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ABSTRACT

Abstract— Automatic speech recognition (ASR) is an enabling
technology for a wide range of information processing applications
including speech translation, voice search (i.e., information
retrieval with speech input), and conversational understanding. In
these speech-centric applications, the output of ASR as “noisy”
text is fed into down-stream processing systems to accomplish the
designated tasks of translation, information retrieval, or natural
language understanding, etc. In conventional applications, the ASR
model as a sub-system is usually trained without considering the
down-stream systems. This often leads to sub-optimal end-to-end
performance. In this paper, we propose a unifying end-to-end
optimization framework in which the model parameters in all sub-
systems including ASR are learned by Extended Baum-Welch
(EBW) algorithms via optimizing the criteria directly tied to the
end-to-end performance measure. We demonstrate the
effectiveness of the proposed approach on a speech translation task
using the spoken language translation benchmark test of IWSLT.
Our experimental results show that the proposed method leads to
significant improvement of translation quality over the
conventional techniques based on separate modular sub-system
design. We also analyze the EBW-based optimization algorithms
employed in our work and discuss its relationship with other
popular optimization techniques.

Index Terms— Speech translation, speech recognition, EBW
algorithm, end-to-end optimization criteria

1. INTRODUCTION

Automatic speech recognition (ASR) is central to voice-enabled
information processing applications. For example, speech
translation (ST) takes the source speech signal as input, then after
speech recognition, the output is fed into a machine translation
(MT) system and produces as output the translated text of that
utterance in another language. That is, the full ST system can be
viewed as ASR and MT sub-systems in tandem [3, 11]. Such
tandem architecture also characterizes voice search and speech
understanding (e.g., [15, 16]).

In all these applications, ASR works together with the down-
stream components to deliver the end-to-end result. Different
applications emphasize different errors in the ASR output. For
example, information retrieval systems focus on the match of
content words, while ignoring functional words. Therefore, it is
important for the ASR component to have the content words
correctly recognized, while the errors in functional words can be
tolerated. On the other hand, functional words bear important
contextual and syntactic information, which is critical to MT.
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Therefore, it is crucial to get functional words correctly recognized
in MT applications. However, most of the current ASR models are
optimized without considering the down-stream sub-systems.
Instead, word error rate (WER) is widely accepted as the de facto
metric for ASR, treating all types of word errors equally. Since
WER only measures word errors at the surface level and takes no
consideration of the roles of a word in the ultimate performance
measure, this often leads to sub-optimal end-to-end performance
[18].

In this paper, we address this critical optimization inconsistency
problem, motivating our development of a unifying end-to-end
optimization framework for speech-centric information processing
applications. In this framework, the ASR models are estimated via
optimizing an end-to-end performance metric. Further, we show
that this framework can be extended so that the models of down-
stream information systems can also be trained together with ASR
models to optimize the final performance metric.

The complexity of the end-to-end optimization task requires
careful optimization techniques [3,4,19,20]. We have developed
over the past few years based on the specialized extended Baum-
Welch (EBW) approach. To align with the theme of the special
session, we also discussed our optimization techniques in
relationship to other popular optimization techniques such as
gradient descent and quasi-Newton methods.

2. PREVIOUS WORK

End-to-end optimization of speech-centric information systems
involves optimization of complex objective criteria. Efforts have
been made and reported in the literature in proposing better
optimization criteria and methods. In [5], the margin concept is
incorporated into conventional discriminative training criteria such
as Minimum Phone Error (MPE) and Maximum Mutual
Information (MMI) for string recognition problems. In [6], a fast
EBW algorithm built on K-L divergence based regularization is
proposed. In [8, 9], a line search A-function (LSAF) is introduced
to generalize the EBW algorithm for optimization of discriminant
objective functions. In [4], a unified discriminative training
criterion is proposed for ASR and is later extended to speech
translation based on the Bayesian framework [3] and with the
similar growth-transformation (GT) or EBW-based optimization
method. This body of earlier work sets up the background for the
current work, aimed to exploit more advanced EBW-based
optimization technique for improving global, end-to-end
optimization for all types of speech-centric information systems
with not only faster convergence but better overall performance.

