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ABSTRACT The main focus is verification, in isolation and on its
ability to refine identification decisions. Typically, the best

We examine techniques for multi-modal biometric infor- toh datab ; s ch the id f
mation fusion for verification and identification of speak—ma ch from a database of users 1S chosen as the 1d for a

ers, where the reliability of each data stream, either audf S.t sample. If subsquently, a verifi_cz.af[ion of the rgturned
or video, is modeled with parameters that are time—varyinI IS gttempted, thgre 'S a_tk_le pOSSIbIlllty of reje.ctmg the
and depend on the context created by its local behavi ecision, thus allowing deC|S|or_15 to be mconcluswe_ and to
The complementary nature and the time dependent relati%t as flags for further processing or out of population test
reliability of audio and video data is studied in the contexgata' , i i )

of verification and identification, on data collected during The information fusion methodology is dependent on

a user's interaction with an automated system. Of Signifproperties of the test data in each stream alone, as well as

cance is that this data is not corrupted artificially. Particu®" /'S refationship to training data for the models against

lar focus is directed to verification and its ability to refineWhiCh it i_s el\llalluatﬁd.f Thesc;,\ properties Wif" be cdaptu[jed
identification decisions, by indicating a level of confidencep_""r"’lrnetrlca y In the form of a measure of test data de-

in the system decisions. Results show more striking effecYéation_ and test d_ata coverage. BOt_h (?f t_hese are mea-
for verification, when using time-dependent fusion, thaﬁured in alocal neighborhood for a point in time. Together,
for identification they indicate the reliability of the test data for any given

stream. Thus, by comparing the relative values across dif-
ferent streams, a dynamic weighting procedure can be de-
veloped.

. . . . In exploring the above, we highlight the complemen-
As systems become increasingly automated with a contin- P 9 gh'ig P

LOUSIV arowing number of users. monitoring of that usa tary nature of audio and video as well as to show that a
Y9 9 ' 9 YBenefit can be gained by considering multiple streams of

becomes cr_ltlcal to thelr secure and. efficient operation. S‘a'ata, even when they are not complementary, as when one
cure operation requires that a user is who they say they ar

and efficient operation is aided by knowing the identity ostream is temporarily corrupted. That is, in general, it is

) ) > reasonable to assume that one modality of operation, say
a user even when an identity claim is not necessary. Per:

sonalization in a non-secure environment is one exam ?u]dio only, may not sufficient to uniquely identify an in-
Pividual in all environments. Furthermore, it is reasonable

of the latter case. Since automated agents are becom't'?)(;lassume that any given modality of operation will vary in

more ubiquitous, they are becoming situated in more Var'uality as the environment changes over time. The com-

led environments that can change both slowly and rapldlS)’Iementarity of audio and video addresses the unigqueness

with “”_‘e’ fo_r_ exgmple as V\."Fh a kiosk. Precise gnd aC'oint, and the ability to trade off between the two addresses
curate identification and verification of users requires th . . )
e robustness to a time varying environment.

this time-varying nature of the environment be taken into
account.

Not only are systems becoming more automated, but 2. MULTIPLE DATA STREAMS
they are also becoming more complex with a variety of in-
put modalities. Audio and video are perhaps the two mo&ince the purpose is to study both the complementary and
common and complementary modes of input and are thmrrelative nature of the audio and video streams, we de-
focus of this investigation where verification and identifi-fine three streams of interesK® = {x{} (audio), X" =
cation are studied in the framework of a user sitting in fron{x} } (video), andX“? = {x¢*} (A/V vector-wise concate-
of a computer which is collecting both audio and video dataation). The audio data consist of 23 dimensional MFCCs
simultaneously. with mean subtraction applied. No delta parameters are

1. INTRODUCTION



used, and CO is ignored. The visual data is derived from &h3. Verification Models

appearance based technique. Features are extracted from

a 2-D, separable, discrete cosine transform (DCT) applidd?" verification, the speaker models are created via Maxi-
to a region of interest defined for each video frame, by J1UM A posteriori Probability (MAP) adaptation from the

statistical face tracking algorithm [5]. The 24 DCT co-Packground model [6]. For speakgand strears, MP¢
efficients with the highest energy, as determined during'§ Used as the background. Then, the training data for
training phase, are retained. Mean normalization is applietP€akey in streams is used to update the model param-
to compensate for lighting variations. As with audio, noete_rs_. Sufficient statistics are calculated for the spe_aker
delta parameters are used. Short-Time Gaussianization f§}NiNg data and the new model parameters are a linear
is used to process both the audio and video features. §PMpination of the background model parameters and suf-
attempts to mitigate the effects that linear channel and afcient statistics. Again, note that diagonal models are used.
ditive noise distortions have on the data streams. This [¢€€; only the means are adapted. Then, an MLLT is com-
achieved by mapping the features to the standard nornfdit€d for each adapted model as for id.

distribution in localized windows.

