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1 IntroductionRecently there has been signi�cant interest in the area of face synthesis. This topic has numerousapplications including �lm dubbing, computer-based language instruction, cartoon characteranimation, multimedia entertainment, etc. There is a large e�ort in developing autonomoussoftware agents that can communicate with humans using speech, facial expression, gestures,and intonation. Katashi and Akikazu (Katashi and Akikazu 1994) employed animated facialexpressions in a spoken dialogue system. Other researchers (Cassel et al. 1994, Bertenstam etal. 1995, Beskow 1997) used various forms of visual agents that featured animated gestures,intonation, and head movements. Lip synching is another application of wide interest. TheVideo Rewrite system (Bregler et al. 1997) uses existing footage to automatically create newvideo of a person mouthing words that she did not speak in the original footage.In this study, we propose a new algorithm to synthesize three dimensional face point tra-jectories corresponding to a novel utterance. The general algorithm does not require any textinput. However, the performance of the algorithm signi�cantly improves if phonetic informationis known a priori. Therefore, throughout this paper the algorithm will be described assumingphonetic information is available. At the end we will decsribe what the proposed algorithm islike for the case where phonetic information is not available. The most signi�cant contributionin this paper is that it addresses the problem of generating audiovisual speech from the acousticsignal alone. Therefore, it is possible to add the proposed system to acoustics-only synthesizersto complement speech with visual information.The general outline of the paper is as follows. Section 2 describes the proposed face pointtrajectory synthesis algorithm. In this section, the formulation and automatic generation of anovel visual phoneme similarity matrix is described as well. Section 3 presents the simulationsand performance evaluation. Finally Section 4 discusses the results and future directions.2 Algorithm DescriptionThe face synthesis algorithm proposed in this paper is an extension of the STASC voice trans-formation algorithm which is described in Arslan and Talkin (1997). The STASC algorithmmodi�es the utterance of a source speaker to sound like speech from a target speaker. Theacoustic parameters (LSF) are transformed to target speaker acoustic parameters by employ-ing a weighted codebook mapping approach. The generation of audio codebooks in this paper1



follows the same methodology as in the STASC algorithm. However, instead of mapping theacoustic parameters to a target speaker's acoustic space, the proposed algorithm maps the in-coming speech into the source speaker's own acoustic space, and augments it with visual data.The 
owchart of the proposed face synthesis algorithm is shown in Figure 1. The algorithm re-quires two on-line inputs: i) a digitized speech �le; and ii) its corresponding phoneme sequence.It also requires two additional inputs which are generated prior to face synthesis during thetraining stage: i) an audio-visual codebook; and ii) a visual phoneme similarity matrix. First,we will explain how the codebook and the visual phoneme similarity matrix are generated.INCLUDE FIGURE 1 HERE.2.1 Audio-Visual Codebook GenerationFor the data collection, synchronized speech and face point trajectories must �rst be recordedfrom a subject. For this study the point trajectories were recorded using a multi-camera trian-gulation system yielding 60 samples/sec at a spatial resolution of .254 mm in X, Y, and Z. In thepilot study reported here, 54 points on and around the face were recorded while a single subjectuttered approximately 300 TIMIT sentences selected to provide the richest possible phoneticcoverage. Projections of the 54 points onto a two dimensional plane are shown in Figure 2.Unfortunately, tongue movement was not included in the dataset. Some of the marked pointson the face do not factor into phonetic discrimination since they do not move signi�cantly (e.g.,points on the forehead, and on the nose). However, these points were necessary to estimate andfactor out head and jaw movements. Speech and electroglottograph (EGG, Glottal Enterprises)data were also digitized via a DAT recorder at 48kHz, then later digitally down-sampled to16kHz for more compact storage. Principal Component Analysis (PCA) is applied to the trajec-tories to reduce the (54 x 3)=162 dimensions to 20 (20 principal components account for 99 %of the total variance. This appears to capture all of the visually relevant movement). Actually,the �xed points could have been eliminated prior to PCA, however we let the PCA decide whatis important and what is not by including all the points in the face in our analysis.The acoustic signal is segmented at the sub-phonetic level using a hidden Markov model(HMM) speech recognizer run in forced-alignment mode. In the forced-alignment mode, therecognizer searches the best path through states of the HMM sequence which corresponds tothe phonetic translation of the orthographic transcription of the test utterance (Wightman andTalkin 1994). The HMM's were trained on a larger corpus of speech-only data from the talker,2



