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Abstract

The Total Variability Model (TVM) [1] has been widely used
in audio signal processing as a framework for capturing differ-
ences in feature space distributions across variable length se-
quences by mapping them into a fixed-dimensional represen-
tation. Its formulation requires making an assumption about
the source data distribution being a Gaussian Mixture Model
(GMM). In this paper, we show that it is possible to arrive at the
same model formulation without requiring such an assumption
about distribution of the data, by showing asymptotic normal-
ity of the statistics used to estimate the model. We highlight
some connections between TVM and heteroscedastic Principal
Component Analysis (PCA), as well as the matrix completion
problem, which lead to a computationally efficient formulation
of the Maximum Likelihood estimation problem for the model.
Index Terms: Total Variability Model, ivector

1. Introduction

The Total Variability Model (TVM) is a popular framework
used in audio signal processing, where the variability arising
in the distribution of feature vectors across different sequences
is captured in a fixed dimensional vector representation. It has
been used in a wide variety of applications including speaker
recognition [1], language identification [2, 3], acoustic model
adaptation for speech recognition [4, 5], and also for inferring
paralinguistic information such as cognitive load [6].

TVM is formulated as a generative model, where the distri-
bution of feature vectors is assumed to be a Gaussian Mixture
Model (GMM), with its mean parameters varying across dif-
ferent sequences (Section 2). This assumption seems natural
when we view the model from a historical perspective - models
that preceded TVM in the domain of speaker recognition were
based upon the assumption of data distribution being a GMM.
Early efforts in this area began by modeling the distribution of
every speaker as a separate GMM [7]. This was followed by
the method of training a combined GMM over all training data,
also known as a Universal Background Model (UBM), and then
adapting it to different speakers, in order to solve the problem
of data sparsity [8].

Later, generative models began to be used as a front-end for
discriminative methods. Initially, the statistics used for UBM
adaptation were stacked into the so-called supervectors, and
used as input features for a Support Vector Machine (SVM)
[9]. This paved the way for Joint Factor Analysis (JFA) [10],
which attempted to reduce the dimensionality of supervectors,
and separate source and channel factors into smaller dimen-
sional vectors. That eventually led to TVM formulation [1],
where both source and channel variability are captured within a
single small dimensional vector, on which variability compen-
sation methods are applied subsequently.

In this paper, we show that it in order to formulate TVM,
it is not necessary to make specific assumptions about the form
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of distribution over the feature vectors (Section 3). This in-
volves a change in perspective - instead of formulating TVM
as a generative model over feature vectors, we formulate it as
a generative model over the statistics derived from those fea-
ture vectors. Asymptotically, the distribution of statistics can
be shown to be Gaussian, regardless of the actual distribution
of the feature vectors. Then, by assuming that the expected val-
ues of these statistics lie along a linear subspace (equivalent to
making the subspace assumption on mean supervectors in con-
ventional TVM), it is possible to arrive at a model formulation
that is equivalent to conventional TVM.

This distribution free formulation leads to connections be-
tween TVM and heteroscedastic PCA as well as the matrix com-
pletion problem [11] (Section 4). One important consequence
of these connections is that the Maximum Likelihood problem
for obtaining the Total Variability matrix could be posed in a
form that can be solved in a computationally efficient manner
by means of a stochastic subgradient descent (SSGD) algorithm
(Section 5).

In addition, the distribution free formulation generalizes
TVM, allowing it to stay theoretically valid for statistics de-
rived using arbitrary posterior weights. Indeed, methods have
already been proposed in literature where posteriors used to de-
rive statistics in TVM are obtained from sources other than a
UBM [12, 13, 14]. The formulation provided in this paper pro-
vides a theoretical justification, validating the procedure used
in these methods. We propose a few other possibilities that can
be considered for future research based on this formulation in
Section 7.

2. Conventional TVM Formulation

Let X = {X,}Y_, be the collection of acoustic feature vectors
in a dataset comprising U utterances, where X, = {mut}fgl
denotes the feature vector sequence of length T, from a specific
utterance u. Let D be the dimensionality of each feature vector:
Lt € RD.

