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ABSTRACT

It is well known that language models are effective for increasing
accuracy of speech and handwriting recognizers, but large language
models are often required to achieve low model perplexity (or en-
tropy) and still have adequate language coverage. We study three
efficient methods for stochastic language modeling in the context
of the stochastic pattern recognition problem and give results of
a comparative performance analysis. In addition we show that a
method which combines two of these language modeling techniques
yields even better performance than the best of the single techniques
tested.

1. INTRODUCTION

Language modeling has become widely recognized as a key compo-
nent of high accuracy recognizers for speech, printed text and hand-
writing. Recognitionaccuracy is influenced heavily by language
model perplexity (or entropy). Over the the past two decades, lan-
guage models used in recognition applications have evolved from
early finite-state models to bigrams and higher orderN -gram mod-
els [6]. It has been known for some time that a fixed value ofN

does not yield the most efficientN -gram model for most real lan-
guages. Consequently, there has been increasing interest invariable
orderN -gram models where the value ofN is conditioned on the
local perplexity of the language [3, 10, 9].

In this paper, we compare and study three efficient variable-order
stochastic language modeling methods. Two of the methods – Vari-
able Length Markov Models (VLMM) [4] and VariableN -gram
Stochastic Automata (VNSA) [8] are the most recent developments
reported in the literature. The third method, calledRefined Prob-
abilistic Finite Automata(RPFA), which will be introduced in this
paper, is based on the highly successful text compression algorithm
called Dynamic Markov Compression (DMC) [3]. We compare per-
formances of these methods using the Brown corpus [7] and show
that a combination of two of these techniques yields higher perfor-
mance than any single method alone.

In the next section we fix notation and review some key concepts in
stochastic language modeling. The RPFA method is introduced in
Section 3 and in Section 4 we compare and contrast performance of
these methods with an emphasis on model efficiency.

2. PROBABILISTIC AUTOMATA IN
LANGUAGE MODELING

A Probabilistic Finite State Automaton (PFSA) is a 5-tupleM =

(S;�; �; ; s0), whereS is a finite set ofstates, � is a finitealpha-
bet, � : S � �! S is thetransition function,  : S � � ! [0; 1]

is the next symbol probability function ands0 2 S is the initial
state. While a PFSA can be considered as either a language gen-
erator or acceptor, in this paper we shall call it a generator without
loss of generality. APFSA is deterministic. Suppose that sym-
bol stringR = (r1; r2; : : : ; rN ) is generated by state sequence
� = q1; q2; : : : ; qN+1. The probability of stringR according to lan-
guage modelM is: PM(R) =

QN

i=1
P (rijqi), whereP (rijqi) =

(qi; ri). A commonly used extension to PFSA is PFSA-"— PFSA
with " transitions. An " transition (also referred to asescape tran-
sition) is a transition that does not generate any symbol. As a result
of the escape transitions, a PFSA-" is not deterministic — different
state sequences may generate the same string. Thus, the probability
of a given stringR becomes:PM(R) =

P
�2�R

PM (Rj�), where
�R is the set of all state sequences that generate stringR. A more
restricted subset of PFSA often used in language modeling is Finite
Context Automata (FCA), where each state can be uniquely labeled
by a symbol string representing thecontext(or memory) at this state.
N -grams and variableN -grams are both examples of FCA.

A well know problem that arises in constructing a probabilistic lan-
guage model is the problem ofunseen events[11]. To accommodate
all possible events (seen or unseen) in a PFSA model, a transition
with a non-zero probability has to be assigned foreach symbol in
the alphabet at each state, resulting in a model withjSj�j�jparam-
eters. A more efficient model can be obtained if we replace all tran-
sitions representing unseen events at each state by an escape tran-
sition. The tradeoff is that the resulting model is aPFSA-" model
and thus non-deterministic, which could potentially cause problems
in recognition applications. In a recognition problem, given a se-
quence of observationsO and a language modelM , we need to
find efficiently among all possible stringsR the one that maxi-
mizes the joint probabilityP (OjR)PM(R). A popular and suc-
cessful approach in speech and, more recently, handwriting recog-
nition, is to combine linguistic knowledge with the knowledge of
a specific feature domain to form a integrated recognizer (decoder)
[1, 5]. A dynamic programming algorithm (such as the Viterbi al-
gorithm) is then applied to the combined network to find the state



sequence with the highest joint probability. Let the linguistic prob-
ability estimated by the Viterbi algorithm bePM(Rj�0), where:
�0 = argmax�2�RPM(Rj�). For a non-deterministic language
modelPM(R) =

P
�2�R

PM(Rj�) > PM(Rj�0), in which
case the success of the above recognition scheme relies on the as-
sumption that the maximum term is prevailing in the sum and thus:
PM(R) � PM(Rj�0).