and thus yield reliable and consistent phonetic segmentations of both the audio and trajectorydata (including, of course, the PCA reduced data).Acoustic features are line spectral frequencies (LSF) which provide a compact representationof the speech signal. They have a number of nice properties which make them attractive amongspeech researchers especially in the speech coding area. The relation of LSFs to visual featureshave been investigated by Yehia et. al. (Yehia et al. 1998). It was found that 91% of the totalvariance observed in the facial motion data could be determined from LSFs by means of simplelinear estimators. For the inverse path, i.e., recovery of vocal-tract motion from facial motion,they found that about 80% of the variance observed in the vocal tract can be estimated from theface. For a more detailed treatment of LSFs the reader can refer to Kleijn and Paliwal (1995).The visual features are principal components of 162 dimensional face point parameter vec-tor. The principal components can be obtained using the Karhunen-Loeve transformation tech-nique (Fukunaga 1990). Since the movements of points on the face are highly correlated, asigni�cant dimensionality reduction can be achieved with minor distortion. Principal compo-nents have been used for various applications in image processing and face animation (Bregleret al. 1997). A nice property of principal components is that they represent the directionswhich correspond to most correlated movements. Therefore, one can modify the weights onprincipal components to animate the underlying face with realistic motions. For example, theeigenvector with the largest eigenvalue in our analysis corresponded to lower jaw movement.This was expected because the lower jaw corresponds to the most highly correlated set of pointsin a talking person's face. Therefore, we were able to move the lower jaw trajectories just bymodifying the value of the �rst principal component. Figure 2 shows the face point trajectoriescorresponding to variation of two principal components. The circles represent the original facepoints, and the arrows indicate the movement of face points (displacement vector) after adjust-ing the component coe�cient. The second principal component in our analysis corresponded tothe movement of the sides of mouth. The in
uence of adjusting the �rst and second principalcomponents is shown in Figure 2.INCLUDE FIGURE 2 HERE.We use an audio-visual codebook in order to model the acoustic and visual features speci�cto a speaker. Each codebook entry in our formulation corresponds to a certain context and itconsists of an acoustic feature vector and a visual feature vector. Associated with each speci�c3



context are 5 codewords corresponding to uniformly spaced locations in time across the durationof the phoneme. The audio-visual codebook entries are generated as follows. First, the speechdata is segmented into phonemes. Next, each phoneme is tagged with a symbol which we referto as \context-phone" which represents the left and right contexts of the phoneme. Figure 3illustrates the output of a typical segmentation procedure on the word \whenever". For example,the phoneme /eh/ is represented as /w eh n eh v axr f/ including three closest neighbors on eachside. After the data is tagged this way, each phoneme is labeled with 5 uniformly spaced timelocations. The acoustic and visual features corresponding to those 5 locations are then appendedto the audio-visual codebook1. For example, in the �gure the time locations of 5 entries thatcorrespond to the /eh/ phoneme are shown at the bottom.INCLUDE FIGURE 3 HERE.2.2 Automatic Generation of Visual Phoneme Similarity MatrixSince in practice the training data will not include all possible context-phones, we need a wayof associating unseen context-phones with the audio-visual codebook. In this paper, a novelprocedure for automatic selection of the closest context-phone is developed. The criterion thatwe chose for visual similarity of phonemes is based on Euclidean distance of the principal com-ponents of face data. Therefore, initially an average principal component vector is estimated foreach phoneme: mk = 1Tk TkXt=1Pkt; k = 1 : : :K; (1)where K represents the total number of phonemes present in the language, Tk represents thenumber of tokens for the kth phoneme, and Pkt represents the tth principal component coe�cientvector that is associated with kth phoneme. Then, the Euclidean distance between each phonemepair is calculated as: Dik = kmi �mkk i = 1 : : :K; k = 1 : : :K: (2)Finally, a similarity measure is derived from the distances by using:Sik = e��Dik i = 1 : : :K; k = 1 : : :K: (3)This formulation assures that similarity values, Sik, will range between 0 and 1. The constant �in the equation can be adjusted to control the dynamic range of similarity values appropriately.4