In the Total Variability Model (TVM), it is assumed
that with every utterance w, there is an associated vector
w, € RX, known as the ivector for that utterance, such
that the conditional distribution of x,: given w, is a Gaus-
sian Mixture Model (GMM) with C components, and param-
eters {pe, oo = o + Tewy, B3, where p. € R, p, €
RP, T, € RP*X and . € RP*P_ The prior distribution for
w,, is assumed to be standard normal:

w, ~ N(0,1)

Let Mo, M, € R¢P, known as supervectors, denote vectors
consisting of stacked global and utterance-specific component
means g, and p,,. respectively. Then, TVM can be summa-
rized as:

M u = M o+ Twu

RCDXK

where T € isgivenas:T:[TIg,__ng]
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3. Distribution Free Formulation

In this section, we show that it is possible to drop the require-
ment on data distribution being a GMM from the TVM formu-
lation. Instead of formulating TVM as a model for observed
data, we show that it can be formulated as a model for observed
statistics, which asymptotically follow a Gaussian distribution.
In particular, we show that:

1. The distribution of Baum-Welch statistics used in TVM
parameter estimation is asymptotically Gaussian, regard-
less of the feature space distribution (Section 3.1).

2. The likelihood function for the observed statistics un-
der the asymptotic Gaussian approximation is similar to
the likelihood function of observed data under GMM as-
sumption in conventional TVM, where the difference be-
tween the two likelihood expressions does not depend on
the subspace matrix T (Section 3.2).

3. The expression for posterior distribution of the ivector
obtained from the distribution free formulation is also
the same as that in conventional TVM (Section 3.3).

3.1. Asymptotic Distribution of Baum Welch Statistics

LetT' : R? — [0, oo)C be an arbitrary function, and yutc =
T'c(@ut), where I'; denotes the cth component of I'. For exam-
ple, one possible choice for I' could correspond to component
posterior probabilities obtained from a GMM: 7yt = p(c|@ut).
Let puc, M,., Xuc define the following expected values (with
respect to the distribution of @+ ):

1
Puc = E [’Yutc] 5 Hoye = » E [’Yutc wut}

uc

1
Euc = E (’Yutc Lut — Puc Huc)('Yutc Lyt — Puc IJ‘uC)T]

If yutc Were to correspond to GMM component posterior proba-
bilities p(c|x ¢ ), then . would denote the component GMM
means. Let statistics N, F',, be defined as:

Ty
Nuc:Z'Yutc Nu:[Nul NuC]
t=1
F — 1 S F, = T T T
uc—NuC;'Yutcwut u_[FulFuC]

We can rearrange the expression for F',,. as follows:

1 Ty
Fuc_ utc Lu
Ny 2 Tute ot
t=1
T,
1 Tu | 1 ¢
- AV [ B e )| +
uc uc U =1
Tupuc
Nuyc e

By the multivariate Central Limit Theorem (CLT), as T3, — oo

Ty
1 d
72('}%& Lut — Puc H’uc) %N(Oapuc EC) (1)
VT, =
where i> denotes convergence in distribution. Similarly,
Ty 4 1 Tu Puc d
4 , 41 2
Nuc puc NUC
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By Slutsky’s theorem, it follows that:

[T, 1
N, uc \/ Tu
Thus, the statistics F',,. are asymptotically distributed normally,
regardless of the distribution of the feature vectors a,+ (as long

as it satisfies the conditions for the multivariate CLT to hold),
and the choice of the function I":

Fuc|Nuc ~ N(Nuca Nu_clzc)

Z (’Yutc Lyt — Puc I‘l’uc) i> N (0, 2(;) (3)
t

“

3.2. Likelihood Function

Similar to conventional TVM, we assume that the covariance
matrices are tied across all utterances: 3,. = X, and that
the mean supervectors lie along a subspace T, with a standard
normal prior on ivectors wy,:

""uc = ’J'Oc + TC W, Wy ~ N (07 I)

We also assume that the component-wise statistics F',. are con-
ditionally independent of each other given the ivector w,, and
the statistics N,,. Let © = {T,X4,...,X¢} denote the pa-
rameter space of the model. Then, the total log likelihood of all
observed statistics {Fu},[u]:1 given { NV u}ff:l and ©, marginal-
ized over the ivectors is given as:

