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ABSTRACT

We investigate the use of hierarchical Gaussian shortlists to speed
up Gaussian likelihood computation. This approach is a combina-
tion of hicrarchical Gaussian sclection and standard Gaussian short-
lists. First, all the Gaussians are clustered hierarchically. Then, for
the Gaussians in each level of the hierarchy, shorlists are trained (o
reduce likelihood computation at the corresponding level. This ap-
proach enables a hierarchical coarse-to-fine control of the Gaussian
likelihood computation. The proposed approach is evaluated in com-
puting the high-dimensional posteriors for feature space Minimum
Phone Error (fMPE) front end and also in Viterbi search. Experi-
mental results show that the performance of the proposed approach
is superior to using only hierarchical Gaussian selection or standard
Gaussian shortlists.

Index Terms: Fast likelihood computation, Gaussian shortlist, hier-
archical clustering, fMPE.

1. INTRODUCTION

For hidden Markov model (HMM) based large vocabulary automatic
speech recognition (ASR) systems, Gaussian likelihood computation
is typically the most computationally intensive operation in decod-
ing. It takes about 30-70% of the total recognition time [1]. Besides
Viterbi search, the more recently proposed feature space Minimum
Phone Error (fMPE) processing [2] also requires computing the like-
lihoods of a large number of Gaussians. Therefore, fast Gaussian
likelihood computation is essential to achieve good real-time perfor-
mance for a state-of-the-art ASR system.

Various techniques have been proposed to speed up the Gaus-
sian likelihood computation in ASR, as reviewed in [3]. Some tech-
niques exploit modern hardware-based parallel computation, such
as using SIMD (Single Instruction Multiple Data) instructions or
even using graphics processors [4]. Other approaches seek opti-
mized algorithms to reduce computation at four different levels [5]:
frame-level, Gaussian mixture model (GMM)-level, Gaussian-level,
and element-level. Frame-level algorithms use a criterion to decide
whether the likelihood computation can be skipped for each frame.
The authors in [6] also proposed a maximum probability increase
estimation algorithm to reduce computation by exploiting the Gaus-
sian likelihood information from previous frames. At the GMM-
level, context-independent (CI) HMM based GMM selection [7]
was proposed to reduce the number of GMMs for evaluation. At
the Gaussian-level, vector quantization (VQ)-based Gaussian selec-
tion techniques [8, 1] have been widely used to identify a subset
of the most likely Gaussians for evaluation at each frame. Finally,
at the element-level, techniques such as partial distance elimination
(PDE) [9] can be used to stop the likelihood computation before

evaluating all the dimensions of a Gaussian when the accumulated
Mahalanobis distance is larger than a dynamic threshold.

In this paper, we propose the use of hierarchical Gaussian short-
lists (HGS) to improve the performance of standard VQ-based Gaus-
sian selection. A Gaussian shortlist is a subset of Gaussian distribu-
tions expected to have high likelihood values for a given acoustic
feature vector. We first perform hierarchical Gaussian clustering to
merge all the Gaussian component distributions into a number of in-
dexing clusters. Further clustering can be performed on the indexing
clusters to form a hierarchical clustering tree. Then, Gaussian short-
lists are trained for the Gaussians in each level of the hierarchy to
save computation in the corresponding level. Our HGS approach
can be seen as a combination of hierarchical Gaussian selection and
VQ-based Gaussian shortlists. It enables a hierarchical coarse-to-
fine control of the Gaussian likelihood computation. By using a sim-
ple two-level hierarchy and clustering Gaussians within the HMM
states, HGS can reduce likelihood computation at both GMM-level
and Gaussian-level.

The rest of this paper is organized as follows. In Section 2 we
briefly review the background on likelihood computation and fMPE
feature processing. In Section 3 we propose HGS for fast likelihood
computation. In Section 4 and Section 5, we describe the use of HGS
in fMPE processing and Viterbi search. Section 6 shows the exper-
imental results in SRI’s real-time Dynaspeak™ speech recognition
system. Section 7 concludes and discusses future work.

