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Abstract
This paper describes a lattice-based risk minimization training
method for unsupervised language model (LM) adaptation. In
a broadcast archiving system, unsupervised LM adaptation us-
ing transcriptions generated by speech recognition is consid-
ered to be useful for improving the performance. However,
conventional linear interpolation methods occasionally degrade
the performance because of incorrect words in the training tran-
scriptions. Accordingly, we propose a new adaptation method
aiming to reflect error information among training lattices. The
method minimizes the whole risk of training lattices to yield
a log-linear model, which consists of a set of linguistic fea-
tures. The advantage of the method is that the model parameters
can be obtained efficiently in an unsupervised manner. Experi-
mental results obtained in transcribing Japanese broadcast news
showed significant word error rate reduction for those of con-
ventional mixture LMs.
Index Terms: unsupervised learning, Bayes risk minimization,
language model adaptation, speech recognition

1. Introduction
The recent progress being made in the field of corpus-based
spoken-language processing has led to significantly successful
applications in the real world. NHK (Japan Broadcasting Corp.)
has developed a real-time automatic speech recognition (ASR)
system for closed-captioning broadcast news [1]. ASR technol-
ogy also plays an important role in the development of a broad-
cast archiving system, which serves as a basis for spoken doc-
ument processing involving spoken term detection, document
retrieval, etc. In the last decade, many ASR-driven broadcast
archiving systems have been proposed [2, 3]. Recently, similar
archiving systems have been utilized not merely for broadcast
news programs but for meetings where a variety of spontaneous
speech phenomena are observed [4].

In the archiving systems, unsupervised training or adapta-
tion could be effective to make upcoming transcriptions more
accurate, because an increasing amount of contents such as
ASR transcriptions becomes available each and every second.
In the perspective of language model (LM) adaptation, unsuper-
vised adaptation is typically conducted by n-gram count merge
or model-based linear interpolation methods [5, 6, 7]. How-
ever, these methods do not always perform the best in terms of
word error rates (WERs), since the LMs are estimated by using
ASR transcriptions containing misrecognized incorrect words
as training data. Obviously, adjustments to the LMs are needed
to reduce the influence of these erroneous words.

To this end, we introduce a lattice-based risk minimization
training (RMT) method for unsupervised LM adaptation, which

aims to reflect error information in training data. The most dis-
tinctive feature of the proposed training method is that it en-
ables efficient computation of LM adaptation by using lattices
as training data in an unsupervised manner. In the method, a
log-linear model is estimated to minimize the whole risk, which
is similar to the risk defined in the conventional Bayes risk min-
imization approach [8, 9]. However, in contrast to the conven-
tional approach, hypothesis selection is made by use of a statis-
tical model, whose parameters are estimated from lattices.

This paper describes a computational method for deriving
the risk from lattices and its derivatives to solve the problem
using gradient-based algorithms in detail.

2. Lattice-Based Risk Minimization for
Unsupervised LM Adaptation

2.1. Bayes Risk Minimization

The Bayes risk minimization approach is conventionally per-
formed on n-best lists to obtain hypotheses with minimum error
probabilities [8, 9].

ŵ = arg min
w

X

w′
ℓ(w, w′)P (w′|x), (1)

where P (w′|x) is a posterior probability for a sentence hypoth-
esis w′ derived from an n-best list for an audio input x and
ℓ(w, w′) is a cost function defined as a Levenshtein distance
between two hypotheses. Although this approach is applied to
individual n-best lists in an unsupervised manner, it is compu-
tationally expensive due to the need to evaluate every pair of
hypotheses in Eq. (1).

2.2. Lattice-Based Risk Minimization Training for Unsu-
pervised LM Adaptation

The risk minimization problem in Eq. (1) can be solved by the
inductive learning strategy, and a variety of studies performed
on the basis of the Bayes decision rule have appeared in the lit-
erature [10, 11, 12]. In [10], a discriminative approach that min-
imizes the whole risk of training lattices in a supervised manner
was proposed to aim at reflecting error information in training
data. On the basis of a similar motivation, we explored a dis-
criminative approach to language modeling on lattices in a su-
pervised manner [12]. One of the advantages of using lattices is
that the training method can efficiently utilize all the informa-
tion about hypotheses because of their compact graph represen-
tations. In addition, extra parameters such as n-best list sizes
are no longer needed. However, lattice-based RMT in an un-
supervised manner has not been studied well so far. Therefore,
we propose a new scheme that minimizes the risk of training
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lattices for unsupervised LM adaptation by taking the approach
in [12] one step further.