U

£(©) =) log[Ew, [f(FulNu,wu,0)]]

u=1

(&)

where f denotes the conditional likelihood of F', given
N, w, and the parameters ©. The expression in equation (5)
can be simplified to:

L(B) = L1(0) + L2(O) + L3(O)
where £1(0), L2(0), L3(O) are given as:

6

C
Fi oS 'NyFouo+ Y log|N'S,|

c=1

-1
FI,2'r (I + TTE’lNuT) TS Fuo

U
1 :
-5 > log[I+ T 'N,T|
u=1

L3(0)

Here, F o = F, — My, and ¥,N,, are CD x CD block
diagonal matrices with " block given by ¥, and N, I. It
can be seen that the terms £2(©), £3(©) are identical to the
corresponding terms in the expression of data likelihood in con-
ventional TVM ([15], equation (4)). The term £,(O) differs
between the two expressions, but it does not depend on T (how-
ever, it does depend on 33).

3.3. Posterior distribution of the ivector

Under the model assumptions made in Section 3.2, the posterior
distribution of the ivector given statistics F',,, IN,, is given as:

WulFuy Ny © ~ N (20, TS NuF oo, B, ) ()

-1
where S, = (I T TTE’INuT)

which is identical to the expression for MAP estimate of the
ivector in the conventional TVM.



4. Connections to Heteroscedastic PCA and
Matrix Completion

4.1. Heteroscedastic PCA

It is well known that PCA can be interpreted in a probabilis-
tic manner, by viewing the observed data as being generated by
addition of white Gaussian noise to a vector lying along a low
dimension subspace [16]. In case of TVM, the asymptotic dis-
tribution of statistics can be interpreted similarly, by viewing the
statistic F',, — M as being generated by addition of Gaussian
noise to its expected value Tw,, that lies along the subspace T':

®

However, the additive noise in this case has a heteroscedas-
tic nature, where the covariance matrices vary across different
component dimensions and across different utterances, being
inversely proportional to the value of N..

Foc— Moo = Tew, + €ycy, Eyc ™~ N(07 N;izc)

4.2. Matrix Completion

Matrix completion is the problem of estimating unknown en-
tries of a matrix from a few known entries [11]. It is common
in such a case to impose a low rank assumption on the matrix
involved. It can therefore be viewed as a special case of het-
eroscedastic PCA, where the columns of the low rank matrix
correspond to vectors along a subspace, and their observed val-
ues are corrupted by a heteroscedastic noise, whose variance is
zero in known entries (or perhaps a small constant, as in [17])
and infinite in unknown entries. The estimation of Total Vari-
ability matrix T is a similar problem, where the expected value
of the matrix of statistics Fo [ Fioi...: Fyo ] is a low
rank matrix M = [ Tw; i ... Twy | = TW, and we are
interested in recovering this low rank structure from noisy ob-
servations. However, the covariance of added noise in this case,
unlike the matrix completion problem, is somewhere between
zero and infinity, scaled by a variable factor N

4.3. TVM Parameter Estimation

One of the problems associated with Maximum Likelihood es-
timation of T is that the log likelihood function given in (6) is
non-convex in T. However, from the perspective of connection
established between TVM and matrix completion, we could po-
tentially break down the task of estimating T into two parts.
First, we could recover M by maximizing the likelihood of F¢
given M, while constraining M to be low-rank:

U
minli\glnize Z:l(Fuo — Mu)TE_lNu(FuO - M,)
subjectto  rank(M) < k

Then, to recover T', we just need an appropriate factorization of
M = TW. Let M = U, Dj, V], be the truncated Singular
Value Decomposition (SVD) of M. We can choose :

T = \/%UMDM, W=VU-1Vy
This obviously satisfies M = T'W. In addition, if the columns
of M are zero mean, it can be easily verified that columns of W
are also zero mean and have an identity covariance, satisfying
the statistical prior assumptions made on ivectors.
The advantage of this procedure is that the optimization ob-
jective is convex in M, with a gradient expression that is easy
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to compute, allowing us to make use of efficient gradient de-
scent methods for the purpose of optimization. We describe an
optimization algorithm for this problem in the next section.