In the experiments reported in this study we used a value of 10 for �. A gray-scale image of thevisual similarity matrix derived using this procedure is shown in Figure 4. Darker squares in the�gure represent higher levels of similarity. For example, the most similar phoneme to /b/ wasidenti�ed to be /p/, and the most similar phoneme to /uh/ was identi�ed as /uw/, based onthe estimated similarity matrix. In general, it is observed that the entries in the automaticallyderived matrix agree with intuitive expectations. However, we have not performed subjectivetests to verify this statement yet. The top three visually most similar phonemes and theirsimilarity measures are listed in Table 1 for reference.Next, we formulated a procedure to pick visually most similar context-phones to an unseencontext-phone. It has been shown that visual confusability depends highly on the context of aphoneme (Auer et al. 1997). Therefore, we have taken into account the context of a phonemewhen selecting the appropriate context-phones in the codebook. We represent the context-phone as ...l3 l2 l1 c r1 r2 r3..., where \ln" represents nth phoneme to the left, \rn" representsnth phoneme to the right, and c represents the center phoneme. The similarity of a test context-phone to each of the context-phones in the codebook can be formulated as:nj = Scj + CXi=1 ��iSlij + CXi=1 ��iSrij j = 1 : : : L (4)where C is the level of context information, L is the total number of context-phones in thecodebook, Scj is the similarity between the center phone of the unseen context-phone and thejth context-phone in the codebook, Slij is the similarity between the ith left phoneme of theunseen context-phone and the jth context-phone in the codebook, and Srij is the similaritybetween the ith right phoneme of the unseen context-phone and the jth context-phone in thecodebook. Since similarity matrix values range between zero and one, by selecting � to be greaterthan 10 one can assure that center phoneme match will always have the highest precedence in thedecision procedure, and as we move away from the center the in
uence of match will decrease.INCLUDE FIGURE 4 HERE.INCLUDE TABLE 1 HERE.The next section describes the face synthesis process using the visual phoneme similaritymatrix and the audio-visual codebook.
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2.3 Face SynthesisIn the �rst step of the face synthesis process, the context-phone which corresponds to theincoming speech frame is compared to available context-phones in the codebook in terms oftheir visual similarity. Using the similarity metric discussed in the previous section, the top Nmost similar context-phones are selected in the audio-visual codebook. Next the LSF vectorfor the incoming speech frame is calculated. LSFs can be estimated by modifying the LPCpolynomial, A(z), in two ways: P (z) and Q(z) are obtained by augmenting A(z)'s PARCOR(see Deller et al. (1993)) sequence with a +1 and -1 respectively. This results in the followingtwo polynomials which have all their roots on the unit circleP (z) = (1� z�1) P�1Yk=1;3;5;:::(1� 2 coswk(z�1 + z�2))Q(z) = (1 + z�1) P�1Yk=2;4;6;:::(1� 2 coswk(z�1 + z�2)); (5)where P is the LPC analysis order, and the angles of the roots, wk, are line spectral frequencies.The acoustic feature vector corresponding to the incoming speech frame is compared to allthe LSFs that correspond to the top N context-phones. There will be 5N such vectors, sinceeach context-phone is represented with 5 uniformly spaced audio-visual vectors. The incomingLSF vector w is compared with each LSF vector, Li, in the codebook and the distance, di,corresponding to each codeword is calculated. In general, pairs of LSFs characterize a formantfrequency (Crosmer 1985), and the bandwidth of a given formant depends on the closeness ofthe corresponding LSFs. Formants that have narrow bandwidths can have a greater in
uenceon the human perception of acoustic signals than similar formants that have wider bandwidths.The distance calculation takes this perceptual weighting into account, and closely spaced linespectral frequencies which are likely to correspond to sharp formant locations are assigned higherweights (Laroia et al. 1991):hk = 1argmin(jwk �wk�1j; jwk �wk+1j) k = 1; : : : ; Pdi = PXk=1hkjwk � Likj i = 1; : : : ; 5N (6)where 5N is the reduced codebook size based on context. However, if the phonetic informationis not available 5N can be replaced with the whole codebook size 5L. This way the codebooksearch is not restricted based on context and therefore face features can be derived based onacoustic information only (i.e., language speci�c pronunciation dictionaries are not required).6



