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ABSTRACT 2. PROBABILISTIC AUTOMATA IN

: . : . LANGUAGE MODELING
It is well known that language models are effective for increasing

accuracy of speech and handmg reagnizers, but large language a propapilistic Finite State Automato®ESA) is a 5-tuple =
models are often required to achieve low model perplexity (or NS, 3, 7, 4, s0 ), wheres is a finite set obtates X is a finitealpha-
tropy) and §ll have adequate feguage coverage. We study threebet r: S x ¥ — S is thetransition functiony : S x & — [0, 1]
efficient methods for stochastic language modeling in the context the next symbol probality function ands, € S is the initial

of the stochastic pattern recognition problem and give results @5te. While a PESA can be considered as either a language gen-
a comparative performance analysis. In addition we show that&ator or acceptor, in this paper we shall call it a generator without
method which combines two of these language modeling techniquggs of generality. APFSA is deterministic. Suppose that sym-

yields even better performance than the best of the single techniqygsi sting R = (r1,72,...,7y) iS generated by state sequence
tested. §=aq,42,...,q9nv+1. The probability of string? according to lan-
guage modeM is: Py (R) = Hfil P(ri|q:), whereP(ri|g;) =
1. INTRODUCTION v(gs,7:). Acommonly used extensionto PFSAis PFSA- PFSA

with e transitions An e transition (also referred to @&scape tran-

Language modeling has become widely recognized as a key COMRG;qr) js 4 transition that does not generate any symbol. As a result
nent of high accuracy recognizers for speech, printed text and har}ﬂ"the escape transitions, a PF8As not deterministic — different

writing. Recognitionaccuracy is influenced heavily by languagegate sequences may generate the same string. Thus, the probability

model perplexity (or (_entropy). _O_ver the _the_past two decades, laBTagiven stringk becomesPu(R) = 3, Pu(R|¢), where
guage models used in recognltlon appllc_atlons have evolved froglR is the set of all state sequences thatﬁgegr?erate Sking more
early finite-state models to bigrams and higher ollegram mod-  oqyricted subset of PFSA often used in language modeling is Finite
els [6]. It has been known for some time that a fixed valueVof - eyt Automata (FCA), where each state can be uniquely labeled
does not yield the most efficiedl -gram model f_or most rea_l lan- by a symbol string representing tbentexior memory at this state.
guages. Consequently, there has been increasing intevestable N-grams and variabl&/-grams are both examples of FCA.

order N-gram models where the value 6f is conditioned on the

local perplexity of the language [3, 10, 9]. A well know problem that arises in constructing a probabilistic lan-

) _ ) guage model is the problem ofiseen evenf1]. To accommodate
In this paper, we compare and study three efficient varlable-ordtan possible events (seen or unseen) in a PFSA model, attcans

stochastic language modeling methods. Two of the_ methods — Vaflzn 4 non-zero probality has to be assigned faach symbol in
able Length Markov Models (VLMM) [4] and Variablé'-gram e aiphabet at each state, ritisg in a model with| S| x || param-
Stochastic Automata (VNSA) [8] are the most recent developmenéﬁersl A more efficient model can be obtained if we replace all tran-

reported in the literature. The third rhetd, calledRefined Prob-  gjiqng representing unseen events at each state by an escape tran-
abilistic Finite Automatg(RPFA), which will be introduced in this  gition. The tradeoff is that the resulting model i®BSA< model

paper, is based on the highly successful text compression algorltr}md thus non-deterministic, which could potentially cause problems

called Dynamic Markov Compression (DMC) [3]. We compare pery, recognition applications. In a regnition problem, given a se-

formances qf th_ese methods using the Brown corpus _[7] and Sh%ence of observation® and a language modéll, we need to
that a comblnatlor_l of two of these techniques yields higher perfolzl—nd efficiently among all possible stringg the one that maxi-
mance than any single method alone. mizes the joint probability?(O|R) Pas(R). A popular and suc-
cessful approach in speech and, more recently, hatidgvrecog-

