Figure 1(b) illustrates that the learnt HMM from sired) output sequence when an (observed) input sequence

the observed output sequence can be remapped to the ins given. And the arc from, to g, implies that in IOHMM,

put sequence (in dotted lines). This is exactly the approachtransition probabilities are conditional on the input and

adopted in [4] for synthesizing facial gesture from voice. thus depend on time, resulting in inhomogeneous Markov

Although compelling results have been shown, this tech- chains. In comparison, standard HMMs are based on ho-

nigue has two problems. mogeneous Markov chains. Therefore, IOHMMs are bet-
First, at the synthesis step, vocal signals are only usedter suited for learning to represent long-range context than

to generate the most likely state sequence. Animation iSHMMs. These properties of IOHMMs make them more

generated by solving a global trajectory in the visual state suitable than traditional HMM for synthesis.

space, which obliterates the relationship between vocal and

visual signals. This problem can be partially addressed by 3 an example

enforcing the local input/output relationship, i.e., adding a _ )

direct arc from input to output, as shown in Figure 1(c). At _ We illustrate the difference between HMMs and

the synthesis stage, from the state sequence and input sigi—OHMMS in training and synthesis from a toy problem be-

nal, we can generate the output sequence with the help ofOW-

the local input/output mapping. Introducing a local model

into HMM is necessary for the synthesis problem because2 3.1 Problem description

we expect to obtain a continuous output, not to classify the

input into a specific state (as expected in a recognition prob-The input and output sequences shown in Figures 2(a) and

lem). If we have no prior knowledge of the relationship be- (b) have the following properties:

tween input and output, the local mapping model can be ob-

tained by some regression method such as a neural network.

Generally speaking, a more explicit and compact distribu-

tion of the output can be learnt by introducing some prior

knowledge or assumptions about the input and output sig-

nals.

e At any time instant, the input signal is assumed to
move along one of the two concentric circles, clock-
wise along the outer circle, but counterclockwise along
the inner one, indicated by circles with arrows. Gaus-
sian noise proportional to the circle radius is further
added to the point positions.
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Figure 2. A toy problem to map circles to squares. Figure 3. The learnt HMM from the output sequence

(a) Distribution of the input signal; (b) distribution of Figure 2(b). (a) Four states of HMM; (b) fixed

of the output signal. Solid lines and curves are the transition between HMM states. Solid lines in (a)

paths in which the data move; dots are the actual indicate that model parameters are fully specified.

samples perturbed by noise. Different shapes at the four states represent differ-
ent distributions.

e The output signal is synchronous to the input signal.
The output signal moves along one of the two cor- 2.3.3 |10HMM

responding diamonds, clockwise along the outer dia- For JOHMM, we again use four states to model the output
mond, counterclockwise along the inner one. data distribution, as shown in Figure 4(a). Dotted lines for
e The input can only jump to adjacent circles from point the states in Figure 4(a) indicate that the specific formula-
J1 to Jo, or vice versa, as shown in Figure 2(a). The tions of the emission probability and the transition proba-
output jumps accordingly. bility are not fully determined unless an input is given.

Our objective is to learn the dynamic mapping between . 17aining an IOHMM is much more complex than train-
the input and output. Furthermore, given a new input se- "9 @n HMM because the emission and transition probabil-

quence, we would like to synthesize the most likely output ities are conditional on the input. In particular, for each
sequence that best fits the learnt model. entry in the transition matrix, its conditional distribution on

the input may not have an analytical form. Therefore, the
232 HMM mapping from the input to the transition matrix should be
o trained by neural networks, as suggested by Bengio [2].