However restricting the codebook search by incorporating phonetic information always increasesthe performance of the algorithm, and for most practical purposes having phonetic informationa priori is a reasonable assumption to make. Therefore, we will continue the discussion assumingwe have access to phonetic information. Based on the distances from each codebook entry, anexpression for the normalized codebook weights can be obtained as in Arslan et al. (1995):vi = e�
diP5Nl=1 e�
dl i = 1; : : : ; 5N (7)This set of weights v allows us to approximate the original LSF vector w as a weighted combi-nation of codebook LSF vectors: ŵk = 5NXi=1 viwik (8)The value of 
 in the previous equation is found by an incremental search in the range of 0.2 to2 with the criterion of minimizing the perceptual weighted distance between the approximatedLSF vector ~w and the original LSF vector w. The set of weights v estimated based on acousticsimilarity are used to construct the PCs of face points corresponding to the current speechframe: p̂(t) = 5NXi=1 viFi (9)where Fi represents the average principal component vector for ith codebook entry. Next, thetime sequence of estimated principal component vectors, p̂(t) is smoothed to provide morenatural face point trajectories. The next section describes two smoothing algorithms that wetried.2.4 Smoothing Principal Components TrajectoryIn general the output of the proposed face point trajectory synthesis algorithm is not smoothand natural, although the trajectories pass through appropriate locations. Therefore, we em-ployed a smoothing algorithm to obtain more natural trajectories. We tested two methods forthe smoothing of the trajectory: i) triangular windowing; and ii) spline interpolation. In the�rst method, a triangular averaging window over a 100 ms duration is used to smooth the prin-cipal component trajectories. However, in general this method does not result in natural facepoint trajectories. The second method employs spline interpolation method, and produces morenatural trajectories. The most important criterion in the design of the second algorithm was to7



be able to preserve the minimum and maximum points in the face trajectory. This was necessarybecause smoothing using a simple averaging �lter resulted in the reduction of the dynamic rangeof face point movements. The proposed smoothing algorithm is shown in Figure 5. First, a low-pass �lter is applied to the principal component vector trajectory. Next, a minimum-maximumpicking algorithm is employed to locate the regions where extrema occur. Once the extremelocations are obtained, a short averaging window (50 ms) is applied around the min-max pointsto the un�ltered principal component vector. A cubic spline interpolation is performed basedon min-max points to generate the principal components corresponding to the rest of the data.Finally, the smoothed principal components are used to construct the synthesized face pointtrajectories. INCLUDE FIGURE 5 HERE.3 EvaluationsWe used ten minutes of audio-visual training data from a single talker to generate our codebooksand the visual phoneme similarity matrix. Five minutes of data were set aside for testing.The visual data were recorded at a 60 Hz sampling rate. Using the proposed algorithm facepoint trajectories were synthesized for the test data. In order to test the upper limit on theperformance of the algorithm, we resynthesized the training utterances as well. Figure 6 showsan example face trajectory synthesized from one of the test utterances. Here, the middle plotshows the center upper lip point trajectories along the y-axis across time for original (dark dottedcurve), synthesized with spline smoothing (dark solid curve), and synthesized with triangularsmoothing (light curve). The bottom plot shows the center lower lip point trajectories alongthe y-axis across time for original (dark dotted curve), synthesized with spline smoothing (darksolid curve), and synthesized with triangular smoothing (light curve). As can be seen from the�gure, both synthesis algorithms are approximating the true face point trajectories reasonablywell. For example, for the /f/ phonemes in \often" (at time 0.8 sec) and \farm" (at time 2.0sec) the synthesized lower lip moves upward following the true trajectory. For the /m/ sound in\farm" (at time 2.3 sec) the lip closure is captured as the synthesized lower lip moves upwardsand upper lip moves downwards. In fact, the highest error regions correspond to non-speechsections. For speech sections, the performance is signi�cantly better. The reason for largererrors during silence regions can be partly explained by the fact that the face position during8