5. Optimization Algorithm
The gradient of the objective with respect to M ,, is:

Vi, (0bj) = 28 ' N, (Fuo — M.,) ©

Although the objective is convex in M, the rank constraint
makes the overall optimization problem non-convex. There are
two ways to deal with this issue:

1. Projected Gradient Descent: After each update, project
the current estimate back to rank k, by truncating the
SVD to k largest singular values.

2. Nuclear Norm Regularization: Substitute the rank con-
straint with a constraint on the nuclear norm, as is com-
monly done in matrix completion. Then, by introducing
a lagrangian for the constraint, the problem can be for-

mulated as:
U

L Tyl
minimize ;1(1?”0 — M) SN (Fuo — M,) + \M|,
There is a common issue associated with both approaches: the
operation of projecting to a low rank space, as well as that of
computing the subgradient of nuclear norm, requires obtaining
an SVD factorization of M, which is computationally expen-
sive. However, this can be handled efficiently by the method
of stochastic subgradient descent suggested in [18], which effi-
ciently maintains a low-rank SVD factorization of M at every
step. The SVD factorization after a gradient update can be ef-
ficiently computed from the one prior to the update, by solving
small SVD and QR factorization problems. While the method
in [18] is proposed for solving the second type of formulation,
the first formulation could be solved using the same method, by
simply setting the nuclear norm regularizer ) to zero.

We conducted experiments using three choices for 3:
3vBMm, which is given by the UBM, X; given below, and 35
which is a sample estimate of the expected value in Section 3.1:

U Ty

1 T
Z:1 — ﬁc z::l ;r}/utc (a:ut - Fu(,) (wut - Fuc)

U Ty T

_ ('Vutc Lut — Puc F'u,c)(’Yutc Lut — Puc Fuc)
Yo = Z Z U Ny
u=1t=1

5.1. Modifications Introduced

The algorithm in [18] is presented with matrix completion as
the target application. However, one of the differences in our
case is that the gradient is proportional to entries in IN ,,, which
can have a wide dynamic range across utterances. In order to
deal with this issue, we modify the objective and the sampling
process to avoid instability. We use the following gradient:

Vi, (0bj) =28 ' Py(Fuo — M) (10)

where P, = T%N u, and instead of sampling a batch ran-
domly, we sample with a weight proportional to T,. The result-
ing process still produces an unbiased estimate of the original
gradient, but avoids the instability introduced due to dynamic
range of IN,. In addition, we also used gradient clipping to
avoid instability when gradient magnitude is large. The remain-
ing details of the algorithm can be obtained from the description
of the procedure SSGD-Matrix-Completion in [18].



6. Experimental Results
6.1. Experimental Setup and Database

We conducted experiments for the task of Speaker Recognition
(SRE) on the NIST SRE 2008 database, for the short2-short3
evaluation condition. The overall setup consisted of extracting
the ivectors as a front-end, followed by a Probabilistic Linear
Discriminant Analysis (PLDA) classifier.

For each frame, we obtained 20-dimensional MFCC vec-
tors, concatenated with delta and delta-delta coefficients. A
UBM of 2048 components, and TVM with ivector dimension of
400 were trained on a combination of SRE 04-06, Switchboard
Cellular and Fisher data. We compared our training method
with two other approaches proposed in literature: the EM algo-
rithm, and the method of Randomized SVD (RSVD) proposed
in [15] as a faster alternative to EM. For our proposed algorithm,
we chose the method of projected gradient descent described
in Section 5, setting the nuclear norm regularization coefficient
A=0.

The EM and RSVD training algorithms were implemented
using the Kaldi toolkit [19]. The proposed algorithm was im-
plemented using MATLAB, except for the SVD initialization
of M, which was implemented in Kaldi. All implementations
were parallelized over 24 processors.

6.2. Results

The results on male and female trials, for all eight subsets of
the core test trials specified in SRE 08 are presented below in
Tables 1 and 2 respectively. Here, Ty and T, correspond to the
total amount of time taken for parameter estimation and ivector
extraction respectively.