In the next section we fix notation and review some key concepts i . Lo TR .
y P nition, is to combine linguistic knowledge with the knowledge of

stochastic language modeling. The RPFA method is introduced in o : . .
. X - a specific feature domain to form a integrated recognizer (decoder)
Section 3 and in Section 4 we compare and contrast performance ) . . :
[I, 5]. A dynamic programming algorithm (such as the Viterbi al-

these methods with an emphasis on model efficiency. gorithm) is then applied to the combined network to find the state



sequence with the highest joint probability. Let thegliistic prob-  from states; to states;; Freq(s;, s;) denotesthe frequency of tran-
ability estimated by the Viterbi algorithm b&5;(R|¢), where:  sition (s;, s;) andFsum(s;) denotes the sum of frequencies of the
& = argmazec=, Pu(R|E). For a non-deterministic language transitions froms;. The symbol generated by transitios;, s;) is
model Py (R) = des Pur(R|E) > Pu(R|&), in which  referred to as the label of the transition and dendted s;) (the
case the success of the above redtigm scheme relies on the as- label of an escape transitiondy s; is called the escape target«f
sumption that the maximum term is prevailing in the sum and thusf. (s;, s;) is an escape transition.
Pu(R) = Pu(R[Co).

The initial model consists of the initial state and transitions and
Consider a language souréeand a model/ trained using sam- statessi, so, ..., $m, for all the symbols in the alphabet. Each tran-
ple strings fromZ, the performance of the language model is measition from sq is labeled by a symbol in the alphabet, while all
sured by themodel cross entropy ratémodel entropyfor short) transitions back ta, are escape transitions. The initial transition
Hy = —%logPM(R), whereR is a test string of length. When frequences are all setto 1. Initial training consistsipélating the
a non-deterministic language model is evaluated, we are also intéransition frequencies afteeceiving each symbol, and “growing”
ested in the entropy rate computed along the optimal state sequertbe: model structure if certain conditions are met. Suppose the cur-
Hu(&) = —LlogPu(R|éo), referred to as thbest-path entropy  rent state is; and the current symbolis, if a non-escape trait®n
The difference betweeH »; and H; (&) is a measure of the “de- (s;, s;) with labelr, exists, then this transition is taken and the cur-
gree of non-determinism” in modéf . As explained above, alower rent symbol becomes. 1, otherwise the escape transition is taken
degree of non-determinism is more desirable for most reiiogn and the current symbol is unchanged. After taking a transition, its
applications. frequency countis increased by one. The model is gradually grown

through two structure-modifying operatiordoningwhich creates
Training of stochastic language models consists of two stepg:new state andhortcut generationvhich adds a new transition
selecting the model structure and estimating the transjfig. 1). In the cloning operation, the target stateof a non-
tion probabilites.  Since in FCA modelgach state corre- escape transitiofis;, s;) is cloned if the differenceé sum (s;,) —
sponds to a specific string (context), tréies probabilities  freq(s;, sy ) exceeds the threshold vald& (Cloning Constant).

can be easily estimated as [2]:P(rn|r1,72,...,Tn—1) = The frequencies are then set Breq(s;, Sk/) = Freq(sk/, sk) =
v(ri, vz, ma) [v(r1,72, 0 ram1), Where v(ri, vz, me)  Freg(s;,sx). In Shortcut generation, when a non-escape tran-
is the number of times stringry,r2,...,7n) appears in the sition (s, s,,) is taken after an escape transitigsy’, sx), a

training corpus. In one common scheme, the model structure &hortcut (s4’, s,,) with the same label a§(sx, s ) is created
first reached by creating a state for each possible substring (Up t§bypass the combination. Theitial frequency of the short-
predetermined memory length) seenin the training corpus. The Siggt is then set to:Freq(sk’,sm) = pwmFreq(sy’, s;), where

of the model is then reduced through pruningnsfignificant states ;= = Freq(sk, sm)/Ef fsum(sk|sk'), and B f fsum(sy|si’)

