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Abstract
The Automatic Speech Recognition (ASR) – the process of con-
verting spoken words to computer-intelligible information, also
known as speech-to-text, or speech recognition – is used for
control of various devices (i.e. car, computer, mobile phone,
etc.). The most popular algorithms implemented in these ar-
chitectures are based on statistical methods - Hidden Markov
Models (HMM). There is a hierarchy, which sorts elementary
stages of speech recognition. Elementary levels can be repre-
sented by weighted finite state transducers. Thus by using some
FSM toolkit (i.e. AT&T FSM toolkit), we are able to obtain a
common method how to optimize this automata and compose
into the recognition network. Main usage of the FSM toolkit
for the Czech language has not been used by now. This work
explores feasibility of AT&T FSM toolkit used together with
HTK for the Czech language and compares results in the speed
of recognizers based on the FSM and results obtained using just
HTK toolkit.

1. Introduction
Common ASR system can be split into several finite state
components at different levels. From the highest level: Lan-
guage modelling, lexicon, transformations context-independent
phonemes into context-free ones and mapping HMM’s states
into HMMs. This elementary components can be realized by us-
ing Weighted Finite-State Transducers - WFSTs [1]. The whole
network, which should be able to map elementary components
(HMM states, or HMM models) into the sequence of words
is calledRecognition Network - RC. The RC can be created
by composition and optimization above written WFST parts.
Just this optimization is marked as the main advantage of FSM
methods in the present.

2. WFST as Recognition Network
2.1. Introduction to FSM

The definitions of the objects presented in this section are given
in the most general case and depend on the algebraic structure
of a semiring[3]. Semiring(K,⊕,⊗, 0̄, 1̄) has two associative
operations⊕ and⊗ over the setK, they have identities̄0 and1̄,
thus, that

0̄⊕ a = a⊕ 0̄ = a
1̄⊗ a = a⊗ 1̄ = a

a ∈ K . (1)

By log of the semiring(R, +, ., 0, 1) can be obtained
the log semiring (R+ ∪ {∞}, ladd, +,∞, 0). When log
probabilities are used and a Viterbi approximation is as-
sumed, the appropriate semiring is atropical semiring(R+ ∪
{∞}, max, +,∞, 0).

2.2. Weighted Transducers - WFST

A WFST
T = (Σ, Ω, Q, E, i, F, λ, ρ) (2)

over the semiringK is given by aninput alphabetΣ, anout-
put alphabetΩ, a finite set of statesQ, a finite set oftransitions
E ⊆ Q × (Σ ∪ {ε}) × (Ω ∪ {ε}) × K × Q, an initial state
i ∈ Q, a set offinal statesF ⊆ Q, an initial weight λ and a
final weight functionρ.

A transition t = (t−, li(t), lo(t), w(t), t+) ∈ E can be
represented by an arc from thesource statet− to thedestination
statet+, with the input label li(t), the output labello(t) and
the weightw(t), which is often represented by the negative log
probability in the ASR.

A path inA is a sequence of consecutive transitions, where

t+i = t−i+1, i = 1, . . . , n− 1 . (3)

Transitions labeled with theempty symbolε consume no in-
put. A successful pathπ = t1 . . . tn is a path from the initial
statei to a final statef ∈ F . The label of the pathπ is the
result of the concatenation of the labels of its constituent transi-
tions l(π) = l(t1) . . . l(tn). The weight associated toπ is the
⊗-product of the initial weight, the weights of its constituent
transitions and the final weightρ(t+n ) of the state reached by

w(π) = λ⊗ w(t1)⊗ w(t2)⊗ · · · ⊗ w(tn)⊗ ρ(t+n ) . (4)

A symbol sequencex is mapped intoy by T , if there exist
a pathπ labeled withx. Thus the output label of the path is the
concatenation of output labels of its transitions.

li(π) = x, lo(π) = y . (5)

Fig. 4 below represents a toy pronunciation lexicon as a
mapping from phone sequences to words in the lexicon, in this
example ”̌ctyři” and ”dva”, with probabilities representing the
likelihood of alternative pronunciations.

