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Abstract

A computationally very expensive task arising within
speech recognition systems using continuous mixture
density HMMs is the log-likelihood computation. In
the Philips large-vocabulary continuous-speech recogni-
tion system it consumes 50% - 75% of the decoding time.
In our system the log-likelihood computation amounts to
a nearest-neighbor search, i.e. to a search for the com-
ponent density of a mixture density whose mean vector
has a minimal distance to the observed feature vector.
In this paper, we show that a Hamming Distance Approx-
imation (HDA) of the angles between the vectors leads to
a powerful nearest-neighbor search technique with negh-
gible memory demands.

Thus the likelihood-computation was sped up by a fac-
tor of 10 without significant increase in the word error
rate of our large vocabulary speech recognizer. Since
the likelihood-computation in this system consumed 66%
of the recognition runtime, the overall decoding runtime
could be reduced by a factor of 2.5. We also report results
on TI-digits and the WSJ task.

1 Introduction

The acoustic modeling in the Philips large-
vocabulary continuous-speech recognition system
[2],[3] is based on HMMs with continuous mixture
densities. The likelihood of the (D — 1)-dimensional
observation vector & is given by

K
p@) = wik) - plalk),

k=1
where w(k) is the weight of the k-th Laplacian (or
Gaussian) mixture density component. After scal-
ing we arrive at component densities with a pooled,
scalar variance. Replacing the sum of probabilities
by the maximum and taking the logarithm we ob-
tain the nearest-neighbor rule for the log-likelihood

log(p(Z)):

log(p(@) ~ A= _min {d(7&(k)) - logu(k)},

=l,...,

where A is a certain constant and d(f, d(k)) is the
city-block distance (L;-norm) between scaled obser-
vation vector § and scaled location vector @(k). We
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now define
d = (4,0
kT = (@k)", - logu(k)),
and we denote #{k) as prototype k. We further de-
note P = {7(1),...,A(K)} C RP as the set of the

K prototypes 7(k). To compute the log-likelihood
log(p(Z)) we have to find the value {(0):

(6) = min{d(G,7):7€P}

D
d(e,7) = Z loe — 7el.
c=1

The task is now to find the prototype P! nearest to

the observed feature vector 3 ¢ O (O = R?, the set
of possible observation vectors) in an efficient way:!

argmin d(7, 6). (1)
TeP

Fort =

2 Using Approximations

One approach to reduce the computational complex-
ity of a speech recognizer is to reduce the set P to a
subset of P which contains the true nearest neighbor
7 %% (and of course to search for 7 °P* in that sub-
set). This approach is characterized by the incorpo-
ration of additional knowledge about the positions of
the prototype vectors and the observation vector, as
e.g. provided by the triangle inequality [4],[1]. In [1]
we theoretically and experimentally verified the well-
known “curse of dimensionality” [5] for the nearest-
neighbor search task: The performance of a nearest-
neighbor search decreases with increasing dimension
and decreasing number of prototypes.

Due to this fact we are forced to apply approximation
techniques, as proposed in {6]. To introduce as low a
distortion as possible we decided to reduce the set P
down to a much smaller subset, based on a nearest-
neighbor search with a computationally “cheaper”
distance measure. This approach is described in the
following sections.

! A similar simplification of the likelihood computation
holds for Gaussian densities. The derived algorithm is the
same for Laplacians (d is the Li-norm) and Gaussians (d
is the Lp-norm), hence we formulated its derivation for
any L, - norm.
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3 General Approach
Our aim 1s to define a subset function s
s 1 O—pP)
p(P) =

which maps the observation vector ¢ on a subset P,
of “near” prototype vectors #. We then arrive at the
reduced task:

power set (set of all subsets) of set P,

F* = argmin d(7,0) (2)
FePs

P C P

P, = s(d).

P, does not necessarily contain the true nearest
neighbor 7 °?*| thus our goal is to design the subset
function s such that 7 °?* will very likely be included
in Ps.

We construct the map s as follows: Let Bbe a set
of discrete values and

¢ : RP -B? xR”

a “quantization” function. The subscript ¢ denoting
“quantization”, this can be written as ¢ : O — O,.
So G, := ¢(&) is a vector with D discrete components
and F additional continuous components, containing
information about the original vector o. ¢ induces a
map P — Py, where Py = ¢(P), as well as a map
7" : p(Py) — p(P), such that

M) = {FfeP:q(f)e M} (3)

Now we define a subset function s, in the O,-space.
s + Og— p(Py)
54(0g) = {7y €Py: h(G,,7y) < t(3,P)}.
Here the function 4 is a distance function in the space
O,, with low computational complexity, £ is any real

valued thresholding function. s is now defined via
the following diagram:

s 0 2 g
lq 1q¢*
Oq I p(PQ) )
Sq

or more explicitly

(3 = {FeP:h(g(d),q(R) < 13 P)}.