Initially, we define an unsupervised version of the whole
risk of training data so that it reflects relevant information about
word errors. Given an utterance, xm (m = 1, . . . , M), and the
n-th corresponding sentence hypothesis, wm,n, the whole risk
is given by

R(Λ) =
1

M

X

m

X

n

P (wm,n|xm; Λ)γ(wm,n), (2)

where P (wm,n|xm; Λ) is a posterior probability modeled by a
log-linear form,

P (wm,n|xm; Λ) =
1

Z(Λ)
P (wm,n|xm) exp

X

j

λjfj(wm,n).

(3)
In this paper, fj denotes a word n-gram feature function that
returns the number of n-grams occurred in wm,n and λj ∈ Λ
is a corresponding weight. Minimizing the risk leads to a log-
linear model that reflects tendencies of misrecognized incorrect
words in the training data. γ(wm,n) in Eq. (2) denotes a loss
function, which is given by

γ(wm,n) =
X

n′
ℓ(wm,n, wm,n′)P (wm,n′ |xm; Λ). (4)

Since Eq. (4) is defined among sentence hypotheses, we need
to re-define the risk computable on the training lattices. Thus,
accumulating local edge-wise risks from the bottom up, we ob-
tain the whole risk of the lattice in a similar manner to min-
imum phone error (MPE) training [13]. Then, we introduce
an edge-wise risk function, which is substituted for the Leven-
shtein distance originally used in the Bayes risk minimization.
Given a lattice, Lm, derived from the m-th utterance, and over-
lapping edges, e and e′, we define an edge-wise cost function,
ℓ0-1(e, e

′), as follows:

ℓ0-1(e, e
′) ≡

(

0 if label(e) = label(e′)

1 otherwise.

An edge-wise risk, which roughly represents the local amount
of information about word errors, is defined as

ζ(e) ≡
X

e′∈overlap(e)

ℓ0-1(e, e
′)p(e′), (5)

where p(e′) is an edge posterior probability given by

p(e) =
1

ᾱ
{α(σ(e)) · g(e) · β(τ(e))} , (6)

where σ(e) denotes a start node for e, while τ(e) represents an
end node. α(σ(e)) is a forward probability at σ(e), and ᾱ de-
notes that of the final node. β(τ(e)) is a backward probability
at τ(e). g(e) is a transition score computed from an acous-
tic model score, ϕam(e), a language model score, ϕlm(e), and
scores given by weighting factors in Eq. (3) as follows:

g(e) = eλamϕam(e)+λlmϕlm(e)+
P

j λjϕj(e), (7)

where constants, λam and λlm, are scaling factors, respectively.
A binary function, ϕj(e), returns 1 if fj is activated on e.

According to the forward algorithm, the cumulative risk,
q(t), at the node t is computed by

q(t) =

P

e:τ(e)=t{q(σ(e)) + ζ(e)}{α(σ(e)) × g(e)}
α(t)

. (8)

Applying Eq. (8) topologically from the initial node to the fi-
nal node of the lattice, we obtain the forward risk, Υm. Con-
sequently, the whole risk of the training data, R, is given by
1/M

P

m Υm.
The weighting factors, Λ, are derived by solving the mini-

mization problem for the risk of the training lattices. Here, we
solve this problem with quasi-Newton or gradient-based meth-
ods and develop approximations of gradients of R with regard
to Λ.

In the beginning, the backward risk, r(τ(e)), is computed
according to the backward algorithm, and the expected risk of
all the paths passing through e is calculated by

υ(e) = q(σ(e)) + ζ(e) + r(τ(e)). (9)

On the other hand, Υm can be decomposed as

Υm = p(e)υ(e) + (1 − p(e))υ′(e), (10)

where υ′(e) denotes the risk of all the paths not passing through
e. Assuming that the weighting factors, Λ, depend only on the
edge posteriors, p(e), and υ(e) and υ′(e) are regarded as con-
stants, the following approximate derivatives can be obtained.

∂Υm

∂p(e)
≈ υ(e) − υ′(e), (11)

∂p(e)

∂λj
≈ p(e)(1 − p(e))ϕj(e). (12)

The gradient, δm
j,e, at e is approximately computed by

δm
j,e = −p(e)(υ(e) − Υm)ϕj(e). (13)

The gradient of the m-th lattice for λj is given by
P

e∈Lm
δm

j,e,
and consequently the final gradient, ∆j , is calculated by

∆j =
1

M

X

m

X

e∈Lm

δm
j,e. (14)

Note that, in decoding, the score of a sentence hypothesis w
is given by the logarithmic acoustic and language model scores
plus

P

j λjfj(w).

