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Abstract
In this paper we investigate the extent to which Katz back-

off language models can be compressed through a combination
of parameter quantization (width-wise compression) and pa-
rameter pruning (length-wise compression) methods while pre-
serving performance. We compare the compression and per-
formance that is achieved using entropy-based pruning against
that achieved using only parameter quantization. We then com-
pare combinations of both methods. It is shown that a broad-
cast news language model can be compressed by up to 83% to
only 12.6Mb with no loss in performance on a broadcast news
task. Compressing the language model further by quantization
to 10.3Mb resulted in only a 0.4% degradation in word error
rate which is better than can be achieved through entropy-based
pruning alone.

1. Introduction
In this paper we examine several techniques for compressing
language models including quantizing the values of parameters
in the language model and pruning parameters from the lan-
guage model. In particular we examine the interaction between
both quantizing and pruning parameters. The main aim of this
investigation is to determine how best to compress the size of
language models in memory while minimising the degradation
in language model performance. There are several compelling
reasons for addressing this issue. The main reason is that the
language model is in general by far the largest component of
a speech recognition system. From desktop dictation applica-
tions to incorporating speech on hand-held PCs, memory limits
the size of the language model that can be used and severely
restricts the performance of the speech recognition system.

Conventionally, language models are compressed by reduc-
ing the length of the lists of explicitly stored N -gram proba-
bility events in the language model. The most efficient manner
of reducing the size of these lists is by eliminating all those
elements in the list whose contribution to the language model
entropy lies below some threshold [1]. We refer to this method
of language model compression as length-wise compression.

In [2] we describe two language model compression meth-
ods that achieve reduction in language model size by both width-
wise and length-wise compression of the lists of language model
probabilities and back-off weights. It is shown that broadcast
news language models can be compressed by up to 60% of their
original size with no significant increase in word error rate on
a broadcast news task. This is achieved through a combina-
tion of quantization and parameter pruning. Both methods are
shown to provide an effective means of compressing language
model parameters while minimising the degradation in recogni-
tion performance.

In this paper we evaluate the performance of the entropy-
based parameter pruning technique [1] and compare the com-

pression and recognition performance achieved using this method
against that achieved with the parameter quantization methods.
In addition, we investigate combining both methods, first to re-
duce the initial size of the language model using the entropy-
based technique and then to quantize the remaining parameters.
The performance of these models is compared against ones of
equal size pruned using only the entropy-based technique.

In Section 2 we briefly outline the storage requirements for
the different elements of a language model. In Section 3 we de-
scribe width-wise compression techniques. Length-wise com-
pression techniques are described in Section 4. In Section 5 we
present the word error rate results of recognition experiments on
a broadcast news task and evaluate the quantization and prun-
ing techniques both individually and combined. These results
permit the optimal combination of pruning and quantization to
be determined for a desired language model compression and
performance.

2. Language model memory requirements

Conventional methods of storing Katz back-off trigram language
models require 2 bytes for every explicitly stored probability
and back-off weight. In the CMU SPHINX-III speech recog-
nition system [3] used in the experiments in this paper this is
achieved by truncating each parameter to 4 decimal places. In
general this ensures that there are no more than 65536 unique
values in each list of N -grams or back-off weights. Additional
storage is required for the tree structure which is the common
method for compactly storing these parameters. This overhead
equates to an additional 1 byte for every unigram and bigram pa-
rameter in the model and another 2 bytes for every bigram and
trigram which is used for word identifiers in the tree structure.
Overall the memory requirement in bytes is: 5*N(unigrams)
+ 7*N(bigrams) + 4*N(trigrams), where N(�) is the num-
ber of the types of events in parentheses. Language model stor-
age requirements are explained in more detail in [2].