Once the subset P; is given, we apply an optimal
nearest-neighbor search within P, to find 7 *.
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4 The HDA Algorithm

For the proposed Hamming Distance Approximation
(HDA) algorithm the functions g, h,t are defined in
the following way? :

= 1
= {-L,1}

: RP - {-1,1’ xR
[sign(z1), ..., sign(zp), || 21"
= ¢(9)

= q(7)

r

ID+1 —YD+1

r

+(1 = bay)

beg = Y %.

CT =Y

Zp4+1 + Yp41

A motivation for these definitions is given below:
Let € O and 7 € P. Their L, distance is:

D 1
o= = Q_loe—rel")*. 4)

For the position of a vector & in the feature space
we can write:

5 = 505+ a5, (5)

where 5(6) = [sign(o1), ..., sign(op)]T . Reformulat-
ing (4) we arrive at:

67 = Trte
1 = Nl gl
7 = 5ol -seld]
< fladl+ A,

After some computations we get for dsp:

r

i = aar|lAll = 1711] + (1 = gar)| Nl + 17| (7)
where
1
@ o= Y, 7 o USaw<l
€¢:0e7:>0

Note that the term D - gz can be derived simply by
computing the Hamming distance of the two code
vectors §(&) and S(7). In speech recognition we often
use Laplacian or Gaussian probability density func-
tions. To show how the approximation (7) works,
we derive the corresponding equations for » = 1 and
r = 2. For Laplacians (r ='1) we approximate:

18115 + 1711z = 2gzzmin({lal1, [|71]1)-

Zsign(z) = —1if £ < 0, sign(z) =1ifz >0

- 1
lo—7ll, =~
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For Gaussians (r = 2) we use:

157y =~ 11315 + 1713 — 2(2457 — Dol ||7]2-

Thus using only the norms ||5]], ||7]| of the two vectors
together with the value ¢z we get an estimate for the
true distance |6~ 7]|. Note that the above equations
contain nothing but the special distance measures in
the O, space, defined in the previous section.

The estimation (7) can be used in several ways to
derive fast and inexpensive nearest-neighbor search
algorithms.

5 Combining the HDA Idea
with the RJE Algorithm

In [1] we published the RJE algorithm — a fast
triangle-inequality based nearest-neighbor search al-
gorithm. It was derived from the AESA [4] and
adapted to our setup, with 32 to 120 component den-
sities per mixture density and a feature space dimen-
sion of D= 30,...,60. Unfortunately, this algorithm
requires a memory of w distances. Thus we are
concerned with the problem of reducing these mem-
ory requirements, while keeping up the performance
of the nearest neighbor search.
Let &, ¢, 2 be D-dimensional vectors in a metrical fea-
ture space with distance function d(Z, §). The trian-
gle inequality can be written as |d(Z, §) — d(¥, 2)| <
d(Z, 7). Let d(3, 5) be the distance between the obser-
vation &'and prototype §, d(7, 5) the distance between
prototypes § and 7, and dp;, the current nearest-
neighbor distance.

Suppose all d(7, 5) are known.
If|d(3, 5)—d(7, 8)| > dmin holds, than d(5,7) > dmin,
and prototype 7 cannot be the mearest neighbor, i.e.
it can be eliminated without distance computation.
To further increase the number of eliminated proto-
types the triangle inequality can be tightened by a
so-called ’looseness’ parameter L, [7],[1]:
If |d(3,3) — d(7,5)| + L > dmin holds and L is close
to zero, T 1s probably not the nearest neighbor, i.e. it
will be eliminated without distance computation.
This led to a suboptimal but well-performing version
of the algorithm.
To reduce the memory demands of this technique, we
discarded the mutual distances of all the prototypes,
but used the distances of the prototypes to the ori-
gin 0. Suppose all d(7, 6) = ||7]| are known. For each
observation vector compute d(0, 0)
7 14(5.0) — 0 = 161 ~ 71| > i holds
|d(6,7)| > dmin, and prototype 7 cannot be the near-
est neighbor, i.e. it can be eliminated without dis-
tance computation.
Of course an elimination technique only based on the
norm of the compared vectors is too weak and can-

not work effectively enough. Hence we again have to.
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tighten this inequality by a looseness value L.
Ifé(6,7) = , ltell — 1171 | + L > dpin holds and L is
suttably chosen | ¥ is probably not the nearest neigh-
bor, i.e. it will be eliminated without distance com-
putation.