2.3. WFST Operations

There are various operations between WFST [1, 4]. Only most
relevant operations for ASR will be described in this paper. De-
scriptions of all operations can be found in [7], or in the manual
of some FSM toolkit.

2.3.1. Composition

The composition of two transducersR andS

T = R ◦ S (6)

has exactly one path mapping sequenceu to sequencew for
each pair of paths: The first inR mappingu to some sequence
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v and the second inS mappingv to w. The weight of path in T
is the⊗-product of the weights of the corresponding paths inR
andS [4].

Composition is useful for combining different levels of rep-
resentation called arecognition networkThe composition (6) of

R :
0

1a:b/0.100

2
b:a/0.200

c:a/0.300

3/0.600

a:a/0.400

b:b/0.5

S :
0 1

b:c/0.300
2/0.699

a:b/0.400

a:b/0.600

T :

(0,0) (1,1)
a:c/0.400

(1,2)c:b/0.700

(3,2)/1.299a:b/0.800

c:b/0.900

a:b/1

Figure 1:Two WFSTs composition example

transducersR andS has pairs of anR state and anS state as
states, and satisfies the following conditions:

• its initial state is the pairs of the initial statesR andS

• its final states are pairs of final states ofR and final states
of S

• there is a transitiont from (r, s) to (r′, s′) for each pair
of transitionstR from r to r′ andtS from s to s′ such
that the output label oftR matches the input label oftS

The transitiont takes its input label fromtR, its output label
from tS , ant its weight is the⊗-product of the weights oftR and
tS . Transitions withε labels inR or S must be treated specially
as discussed elsewhere [7].

In Fig. 1 is shown an example of composition of two trans-
ducers [4]. A tropical semiring is used here, thus weights are
added.

2.3.2. Determinization

A weighted transducer isdeterministicor sequentialif and only
if each of its states has at most one transition with any given
input label [4]. Fig. 2 shows an example of determinization
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Figure 2:Determinization of the lexicon example

for the lexicon of numerals. Thus the determinization ensures
uniquely input label for transitions from each state. This will
approves by decreasing of number of states.

There is achieving lowest weight of a successful path for a
weighted transducer [4]. Determinization is the identical oper-
ation, thus the automaton after determinization isequivalentto
the automaton before determinization.

Two weighted transducers are equivalent if they associate
the same output sequence and weights to each input sequence.

The distribution of weights or output labels along the paths
needn’t be the same in the two equivalent transducers. The time
complexity is proportional ton2, wheren is number of states.

In contrast to unweighted case, not all weighted automata
can be determinized. Fortunately most wighted automata used
in speech processing can be either determinized directly, or eas-
ily made determinizable by a simple transformation [4]. In par-
ticular, any acyclic weighted automaton can be determinized.
The algorithm description in detail can be found in [1].

2.3.3. Minimization

Any deterministic automaton can beminimized. The resulting
weighted automatonB is equivalent to the automatonA, and
has the least number of states and the least number of transi-
tions among all deterministic weighted automata equivalent to
A. Weighted minimization is quite efficient. Its time complex-
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Figure 3: Minimization of the determinized lexicon example
from the Fig. 2

ity is the same as that of unweighted case:m + n in the acyclic
case, andm log n in the general case, wherem is number of
transitions andn is number of states. The algorithm of weighted
minimization require an operation calledweight pushing[5] be-
fore main minimization. Fig. 3 shows example of minimizing
of the determinized lexicon from Fig. 2.

2.4. Recognition Network

By the recognition network, also called asrecognition cascade
we assume [2]

H ◦ C ◦ L ◦G . (7)

2.4.1. Grammar WFST -G

The grammar is automaton which maps the likelihood of words
sequence. The grammar can be created either by hand (in voice
control case - Fig. 4), or by using any long texts without ef-
fecients. The automaton created from a long text is calledn-

0 1
<sil>:<sil>/1

2dáma:dáma/0.5

4
jezdec:jezdec/0.5

5

na:na/0.5

na:na/0.5 3
e/1

6pět:pět/0.5

7
čtyři:čtyři/0.5 8

<sil>:<sil>/0.5

<sil>:<sil>/0.5

Figure 4:Simplified grammar example for a Czech chess game

gram, wheren is the history of previous words. For example
for n = 2 and two wordsw1 andw2 will G looks as shown
in Fig. 5a. AP (w) means the likelihood of the wordw occur-
rence andP (w1 | w2) means the likelihood of the sequence of
wordsw2, w1 occurrence. In practice, special states are used
(start, exit andback-off) as it shown in the example 5b.