3. Compression by quantization

In [2] we describe two methods for width-wise compression
of language model parameters using quantization which were
called absolute parameter compression and difference param-
eter compression. In the original methods, the Lloyd-Max al-
gorithm [4] was used to perform the quantization. This method
iteratively minimises the average squared error introduced in
the parameter through quantization. However other quantiza-
tion methods, such as linear quantization which simply parti-
tions the range of the parameter into equally sized segments,
may also be used.
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3.1. Absolute parameter compression

All unigram, bigram and trigram log probabilities and unigram
and bigram log backoff weights are quantized to a small number
of quantization levels. Quantization is performed separately on
each of the N -gram probability and back-off weight lists and
separate quantization level look-up tables generated for each of
these sets of parameters. If QfP;�g

i [�] is a function that maps
either a probability (P ) or back-off weight (�) in the i-gram
table to its quantized value, P (�) is the original probability of an
event and �(�) is the back-off weight of some context, then each
explicit probability in the language model (N > 0) is mapped
to a quantized probability

Q
P
N [P (wi j w

i�1
i�N+1)]; (1)

and each back-off weight is mapped to a quantized back-off
weight for N > 1

Q
�
N�1[�(w

i�1
i�N+1)]: (2)

Compression results from the reduced number of bits needed
to store the indices into the look-up tables.

3.2. Difference parameter compression

Here, for N -gram events where N > 1, we quantize the differ-
ence between N -gram log probabilities and their quantized log
back-off estimates. Using the above definitions each quantized
difference probability is determined as follows:
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The stored values now represent indices to the quantized proba-
bility differences. During recognition the true probability must
be composed by adding the backed-off estimate to the quantized
differences. Unigram probabilities and all back-off weights are
quantized as for absolute parameter compression.

Procedurally, first the unigram probabilities and back-off
weights are quantized. Bigram back-off weights and the dif-
ferences between the true bigram probabilities and their quan-
tized backed-off estimates are then quantized. Finally the differ-
ences between the true trigram probabilities and their quantized
backed-off estimates are quantized.

4. Compression by pruning
4.1. Pruning by quantization

Both the absolute and difference parameter compression meth-
ods described above incorporate a stage of parameter pruning.
The criterion for pruning a parameter is how similar the quan-
tized backed-off probability is to the quantized original prob-
ability. For absolute parameter compression if the quantized
backed-off probability falls in the same quantization bin as the
quantized original probability then the original parameter is dis-
carded i.e. if

Q
P
3 [P (wi j wi�2; wi�1)] =

Q
P
3 [Q

�
2 [�(wi�2; wi�1)] �Q

P
2 [P (wi j wi�1)]]; (4)

the parameter is removed. For difference parameter compres-
sion, a zero-valued quantization level is introduced during quan-
tization. Any parameter that is quantized into this bin is dis-
carded.

4.2. Entropy-based parameter pruning

The operation of the entropy-based pruning of language models
is described in [1]. Explicit probability estimates are removed
from the language model if it is shown that doing so results in an
improvement of the language model perplexity or a degradation
that is deemed acceptable. For each context h, every N -gram
event stored in an (N � 1)-gram context has its explicit proba-
bility estimate tentatively replaced by the implicit (backed-off)
(N � 1)-gram estimate,

P
0(w j h) = �

0(h)P (w j h
0); (5)

where h0 is the last (N � 2) words in h.
The pruning algorithm aims to minimise the divergence be-

tween the original distribution P (� j �) and the pruned distri-
bution P 0(� j �). Assuming that each N -gram has an indepen-
dent effect on the divergence, the relative entropy can be used
to quantify this change

D(P jj P
0) =

�

X

wi

P (wi; h)[log P
0(wi j h)� log P (wi j h)]: (6)

The removal of an explicit N -gram event (h;w) changes the
back-off weight for that context and therefore affects the contri-
bution from all backed-off estimates,

D(P jj P
0) =

� P (h)fP (w j h)[log P 0(w j h)� log P (w j h)] +
X

8wi:N(h;wi)=0

P (wi j h)[log P
0(wi j h)� log P (wi j h)]g:

(7)

Insertion of the backed-off estimates into the above equation
removes the need for a summation over all vocabulary words
and allows the relative entropy to be computed efficiently,

D(P jj P
0) =

�P (h)fP (w j h)[log P (w j h
0)+log �0(h)�log P (w j h)]+

[log �(h0)� log �(h)]
X

8wi:N(h;wi)=0

P (wi j h)g: (8)

The summation in the above equation is simply the probability
mass of unseen events used in computing the back-off weights.
The marginal history probabilities P (h) can be obtained by
multiplying together the appropriate conditional probabilities
P (wi�N+1)�P (wi�N+2 j wi�N+1) � � � and the updated back-
off weight �0(h) is obtained by omitting the contribution from
the pruned N -gram when computing the back-off weight.