2. BACKGROUND

2.1. Likelihood Computation

For a feature vector ¢, the likelihood of an /V-dimensional Gaussian
distribution with mean p and covariance ¥ is computed as
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In most speech recognition systems, diagonal covariance and
log likelihood are commonly used for computational efficiency and
avoiding numerical issues. Let the diagonal covariance be ¥ =
diag(ci,03, - ,0%), the log likelihood becomes
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The first item is not related to the feature vector and can be
precomputed before decoding. The second item can be further de-
composed into a dot-product format, which can be used to compute
likelihoods of multiple frames over multiple Gaussians as a matrix-
matrix multiplication [10].
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2.2. fMPE Feature Processing

The feature space discriminative training technique fMPE was pro-
posed in [2]. It adopts the same objective function as MPE to trans-
form the feature vectors in both training and decoding.

Let x¢ denote the original feature vector at time ¢, the fMPE
transformed feature vector is

Yo = x4 + Mhy, 3)

where A, is a high-dimensional posterior probability vector, and M
is a matrix mapping the posterior vector onto a lower-dimensional
feature space. The projection matrix M is trained to optimize the
MPE criterion. The posterior vector h; is computed first by evalu-
ating the likelihood of the original feature vector along a large set
of Gaussians (e.g., all the Gaussians in the acoustic model) with no
priors. Then for each frame, the posteriors of the contextual frames
are also computed and concatenated with the specified frame to form
the final posterior vector.

3. HIERARCHICAL GAUSSIAN SHORTLIST

3.1. Gaussian Shortlists

To prevent a large number of unnecessary Gaussian computations,
we use state-based Gaussian shortlists similar to [11, 1]. In our im-
plementation, first, VQ is used to subdivide the acoustic space into
a number of VQ regions. The VQ codebooks are organized as a
tree to quickly locate the VQ region in which a given input feature
vector falls. Then, one list of Gaussians is created for each combi-
nation (7, §) of VQ region v and state 5. The lists are created em-
pirically, by considering a sufficiently large amount of speech data.
For each acoustic observation, every Gaussian distribution is eval-
vated. Those distributions whose likelihoods are within a predeter-
mined fraction of the most likely Gaussian are added to the list for
the corresponding pair (v, 8). This is the main difference from the
Gaussian selection algorithm proposed by Bocchieri [8], where the
shortlist for each VQ region is determined by looking only at the
centroid of that region.

3.2. Hierarchical Shortlists

Standard Gaussian shortlists can reduce computation at the
Gaussian-level. To reduce the computation at higher levels (e.g..
GMM-level) and allow a coarse-to-fine control of the likelihood
computation, we propose to use hierarchical Gaussian shortlists.

First, hierarchical Gaussian clustering is performed to cluster all
the Gaussian distributions into K clusters/Gaussians, which we re-
fer to as indexing Gaussians. Each cluster is represented by a single
Gaussian distribution. The clustering criterion used in this work is an
entropy-based measure as described in [11]. Further clustering can
be performed on the indexing Gaussians to form a hierarchical clus-
tering tree. Then, for each level in the hierarchy, Gaussian shortlists
are trained to save computation in the corresponding level.

In this work, we use a simple two-layer shortlist as illustrated
in Figure 1. Each of the K indexing Gaussians in the upper layer
is associated with a cluster of Gaussians in the lower layer. All the
indexing Gaussians can be seen as being in a single pseudo cluster.
In addition to the standard shortlists for each cluster in the lower
layer, we can also build shortlists for the pseudo cluster for each VQ
region. The same VQ tree is shared for both shortlists. For a given
feature vector, we first locate the VQ region, then use the shortlist
in the upper layer to find the most probable clusters, and finally use

Indexing/upper layer

Gawssian/lower layer

Fig. 1. A two-layer shortlist. The black circles denote active Gaus-
sians in the shortlist for a given feature vector.

the lower-layer shortlists to evaluate the most probable Gaussians in
each probable cluster. The use of such hierarchical shortlists allow
us to limit likelihood computation to a small fraction of Gaussian
distributions, resulting in significant computational savings.