Consider a language sourceL and a modelM trained using sam-
ple strings fromL, the performance of the language model is mea-
sured by themodel cross entropy rate(model entropyfor short)
HM = �

1

n
logPM (R), whereR is a test string of lengthn. When

a non-deterministic language model is evaluated, we are also inter-
ested in the entropy rate computed along the optimal state sequence:
HM(�0) = �

1

n
logPM (Rj�0), referred to as thebest-path entropy.

The difference betweenHM andHM (�0) is a measure of the “de-
gree of non-determinism” in modelM . As explained above, a lower
degree of non-determinism is more desirable for most recognition
applications.

Training of stochastic language models consists of two steps:
selecting the model structure and estimating the transi-
tion probabilities. Since in FCA modelseach state corre-
sponds to a specific string (context), transition probabilities
can be easily estimated as [2]:P (rnjr1; r2; : : : ; rn�1) =
�(r1; r2; : : : ; rn)=�(r1 ; r2; : : : ; rn�1), where �(r1; r2; : : : ; rn)

is the number of times string(r1; r2; : : : ; rn) appears in the
training corpus. In one common scheme, the model structure is
first reached by creating a state for each possible substring (up to a
predetermined memory length) seen in the training corpus. The size
of the model is then reduced through pruning ofinsignificant states.
This is the scheme adapted in both VLMM [4] and VNSA [8]. A
very different training scheme has been used in the DMC technique
for dynamic text compression. This technique starts with a small
number of states and gradually grows the structure and adjusts the
transition parameters as more symbols are processed. DMC models
were first introduced to handle only binary strings and proved to
give better results than variable order Markov models [3]. It was
later extended to handle arbitrary vocabulary size, resulting in a
technique called General Dynamic Markov Compression (GDMC)
[10]. In the next section we extend the GDMC technique further to
create language models for recognition. The resulting models are
called Refined Probabilistic Finite Automata (RPFA).

3. THE RPFA TECHNIQUE

The GDMC technique was designed specifically for dynamic text
compression. As a result, the parameter estimates are not optimal:
by the time a new state is created, some of the training data is al-
ready lost. In extending this technique to training language models
for recognition, the dynamic requirement is dropped because for
recognition purposes a language model is usually trained before-
hand on a training corpus. Thus the training of a RPFA model is
composed of two stages. In the first stage, calledinitial training, a
model is created using a similar algorithm as that used in GDMC
[10]. In the second stage, calledretraining, the model is modi-
fied through several iterations of pruning and maximum likelihood
parameter retraining. In what follows,(si; sj) denotes a transition

from statesi to statesj; Freq(si; sj) denotes the frequency of tran-
sition (si; sj) andFsum(si) denotes the sum of frequencies of the
transitions fromsi. The symbol generated by transition(si; sj) is
referred to as the label of the transition and denotedl(si; sj) (the
label of an escape transition is"); sj is called the escape target ofsi
if (si; sj) is an escape transition.

The initial model consists of the initial states0 and transitions and
statess1; s2; :::; sm for all the symbols in the alphabet. Each tran-
sition from s0 is labeled by a symbol in the alphabet, while all
transitions back tos0 are escape transitions. The initial transition
frequences are all set to 1. Initial training consists ofupdating the
transition frequencies after receiving each symbol, and “growing”
the model structure if certain conditions are met. Suppose the cur-
rent state issi and the current symbol isrt, if a non-escapetransition
(si; sj) with labelrt exists, then this transition is taken and the cur-
rent symbol becomesrt+1, otherwise the escape transition is taken
and the current symbol is unchanged. After taking a transition, its
frequency count is increased by one. The model is gradually grown
through two structure-modifying operations:cloningwhich creates
a new state andshortcut generationwhich adds a new transition
(Fig. 1). In the cloning operation, the target statesk of a non-
escape transition(si; sk) is cloned if the differenceFsum(sk) �
Freq(si; sk) exceeds the threshold valueCC (Cloning Constant).
The frequencies are then set to:Freq(si; sk

0) = Freq(sk
0; sk) =

Freq(si; sk). In Shortcut generation, when a non-escape tran-
sition (sk; sm) is taken after an escape transition(sk 0; sk), a
shortcut (sk 0; sm) with the same label asl(sk; sm) is created
to bypass the combination. The initial frequency of the short-
cut is then set to:Freq(sk 0; sm) = �kmFreq(sk

0; sk), where
�km = Freq(sk ; sm)=Effsum(skjsk

0), andEffsum(skjsk
0)

is the sum of frequences of all the transitions from statesk to all the
states that do not have direct transitions fromsk 0. More detailed ex-
planations of these two operations can be found in [10]. The combi-
nation of cloning and shortcut generation has the effect of increasing
the context used to estimate the next symbol distribution. In order
to control the maximum context length in the initial training, the
string is partitioned into overlapping substrings of a predetermined
lengthN , which are scanned one after another. The current state
is reset to the initial state at the beginning ofeach substring. The
resulting model roughly corresponds to a variableN -gram model,
or a variable length Markov model of memory lengthN � 1.