To simplify the training problem, we assume four states in N general, the emission probabilities can be learnt us-
our HMM. It has been shown in [4] that the minimum en- ing neural networks as well. But often they can be modeled
tropy principle can be used to learn the number of states and?y some radial basis functions (RBF) such as Gaussian dis-
the structure of HMMs. Applying the standard HMM to the tributions given some prior knowledge on the input/output
output sequence, we obtain four states shown in Figure 3(a)relationship. Obviously, if we add more prior knowledge,
each of which represents the data distribution along a speWe can obtain more compact and explicit output distribu-
cific side of the diamond. HMMs (with remapping from the tions. At the extreme, the training process degenerates to a
output to the input as shown in Figure 1(b)) are inappropri- regression problem between the input and the output.
ate for synthesis because of the following two reasons. In this experiment, we simplify the emission distribution
First, HMMs do not represent any dynamics at a finer at each state as a Gaussian output whose mean and vari-
scale than a state. This causes blurring and muting of theance are determined by the input data. At each statthe
output, and eliminates the fine-scale noise and texture thagmission probability is given by
are expected for synthesis. For example, we might be able o , 2
to recognize that the output is in stdtén Figure 3(a), but bi = Gluse(we), Bgp™(1)) @
we cannot determine if it is on the inner or outer diamond. wherey; is a vector and; is a matrix, andp is the distance
Although the expressive power of the model can be amelio- of the input signal from the origin. Learning the emission
rated by adding more states, e.g., usirig 16 states forthis  probability is then simplified to one of determining the val-
toy problem, the complexity of the state machine increasesues ofu; andX;.
(imagine that we have 100 concentric diamonds with differ-  We have developed a training algorithm for OHMM. We
ent sizes for the output). follow Bengio’s approach [3] to train IOHMMs under the
Second, as shown in Figure 3(b), the transition probabil- EM framework. What is novel in our algorithm is the pro-
ities of an HMM are fixed after training. A transition proba- cess of training the transition matrix with neural networks.
bility represents an average transiting behavior between twoEach entry in the transition matrix is trained with an inde-
states. The amount of uncertainty of the transition is, how- pendent neural network, after the M-step at each iteration.
ever, not modeled. Therefore, an HMM cannot distinguish For this toy problem, our network has a single hidden layer
whether a transition probability is highly volatile or fixed. with six nodes, two input nodes (2D coordinates of the input
With the fixed transition probability matrix, the HMM in  data) and one output node (the transition probability from
Figure 3(a) cannot synthesize the correct change from onestateS; to stateS;). A bias node is further added to the
diamond boundary to another. To apply HMMs for synthe- input and hidden layers.
sis, the emission and transition probabilities must depend The learnt transition probabilities are clearly dependent
on the input. on the input, as shown in Figure 4(c)-(f) for four different
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Figure 4. The learnt IOHMM to map circles to diamonds. (a) Four states of IOHMM,; (b) four points from the
input; (c)-(f) corresponding transition matrices for the four points A, B,C, D shown in (b). Dotted lines in

(a) indicate that the model parameters are not fully specified unless the input is given.

points. For example, the point A which is located at the
boundary of stat&, and state5; has a transition matrix in
Figure 4(c). It shows that the next output can stay at either
stateSy or Sy, but not atS; or S5 becauseiss = az3 = 0.

In other words, there is a strong tendency to transit to these
two states no matter what the current state is, as long as the
input falls at location4. As we move fromA to B, it be-
comes more likely to transit to statg than toSy, as shown

in Figure 4(d). When the input poir is at the mean (for () (b)

the local observation distribution) of stafe, the transition ~ Figure 5. The synthesis results using IOHMM. (a)
matrix will be simplified to a zero matrix except for the col- The input sequence. The dots are actual samples,
umn corresponding to stasg whose entries are all equal to ~ curly lines with arrows show the moving trajectory
1, as shown in Figure 4(e). It implies that the next state mustand the dotted line indicates a jump. (b) The out-
be S, after the transition. Figure 4(f) shows the transition put. The dots are the sampled output signal. Solid
matrix when the input point is at point D. Figure 4(f) has a ellipses are the local distributions fully specified
similar structure to Figure 4(d) except that the next output given the input. The dotted circle indicates the
is more likely to be on staté,. Because of the signifi- state 2 which two local distributions belong to. Ar-
cant constraint by the transition matrix, the synthesis will rows show the transition between states and local
most likely yield correct state transitions even if the output distributions.

is sampled from a “wrong” state at some time instant. into frames with the same size as the captured video. In
From the input data in Figure 5(a), we obtain the syn- oger 1o capture more dynamics in the vocal feature, we
thesis result shown in Figure 5(b). As expected, the outputysg calculate the delta parameters for MFCC and energy.