Table 1: Equal Error Rate (%) for Male Trials

EM RSVD SSGD
Ty 10.5 hrs 30 min 2 hrs
Tw 1.13 sec 0.12 sec 1.13 sec
Covariance Matrix
Subset
EM b} 31 XuBm X2
1 4.98 9.14 7.61 7.75 9.02
2 0.81 1.21 1.21  1.61 2.02
3 5.07 9.44 7.78 7.82 9.13
4 5.01 9.80 5.01 5.01 6.83
5 4.69 9.84 594 594 8.12
6 5.15 6.75 6.18 6.75 6.75
7 3.64 5.24 387 433 4.8
8 2.63 3.07 2.63 219 3.07
Avg 4.00 6.81 503 5.18 6.22

From comparing EM and RSVD, it can be seen that al-
though RSVD estimation is much faster than EM, there is a sig-
nificant increase in EER. While the EER results on Language
Identification (LID) task in [15] were very similar for EM and
RSVD, the same is not true for this SRE task. One of the rea-
sons is that the estimation procedure for RSVD relies on mak-
ing an assumption N, =~ T, p.. However, we found that this
assumption was not met for our training data in this experiment.

The stochastic subgradient descent (SSGD) approach re-
sulted in a mid-way performance between EM and RSVD. both
in terms of time taken for estimation, as well as the Equal Er-
ror Rate (EER) obtained. This trend was observed almost uni-
formly across all 8 trial subsets.

The reason for a drop in performance between EM and
SSGD can be attributed to the sub-optimal choices of 3: The
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Table 2: Equal Error Rate (%) for Female Trials

EM RSVD SSGD
Ty 13.5 hrs 40 min 2.5 hrs
Tw 1.13 sec 0.12 sec 1.13 sec
Covariance Matrix
Subset
Sem 3 31 YuBm X2
1 6.34 10.41 10.59 10.60 10.75
2 1.19 1.79 1.79 1.49 149
3 6.39 10.63 10.72 10.68 10.85
4 6.46 12.16 9.01 9.31 8.71
5 6.61 13.22 7.81 7.69 9.86
6 6.26 8.65 7.82 793 7.54
7 4.06 5.45 5.32 532 5.58
8 4.74 6.05 6.05 579 5.79
Avg 5.26 8.55 7.39 735 1.57

EM algorithm optimizes the likelihood jointly with respect to
T as well as 33, whereas SSGD uses a fixed value of X to esti-
mate T It is possible to modify the proposed algorithm for and
efficient joint optimization of T and X, but our efforts in this
direction are in an early stage, and we consider it as a part of
future work.

7. Conclusion and Future Work

We have introduced a formulation of TVM that does not rely on
assuming a specific form of distribution on the feature vectors,
or make any assumption about the source of posteriors used for
obtaining the statistics, by showing that the statistics used in
TVM estimation follow a Gaussian distribution asymptotically.

The formulation also leads to connections between TVM
and other problems such as heteroscedastic PCA and matrix
completion. We have presented an algorithm for estimation
of the total variability matrix that is based on its connection to
the matrix completion problem. While the algorithm speeds up
the estimation process significantly compared to EM, the sub-
optimal choice of covariance matrix causes a slight drop in per-
formance, which we plan to address in our future work.

The repercussions of the distribution free formulation are
wider than just the connections and the training algorithm dis-
cussed in this paper. It provides a theoretical justification for
previous work in literature where the statistics for TVM were
derived from a Deep Neural Network (DNN) rather than the
conventional approach of using a UBM [12, 13, 14]. However,
these methods mostly rely upon DNNs trained for Automatic
Speech Recognition (ASR) to get the posterior weights. Instead,
weights 7.+ could potentially be optimized in a data driven dis-
criminative fashion to magnify the desired source of variability,
and suppress the undesired sources.

In addition, this formulation could potentially be exploited
to address the problem of data sparsity for short test segments.
In conventional TVM, posteriors .+ form a soft partitioning
of the input space, since they sum to 1 for every frame. How-
ever, it is possible to use weights that form overlapping regions
instead. For a fixed value of segment length, this would result
in higher values of N,,., thereby reducing the variability of F',.
(since its covariance is inversely proportional to Ny.). In turn,
that would help reduce the variability in estimate of the ivector,
which usually causes a significant performance drop for small
segments. We intend to pursue further research in these direc-
tions in the future.
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