Model retraining is carried out through iterations of the follow-
ing two steps: structure pruning to remove insignificant states and
maximum likelihood parameter retraining on the new structure.
Pruning is carried out through two different operations. In the
first operation, statesi is removed along with all the transitions
to si if its total frequency countFreq(si) is lower than a thresh-
old. In the second operation, statesi is considered insignificant if
Rsum(si)=Fsum(si) < �2, whereRsum(si) is the sum of the
frequency of all non-escape transitions fromsi. In this case statesi
is removed, and all transitions tosi are redirected to the escape tar-
get ofsi (notice that they are not removed as in the previous case).
After pruning, all transition frequency counters are reset to 1. The
training string is then rescanned and frequencies are accumulated in
the same manner as in initial training. The probability of a transition
(si; sj) is then assigned:Freq(si; sj)=Fsum(si).
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Figure 1: Cloning and short cut generation.

4. PERFORMANCE ANALYSIS AND
IMPROVEMENT

First we give a brief overview of VNSA and VLMM to facilitate the
comparison. In VNSA [8], the model structure is first reached by
creating a state for each possible substring (up to lengthN�1) seen
in the training corpus. To handle unseen events, an escape transition
is created for each state. A special type of states callednull states
are created to serve as escape targets allowing elaborate estimation
of separate back-off probabilities. Various heuristic interpolation
methods are used to estimate escape probabilities as well as the
transition probabilities from null states. Pruning is based on a single
criterion — states with low frequency are removed. After pruning,
parameters are not retrained, but re-estimated by redistributing pre-
vious counts using certain heuristics. In VLMM [4], aprefix tree
is first created where each node corresponds to a substring (up to
lengthN � 1). The transition frequencies are counted by traversing
the tree structure repeatedly with overlapping substrings of length
N . The tree is first pruned by eliminating nodes with low frequency.
Then another pruning procedure is applied while the prefix tree is
converted to asuffix tree— for each nodenp in the prefix tree,
a corresponding nodens in the suffix is created if and only if the
Kullback-Leibler divergence (KL divergence) between the proba-
bility distribution atnp and the probability distribution at its ances-
tor node in the prefix tree is larger than a threshold. The suffix tree
is then converted to an automaton. An escape transition is set from
each state to the initial state and escape transition probabilities are
estimated using simple Lagrange interpolation [4]. No retraining is
carried out on the automaton after it is created.

The Brown corpus [7] is used to compare the performance of the
above two techniques and the RPFA technique introduced in the
previous section. To simplify the task only lower-case letters in
the English alphabet and space are used, all upper-case letters are
converted to lower-case and all other symbols are removed. Af-
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Figure 2: Performance plot for models with maximum memory
length 4.
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Figure 3: Overall performance comparison of VLMM, VNSA and
RPFA.

ter preprocessing, the corpus is divided into a training set contain-
ing 5,419,167 characters and a test set of 170,369 characters. Both
model entropy and best-path entropy are computed as performance
measures. The size of a model is measured by the number of tran-
sition probabilities (parameters).

Fig. 2 shows the performance plots of models created by the three
techniques when the maximum memory length is set to 4, which
means the models are all variable 5-grams. The following observa-
tions are made from the plots. 1) Both VLMM and RPFA models
have very small degree of non-determinism; while the degree of
non-determinism of the VNSA models is much larger. 2) The more
complicated mechanism (with special null states) for back-off prob-
ability estimation used in VNSA does not seem to pay-off; with the
simplest escape transitions, VLMM is able to achieve comparable
entropy rates with much smaller model size. 3) The model growing
strategy which works well in GDMC for dynamic text compression
does not provide as good an initial model structure when applied in
RPFA, as demonstrated by its inferior asymptotic performance. 4)
VNSA has good asymptotic performance, however it degrades fast
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Figure 4: Performance comparison of VLMM and combined
VLMM-RPFA.

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 sim-
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 entropy
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 there is still room 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 technique
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.

5. CONCLUSION

Three methods known as the Variable Length Markov Model
(VLMM), the VariableN -gram Stochastic Automata (VNSA), and
the Refined Probabilistic Finite Automata (RPFA) have been crit-
ically compared in terms of language modeling efficiency. Since
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 non-

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