3. EMBEDDING DISCRIMINATIVE TRAINING OF
ASR IN END-TO-END SYSTEMS
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In this section, we extend the general parameter learning
criterion presented in [4] for ASR alone to more general speech-
centric applications such as speech translation and voice search.
Let us first briefly review the unified discriminative training
criterion for ASR proposed in [4], which takes the form:

2r,. e PXq . Xp, Fy . FRIA) - Cpr (Fy ... Fg)

o) =
ZFl...FRp(Xl o Xp, Fy . FR|A)

M

where R is the number of sentences in the training set. We denote
by A the parameter set of the ASR models, and denote by X; and F;
the speech feature sequence and the recognition symbol sequence
of i-th utterance, respectively. Cpr(F; ... Fg) is a classification
quality measure of the concatenated hypotheses F; ... Fg, which is
independent of A. This model training objective function is a
model-based expectation of the quality measure of the recognition
hypotheses F; ... Fp.

In [4], it has been shown that by taking different forms of
Cpr(F; ... Fg), this general objective function covers a variety of
commonly used discriminative training criteria such as Minimum
Classification Error (MCE), MMI, and MPE. In Table 1, we
further show that this objective function can cover the quality
metrics of other speech-centric applications. For example, in voice
search, a set of ASR hypotheses, F, are fed into the IR system each
as a query. Here, we can measure the quality of F by the metric of
retrieval results, e.g., the widely adopted normalized discounted
cumulative gain (NDCG) [7]. This can be accomplished by feeding
F into the IR system, and then computing the NDCG score on the
returned list of ranked documents. In speech translation, the quality
of F’ can be measured by the quality of the translation of F, e.g., the
bi-lingual evaluation understudy (BLEU) score [13] for F.

Following similar derivations in [4], the ASR model in various
speech-centric applications can be trained to optimize the end-to-
end performance in each type of the full systems.

Table 1. By taking different forms of the classification quality
measure Cpp(F; ...Fg) , the unified criterion covers separate
discriminative training criteria for distinct speech-centric
information systems. F" denotes the reference of the r-th sentence.

Training Performance | Cpr(Fq...Fg)
Criterion Metric

MPE/MWE WER Y. A(F, F:) "
MAX-NDCG | NDCG Y- NDCG(IR(F,))
MAX-BLEU BLEU .- BLEU(Tr(F,),E;)

" A(F,, F") denotes the raw phone or word accuracy count.

4. JOINT TRAINING ASR & MT MODELS IN
SPEECH TRANSLATION

In the previous section, although the ASR models can be trained to
optimize the end-to-end performance in speech centric
applications, the down-stream components (e.g., MT, IR, NLU,
etc.) are fixed, and they act merely as a quality measure component
for the ASR hypothesis. It is desirable to optimize these down-
stream components in a consistent way and with the same end-to-
end performance measure, which we address in this section [20].
Here we propose a unifying end-to-end optimization method for
joint training of ASR and down-stream components so as to
optimize the final performance measure of a speech-centric
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information processing system. Particularly, using speech
translation as an example, we illustrate how different sub-system
components such as ASR and MT can be integrated into a log-
linear model and how speech and translation models can be
optimized jointly for end-to-end speech translation performance.

4.1. The Unified Log-Linear Model for ST
The optimal translation E given the input speech signal X is

obtained via the decoding process according to
E = argmax; P(E|X), where
P(E|X) =ZP(E,F|X) )
F

Then we model the posterior probability of the (£, F') sentence pair
given X through a log-linear model:

P(E,FIX) = %exp {z Alogey(E, F,X)} 3)

where Z =Yg pexp{}X; Lilogp;(E,F,X)} is the normalization
denominator, and {@;(E,F,X)} are the feature functions
empirically constructed from E, F, and X.

The free parameters of the log-linear model, i.e., the weights
A = {A;} of these features, are usually trained on a validation set
by algorithms such as minimum error rate training (MERT) [12].
However, in the past the features are usually derived from
complicated models such as phrase-level and lexicon-level
translation models, acoustic models, and language models, etc.
Since there are millions of free parameters in these models and the
training criterion is a non-linear function of these parameters, the
MERT algorithm is no longer suitable. In the next two subsections,
we present an end-to-end optimization method to train various
types of generative component models from which the features are
derived.