Since relative entropy is directly related to the intrinsic per-
plexity of the language model PP = e�

P
h;w P (h;w) log P (wjh)

the change in perplexity between the original and the pruned
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model is given by eD(P jjP 0)
� 1. Consequently a selection cri-

terion can be defined so that explicit N -gram estimates are re-
tained which, if they were to be removed, would increase the
perplexity by more than some threshold value.

5. Experiments
In this section we investigate the effect of the different width-
wise and length-wise language model compression schemes pre-
sented above on the 1998 DARPA HUB4 broadcast news task [5].
A trigram language model using Katz back-off together with
Good-Turing discounting was built using a 65k word vocabu-
lary and approximately 100 million words of broadcast news
transcriptions and newspaper texts. In addition, all singleton
bigrams and trigrams were discarded. The baseline language
model required 71.9Mb in memory and gave a word error rate
of 22.1%.

5.1. Compression by quantization

We investigated linear and Lloyd-Max quantization for both ab-
solute and difference parameter compression. The results for
compression using absolute and difference parameter compres-
sion are given for 2, 4 and 8-bit linear quantization in Table 1. In
Table 2 we give the results using 2 and 4-bit Lloyd-Max quan-
tization. No parameters were pruned from any model. In the
tables, Qu; Qb; Qt indicates that 2Qu , 2Qb and 2Qt quantiza-
tion levels were used for unigram, bigram and trigram elements,
respectively.

Method Qu; Qb; Qt size (Mb) WER%
abs 8,8,8 53.1 22.1
abs 4,4,4 43.5 22.4
abs 4,4,2 40.6 25.5
dif 8,8,8 53.1 22.1
dif 4,4,4 43.5 23.9
dif 4,4,2 40.6 40.6

Table 1: Recognition performance of language model quantized
using absolute (abs) and difference (dif) parameter compression
and linear quantization.

Method Qu; Qb; Qt size (Mb) WER%
abs 4,4,4 43.5 22.2
abs 4,4,2 40.6 23.1
dif 4,4,4 43.5 21.9
dif 4,4,2 40.6 22.8

Table 2: Recognition performance of language model quantized
using absolute (abs) and difference (dif) parameter compression
and Lloyd-Max quantization.

5.2. Compression by pruning

Two methods of pruning language model parameters were in-
vestigated: pruning as a result of the quantization process and
explicit parameter pruning using the entropy-based method.

5.2.1. Pruning by quantization

Only trigrams were considered for removal from the language
model after quantization had been performed. The word error

rate, the number of trigrams discarded and the size of the re-
sulting language model are shown in Table 3. Both the abso-
lute and difference compression methods were used with Lloyd-
Max quantization at 2 and 4 bits.

Method Qu; Qb; Qt 3-gram del. size(Mb) WER%
abs 4,4,4 1686294 39.3 22.2
abs 4,4,2 5260335 36.9 23.3
dif 4,4,4 1119492 40.7 22.1
dif 4,4,2 3526503 32.8 22.5

Table 3: Recognition performance of language models com-
pressed using absolute (abs) and difference (dif) parameter
compression with the Lloyd-Max algorithm, showing the num-
ber of trigrams pruned.

5.2.2. Entropy-based pruning

Entropy-based pruning was applied to the baseline language
model (from which all singleton bigrams and trigrams had ini-
tially been removed) using a threshold parameter ranging from
10�9 to 10�6. The word error rate and the size in memory of
each pruned language model is shown in Table 4.

Threshold size (Mb) WER%
1� 10�9 61.6 22.1
5� 10�9 50.4 22.1
1� 10�8 42.0 21.9
5� 10�8 17.3 22.1
1� 10�7 10.5 23.0
5� 10�7 3.29 25.0
1� 10�6 2.00 25.9

Table 4: Recognition performance of language model com-
pressed using entropy-based pruning with 16-bit parameters.