At this point we have to discuss the choice for the
value L. We know from geometrical considerations
that 0 < L < 2min(}}4]], [|#}) is the only useful choice
for L. Thus we can write with 0 < vy < 1

L 2min|laf], [|1])y
(1ol + 17 = el = 1711 )
6(6,7) (=2t = 17 [+ y(lIall + (171D

Now we have to determine the value v, which ac-
tually depends on the unknown angle between the
observation vector ¢ and the prototype vector 7. Ob-
viously v = 0, if this angle vanishes and v = 1, if 7
points into the opposite direction of 6. We approxi-
mate v by the value v &~ 1 — ¢z, with ¢z7 defined in
(7). Thus we arrive at:

86,7 = aarllloll = NI+
(1 = ga=)(lIo]] + 1I71)- (8)

The estimated distance §(0,7) is composed of the
norms of the vectors 6 and 7 and the sign difference
between these vectors, which can be computed very
efficiently. This estimated distance §(5,7) can now
be used to eliminate the prototype 7, based on the
RJE techniques. Note that for an L; norm, i.e. for
Laplacian densities, the above approximation (8) is
equal to the HDA (7).

6 Experimental Results

In our system the likelihood computation is orga-
nized in two different ways. One way is to compute
the likelihoods of all HMM states for all observations,
regardless wether they are needed during the search
or not. This is efficient if most of the HMM states
are involved in the search, which mainly depends on
the number of different states. The second way is
to compute the likelihood of an HMM state for an
observation only, if it is needed during the search for
the sentence hypothesis. We call this approach “like-
lihood computation on demand”. It is particularly
efficient for triphone-based large vocabulary speech
recognition systems.

Table 1 shows the performance of the HDA algorithm
on the adult speakers’ portion of the TI/NIST Con-
nected Digits Recognition Task. To train the system,
LDA [8] and clustering techniques [9] were applied.
The recognizer is composed of 20k densities (32 den-
sities per HMM state) and 30k density weights. The
table shows that the overall search time could be re-
duced by a factor of 2.5 without any increase in the
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string error rate (SER). The HDA was applied to our

TI-digits | K.s; | recognition | SER [%]
time [%)]

FULL+OD | 32 100 0.81

HDA4+OD | 8 38 0.81

Table 1: Results for K = 32 with

K number of mixture components

Kcf; number of computed distances

OD (distance computation on demand)
FULL (exhaustive search),

PD (Partial-Distance Algorithm [1]) and
RJE (Recall Jump Eliminate Algorithm [1})
HDA (Hamming distance approximation)

German speaker-dependent CD-HMM system with a
vocabulary of about 18k words. For details on the
system, see [1]. Table 2 shows that the likelihood
computation runtime could be sped up by a factor of
up to 10 without any significant performance degra-
dation. The overall search time could be reduced by
a factor of 2.4. We applied the HDA approach to

German Kepp | likelihood comp. | word
18k words runtime [%)] errors {%]
FULL 120 100 14.7

PD 96 75 14.7

RJE - 49 14.7
HDA 6 12 14.7
HDA 5 10 14.9
Table 2: Results for K = 120

our WSJ-system. For details on this system, see [10].
On the male portion of the 5k WSJ task, first tests
confirmed a speed-up of the overall recognition by a
factor of at least 2 (Table 3).

in [1]. The performance of the approximation pro-
cedure was validated on the adult’s part of the TI
digits database, where the overall recognition run-
time could be reduced by a factor of 2.5. Thus the
HDA is a powerful approximation technique for fast
log-likelihood computation and sentence decoding in
CD-HMM-based speech recognizers.
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7  Summary

A fast Hamming-distance based approximation pro-
cedure has been introduced for the log-likelihood
computation of CD-HMM’s. The log-likelihood com-
putation runtime is accelerated by a factor of 10
without any significant increase in the word error
rate of our German large-vocabulary system. This
is a notable improvement, in particular when com-
pared with the PDBP and RJE algorithms, studied
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