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Abstract
This paper studies the robustness of discriminatively trained
acoustic models for large vocabulary continuous speech recognition. Popular discriminative criteria maximum mutual information (MMI), minimum phone error (MPE), and minimum
phone frame error (MPFE), are used in the experiments, which
include realistic mismatched conditions from Finnish Speecon
corpus and English Wall Street Journal corpus. A simple regularization method for discriminative training is proposed and it
is shown to improve the robustness of acoustic models gaining
consistent improvements in noisy conditions.
Index Terms: speech recognition, discriminative training, robustness

1. Introduction
In real-life speech recognition applications it is often difficult to
have sufficient control over the recognition conditions. Robustness to e.g. different background noises can therefore be a crucial aspect in the system design. Still most speech recognition
techniques are validated only in well-matching settings. However, using noisy test sets and out-of-domain evaluation data
may present completely different behavior than the clean and
matching conditions provide.
Discriminative training is nowadays an established way for
improving acoustic models in speech recognition. With proper
training heuristics discriminatively trained acoustic models provide significant improvements over the traditional maximum
likelihood (ML) training. Yet surprisingly few studies have
been conducted on how discriminative training affects the robustness of acoustic models and whether the established training methods are useful when considering mismatched recognition conditions. MMI training has been shown to be beneficial
in cross-task conditions [1]. More recently, the generalization
ability of discriminatively trained acoustic models were tested
in noisy digit recognition task [2], studying soft-margin estimation (SME) and minimum classification error (MCE). These
studies show that discriminative training can have an important
role in noise robust speech recognition.
This paper studies the robustness of discriminatively trained
acoustic models. Three well-known discriminative criteria are
experimented, namely maximum mutual information (MMI),
minimum phone error (MPE), and minimum phone frame error (MPFE). The acoustic models for the study are trained on
clean speech and their performance are evaluated in matching
clean and various mismatched noisy conditions. A new discriminative training regularization method is proposed and it is
shown to improve the robustness of the acoustic models. This
study concentrates on the effect of discriminative training to the
robustness of the acoustic models, so feature-domain and other
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model-domain techniques for improving noise robustness (e.g.
[3, 4]) have been omitted.

2. Discriminative Training
2.1. MMI
The earliest successful discriminative training method for
LVCSR acoustic models was the maximum mutual information (MMI) estimation [5]. MMI can be seen as a direct extension of the ML estimation where the training criterion, the
likelihood of the training data, is replaced with the conditional
likelihood. For the training procedure this simple change has
dramatic consequences. In order to compute the conditional
likelihood, MMI estimation needs to consider all the possible
recognition hypotheses of the training utterances, creating substantial computational challenges. An efficient way to deal with
this is to represent the alternative hypotheses in a form of a lattice. The parameter estimation for MMI and other discriminative criteria is best done with the extended Baum-Welch (EBW)
[5] algorithm. Also several training heuristics are needed in order to make MMI estimation feasible for LVCSR [5].
2.2. MPE and MPFE
Although MMI improves the discriminative capability of acoustic models compared to ones trained with ML, a discriminative criterion can be even more explicit in its goal. A natural
goal for acoustic model training is the minimization of recognition errors. Povey and Woodland [6] introduced the minimum
word error (MWE) and minimum phone error (MPE) criteria, of
which the latter turned out to be better in minimizing the error
rates of an independent test set. In MPE the training criterion is
an approximation of the expected phone error over the training
set.
Several alternative formulations for an error minimizing
criterion have been proposed since the introduction of MPE.
One of the most successful one, minimum phone frame error
(MPFE) [7], replaces the phone level error approximation with
a simple frame level error. Both MPE and MPFE were used
in the experiments of this study. MPFE was implemented with
the modifications suggested in [8]. Despite the differences in
the training criteria, both MPE and MPFE training can use the
same parameter estimation methods applied with MMI.
2.3. Controlling EBW
When performing discriminative training with the EBW algorithm, a crucial smoothing constant D needs to be set such that
proper convergence of the discriminative criterion is achieved.
Woodland and Povey [5] suggested the widely accepted heuristic method for setting different D constants for each Gaussian
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in the acoustic model. It sets the EBW constant Di of Gaussian
i as the maximum of:
1. Denominator occupancy multiplied by two (2γiden )
2. Double the value necessary for the Gaussian covariance
to be positive definite (2Dimin )
The denominator occupancy of a Gaussian γiden is the sum of
probability masses of that Gaussian in the recognition model,
summed over all the training utterances. In practice, the first
case defines the constant Di for majority of Gaussians.
With the introduction of the MPE criterion, a need for additional regularization for EBW arose. The heuristics developed
for MMI resulted in poor generalization ability with the MPE
criterion and did not improve the recognition accuracy on an
independent test set. As a remedy, a smoothing method for
discriminative statistics called I-smoothing [6] was proposed.
It provided the required additional regularization for the training to succeed. The proper I-smoothing value is criterion dependent, and for example MPFE requires larger smoothing values than the original MPE [8]. Later Povey et al. proposed an
alternative formulation for I-smoothing which is equivalent to
adding a constant value to the Gaussian specific Di [9].
If I-smoothing is defined as an addition of a constant to Di ,
the effect of denominator occupancies to the Gaussian specific
EBW constants is diminished. This observation motivated us to
test discriminative training with a global D that is the same for
all the Gaussians. To ensure proper parameter estimation, the
case 2 in the above heuristics was still maintained, although it
is typically applied with only a small fraction of the Gaussians.
The new method for setting the Gaussian specific EBW constant
can then be expressed as
Di = max{Dglobal , 2Dimin }.