This is the scheme adapted in both VLMM [4] and VNSA [8]. Ajs the sum of frequences of all the transitions from state all the

very different training scheme has been used in the DMC technigugates that do not have direct transitions frarh More detailed ex-

for dynamic text compression. This technique starts with a smajlanations of these two operations can be found in [10]. The combi-
number of states and gradually grows the structure and adjusts #gtion of cloning and shortcut generation has the effect of increasing
transition parameters as more symbols are processed. DMC modglg context used to estimate the next symbol distribution. In order
were first introduced to handle only binary strings and proved tg control the maximum context length in the initial training, the
give better results than variable order Markov models [3]. It wagtring is partitioned into overlapping substrings of a predetermined
later extended to handle arbitrary vocabulary size, resulting in |gngth &/, which are scanned one after another. The current state
technique called General Dynamic Markov Compression (GDMCs reset to the initial state at the beginningeafch substring. The
[10] In the next section we extend the GDMC technique further t@esumhg modelmugh|y Corresponds to a Variatﬂé_gram model,

create language models for recdgm. The resulting models are or g variable length Markov model of memory length— 1.
called Refined Probabilistic Finite Automata (RPFA).

Model retraining is carried out through iterations of the follow-
3. THE RPFA TECHNIQUE ing two steps: structure pruning to remove insignificant states and

maximum likelihood parameter retraining on the new structure.
The GDMC technique was designed specifically for dynamic teXPruning is carried out through two different operations. In the
compression. As a result, the parameter estimates are not optinfakt operation, state; is removed along with all the transitions
by the time a new state is created, some of the training data is ab s; if its total frequency counf'req(s;) is lower than a thresh-
ready lost. In extending this technique to training language modedsd. In the second operation, stateis considered insignificant if
for recognition, the dynamic requirement is dropped because f@tsum(s;)/Fsum(s;) < ¢, where Rsum(s;) is the sum of the
recognition purposes arguage model is usually trained before-frequency of all non-escape tratisns froms;. In this case state;
hand on a training corpus. Thus the training of a RPFA model i removed, and all transitions tg are redirected to the escape tar-
composed of two stages. In the first stage, cafétihl training, a  get of s; (notice that they are not removed as in the previous case).
model is created using a similar algorithm as that used in GDM@&fter pruning, all transition frequencyoainters are resetto 1. The
[10]. In the second stage, calledtraining, the model is modi- training string is then rescanned and frequencies are accumulated in
fied through several iterations of pruning and maximum likelihooghe same manner as in initial training. The probability of a transition
parameter retraining. In what followss., s;) denotes a transition (s,, s,) is then assignedreq(s:, s;)/ Fsum(s;).
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First we give a brief overview of VNSA and VLMM to facilitate the
comparison. In VNSA [8], the model structure is first reached by 22 7
creating a state for each possible substring (up to leNgthl) seen 50 |
in the training corpus. To handle unseen events, an escape transition ot
is created for each state. A special type of states calldidstates ‘ ‘ ‘ ‘ ‘ ‘
0 2*10"5 4*10"5 6*10"5 8*10"5 1076

are created to serve as escape targets allowing elaborate estimation

of separate back-off probabilities. Various heuristic interpolation num. of parameters

methods are used to estimate escape piititied as well as the

transition probabilities from null states. Pruning is based on a single )

criterion — states with low frequency are removed. After pruningtigure 3: Overall performance comparison of VLMM, VNSA and

parameters are not retrained, but re-estimated by redistributing pl%-

vious counts using certain heuristics. In VLMM [4],peefix tree

is first created where each node corresponds to a substring (uptéo preprocessing, the corpus is divided into a training set contain-

length N — 1). The transition frequencies areunted by traversing ing 5,419,167 characters and a test set of 170,369 characters. Both

the tree structure repeatedly with overlapping substrings of lengthodel entropy and best-path entropy are computed as performance

N. The tree is first pruned by eliminating nodes with low frequencymeasures. The size of a model is measured by the number of tran-