4. HGS FOR FMPE PROCESSING

Although fMPE brings significant recognition accuracy improve-
ment [2], it is computationally expensive in its naive implementa-
tion, especially for a real-time ASR system on a portable device.

In our baseline implementation of computing fMPE posterior
vectors, we adopt the hierarchical Gaussian selection method as
in [2]. All the Gaussians are clustered into K indexing Gaussians.
For each feature vector 2, the likelihoods of the indexing Gaussians
are computed and the top M clusters are selected. The likelihoods of
all the Gaussians within these M clusters are then evaluated. If we
reduce the number of selected clusters M, the speed becomes faster
but accuracy begins to degrade as described in Section 6.

Standard shortlists can be used by treating each cluster of Gaus-
sians as a state. However, one issue of using standard shortlist in
fMPE is that at each frame, the feature vector still needs to be evalu-
ated for all the indexing Gaussians. If the number of indexing Gaus-
sians K is large, e.g., 2000 as in [2], a large number of Gaussians (at
least K) need be evaluated for every frame. To reduce the computa-
tion at the indexing level, we propose to use HGS for both indexing
layer and lower Gaussian layer as shown in Figure 1.

During fMPE processing, at each frame ¢, a VQ region is first
located according to the original feature vector z;. When evaluating
the likelihood for an indexing Gaussian, we skip the computation
if it is not in the upper-layer shortlist. Finally, for each of the top
M clusters, we evaluate only the shortlist of Gaussians for this VQ
region and cluster pair.

5. HGS FOR VITERBI SEARCH

In Viterbi search, the likelihoods of a large number of active HMM
states are evaluated at each frame. We can also use HGS to reduce
the likelihood computation in Viterbi search similarly.

The VQ codebook is trained with the fMPE transformed features
1¢. We start with clustering all the Gaussians in each tied-state of the
acoustic model into a single Gaussian and form a two-layer hierar-
chy as in Figure 1. This clustering is different from the clustering in
fMPE, where the Gaussians may be clustered in a more general way
such as k-means. Then, shortlists are trained for the Gaussians in
each level of the hierarchy. Finally in decoding, the shortlists in the
indexing layer are used to locate the most probable states for eval-
uation at each frame. For these states, the lower-layer shortlists are



used to select the subset of Gaussians for evaluation within the state.
For the remaining states that are not in the indexing-layer shortlist,
we can prune these states by assigning a very small probability to the
state likelihood. The pruning/skipping strategy works well in fMPE
processing. However, the recognition accuracy is much more sen-
sitive to the states pruning in Viterbi search. There are two options
to reduce likelihood computation for these states: 1) approximate
the state likelihood by the likelihood of the corresponding indexing
Gaussian; 2) use a more aggressive shortlist for these states to mini-
mize the computation.

In essence, the indexing layer shortlists of HGS are similar to
the CI-HMM based GMM selection [7] except here the selection
is done based on prior knowledge learned from the training phase.
Therefore, the GMM selection in HGS requires minimal computa-
tion at run-time. However, the selection might be less accurate. This
may be compensated by using the aggressive lower-layer shortlists
instead of pruning the GMMs.

6. EXPERIMENTAL RESULTS

Experiments are performed in SRI's state-of-the-art real-time
Dynaspeak™ speech recognition engine in a speech-to-speech trans-
lation system [12]. Two test sets are used in the experiments: the of-
fline and online English test sets in the July 2007 DARPA Transtac
evaluation. The offline test set contains around 2000 seconds of
speech with 568 utterances. The online test set has about 1500 sec-
onds of speech with 403 utterances.

