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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 vocab-
ulary continuous-speech recognition system it consumes 50%
- 75% of the computing resources.

In our system the log-likelihood computation amounts to a
nearest-neighbor search, i.e. to a search for the component
density of a mixture density whose mean vector has a mini-
mal distance to the observed feature vector.

Fast nearest-neighbor search techniques based on the tri-
angle inequality are very powerful if the dimension of the
feature space is lower than about 10. However, a direct ap-
plication of these techniques is prohibitive in our framework
which is characterized by a high-dimensional feature space
and a small number of component densities per mixture den-
sity. In a typical setup we have 120 component densities per
mixture density and a dimension of 63.

This paper

o introduces an efficient nearest-neighbor search algo-
rithm adapted to the conditions of a high dimensional
feature space and sparse data,

e gives a theoretical explanation and an experimental
validation for the constraints of fast nearest-neighbor
search techniques in a high-dimensional space.

1 Introduction

The acouslic modeling in the Philips large vocabulary
continuous-speech recognition system [3],[4] is based on con-
tinuous mixture density hidden Markov models.

The likelihood of the observation vector & is given by

K
p(8) =Y w(k) - p(elk),
k=1

where w(k) is the weight of the k-th Laplacian mixture den-
sity component. After scaling we arrive at component den-
sities with a pooled, scalar variance. Replacing the sum
of probabilities by the maximum and taking the logarithin
we obtain the nearest-neighbor rule for the log-likelihood

log(p(5)):
log(p(6)) = A — min{d(Z, d(k)) — logw(k)|k = 1,..., K},

where A is some constant and d(#,@(k)) is the city-block
distance (L1-Norm) between scaled observation vector & and
scaled location vector d(k). We now define
g- o= @,0)
GO @k)", —log w(k)),

i
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and we denote 7(k) as prototype k. Then we get

I(Z)

i

min{d(7,7(k)) : k=1,.., K}
D+1

a(§, #(k)) 37 e = relk)1.
e=1

]

The task is now to find the prototype k nearest to the ob-
served feature vector § in an efficient way.

2 Description of Distance Compu-
tation Algorithms

2.1 The Recall-Jump-Eliminate-Algorithm

We first describe the triangle-inequality-elimination tech-
nique [1}. Let &, §, Z be (D+1)-dimensional vectors in a met-
rical feature space with distance function d(Z,y). The trian-
gle inequality can be written as |d(Z, %) — d(¥, )] < d(Z, 2).
Let d(&,s) be the distance between the observation & and
prototype s, d(i,s) be the distance between prototypes s
and ¢, and dp,in the current nearest-neighbor distance. As-
sume all d(¢, s) are known. If |d(Z, s) — d(i, s)| > dmin holds,
|d(Z,1)| > dmin, and prototype ¢ cannot be the nearest neigh-
bor, i.e. it can be eliminated without distance computation.
To reduce the overhead produced by unsuccessful elimina-
tion trials the following technique is introduced.

1. Fast elimination

Within each HMM-stale do: For each prololype v com-
pute a list L, containing the distances to all the other pro-
tolypes, soried by ascending distance. After the distanc.
computation of the prolotype i to the observation &, =p-
date the muniimum dislance duyy and compute the two dis-
tance bounds dy = d(Z,1) + dmin and di, = d(£,7) — dpin.
Then scarch on the list L; of prototype i for the first proto-
type jr with d(j,1) > dy and for the last prototype jy wilh
d(jgr, i) < dy. As only list elements between ji and jy are
possible nearest-neighbor hypotheses, ecliminate the others.
The search strategy of the algorithm is as follows:

2. Recall-and-Jump

The search for the nearest neighbor to the observation &, (n
denotes a time index) starts with the nearest neighbor of the
previous observalion Ty ("Recall”).

In a preprocessing step the prolotypes are ordered according
to their pairwise distance. For each prototlype the mazimum
distance dy, to all the other prototypes is computed. The pro-
totypes are ordered according to d,. The search starls with
those prololypes that have a maximal dy,, i.e., a mazimal
pairwise distance (" Jump”).

The above described algorithm was introduced in [6] and
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| | runtime R | word error rate [ looseness L |

FULL | 1.00 22.82 0.0 (exact)
PD 0.83 22.82 0.0 (exact)
RJE 0.68 22.82 0.0 (exact)
RJE 0.60 22.87 0.2

RIE 0.52 22.70 0.4

RJE 0.43 23.80 0.6

Table 1:  Resulis for N=30 with

FULL (straightforward exhaustive full search),
PD (Partial-Distance Algorithm) and
RJE (Recall Jump Eliminate Algorithm)

is called RIE (Recall-Jump-Eliminate).

3. Looseness

To further increase the number of eliminated prototypes
the triangle inequality can be tightened by a so-called
"looseness’-parameter [:

If [d(&,s) — d(i, 8)| > dmin — ! holds and 1 is close to zero,
one would expect that prototype ¢ is not the nearest neighbor,
t.e. it will be eliminated without distance compulation.

This leads to a suboptimal but well performing version of
the RJE.