4.2. Training Criteria

Similar to (1), we denote by X = X; ... Xy the super-string formed
by concatenating all R training utterances. Likewise,E = E; ... E
denotes the super-string formed by concatenating all R translation
hypotheses. And A denotes the full parameter set in both the ASR
and MT models. Then we define the objective function in a
succinct form of

2eP(X,E|A) - Cpr(E)
2ep(X,E|A)

o) = 4)

where Cpp(E) = ).BLEU(E,,E;}) . This gives model-based
expectation of the average of sentence level BLEU scores, scaled
by a factor of 1/R.

4.3. EBW Algorithm for Joint Training
After substitute (2) and (3) into (4), we obtain

Y Xr 10 (B, F, X|A) Cor(E)

oA = -
Y X [0 (E, F,X|A)

(&)

where  ¢@;(E,F,X|A) =13, <pi/1i(ET,FT,XT|A) represent  all
elemental features used. We call this product form as feature
decomposable at the sentence level. Similarly, we have Cpr(E) =



> Cpr(E,), where Cpr(E,) = BLEU(E,, E;) is the BLEU score
of the r-th sentence, and we call this summation form as measure
decomposable at the sentence level. Hereafter, we will omit the
subscript of Cpy (E) for simplification.

Using the super-string annotation, we can construct the primary
auxiliary function [4]:

Famy =) 3 | el EFncE 0w
E F i

where /A denotes the model to be estimated, and A’ the model
obtained from the immediately previous iteration.

Then, similar to [2, 4], EBW algorithm can be derived for
estimating A based on the extended Baum-Eagon method [1].
Limited by the space, here we will only provide the parameter
estimation formula for the lexicon-level translation model and
mean vectors of the Gaussian-HMM based acoustic model to
elaborate on the EBW-based discriminative approach to joint
training of ST components.

First, we use the backward lexical weighting feature as a
concrete example to illustrate the EBW approach. The lexical
weighting feature function is based on the lexicon-level translation

model:
PEIED =] [[ D phemlenn ™
k m n

Therefore, according to [1, 2], we have EBW formula for the
lexicon-level translation model parameter p(g|h, A) as follows:

n (OF(4; A7)
p(glh, A" (m [a=a" + Dh)

2o pglh, A (Sr iy e + D1)

p(glh,4) = ®)

This can be further simplified to

p(glh, 4)

% km: 2prP(E, FIX,N)Agyn(k,m) + Dy - p(glh, A)' )
frem=9

Yem e rP(E FIX,AN)Ag yy(k,m) + Dy

where Ag= [C(E) — 0(A")], and

Zn:ek,n:h p(fxmlexns A"
Zn 14 (fk,m |ek,n' A’)

Ya(k,m) = (10

In our implementation, Dy, is set by

Ds=t+p- Z Z p(F,E|X, A")max(—Ag, 0)
= £ (1)

ek=é

where we set T to a small positive value and p > 1, so that the
denominator of (9) is guaranteed to be positive.

Next, let’s use the mean vector of the Gaussian model as
another example. We have the estimation formula

i = 2eAy (i, t) - xp + Dipj’
J XAy () + D;

(12)
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where

ay(,0) = Y pEFIXMCE) =0 (13

EF

and y; ¢ (t) is the occupation probability of state j of recognition
hypothesis F* at time z. D; is set in a way similar to (11).

Let’s now compare the model re-estimation formula in ST with
its counterpart in ASR. The main difference is at the computation
of Ay(j, t). In ST, as shown in (13), the weighting factor of the raw
occupation probability y; s (t) is[C(E) — O(A")], which is based on
the translation quality measure C(E) for the translation hypothesis
E. In ASR, Ay(j,t) = Zpp(FIX, A)[C(F) — 0(A)]y;r () [4],
where the weighting factor of y;(t), ie., [C(F)—0(A)], is
based on the recognition quality measure C(F) for the recognition
hypothesis F. Also, in ASR, Ay(i,t) is the expectation of the
weighted y; (t) over all recognition hypotheses {F}, while in ST,
Ay(i,t) is the expectation of the weighted y;p(t) over all
recognition hypotheses {F} and also over all the translation
hypotheses {E}.