6.1. Baseline System

The front end uses a 16kHz sampling rate with 10ms frame advance
rate. Standard Mel frequency cepstral coefficients (MFCC) with
first, second and third order derivatives are extracted. Heteroscedas-
tic linear discriminant analysis (HLDA) is then applied to reduce
the dimensionality of the feature vector to 39. The features are
also transformed with fMPE and adapted with feature space maxi-
mum likelihood linear regression (fMLLR). The MPE-trained acous-
tic model contains 7000 crossword triphone states clustered by de-
cision trees, with 16 Gaussians per state. The decoding vocabulary
covers 30K unique words. We use a weighted finite-state transducer
(WEFST) based static decoding graph constructed in a procedure sim-
ilar to that described in [13]. A pruned trigram is used for the first
pass decoding and generating word lattices. A pruned 4-gram is used
to perform fast rescoring of the lattices. We perform recognition ex-
periments on a Windows XP desktop with a 2.4GHz Intel Core™2
CPU and 2G RAM.

Our fMPE implementation follows the original paper [2]. Only
posterior features are used, without the offset features as used in later
fMPE papers. The offset features can reduce the dimensionality of
the posterior vector f:; however, it introduces more non-zero ele-
ments in h; and may slow down the matrix-vector multiplication of
M h;. For the fMPE transform, we have around 30K Gaussians for
computing the high-dimensional posterior vector. Hierarchical clus-
tering is used to group the 30K Gaussians into 929 indexing clusters,
with 32 Gaussians per cluster. The baseline system selects the top
M clusters for the feature vector at every frame. The word error rate
(WER) results and real-time factors of fMPE processing for different
M values are listed in Table 1. Although M = 100 is used in fMPE
training, reducing M to 50 clusters in decoding does not degrade the
recognition performance on either test set. We use M = 50 in all
the following experiments.

top-M julyO7-offline july07-online
WER | RealTime | WER | RealTime

100 13.0 0.091 4.7 0.074

50 13.0 0.075 4.7 0.060

20 13.1 0.056 4.7 0.044

Table 1. Baseline WER (%) and fMPE real-time factors.

S5 julyO7-offline july07-online
WER | RealTime | WER | RealTime

10 [ 128 | 0.056 4.7 0.045

51 127 [ 0048 46 0.038

2 | 129 | 0042 50 0.032

Table 2. WER (%) and real-time factors of fMPE with lower-layer
shortlists. M is set to 50.

To speed up the likelihood computation at the element-level, we
use Intel’s Streaming SIMD Extensions (SSE) intrinsics to paral-
lelize the computation in Equation 2. Four dimensions in the multi-
dimensional Gaussian are processed at the same time in one opera-
tion. The addresses of the feature, mean and variance arrays need to
be aligned at 16-byte boundaries to speed up the data loading into
the 128-bit registers.

6.2. HGS for fMPE

Since the baseline fMPE implementation consumes noticeable CPU
time and may consume several times more on a portable small plat-
form, we first use standard Gaussian shortlists to speed up the pos-
terior vector computation. A 1024-codeword VQ codebook is used.
The shortlists are trained on 2 hours of speech data. In decoding, the
top M clusters are chosen at each frame. Then according to the VQ-
partition of the feature vector and the cluster index, only the shortlist
of Gaussians are evaluated. The length of the shortlist (number of
Gaussians in the shortlist) for the lower-layer shortlists is denoted as
S5. We run experiments with different shortlist lengths. Results are
shown in Table 2. As we can see, the WER begins to degrade when
the shortlist length is reduced to 2. Interestingly, we find the use of
shortlists with length of 5 actually improves WER slightly on both
test sets with a significant speedup.

Table 1 and Table 2 show that neither hierarchical clustering nor
lower-layer shortlists can further reduce the fMPE posterior com-
putation without sacrificing the WER performance. We then apply
hierarchical Gaussian shortlists in both layers. In the following ex-
periments, we fix the lower-layer shortlist size S> to be 5 and try
different shortlist sizes S1 for the indexing layer. The results are
listed in Table 3. As we can see, by using a shortlist of length 100
in the indexing layer, the real time factor is reduced from 0.048 to
0.029 on the offline test set and similarly on the online test set, with-
out degrading the recognition accuracy.