(1)

Preliminary experiments showed this method of setting the
EBW constants to perform similarly as the usual heuristics
when tested on matching clean speech. However, noisy tasks
showed consistent improvements over the traditional method.
With a global D, EBW applies similar regularization to (almost)
all Gaussians, instead of heuristically adjusted regularizations
with Gaussian specific Di .
For setting the global D to control the EBW algorithm,
we propose a new simple method. In an effort to obtain interpretable and criterion independent method for selecting this
crucial constant, we relied on measuring the Kullback-Leibler
divergence (KLD) [10] between the Gaussians. The global D
is sought such that the first model update of the discriminative
training obtains a desired level of model change, as measured
by the median of the KLDs between the original and updated
Gaussians. The computations are simple as the KLD between
the Gaussians can be computed with a closed-form formula:

D N (µi , Σi ) k N (µ0i , Σ0i )
1h
=
(µi − µ0i )T (Σ0i )−1 (µi − µ0i )
2
i


|Σ0 |
+ tr (Σ0i )−1 Σi + log i − d
(2)
|Σi |
where µ0i and Σ0i are the mean and covariance of the original
Gaussian, and µi and Σi are the mean and covariance of the
updated Gaussian, respectively. d is the dimensionality of the
models. Furthermore, the iterative searching of the global D
only requires the discriminative statistics of the training data as
computed with the initial model. The additional computations
required are therefore marginal.
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Table 1: Finnish Speecon development and evaluation sets.
Development
Evaluation
Condition #spkr #utt length #spkr #utt length
Clean/Ch2
40
1093 1.9h
40
1118 1.9h
10
288
0.5h
20
575
1.0h
Car