In order to study the relationship between the EBW-based
updating formula of (12) and the gradient-based optimization, we
first compute the first-order gradient of the objective function (5)
w.r.t. the parameters to be estimated, using y; as an example:

T, 0| gep = 571 Z Ay (G, ) (xe — 1) (14)
t

Further, assuming that different dimensions of the mean vector are
independent of each other, we can approximate the Hessian matrix
by

Hy = V0| p=nr = -5 ZAVU' £) (15)
t
Then, (12) can be rewritten into
, XeAy(t)
Wi~ u : 1Vp_j0(/1)|/1:/1’ (16)

Iy ayGo + D

This approximates the 2™-order update and usually gives faster
learning speed than the simple gradient-based search. On the other
hand, the relationship between this method and other optimization
methods in [8, 9, 17] is yet to be explored.

5. EXPERIMENTAL EVALUATION

In this section, we conduct evaluation on the standard IWSLT
Chinese-to-English DIALOG task benchmark test [14]. The
baseline is a phrase-based translation system as described in [10].
Each sentence in the development and test sets has seven reference
translations, on which the BLEU score is measured with.

In our approach, we tune the feature weights and the translation
models alternatively. At each iteration, the feature weights are
optimized on the development set by MERT according to [12],
then we decode the full training corpus using the current feature
models and weights. After that, sufficient statistics are collected.
Finally, the translation models are updated. These steps go through
several iterations until convergence is reached.

We then perform the full iteration of training, i.e., both the
feature weights and the translation models are updated at each
iteration, by MERT and GT, respectively. Fig 1 shows the BLEU



score on the development set after different number of iterations. It
is shown that after three iterations, the BLEU score is improved
from 46.88% (the baseline) to 48.33%. Then, we apply this setting
to the test set. The results on the test set are tabulated in Table 2. It
shows that the end-to-end discriminative training of translation
models significantly improves the BLEU score on the test set from
44.20% to 45.42%, a gain of absolute 1.22% BLEU points.

49%

48% o’

47% /

46%

0 1 2 3 4

e=g===BLEU on dev set

Fig. 1. BLEU scores on the development set over EBW iterations.

Table 2. Translation results in BLEU scores on the test set

Method Test
Baseline (ML) 44.20%
E2E learning via EBW 45.42%
6. CONCLUSION

A unifying framework is presented for optimally constructing
speech-centric information processing systems. The hallmark of
such systems is the serial combination of ASR as the “front end”
sub-system and the down-stream sub-systems such as MT, IR, and
NLU. The key innovation in our unifying framework is the end-to-
end optimization objectives and techniques, where the model
parameters in all sub-systems are jointly learned via optimizing the
objective function directly tied to the final performance measure
defined by the full systems.

In addition to the theoretical and algorithmic contributions, in
this paper we also demonstrate the effectiveness of the proposed
approach on a speech translation task using the spoken language
translation benchmark test of IWSLT. Speech translation is a
serial combination of ASR and MT. Traditionally, these two
components are trained independently. In this paper, we present an
end-to-end learning approach that jointly trains these two
components following the general principle underlying the
unifying framework.

A specific contribution of this work is the pervasive use of
discrimination in the full MT and ST system. In previous work of
MT and ST, discriminative learning was only applied to weighting
parameters as pioneered in [12]. The framework presented in this
paper provides an approach where discriminative learning is
injected into the feature functions themselves.

In the past, EBW method has been used mainly in ASR, and has
accounted for the huge success in discriminative training of HMM-
based speech recognizers. This paper represents the first work
where EBW-based optimization is applied successfully in ST and
MT. EBW method serves as a unifying optimization technique in
learning complex systems where sub-components of the full
system are serially connected and where the objective function of
the system parameter learning can be expressed as a rational
function. We are hopeful that in addition to speech and language

processing problems, system parameter learning of other
information processing problems can also benefit from the EBW-
based approach presented in this paper.
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