these sections tends to show higher variation because of varying pause length, inhaling, exhaling,lip smacks, throat clearing, etc. Since we used an automatic phonetic segmenter, all the silenceregions were labeled the same. Therefore our model was not able to di�erentiate between anyof those events in the face synthesis phase. Future studies might consider better modeling ofsilence intervals. From the �gure it can also be observed that the spline method produces morenatural and smooth trajectories when compared to triangular smoothing method. However, itresults in relatively larger delays when compared to the triangular smoothing method.INCLUDE FIGURE 6 HERE.For the evaluations, we used the correlation coe�cient between original and synthesizedface point trajectories as the performance criterion. In order to make a fair judgment of theperformance we used speech-only frames. The silence frames were identi�ed and disregardedin the evaluations based on energy thresholding. In order not to disregard stop consonants amedian �ltering over a su�ciently long duration (112 ms) on the energy contour was appliedbefore the energy thresholding. The selected frames are marked with dots in a straight line atthe center of the lip trajectory plots in Figure 6. No dots are printed for silence frames. Sincethe motion of the rest of the face is highly correlated with the lips and jaw, we used upperand lower lip y-axis trajectories to obtain a reference of performance. The average correlationcoe�cients between face point coordinates for the original and synthesized data are shown inTable 2 both for training and test data. From the table it can be seen that despite the fact thatthe spline method produces more natural face point trajectories it performs slightly worse whencompared to the triangular smoothing method. This result can be explained by the fact that ingeneral the spline method produces relatively larger delays.In order to determine the optimal number of similar context-phones (N in Equation 6) usedin the restricted codebook search, we performed simulations. Figure 7 shows the correlationbetween synthesized (triangular smoothing) and true face point trajectories as a function of thenumber of similar context-phones used in the codebook. After 3 context-phones the curve levelso� for held-out data. As can be expected the performance on the training data degrades asmore context-phones are used.Our future plans include the development of a more accurate global evaluation measure interms of its correlation with human judgment.INCLUDE TABLE 2 HERE.9



INCLUDE FIGURE 7 HERE.4 ConclusionIn this paper, a novel algorithm for face point trajectory synthesis is described. For the modelingphase, an audio-visual codebook is generated based on context-dependent phonetic labels. Inaddition, automatic generation of a visual phoneme similarity matrix is described. The codebookand the matrix are then used in the synthesis stage to select the most likely codebook entriesfor a given speech segment and phonetic label.The performance of the algorithm is tested on held-out data, and the average correlationbetween synthesized and true face point trajectories was calculated to be 0.73. The correlationcoe�cient for training data was 0.92 which represents the current upper limit for the proposedalgorithm. It is possible to move closer to this limit by increasing the training database size(i.e., by providing wider coverage of context).The most signi�cant contribution of this paper is the use of acoustics in synthesizing the�ne detail face trajectories. The algorithm can be generalized by not restricting the codebooksearch using phonetic information. In that case, acoustic information alone can be used todetermine the codebook weights from the complete audio-visual codebook. The performancemay not be as good when compared to algorithm performance using phonetic information, sinceacoustically confusable phonemes (e.g., /m/ versus /n/) may create problems in the synthesizedface in such a scheme. However, this capability may be useful in practical applications such asvideo conferencing or where language independence is a requirement.
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List of Figure CaptionsFigure 1: Flow-diagram of the proposed face synthesis algorithm. The algorithm uses a digi-tized speech �le and its corresponding phoneme sequence along with an audio-visual codebookand a visual phoneme similarity matrix to synthesize the principal components trajectory offace points.Figure 2: The in
uence of modi�cation of (a):�rst, (b):second principal components on facepoint locations.Figure 3: The labeling and segmentation scheme used in generating codebook entries for theword \whenever".Figure 4: The automatically derived visual similarity matrix corresponding to phonemes inAmerican English.Figure 5: Flow-diagram of the proposed face feature trajectory smoothing algorithm.Figure 6: The comparison of original and synthesized face point trajectories for held-out data.Top plot: speech signal corresponding to \Tornadoes often destroy acres of farm land". Mid-dle plot: center upper lip y-axis trajectories - Dark dotted curve: original, Dark solid curve:synthesized with spline smoothing, Light curve: synthesized with triangular smoothing, Dottedline in the center: speech/silence detection. Bottom plot: center lower lip y-axis trajectories -Dark dotted curve: original, Dark solid curve: synthesized with spline smoothing, Light curve:synthesized with triangular smoothing, Dotted line in the center: speech/silence detection.Figure 7: The in
uence of the number of similar context phones N incorporated in the code-book on the performance of the proposed algorithm.