5.3. Compression by quantization and pruning

The parameters in each of the language models obtained us-
ing entropy-based pruning with different threshold values were
quantized using different numbers of quantization levels. The
word error rate obtained for each language model is plotted in
Figure 1 against the memory requirement of the model. The
memory requirement takes into account the number of remain-
ing parameters after pruning and the degree of quantization used.

6. Discussion
From the results in Section 5.1 it is clear that the choice of quan-
tization method can have a large effect on the performance of
the language model. Despite the simplicity of linear quantiza-
tion no loss in incurred when parameters are quantized to 8 bits
using this method. However, as the number of quantization lev-
els is reduced the word error rate increases rapidly, significantly
so for difference parameter compression. A comparison with
the performance of models quantized using the Lloyd-Max al-
gorithm shows the latter to be superior to linear quantization
especially when fewer quantization levels are used. Nonethe-
less, certain problems were discovered with the Lloyd-Max al-
gorithm. For example, the greedy nature of the algorithm ren-
ders it susceptible to getting stuck in local minima which are
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Figure 1: Word error rate against language model size.

dependent on the initialisation. A crucial observation however
was that there is a distinct correlation between average quanti-
zation error and word error rate. This facilitates improving the
quantization without running a recognition experiment to deter-
mine the performance.

The results in Section 5.2 show that it is preferable to prune
the language model using entropy-based pruning before quan-
tizing the remaining parameters, than to prune parameters based
on quantizing the parameters in the original model. Moreover,
the entropy-based pruning method can achieve a greater amount
of compression in language model memory requirements over
using only quantization while incurring no increase in word er-
ror rate. It is seen however that pruning the language model
to a size much below 18Mb results in a rapid degradation in
performance for this particular language model. When quan-
tization is applied to the pruned language models the fewer
the quantization levels used, the greater the compression but
also the greater the corresponding degradation in performance.
Nonetheless, the combination of pruning a language model fol-
lowed by quantization of the parameters results in greater com-
pression for a fixed performance than either method can achieve
by itself. Furthermore, for a given number of parameters addi-
tional compression can be achieved by quantization with a min-
imal loss in performance. For example, our language model can
be compressed by an additional 20% from 12.6Mb to 10.3Mb
for only a 0.4% degradation in word error rate.

An interesting observation is that greater resolution in terms
of the number of quantization levels is required by the lower or-
der parameters (bigrams and bigram back-off weights) as the
degree of pruning is increased. The explanation for this lies in
the fact that as a model is pruned more severely there are fewer
bigrams and trigrams left and consequently the model will need
to back-off more frequently. Backed-off estimates compound
the quantization errors in the back-off weights and lower-order
parameters resulting in greater overall error in the probability
estimates. As a result it becomes important to decrease the
quantization error in lower-order parameters. Thus the results
obtained with 4-bit quantization of unigram parameters were
observed to be worse than when 8-bit quantization was used. At
extreme levels of pruning, however, the total number of param-
eters becomes smaller so the average quantization error actually

decreases resulting in lower degradation due to quantization.
We observe also that entropy-based pruning reduces the

size of the language model by up to 76% with no loss in recogni-
tion accuracy. This is because the criterion for pruning is such
that removing parameters has a minimal effect on the entropy
of the language model. In contrast, the Lloyd-Max algorithm,
which yielded the least degradation in performance, is based
on minimising the squared error between the quantized and un-
quantized language models. Since there exists a correlation be-
tween the average quantization error and word error rate, we
believe that the degradation in recognition performance can be
minimised further through the application of better quantization
methods. Indeed we hypothesise that a quantization method
based on minimising the effect of quantization on the entropy
of the language model would significantly reduce any perfor-
mance degradation.

7. Conclusion
In this paper we have compared the performance of a language
model against the extent of the compression applied. Compres-
sion was achieved through quantizing parameters, pruning pa-
rameters and combinations of quantization and pruning. It was
shown that pruning a language model first and then quantizing
the parameters gave superior compression for a given word er-
ror rate than employing either quantization or pruning alone.
Through this combination a broadcast news language model
was compressed by up to 83% to only 12.6Mb for no loss in
performance on a broadcast news task. Compressing the lan-
guage model further by quantization to 10.3Mb resulted in only
a 0.4% degradation in word error rate which is better than can
be achieved through entropy-based pruning alone.
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