2.4.2. Lexicon WFST -L

A lexicon transducer maps an input sequence of phonemes into
words and it can consider an alternative pronunciation (simpli-



a)

0

1w1:w1/P(w1)
2

w2:w2/P(w2)

w1:w1/P(w1|w1)

w2:w2/P(w2|w1)

w1:w1/P(w1|w2)

w2:w2/P(w2|w2)

b)

0

2/0

dva:dva/0.442

3/0

jedna:jedna/0.671

<eps>:<eps>/4.342
dva:dva/0.932

jedna:jedna/0.833

4!EXIT:!EXIT/0.133

<eps>:<eps>/4.342

dva:dva/0.801

jedna:jedna/1.048

!EXIT:!EXIT/0.124
1/0

<eps>:<eps>/2.672

dva:dva/0.174

jedna:jedna/0.480

Figure 5: a) - common representation of bigram of two words
w1 andw2; b) - bigram example for the practice usage (gener-
ated by HTK toolHLStats )

fied example for two Czech words is show in Fig. 6).
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č:čtyři/0.5

š:čtyři/0.5

6

d:dva/1

2
t:<eps>/1

7
v:<eps>/1

3
i:<eps>/1

4
ř:<eps>/0.5

r:<eps>/0.5
5

i:<eps>/1

8
a:<eps>/1

Figure 6:Lexicon example

2.4.3. Context-Dependency WFST -C

A context-dependency transducer maps a context dependent
phonemes (triphones) into context free ones. The transducer
hasn2 + n + 1 states andn3 + 2n2 + n transitions in tri-
phonics case, wheren is the number of phonemes. Context-free
phonemes (for silence and short-pause modelling) are preserved
as it shown in Fig 7. For a lucidity is shown in Fig. 7 a context-
dependency transducer for two phonemes only.

0

<sil>:<sil>
<sp>:<sp>

1

a:a/<eps>_<eps>

2

b:b/<eps>_<eps>

3a:a/<eps>_a

4b:b/<eps>_a

5

a:a/<eps>_b

6

b:b/<eps>_b

<sp>:<sp>

<sil>:<sil>

<sp>:<sp>

<sil>:<sil>

a:a/a_<eps>

a:a/a_a

a:a/a_b

a:a/b_<eps>
a:a/b_a

a:a/b_b

b:b/a_<eps>

b:b/a_a

b:b/a_b

b:b/b_<eps>

b:b/b_a

b:b/b_b

Figure 7:Context dependency transducer example; for simplic-
ity only two phonemes ”a” and ”b” are shown. For example
an input sequence ”a b a b” will be maps to ”a/ε b b/a a a/b a
a/a ε” and opposite by applying the inversion operation on this
automaton

2.4.4. HMM WFST -H

HMMs were described in details in previous section. A HMM
transducer must contain all context-dependent models used in
grammar. Negative logarithms ofai,j coefficients of elemen-
tary HMMs are used here as weights. In more extensive sys-
tems case we can use about 10000 models. An example of two

0

1
<eps>:<sil>/0

5
<eps>:<sp>/0

6/0<eps>:<sp>/2.716

<sil>#0:<eps>/0.178

3

<sil>#0:<eps>/2.329

2
<sil>#0:<eps>/2.712

<sp>#1:<eps>/0.178

<sp>#1:<eps>/2.712

<sil>#2:<eps>/3.599

<sil>#2:<eps>/0.060

4/0
<sil>#2:<eps>/3.455<sil>#1:<eps>/2.716

<sil>#1:<eps>/0.068

Figure 8:Two HMMs for context-free phonemes ”short pause -
sp” and ”silence - sil”

HMMs is shown in Fig. 8.