2.2 The Partial-Distance Algorithm

The partial distance of two vectors is defined as the sum of
the first ¢ contributions (1 < ¢ < D + 1) of the vector com-
ponents to the distance of the two vectors.

In lesting a new prototype, the prototype is rejected without
completing the distance calculation if the partial distance ez-
ceeds the current minimum distance [5].

The search for the nearest netghbor to the observation &,
starts with the nearest neighbor of the previous observation
Tp—1-

3 Experimental Results

The aim of the application of the previously described al-
gorithms was to improve the nearest-neighbor search in our
baseline system. The test set consists of 30 min of speech
material. The feature space dimension is D = 63. In the first
setup there are about N = 30 prototypes in each of the 127
HMM-states. In the second setup there are about N = 120
prototypes in each of the 127 HMM-states. Results for dif-
ferent looseness-values | are given in table 1 for N = 30 and
in table 2 for N = 120, were R and L are defined as:

runtime of the nearest-neighbor search
runtime of an exhaustive full nearest-neighbor search

R =

looseness value 1 (to tighten the triangle inequality)
~ mean distance of training observations and prototypes’

The results show that we could find a well performing but
suboptimal nearest-neighbor search for our setup. However,
it is important to know the constraints of a fast nearest-
neighbor search under certain conditions. Therefore the next
section shows how the dimension and number of prototypes
influence the performance of the nearest-neighbor search.
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[ | runtime R | word error rate [ looseness L |

FULL | 1.00 14.67 0.0 (exact)
PD 0.83 14.67 0.0 (exact)
RJE | 0.58 14.67 0.0 (exact)
RJE | 049 14.69 0.2

RIJE | 0.36 15.04 0.4

RJE 0.32 15.68 0.6

Table 2: Results for N=120

4 On the Theoretical Bounds of a
Fast Nearest-Neighbor Search

To show how the dimension and number of prototypes in-
fluence the performance of a nearest-neighbor search we de-
rive an expression of the m-th order moment E(;d;-)"‘ of the
distance ratio of the nearest-neighbor distance d; and the
farthest-neighbor distance dy to the observation vector.
Let a3, ..., dy be independent and identically distributed pro-
totype vectors in a D-dimensional real-valued feature space
RP with probability density function h{d@). Let B(&,r)
be a Ball in R? with radius r, i.e. B(&r) = {FeRP :
¥ — #|| < r}, where ||.]] is 2 given norm. Now we define
CE,r) = fB(f,r) h(§)dy. We call C(Z,r) the coverage of
the region B(Z,r). C(&,r) is the probability that a proto-
type @ will fall into the closed Ball B(Z,r). In the following
we assume that the a; are sorted by d1 < d3 < ... < dy,
with d; = ||&; — Z}|. Since the ¢ are random vectors, the
Cy = C(&,di) are random values. Based on [7] it can be
shown that their joint probability density function is given
by

fc(Cl,...,Ck) = (_NNT’LT(l - Ck)N—k.

Now we compute the expected value E(g—:)", I<k :
Let C = {(Cl,...,Ck) | 0 S Cl S Oz S S Ck S ].}
Then we can write

C
E(—C—;)o’ = /(zc::)afc(cl,,..,ck)dcl.udck.
¢

After integration we obtain

_ T+ a)r(k)

RCETINO (1)

Note that E(%)O‘ is independent of N. Based on the ex-
pected coverage ratio in (1) we want to find an expression
for the expected distance ratio E(g:)"‘.

Let us assume that h ¢ C2(RP,R). Then we can write

hE) + Vh(E)T — &) +
1 t
(f— ) (/0 /0 H(E+s[f— a‘:’])dsdt) (7- 57,

W) =

were the elements of matrix H are defined by

Hy (%) = é—l—"—;—]/z(i‘) Integrating over B(&,r) we get
C(Z,r) = V(& r)h(Z)(1 + O(&,r)) , with
V(Zry= fB(a‘:‘,r) dj , and

@-0)([} [ (@ +slg-Ddsat)(7-2)7 df
V(&,r)(Z) ‘

fD(i,dk)

O(F,r) =
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So,

G _ V(Ed)(1+0(F di)) @)
Cr ~ V(& di)(1+ O(&,di))

Since V(&,7) = Kp - r? holds !, we find

o] cl{D(l + @(5, d())

ey s P e (3)

Cr  dP(1+O(%,di))

4.1 Influence of Dimension and Number of
Prototypes

The statistical structure of the data is {ully included in the
term ©(&,d). If the matrix H is small enough we have
O(&,d) ~ 0 and the influence of the structure of the data
vanishes. From (3) and (1) follows:

C

BI(™ = Bl ()
T+ 20K
= eI ®

For mean and variance of the distance ratio Id,f,‘ of the nearest
neighbor and the farthest neighbor to £ we obtain:

di, _ I+ )W)
o Wr(N+D) (6)
Ldy, T+ Z)N(N) T+ BN
Varlgdl = 1*(NZ~%) “( r(ND+§) ) @

The most important conclusions can be derived for D > 1.
In this case we can approximate
~ (&) 0
0

Var [——] ~ , )

i.e. the N prototypes will fall in a thin shell around the
point £ The ratio of the innel shell-radius and the outer

shell-radius is given by ( )75 Figure 4 shows a plot of (8)

with e(N, D) = E[—:I-] for different values of dimension D
and number of prototypes N.