2.3. Risk Minimization Training Using N-Best Lists

The objective function can be also minimized using n-best lists
instead of lattices. In this case, the gradients are straightfor-
wardly calculated from Eq. (2) and Eq. (3) as follows:

∆j = − 1

M

X

m

X

n

P (wm,n|xm; Λ)ρj(wm,n), (15)

where ρj(wm,n) is given by

ρj(wm,n) =
X

n′
ℓ(wm,n, wm,n′)P (wm,n′ |xm; Λ) ·

"

fj(wm,n) −
X

t

fj(wm,t)P (wm,t|xm; Λ)

+fj(wm,n′) −
X

t

fj(wm,t)P (wm,t|xm; Λ)

#

. (16)

Note that we use the partial derivative of Eq. (3) with regard to
λj , ∂P (wm,n|xm; Λ)/∂λj = P (wm,n|xm; Λ){fj(wm,n) −
P

t fj(wm,t)P (wm,t|xm; Λ)}. Since Eq. (15) is completely
different from Eq. (14), the contrasting descent directions would
lead to different sets of weighting factors. Therefore, these two
types of approaches are compared in the following section.
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Table 1: Development and Evaluation Data (Sports News)

#utts #words PP OOV(%) WER(%)
Dev. 441 3.7k 210.7 1.3 40.3
Eval. 1387 11.1k 210.3 2.0 45.0

Table 2: Development and Evaluation Data (Economic News)

#utts #words PP OOV(%) WER(%)
Dev. 196 3.0k 152.0 1.2 25.3
Eval. 783 8.9k 151.6 1.3 26.4

3. Experiments
3.1. System

We briefly describe the speech recognizer with which the
NHK’s broadcast archiving system is equipped. The system
collects transcriptions of NHK’s broadcast news programs with
corresponding video/audio streams, and the recognizer decodes
the captured audio streams in real-time, while detecting start
and end points of speech segments [14]. The acoustic inputs are
parameterized into 39 dimensional vectors: 12 mel frequency
cepstral coefficients (MFCCs) with log-power and their first-
and second-order differentials. The recognizer employs a 2-
pass strategy that obtains 200-best sentence hypotheses using
gender dependent tree lexica and a bigram LM in the first pass
and rescores them using a trigram LM with

P

j λjfj(w) ob-
tained by the RMT.

3.2. Experimental Setup

As listed in Tables 1 and 2, we prepared two different cate-
gories of experimental data, and each category has four individ-
ual news shows: one for development and three for evaluation.
The perplexities (PP), out of vocabulary (OOV) rates, and word
error rates (WER) were measured by a baseline trigram LM.
The data in Table 1 contain sports news shows and are charac-
terized by the topics including sumo tournaments, professional
baseball games, and domestic league soccer games. The ex-
istence of background music also distinguishes the shows from
others. The data in Table 2 consist of economic news shows, and
each show has expert interviews and talks by financial analysts
and economists in a conversational manner. The acoustic mod-
els were obtained from a total of 650 hours of speech in broad-
cast news shows using MPE training [13]. The baseline trigram
LM was trained on Japanese broadcast news manuscripts and
transcriptions (239M words), and the vocabulary size was set to
100k. The mixture LMs used in the experiments were obtained
from model-based linear interpolation between the baseline LM
and additional LMs from the portions of in-domain 1-best ASR
transcriptions. Table 3 shows the training data for construction
of the additional LMs. For each evaluation set, we prepared
a total of 40 or 70 hours of ASR transcriptions as program-
dependent or in-domain training data, respectively. Note that
the number of utterances and that of words were quantified by
ASR, since there were no reference transcriptions available on
the training data. The word hypotheses in the transcriptions
were filtered by threshold values determined by the word pos-
terior probabilities. The values were obtained by evaluating the
development sets. The mixture weights were also estimated by
using the development sets.

The data in Table 3 were also used in the RMT. Trigram
lattices generated by ASR were employed in the lattice-based

Table 3: Training Data

#programs hours #segments #words
Sports 143 70.0 72.5k 61.9k
Economic 138 40.0 26.4k 43.8k

Table 4: WERs for RMT with Baseline LM

Training Dev (%) Eval (%)
(hours) n-best lattice n-best lattice

0.0 (baseline) 40.3 45.0

Sports 5.0 39.1 39.1 44.2 44.0
70.0(all) 39.2 39.1 43.6 43.5

0.0 (baseline) 25.3 26.4

Economic 5.0 23.6 23.5 25.4 25.4
40.0(all) 23.9 23.4 25.6 25.4

RMT, whereas 200-best lists taken from the lattices were used
in the RMT with n-best lists. The feature functions were defined
by word bigrams and trigrams observed more than five times in
the training data. The weighting factors were obtained by the
L-BFGS algorithm [15]. The iteration counts of the RMT were
determined by evaluating the development sets.