Lastly, as shown in Table 3, our efficient SIMD-based program-
ming improves the fMPE speed by another 20% relative. Overall,
we speed up fMPE processing by more than 3 times.

6.3. HGS for Viterbi Search

We also try HGS to speed up the Gaussian evaluation in Viterbi
search. In the experiments, we find the recognition accuracy de-



s julyO7-offline julyO7-online
WER | RealTime | WER | RealTime

200 [ 128 | 0032 4.9 0.028

100 | 127 | 0029 4.7 0.025

50 | 131 0.026 4.8 0.022

+ SIMD

100 [ 127 | 0023 [ 47 0.020

Table 3.

shortlists. M is set to 50, and S5 is setto 5.

WER (%) and real-time factors of fMPE with two-layer

used to quickly quantize the feature vectors for each frame and select
the shortlist for each level. The proposed HGS technique is applied
to speed up the high-dimensional posterior vector computation in
fMPE feature extraction and the likelihood computation in Viterbi
search. Significant speed improvements are achieved without appar-
ent accuracy degradation. Future work includes investigating HGS
with multiple levels of Gaussian clustering.

8. ACKNOWLEDGEMENTS

The authors thank Dimitra Vergyri for her help in building the base-
line English system. This material is based upon work supported by
the Defense Advanced Research Projects Agency (DARPA) under
Contract No. NBCHD040058. Any opinions, findings and conclu-
sions or recommendations expressed in this material are those of the
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pro| P2 | P3| WER | RealTime | WER | RealTime
- - - [127 ] 0353 | 47 | 0.86
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-~ [096 [ - [ 128 | 0261 | 50 | 037
- 092 [ - 13| 0251 | 52 | 0432
090 | 0999 [ 094 | 126 | 0263 | 48 | 0.136
090 | 0999 | 050 | 126 | 0257 | 49 | 0133
090 | 0999 [ 085 | 129 | 0251 | 49 | 0130
094 [ 0999 [ 090 | 125 | 0264 | 49 | 0.35
082 [ 0999 [ 090 | 128 | 0253 | 50 | 0.130

Table 4. WER (%) and real-time factors of Viterbi decoding with
two-layer shortlists. “-”” denotes no shortlist is used (all Gaussians
are evaluated).

grades significantly if the upper-layer shortlists are used to prune
states or if the state likelihoods are approximated by the likelihood
of the corresponding indexing Gaussian. Therefore, we choose to
use three sets of shortlists: one set for the indexing layer to select
important states, one set for the selected states in the lower layer,
and another set of aggressive lower-layer shortlists with very short
length for the states that are not selected. In addition, we have used
a different algorithm to train the shortlist by choosing the Gaussians
covering the top p percent of the probability mass of having high
likelihood values in evaluation, instead of choosing only the top n
most likely Gaussians. This typically results in longer but more ac-
curate shortlists. The percentage used for the upper-layer shortlists is
denoted as p1, p2 for the lower-layer shortlists of the selected states,
and ps for the aggressive lower-layer shortlists for the states that are
not selected.

The WER and real-time results of the Viterbi search are shown
in Table 4. For rows 3-5 in the table, only a single set of lower-layer
shortlists is used. All the experiments use SIMD-based likelihood
computation. The best setting for HGS is: p1 = 0.90, p2 = 0.999,
p3 = 0.90. At the same accuracy level, the real-time factor is im-
proved by 27% over the baseline without shortlists, and 7.6% over
using only lower-layer shortlists on the offline test set.

7. CONCLUSIONS AND FUTURE WORK

‘We have presented an approach of using hierarchical Gaussian short-
lists for fast Gaussian likelihood computation. Compared to the stan-
dard Gaussian shortlists, the hierarchical shortlists can reduce com-
putation at higher indexing levels. These shortlists are trained to
minimize the probability loss. In the decoding phase, a VQ tree is
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