4.2 Discussion and Experimental Valida-
tion

4.2.1 Discussion

The search effort for a nearest-neighbor search depends di-
rectly on the distance ratio g*. If this ratio is small we
find prototypes near to the observation & and prototypes far
from the observation. Hence, the nearest-neighbor search
can perform well. However, if —*‘- = 1, almost all pxototypes
can be found on a sphere arounc(V the observation vector #. In
this case all distances had to be computed to find the near-
est neighbor. Given the assumptions in the previous section
and the derived equations (6) and (7) we can draw following
conclusions:

1 K4 is some konstant
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component J feature I feature region |

1..30 spectral intensities 1 static
31 energy W static
32.. 46 first derivatives of I dynamic
47 first derivative of W dynamic
48 .. 62 second derivatives of I | dynamic
63 second derivative of W | dynamic
Table 3: Feature vector

dimension D | static region | dynamic region |

2 8% 12%
4 9% 15%
8 11% 25%
16 17% 42%
32 24% 53%
Table 4: Rate E of computed distances versus

dimension and feature region of the
{eature vectors

o In a setup with large N and small D (D < 10) , e.g.
vector quantization, nearest-neighbor search investiga-
tions are promising, since we have a moderate distance
ratio.

e In a typical mixture-density setup with small N and
large D we cannot find a universal efficient nearest-
neighbor search algorithm. Le., well-performing
nearest-neighbor search techniques are expected to be
strongly data-dependent.

The above equations were derived under the assumption that
the term ©(&, ) vanishes. Since ©(Z, r) includes all informa-
tion about the probability density (&), the above equations
(6) and (7) do not include any information about the real
speech data. However the following experiments will show,
that we find the described characteristic behaviour in the
case of real data, too. What we want to show is

e that with increasing dimension D the number of dis-
tance computations increases

e that with increasing number N of prototypes the num-
ber of distance computations decreases.

4.2.2 Experimental Validation

In our setup the feature vector dimension is D = 63. Table
3 shows the structure of our feature vectors.
Define rate V' as

E= number of computed distances
- number of prototypes

The figures 1, 2 and 3 and table 4 show the behavior of
the algorithms PD and RJE.

e Tig. 1 demonstrates that rate £ increases monotoni-
cally with the feature space dimension.

e The influence of the number of prototypes within a
HMM-state is shown in fig. 2. The rate E decreases
with an increasing number of prototypes.

o In the next experiment (table 4) different feature sub-
sets of the feature vectors were considered. The rate
E as a function of dimension D has the same charac-
teristic course in both feature regions (compare fig. 1,
influence of dimension). In the dynamic feature region,
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dimension D
Figure 1: Rate E of noneliminated prototypes
versus dimension
1 - static feature region
2 - dynamic feature region
3 - static + dynamic feature regions
1 T v
our framework
0.8
m L]
o 0.6 PDBP
© 0.4}
N
I RJE
0.2 f TrT— e
D = 63
0 . . .
0 1000 2000 3000 4000
prototypes in the merged HMM-state
Figure 3: Rate E of computed distances

versus number of prototypes
within joined HMM-states

it increases more rapidly with the dimension. Hence,
the influence of the term ©(&, r) is obvious, if we com-
pare the two feature regions.

¢ The combined influence of the structure of the feature
space and the number of prototypes is shown in fig.
3. During this experiment, an increasing number of
prototypes of different HMM-states was merged into
one set of prototypes.

5 Conclusion

Different approaches for a fast log-likelihood computation
in a large vocabulary speech recognition system have been
studied. The system is characterized by a small set of proto-
types per HMM-state and a high-dimensional feature-space.
The nearest-neighbor search runtime could be reduced by
50%-60% without introduction of additional recognition et-
rors using a suboptimal version of our RJE-algorithm. The
latter fits very well into the conditions of sparse data and
high-dimensional feature-spaces.

The RJE-algorithm searches for the nearest neighbor only
within the given mixture density. Hence, other techniques
based on the whole density inventory, e.g. the vector quan-
tization approach in [2], could be combined with the RJE
to further decrease the computational resources required for
the log-likelihood computation.

Using the theory of nonparametric density estimation, it was
shown that with increasing dimension and decreasing num-
ber of prototypes the performance of an optimal nearest-
neighbor search decreases. The influence of these factors on
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1
0.8
m 0.6
©
o
o 0.4
0.2 {+ PDBP 3
* RJE
0 . . . . . .
20 40 60 80 100 120
prototypes within the HMM-state
Figure 2: Rate E of noneliminated prototypes
versus number of prototypes
within the HMM-state
Figure 4: Distance ratio e(N,D) of the nearest

neighbor and the farthest neighbor
given by equation (8)

the number of distances that must be computed during the
nearest-neighbor search was experimentally validated.
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