is distributed around one of the two diamonds, similar to gpeech energy is an important vocal feature because it plays
the training data. Moreover, transitions between different 5, important role in controlling facial expressions.

states are correct as shown by the arrows in Figure 5(b).
Depending on whether the input is on the inner or the outer 3 o Training
circle, the output samples form two Gaussian distributions

that belong to the same staflg (the dotted blue circle in tor) and output (facial expression) are continuous high-

Figure 5(b)). Because temporal information is not used in dimensional random variables. Furthermore, we have no

training and only four states are used, the synthesized out-_ . : ;
- . rior knowledge about the mapping relations between the
put trajectory does not follow the two diamonds exactly. P g bpIng

input and output. Therefore, training such an IOHMM is
much more complex than the toy problem proposed in the

In our application, both the input (vocal feature vec-

3. Synthesizing facial animation from audio preceding section. In Bengio’s work [3], the local mapping
We apply IOHMMs to synthesize facial animations from Model and state transition probabilities are modeled as neu-
audio. ral networks. Although this architecture can be trained us-
ing the generalized EM (GEM) algorithm [8], training so
3.1. Audio-visual signal representation many neural networks is non-trivial. To simplify the train-

ing process, we first quantify the input info classes, each
of which has its own mean and variance. A new audio frame
a can be classified by calculating the Mahalanobis distance:

In our system, we use the trajectories of 3D points on the
face of an actor and his voice as the training data. In total,
150 points are tracked. We use principal component anal-
ysis (PCA) to compress the 450 dimensional feature vector a € classm 2)
into a 15-dimensional feature vector that covers 97% of the .
variance. if

We use an 18-dimensional feature vector to representvo- , = arg min(a — uai)TE,;l(a — ai)yi=1,.., K (3)
cal signals. Instead of the traditional phoneme-viseme map- !
ping, we use low-level acoustic features such as MFCC andwherep,; andX,; are the mean and variance for class
energy as the input. The input audio sequence is blockedFor each class, the conditional distribution is modeled by
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Figure 6. Training IOHMM from input audio signals

and corresponding visual signals. The model con- &H

sists of three parts: a state machine, emission @4;

probability conditional on the input, and transition ®

probability matrix conditional on the input.

K Gaussians, each of which corresponds to a specific au—FIgure 7. Synthesizing visual signals from an

dio class. Then the emission probability for staian be IOHMM. "".’?d _mp_ut audio signals. Steps 1 and 2
are the initialization. Steps 3, 4 and 5 are iterated
represented by

until convergence.
bi(t) = G(pvik, Lvik) (4)

if a; belongs to the clags. Note thatu,;, andX,;, are the
mean and variance of the output distribution for clasat
statei. These parameters need to be learnt.

In our system, the transition probabilities are modeled
by N x N neural networks which are similar to those used
in the toy problem in the last section. In the E-step, the Figure 8. A few frames from a synthesized video
emission probability should be computed by equation 4. In sequence of Dr. King's speech. The synthesis
the M-step, the emission probability parameters are updateduses a single picture.

by:
d ZT | o . Itgration_. _'!'he observation is complete after we ob-
s = izhecCASSm T (5) tain the initial output sequence. For each iteration we
> i=1.a,cclassm (7)) run a forward-backward process, after which an occu-
pancy matrixy;(i) can be obtained:; (i) represents
Z?:LatEClaSSn@ Y (8) (v — proire) (Vg — prir) T the probability of being in stateat timet, given the in-
Doik = ZT () put/output sequence and model. Then the synthesized
t=1a,eclassm 7t ©) output can be updated by.
Figure 6 shows our training algorithm. A trained HMM ng e ()
consists of three parts: a state machine, an emission proba- vy = ‘7\} ! = (8)
bility for each state conditional on the input, and a transition 2 im1 (i)

matrix conditional to the input.
e Termination. Given the fixed model parameters and
3.3. Synthesis input sequence, the most likely output sequence can be

. . obtained when the change of the likelihood is below a
Given a new audio sequence, we can apply the model to threshold

synthesize the most likely visual sequence that best fits the _ _ . .
model. In IOHMM, the state output probabilities and transi- It can be proven that the above iterative algorithm will
tion probabilities are conditionally dependent on the input. converge to an optimal solution under the EM framework.