2.5. Creating optimized Recognition Network

Optimized form of the RN can be obtained as

min(det(H ◦ det(C ◦ det(L ◦G)))) . (8)

Simplified example of RN is shown on the figure 9a. In
practice this RN can be optimally created from elementary com-
ponents by the AT&T tooldmake.

3. Main Recognition
3.1. Computing Observation Probabilities

The input speech signal is parametrised into several coefficients
per frame (frame length is usually between 16 - 35ms). The
vector of this coefficients is called asobservation vector- o.

For the ASR by composition of FSMs, WFST of observa-
tion probabilitiesbij is needed. If logarithms of probabilities
are used, then

ln bj(o) =
PS

s=1 γs

FM
m=1“

ln csm + ln wsmk −
Pns

k=1(osk − µsmk)2 1
2 rsmk

” , (9)

where

• o = [o1 o2 ... on]T is the observation vector

• µ = [µ1 µ2 ... µn]T is the vector of means

• r = [r1 r2 ... rn]T is the vector of dispersions

• wsmk = 1√
(2π)ns

Qns
k=1 rsmk

• S, or M is the number ofstreams, or mixtures
respectively[6]

• csm, or γs is the weight for them-th mixture, or weight
for thes-th stream respectively

•
FN

i=1 ai = ln
PN

i=1 eai .

To create WFST of observation probabilities, for each obser-
vation o computing− ln bj(o) for all states is needed. Thus
we will obtain the similar WFST, as is shown in Fig. 9a. This
WFST represents all possible representation of elementary ob-
servations.

3.2. Composing with the RN & find the Best Path

By composition of WFST described in several lines above and
RN WFST, thefeed-forwardWFST is obtained. An example of
this process is shown in the Fig. 9. The most probably hypoth-
esis of the recognized utterance can be found as the best path
within the feed-forward WFST. In practice, use the AT&T tool
drecog for this process is recommended.
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Figure 9:a) WFST of observation probabilities - simplified for 3
observations and 7 states only; b) RN example; c) composition
of previous two examples - feed-forward WFST (modified for
the better understanding)

4. Results
4.1. Data for testing

All HMM models has been trained using HTK toolkit [6] and
the speech databaseSPEECON(550 peoples, approx. 200
hours) from CTU FEE. Used HMMs has been trained on 99
peoples (approx. 33 hours). For the parametrisation of data
32ms length of frame, hamming window, 39 coefficients (en-
ergy + 12 mel-cepstral coef., their 2nd and 3rd differences) per
frame has been used. For the time-saving of all tests the HMM
models with 1 mixture has been used.

4.2. Time of Recognition Process

91 peoples-utterances (approx. 800 words) of Czech numer-
als with some alternative pronunciation has been used for the
test. The grammar has been created as the bigram (51 states,
470 arcs). Main parameter for the test is the cost of pruning.
Whereas in the Fig. 10a pruning cost means pruning of obser-
vation probabilities WFST before the composition, in the Fig.
10b pruning cost means pruning during the composition and
searching the best path - it leads to the fast algorithm. Thus
this characteristics are different. For the comparison the HTK
recognition toolHVite is the recognition time 22 sec and cor-
rect words score 82.53%.

5. Conclusions
The fully optimized recognition network is prepared here for
the next composition with the observation probabilities WFST
and find best path. It leads to less spacious and time complexity
of the recognition network.

The context-dependency transducerC transforms context-
independent phonemes into context-free ones. Thus the
time saving is better here than classical methods of mapping
phonemes.

A distribution of weights in the HTK lattice could to lead
to less effective searching of the best path. The operation called
weight pushinginside the AT&T FSM toolkit can eliminate that.

According to the tests the HTK toolHVite seems to be
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Figure 10:Recognition time & correct words on pruning cost
dependencies a) - byfsmcompose - slow method, pruning
here means pruning of WFST of observation probabilities; b)
- bydrecog - fast, pruning is running during composition and
searching for the best path

better than AT&T tooldrecog , but for the correct words score
only. Better data preparation procedure for AT&T tools could
still improove the score.
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