3.3. Experimental Results

3.3.1. Performance of Lattice-Based RMT

Initially, we examined the performance of lattice-based RMT
compared to that of RMT using n-best lists as training data. In
this experiment, however, we used the baseline LM instead of
mixture LMs, aiming for evaluation of the pure RMT perfor-
mance without any biases to LMs. As shown in Table 4, the
lattice-based RMT achieved equal or superior results compared
to those from the RMT with n-best lists. Since the latter can
be carried out without any approximations, these results reveal
that the approximate computation of the lattice-based RMT ba-
sically performed well, namely, the risk minimization could be
conducted on the training lattices in an unsupervised manner.
However, further detailed analyses are required from the theo-
retical and empirical viewpoint of the designs of edge-wise risks
and the approximate gradients.

Table 4 also shows the WERs with different amounts of
training transcriptions. In the sports news evaluation set, the
WERs were decreased from 44.0 % to 43.5 % by the lattice-
based RMT as well as from 44.2 % to 43.6 % by the RMT with
n-best lists when the amount of transcriptions was increased.
In contrast, the WERs were equal or inferior in the economic
news evaluation set, since the total amount of training data was
smaller than that of the sports news. This indicates that a sub-
stantial amount of training data would be needed to achieve sig-
nificant WER improvement. Hence, we will examine the impact
of training data by using even larger amounts of data in future
work.

Compared with the baseline LM, the results from lattice-
based RMT achieved a relative reduction of 3.3 % in the sports
evaluation set (from 45.0 % to 43.5 %), and 3.8 % in the eco-
nomic news evaluation set (from 26.4 % to 25.4 %).

3.3.2. Lattice-Based RMT with Mixture LM

We then investigated the performance of lattice-based RMT
with mixture LMs. Table 5 shows the results evaluated for dif-
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Table 5: WERs for Lattice-Based RMT with Mixture LMs

Training Dev (%) Eval (%)
(hours) Mix +RMT Mix + RMT

Sports 5.0 37.5 36.9 41.6 40.8
70.0(all) 33.3 32.8 38.5 38.1

Economic 5.0 24.1 23.6 24.8 24.8
40.0(all) 22.6 22.1 24.0 23.7

ferent amounts of training data. Note that the threshold value
for filtering the word hypotheses was set to 0.5 in the table. The
results from mixture LMs listed in the columns labeled ”Mix”
show larger WER reduction than those from the RMT which
was applied exclusively (cf. Table 4) against the baseline re-
sults. As shown in the columns labeled ”+RMT”, the lattice-
based RMT significantly reduced the WERs compared with the
results from mixture LMs when the RMT was conducted on all
the training lattices. The result for the sports news evaluation set
achieved a WER of 38.1 % and produced a relative reduction of
1.0 %. Similarly, the result for the economic news was 23.7 %
and a relative reduction of 1.3 %. According to a matched pair
test [16], both WERs were decreased at a significance level of
0.05.

Finally, in order to investigate the efficiency of the amounts
of data, we examined the lattice-based RMT for the develop-
ment set of the sports news shows with various amounts of
training data. Figure 1 plots the WERs obtained by the mixture
LMs and those obtained by the lattice-based RMT along with
the mixture LMs. The thresholds for filtering word hypothe-
ses were varied among the values 0.0, 0.5, and 0.8 as well. At
all the plot points (with one exception), the lattice-based RMT
achieved further reductions over the results when only the mix-
ture LMs were used. The reductions were small compared with
those obtained by the use of lattice-based RMT without mixture
LMs, because the mixture LMs fixed a lot of correctable errors
instead of the lattice-based RMT. Therefore, in addition to the
linguistic features such as word n-grams, many different types
of features derived from acoustic feature vectors and phonetic
sequences would be required to reduce WERs much further.

4. Conclusions
We proposed a lattice-based risk minimization training (RMT)
method for unsupervised language model adaptation. We

0.0 5.0 10.0 30.0 50.0 70.0

32.5
33.0

35.0

37.0

39.0

40.5

Training Data Size (hours)

WER(%)

Mix+RMT (th=0.0)
Mix (th=0.0)
Mix+RMT (th=0.5)
Mix (th=0.5)
Mix+RMT (th=0.8)
Mix (th=0.8)

Figure 1: Lattice-Based RMT with Various Amounts of Training
Data (Sports News, Development Set.)

demonstrated the derivation of the whole risk for training lat-
tices and its derivatives using several approximations. The ad-
vantage of lattice-based RMT is that it makes more efficient use
of information with respect to hypotheses on the lattices than
similar training methods on n-best lists. Experimental results
showed that the lattice-based RMT achieved significant WER
reductions for the evaluation of news shows as compared to the
results obtained with conventional linear-interpolated mixture
LMs. The lattice-based RMT proved to be effective with statis-
tical significance when large amounts of training transcriptions
were available. In future work, we intend to take acoustic and
phonetic features into consideration for further improvement in
unsupervised adaptation.
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