3. Experiment setup
Speech recognition experiments were conducted to assess the
benefits of the global D approach for controlling EBW as well
as to study the KLD based control strategy with several discriminative criteria. The LVCSR experiments were performed with
Finnish Speecon corpus [11] and the English Wall Street Journal (WSJ) corpus [12] to demonstrate recognition performances
in different conditions. The acoustic models were trained using
only clean data. However, both clean and various mismatched
noisy test sets were used for evaluation to assess the robustness
of the discriminatively trained acoustic models.
The experiments were run with the speech recognition system developed at the Aalto University [13]. The acoustic models used three-state Hidden Markov models with Gaussian mixture emission probabilities. The number of diagonal Gaussians
in the mixtures varied depending on the amount of data assigned
for each state. The acoustic features were standard MFCCs with
first and second differential features, 39 dimensions in total.
ML models were first trained for initial models and to create
lattices with unigram language models for the discriminative
training. Discriminative training consisted of 15 iterations.
The training set for the Finnish acoustic models was extracted from the Finnish Speecon corpus. Only clean sentences
were used for training. The training set consisted of 310 speakers and about 15h of speech in total. The acoustic models had
24587 Gaussians in 1170 mixtures/states. Table 1 summarizes
the test sets extracted from the same Speecon corpus. In addition to the clean development and evaluation sets, two mismatched conditions were utilized. The “Clean Ch2” sets reused
the clean recording sessions, but a medium distance (channel 2)
microphone was used instead of the close talking one. Not all
the environments in that set were quiet, so in addition to small
reverberation effects also several types of background noises
were present. In addition to this, a separate test set featuring car
noise was used. That set was recorded in moving cars with a
lavalier microphone. Except for the “Clean” and “Clean/Ch2”
test sets, the speakers in all the different sets were disjoint.
The language model for the Finnish recognition experiments was a high-order morph-based N-gram model [13]. As
the number of morphs that constitute a word is not limited, the
resulting vocabulary is unlimited. Finnish words are commonly
rather long and morphologically complex, so instead of word
error rate (WER) letter error rate (LER) was used to improve
the resolution of the error measurements.
The acoustic models for the English experiments were
trained with the WSJ1 corpus which consists of 284 speakers
and about 80h of speech. The models had 113227 Gaussians in
3569 mixtures/states. For evaluating clean recognition two sets
were used. The actual evaluation was performed with the official WSJ 20k-word vocabulary evaluation set with 8 speakers
and 333 sentences. The 10-speaker development set of Nov’93
H1P0 task [14] with 503 utterances was used for development
purposes. The mismatched evaluations were conducted with
two WSJ spoke tests, S7 and S8 [14], which present real recordings in various noisy environments. These tests used the record-
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Table 2: Finnish Speecon development set results (LER). The
discriminative training with EBW was controlled either with a
baseline heuristics and I-smoothing or a global D set to produce
different median Gaussian KLD changes.
Model
Clean
Ch2
Car
ML
3.0% 10.1% 38.1%
MMI
I-smooth 0
2.9%
9.3%
32.6%
I-smooth 400 2.9%
8.6%
29.2%
I-smooth 800 2.9%
8.5%
28.9%
KLD 0.1
2.8% 10.1% 32.4%
KLD 0.02
2.8%
8.7%
29.1%
KLD 0.002
2.8%
7.8%
25.2%
KLD 0.0004
2.9%
7.7%
25.8%
MPE
I-smooth 100 2.6%
9.1%
36.3%
I-smooth 400 2.6%
9.0%
36.0%
I-smooth 800 2.6%
9.1%
36.0%
KLD 0.4
2.8%
9.0%
33.6%
KLD 0.1
2.7%
8.8%
34.3%
KLD 0.02
2.7%
8.8%
35.8%
KLD 0.002
2.6%
8.9%
35.8%
MPFE
I-smooth 100 2.7%
9.4%
38.1%
I-smooth 400 2.7%
9.2%
37.6%
I-smooth 800 2.7%
9.2%
37.6%
KLD 0.4
2.9%
8.6%
32.2%
KLD 0.1
2.7%
8.1%
30.8%
KLD 0.02
2.7%
8.5%
33.5%
KLD 0.002
2.7%
8.8%
35.5%

ings from the stand-mounted microphone. Only SNR 10dB
conditions were used for S8. Both spoke tests had separate
development and evaluation sets, each having 10 speakers and
about 200 utterances. No adaptation or noise compensation was
used for the acoustic models (unlike in the results reported in
[14]). The noisy experiments used the 5k-word vocabulary for
recognition. All the English recognition experiments used the
3-gram language models provided with the WSJ corpus. The
recognition accuracy was evaluated with WER.
The baseline method for discriminative training was EBW
using the common heuristics discussed in Section 2.3. Ismoothing to the previous model was used. For each evaluation
set, the corresponding development set was used to pick the best
model among the 15 discriminative training iterations. Also the
best values for the global D and I-smoothing was chosen based
on the development set results.