Then another pruning procedure is applied while the prefix tree &tion probabilities (parameters).

converted to asuffix tree— for each nodes, in the prefix tree,

a corresponding node. in the suffix is created if and only if the Fig. 2 shows the performance plots of models created by the three

Kullback-Leibler divergence (KL divergence) between the probatechniques when the maximum memory length is set to 4, which

bility distribution atn,, and the probability distribution at its ances-Mmeans the models are all variable 5-grams. The following observa-

tor node in the prefix tree is larger than a threshold. The suffix trelions are made from the plots. 1) Both VLMM and RPFA models

is then converted to an automaton. An escape transition is set frdtave very small degree of non-determinism; while the degree of

each state to the iifal state and escape transition probabilities aréion-determinism of the VNSA models is much larger. 2) The more

estimated using simple Lagrange interpolation [4]. No retraining is0mplicated mechanism (with special null states) for back-off prob-

carried out on the automaton after it is created. abl'lty estimation used in VNSA does not seem to pay-off; with the
simplest escape transitions, VLMM is able to achieve comparable

The Brown corpus [7] is used to compare the performance of thentropy rates with much smaller model size. 3) The model growing

above two techniques and the RPFA technique introduced in tistrategy which works well in GDMC for dynamic text compression

previous section. To simplify the task only lower-case letters imloes not provide as good aritial model structure when applied in

the English alphabet and space are used, all upper-case letters RRFA, as demonstrated by its inferior asymptotic performance. 4)

converted to lower-case and all other symbols are removed. A¥NSA has good asymptotic performance, however it degrades fast
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determinism. Since many practical recognizers use only the most
likely interpretation, it is desirable to have a low degree of non-
determinism in the language model. The comparisons based on the
Brown corpus indicate that the VLMM technique is superior to both
RPFA and VNSA techniques, while a combination of the VLMM
and RPFA methods simultaneously exhibits both the lowest ambi-
guity and the highest modeling efficiency among all of the methods

entropy
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Figure 4: Performance comparison of VLMM and combined

VLMM-RPFA. 1.

under pruning. In comparison, the performance of the VLMM and
RPFA models drops much slower as the number of parameters de-
creases. This shows that the KL distance measure used in VLMM is
a more effective measure of the significance of a state than the sirrgl
ple frequency count. It also indicates that the parameter retraining
procedure used in RPFA helps to reduce the performance loss after
pruning. Fig. 3 shows the overall performance comparison of the
three techniques. Here the maximum memory length, or order of+
the model, is not fixed, but rather used as an extra capacity control
parameter and allowed to vary from 3 to 6. For each technique, at
any given model size, the model which achieves the lowest entrop.
rates is chosen and the corresponding entropy rates are shown in the
plot. Overall, VLMM has the best performance in both measures.

While VLMM proves to be the best modeling technique out of the
three examined in this paper, we found therdilsreom for further
improvement. As mentioned before, the parameters in a VLMM
model are not retrained after pruning, as a result they are not opti-
mal under the reduced model structure. To improve these param-
eters, we combine the VLMM technique and the RFSA technique7.
by applying the maximum likelihood parameter retraining proce-
dure described in section 3 to the model structure obtained using
the VLMM technique. The results are plotted in Fig. 4 in com-
parison to the VLMM models. As shown clearly by the plots, the
combined VLMM-RPFA technique gives a better performance as
expected. 9

5. CONCLUSION

Three methods known as the Variable Length Markov Mode{g.
(VLMM), the Variable N-gram Stochastic Automata (VNSA), and
the Refined Probabilistic Finite Automata (RPFA) have been crit-
ically compared in terms of language modeling efficiency. Sinc
all three methods generate non-deterministic models to achieve low
model complexity, two estimates of entropy are used in performance
evaluation: the model entropy which is the expected value of en-
tropy taken over all possible model interpretations; and the best-
path entropy which is the entropy of the most likely interpretation.
The difference between these measures indicates the degree of hon-

tested over a wide range of model size and entropy values.
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