List of Table CaptionsTable 1: Top three visually most similar phonemes and their similarity measures of phonemesin American English based on the proposed visual similarity metric.Table 2: Average correlation between original and synthetic face point trajectories (using splineand triangular smoothing methods) during speech-only sections using top 3 visually most similarcontext-phones.



List of Footnotes1: If the number of samples in the context-phone is less than 5, then the closest sample to eachof the 5 locations is used. Since the sampling frequency of audio and visual feature vectors weredetermined to be the same (60 Hz), the synchronization between audio and visual data was notan issue.
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Figure 6: The comparison of original and synthesized face point trajectories for held-out data.Top plot: speech signal corresponding to \Tornadoes often destroy acres of farm land". Middle plot:center upper lip y-axis trajectories Dark dotted curve: original, Dark solid curve: synthesizedwith spline smoothing, Light curve: synthesized with triangular smoothing, Dotted line in thecenter: speech/silence detection. Bottom plot: center lower lip y-axis trajectories Dark dottedcurve: original, Dark solid curve: synthesized with spline smoothing, Light curve: synthesizedwith triangular smoothing, Dotted line in the center: speech/silence detection.



Top Three Visually Most Similar PhonemesPhoneme Closest phoneme 2nd Closest phoneme 3rd Closest phonemeaa aw 0.86 hh 0.71 eh 0.70ae ay 0.94 ey 0.46 aa 0.26ah dh 0.83 y 0.77 ih 0.75ao ow 0.62 r 0.24 ah 0.20aw aa 0.86 hh 0.64 eh 0.64ax t 0.78 el 0.76 d 0.69axr uw 0.81 uh 0.72 el 0.69ay ae 0.94 ey 0.47 aa 0.26b p 0.78 m 0.58 uw 0.49ch zh 0.77 sh 0.74 z 0.61d t 0.88 ih 0.81 dh 0.73dh ih 0.84 ah 0.83 d 0.73eh hh 0.94 ey 0.84 aa 0.70el r 0.81 ax 0.76 uh 0.73en t 0.75 jh 0.71 ax 0.68ey eh 0.84 hh 0.77 aa 0.57f v 0.68 m 0.23 axr 0.18g l 0.86 iy 0.67 k 0.57hh eh 0.94 ey 0.77 aa 0.71ih n 0.92 dh 0.84 d 0.81iy n 0.83 ng 0.76 l 0.75jh sh 0.77 en 0.71 z 0.68k iy 0.70 l 0.60 g 0.57l g 0.86 iy 0.75 ng 0.62m p 0.81 b 0.58 uw 0.26n ih 0.92 ng 0.84 iy 0.83ng n 0.84 ih 0.77 iy 0.76ow r 0.65 ao 0.62 el 0.43p m 0.81 b 0.78 uw 0.46r el 0.81 uh 0.67 ax 0.67s z 0.93 sh 0.88 jh 0.60sh z 0.89 s 0.88 jh 0.77t d 0.88 ax 0.78 en 0.75th dh 0.68 ah 0.65 ax 0.59uh uw 0.76 el 0.73 axr 0.72uw axr 0.81 uh 0.76 el 0.59v f 0.68 axr 0.20 m 0.14w ao 0.12 ow 0.07 r 0.02y ah 0.77 ih 0.73 n 0.72z s 0.93 sh 0.89 jh 0.68zh ch 0.77 sh 0.64 z 0.56Table 1: Top three visually most similar phonemes and their similarity measures of phonemes inAmerican English based on the proposed visual similarity metric.
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Figure 7: The in
uence of the number of similar context phones N incorporated in the codebookon the performance of the proposed algorithm.

Face Synthesis Algorithm Performance EvaluationTest condition Whole Face Lower Lip Upper LipTraining Data (Triangular) 0.9239 0.9463 0.9287Training Data (Spline) 0.9145 0.9388 0.9126Test Data (Triangular) 0.7338 0.8468 0.7230Test Data (Spline) 0.6969 0.7721 0.7060Table 2: Average correlation between original and synthetic face point trajectories (using splineand triangular smoothing methods) during speech-only sections using top 3 visually most similarcontext-phones.