4. RECOGNITION DECISIONS

3. AUDIO-VISUAL SPEAKER MODELS Both verification and identification involve scoring the test
data against stored models. Denote the test data in stream
3.1. Background Models s by X* = {x§}, with vectors inR™.

For both identification and verification, speaker modelin
is based on the Gaussian Mixture Model [7] (GMM) frame-

work. Consider first, the creation of background modThe hasic score unit for identification is the maximum value

els which characterize the entire effective space of fegsy the jikelihood of a vector computed over all components
tures, i.e. without specificity to any individual. For datagf the model being scored, say?:

streams, a background model/2¢ is trained on a large ’
pool of data from many individuals. It is parameterized by JiP
{mP¢ =P pP&Y — 1, npe, wherem, X, andpP€, 709
are the maximum likelihood estimates of the mean, co-, =~ = ) .
variance, and mixture weight parameters respectively aﬁgentlﬁcatmn involves selecting the model in a database

NBG indicates the number of Gaussian components Tﬁgat best matches a test sample, whereas verification natu-
same basic parameterization applies to all models. Nof@!ly Seen as an hypothesis test, where an identity claim is

however, that for scoring, only the diagonal portion of thé)rowdr-zfd Iand the goal is to determine whether the claim is
covariance matrices are used due to data constraints. true or false.

.1. ldentification Decisions

¢ — max logp(TgXﬂmj Eiwpﬁz) ’ (1)
7 ’ ’

8,17

4.2. Verification Decisions
3.2. Identification Models - ) . i
For verification, the basic score unit above must be modi-

For identification, each speaker model is first created died:
with the background model resulting in, for each speaker

j and streams: {mJ =/ p/ 3. . ltwasob-  djjj =max [IOgP(Tf;Xﬂmii,Ei,i,pﬁ,i)} -
served, however, that using a subsequent feature space trans- BGo s BG <BG BG
formation improves performance [1]. The Maximum Like- max [log (T Xl 2557 P I @)

lihood Linear Transformation (MLLT) [3] represents a_ o )

feature space optimization which depends on the initial pa-NiS can be seen as a normalization of the claimed model
rameterization of the model and seeks the best linear trari&0re with respect to the background.

form, in the maximum likelihood sense, in which to diag-

onalize the given model. A gradient descent procedure is 5. DISCRIMINANTS

used to search for an MLLT transformatidr (note the

dependence on the speaker and stream) that minimizes i final discriminants for identification are a function of
loss in I|keI|hood [3] thgt woulq result when the |nput{d§£7t} wherej ranges over all speaketsyanges over all
model covariances are diagonalized. The new parametgfieams, andranges over the number of vectors in the test
ization of the model includes this transformatiohl; =  gata. The final discriminants for verification are a function
T M = {m;, 2i7i7pi7i}i _1..ni Wherem] , =Tim}, of {dY PF} wherej is equal to the claimed id, andand¢
and%? ; = diag(T{X] TIT). are as for id.

RN ]



To accomplish time-varying fusion, the total discrimi- 4

T T T
— — Audio EER=1.7144%

nant has the following form (for identification and verifi- s | Veo EER-1S2% i

Cation respectively): 95~ Time-Varying Comb. EER=1.0431% [

90 : B i

DO =3 X190 + Wil @) ]
DVFE(X|j = claim) = g
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5.1. Time-Context Dependent Parameters : < ]
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®f(j) and¥$(4) are parameters that depend on the time. . T e |
stream, and model. They encapsulate the reliability baseu Felse Alarm probatiy (n %9

tradeoff under investigation. They are normalized versions
of ¢;(j) and;(j): The parametep;(j) is a time de-
pendent measure of coverage, or how well data in a local
time window predicts the parameters of the model belngrg max; D'P(X|j) for test dataX. Then j, can be set

:ﬁztigo[rzt]a. ;Peeaﬁqazr;ﬂg% rtr;]iats:rre; t\t]aeltjj;\\i\l/i?c(:)r? g to the claimed id for a subsequent verification decision. If
9 DVEE(X|jo) > 7 then the identification decision is ac-

;k;\g ;?ebge%rfgc;nésefsg::g;f of the score at tinj2]. & cepted, otherwise the decision is considered to be inconclu-
' sive. Thus, instead of simply a correct identification rate,
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Figure 1: ROC curve.