Therefore, the synthesized sequence is the most likely ondn our experiments, we found that the synthesis sequence
that satisfies tends to converge to the means of the states. This can be ex-

plained by the blurring and muting effects in HMM. How-
V = argmax P(V|A, \) (7) ever, since we have K distributions for a given state which
v correspond to K audio classes, the expressive power is suf-

whereV is the visual sequence antithe audio sequence ficient. In fact, those fine details which are expected for
There are three steps in the synthesis process as shown ifhe synthesis are supplied mainly by the local mapping (one
Figure 7: output distribution for each class at each state).

e Initialization. At time 1 we chooseg; according g4 Experimental results
to the model prior state probabilities. Then at

time ¢ we choose (randomly sample) according to In our experiment, we have used 20000 frameg6at33

P(q |z, qi—1) (where the R.H.S. is known), and we seconds of video. The video consists of 189 short sentences.

randomly sampley, according taP(y,|z:, ¢;). We ob- The input audio is clustered into 15 classes. The training

tain an initial estimation of the output sequence by re- Process takes about 5 minutes to converge on a mid-level

peating this process; = (v11, v12, ..., v17)- PC. We first apply the learnt IOHMM to synthesize facial



Figure 9. Several frames of synthesized cartoon video sequence. Several cartoon template images are
used in the animation.

HMM for synthesis because it can synthesize structures that

Comparison| Error are finer than states. Moreover, because transition proba-
S1-B 0.0052 bilities in IOHMM are conditional to the input, it is more
S2-B 0.0059 likely that the synthesized state sequence will be correct. An
A-B 0.0015 IOHMM model is trained under the EM framework, where
each transition probability is modeled by a single neural net-
Table 1. A comparison between the synthesized work and updated at each iteration. Given the input audio
result and ground truth. A is the ground truth, B is signal, a facial animation sequence is generated by the max-
the PCA reconstructed result (also ground truth), imum likelihood principle. Our experimental results from a
S1 is the synthesis result initialized by B, S2 is the single image and from a sequence of cartoon template im-
synthesis result initialized by random sampling. ages demonstrate that our synthesis results are of good qual-
ity.

. I - , While we have studied synthesizing facial expressions
expressions from the audio in the training set. The aUd'ofrom audio in this paper, the very idea of IOHMM is also ap-

?gaﬁ&ciu;edlfor: comp;]arlson IS qot usgdhfor tra|dn|ng kt‘heplicable to other dynamic input/output mappings. We plan
- Table 1 shows the comparison with ground truth. ., 1, i 5 complete cartoon video rewrite system by com-

TO ComP“te the reconstruction error, we calculate the min- bining cartoon animations from different poses/emotions.
imum distance of each feature point to the face model re-
constructed after PCA (with7% variance covered). The
error shown in the table is the summed error normalized by
all feature points. We can conclude from the table that re-
construction quality is good because the reconstruction er-
rors (with two different initialization sche_mes) are on the Computing Survey, pages 120-162, 1999.
same order of the error between the original and the PCA- [2] V. Bengio. Personal email conmmunication, 2000.
reconstructed model. [3] Y.Bengio and P. Frasconi. Input/output HMMs for sequence
Figure 8 shows the result of animating a single picture processing.|IEEE Trans on Neural Networkpages 1231—
using our model. Several frames from the synthesized se- 1249, 1996.
quence of the famous speech of Dr. Martin Luther King, [4] M. Brand. Voice puppetry. lfProc. SIGGRAPH99pages
“| have a dream”, are shown in the figure. The sequence 21-28, 1999. _ _
shows significant facial movement. Using several cartoon 5] C Br.egleir‘ M. Cﬁve.ltlhanz.M' ;'aneé'l gg;&ﬁ:\g'te: Driv-
templates with different poses and expressions, we can also ?g;ggg ig%‘;‘_: with audio. faroc. pages
animate a long sequence of cartoon. Several animated car- [g] T. Chen and R. Rao. Audio-visual integration in multimodal
toon frames are shown in Figure 9. Because we use a 3D communicationProceedings of IEEFpages 837-852, May
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