®5(4) = o5 (4)/ Z oL (5), one can in addition report an inconclusive decision rate.
¢e{aw} There is a tradeoff between these two rates, as well as the
error rate. For a given identification system, the goal is to
V() = A/4:()/ Z (1/9E increase the inconclusive decision rate, while keeping the
a&{a,v} correct id rate constant (it cannot increase with this proce-

This normalization achieves the context dependence thatdgre).
sought. The relative values of the parameters are impor-
tant in determining the time-dependent weighting. Since
¥ should be inversely proportional to the deviation, the re-
ciprocal ofy{ (j) is used. They, parameter normalizes for
the scale differences in the score streams.

The identification decision is given by computing equa*
tion 3 for each speakgr and choosing

7. EXPERIMENTS

Identification and Verification experiments were based on
an audio-visual database consisting of data captured by a
microphone and camera with users situated in front of a
computer and reading prompted text. The database con-
id = arg max D'P (X|j). sists of 304 speakers, of which 100 were selected as targets,
’ with the rest being used to model the background space for
The verification decision is binary, either accept or rejecdterification. Each speaker model was created using 2 min-
the claim. It is made by computing equation 4 for theutes of training data with test data typically ranging from
claimed speaker, say and comparing the value against a3 to 10 seconds. All experiments were conducted at the
threshold. The claim is accepted if the following conditionframe level. The total number of tests was 7307 for iden-
is met: tification and 730700 for verification, where every speaker
DVFE(X|j = claim) > T. excluding the correct one was used as an imposter for every

Errors can occur as false accepts (alarms) or false reje&%”-
(misses) and both are a functionofResults are thus typ-
ically presented as an ROC (receiver operating characten; 1. Verification
tic) curve.
Figure 1 shows the verification results in the form of an
6. INCONCLUSIVE DECISIONS ROC curve for the cases where the three stresmsX?,
andX“? are used in isolation (there is no score combina-
In many respects, Verification and Identification are comtion) as well as when using the time and context dependent
plementary. Verification can be used to gauge the conveights @& ¥, Time Varying Comb). Recall that®’ is
fidence of an identification decision. Assume that=  the concatenation of* andX".



Config
Error
Audio, X* 2.01%
Video, X" 10.95%
Audio+Video,X*? | 9.28%
U&P 0.40%

alone. This is all the more significant in that we use real
world data, that has not been artificially corrupted. Com-
bining the two reveals that the error rate can be reduced,
by converting some errors to inconclusive decisions. How-
ever, there is an associated reduction in identification accu-
racy, the extent of which can be controlled by choosing dif-
fernt thresholds for the verification decision. Experiments
show that this reduction can be less than the reduction in

Table 1: Original identification error rates on A/V multi- the error rate.

stream data.

Config Identification Rate Type (1]
Correct| Inconclusive| Error
Audio, X 97.94% 0.23% 1.83%
Video, X" 88.74% 0.85% 10.41%
Audio+Video,X*” | 90.61% 0.38% 9.01%
&P 99.25% 0.40 % 0.35% [2]

Table 2: Identification followed by Verification.

The time varying combination has an equal error ratLB]
(EER, where the false alarm probability equals the miss
probability) of 1.04% which is a 39% relative improvement
over verification with audio alone. Also, it is interesting to[4]
note that the concatenation (Audio+Video) also does very
well, with a 29% relative improvement.

7.2. Verifying Idenfitication Decisions [5]
Results given in tables 1 and 2 compare identification re-
sults with and without the post id verification step.

Here, the tradeoff between the error rates is seen clearly.
Note that for identification, different models were used thaF6
for verification (see Section 3), leading to relative perfor ]
mance differences. Consider the performance for audio,
where the original error rate was 2.01%. After verifica-
tion, the error rate is 1.83% with a 0.23% inconclusive de-
cision rate. But test data that is tagged with an inconcIL[7
sive decision can be further processed, or more data coul
be collected to augment it before a final decision is made.
Thus the error rate is achievable. Looking at the relative
improvements, the biggest are for the audio alone and the
time dependent combination.

(8]

8. CONCLUSION

We have investigated the complementary nature of audio
and video data streams in the context of speaker recogni-
tion, focusing on verification and its ability to refine iden-
tification decisions. When verification performance alone
is considered, the effects of the time-varying discriminants
are more dramatic than for the identification performance
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