4. Results
Table 2 shows the development set results for the Speecon corpus, obtained by selecting the best performing model for each
task among the 15 discriminative training iterations. The best
results for each criterion and test set combination are bolded.
The global D method shows similar performance with the baseline in the clean cases, but outperforms the baseline heuristics
in the mismatched tasks. Analyzing the development set results
of different training iterations revealed that the optimal number
of discriminative training iterations was very different among
the different sets without any evident pattern. Using a development set to select the best model was especially important for
MMI with a global D, for which the recognition errors exhib-
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Table 3: Finnish Speecon evaluation set results (LER).
Model
Clean
Ch2
Car
ML
3.3% 10.0% 31.2%
MMI I-smoothing
3.2%
8.6%
23.4%
MMI global D
3.0%
7.7%
20.4%
MPE I-smoothing
2.9%
9.0%
29.4%
MPE global D
3.0%
8.8%
27.6%
MPFE I-smoothing 2.9%
9.2%
30.2%
MPFE global D
2.9%
8.2%
23.9%

Table 4: WSJ development set results in (WER).
Model
Clean
Noisy S7 Noisy S8
ML
14.6%
24.9%
14.9%
MMI
I-smooth 0
13.6%
24.8%
14.1%
I-smooth 800 13.5%
24.6%
13.9%
KLD 0.1
13.5%
23.7%
13.2%
KLD 0.02
13.5%
23.8%
12.9%
KLD 0.002
13.4%
25.0%
12.9%
MPE
I-smooth 50
13.2%
24.1%
13.2%
I-smooth 400 13.0%
23.6%
13.4%
KLD 0.1
13.3%
22.6%
13.0%
KLD 0.02
13.2%
22.8%
13.2%
KLD 0.002
13.1%
22.9%
13.5%
MPFE
I-smooth 400 13.3%
22.2%
13.8%
KLD 0.1
13.5%
19.8%
13.3%
KLD 0.02
13.5%
21.2%
13.5%
KLD 0.002
13.2%
22.2%
13.5%

ited some oscillation in the later iterations. Almost all the tested
global D values worked well with the clean recognition test, but
for noisy tasks it was more important to select the optimal value.
MPE and MPFE showed benefits with rather large update steps,
but for MMI substantially smaller update steps were optimal.
The evaluation set results for the Speecon corpus are shown
in Table 3. The clean ML result matches with the best previous
results [15]. The evaluation set results confirm the development
set results that using a global D in EBW instead of the baseline
heuristics gives consistent improvements in mismatched noisy
tasks with all the discriminative criteria. These improvements
were statistically significant according to the Wilcoxon signed
rank test (α = 5%) in all the mismatched evaluations. Somewhat surprisingly, the MMI criterion provided the best performing models for mismatched recognition.
Table 4 shows the development set results for the WSJ corpus, similar to Table 2. Again the global D method gives better results than the baseline method. The biggest differences
compared to the Speecon results are with the MMI criterion. It
no longer shows significant improvements over the other discriminative criteria in the noisy tasks. The optimal KLD values
for global D with MMI criterion were also somewhat different.
With WSJ, all the criteria gave better results with small update
steps when tested with clean data, whereas bigger update steps
were beneficial for the noisy tasks.
The evaluation set results for the WSJ corpus are shown in
Table 5. The clean results indicate reasonable baseline for the
comparison, although they are not the all-time best for the task.
The evaluation set results are in line with the development set
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Table 5: WSJ evaluation set results (WER).
Model
Clean Noisy S7 Noisy S8
ML
10.4%
22.9%
22.3%
MMI I-smoothing
9.7%
23.1%
19.9%
MMI global D
9.9%
21.9%
19.5%
MPE I-smoothing
9.4%
21.6%
18.8%
MPE global D
9.3%
20.5%
18.8%
MPFE I-smoothing
9.4%
19.4%
19.5%
MPFE global D
9.4%
17.7%
19.1%

ones, showing that a global D method performs equally to or
better than the baseline EBW with all the discriminative criteria. The improvements observed in S7 set were statistically significant according to the Wilcoxon signed rank test (α = 5%).

5. Discussion and conclusion
The recognition experiments exposed the clean acoustic models to multiple sources of mismatches: reverberation, different
microphones, and background noises such as music and car
noise. The acoustic features were basic MFCC features with
only a simple cepstral mean subtraction channel compensation
method. It is therefore encouraging that with proper settings,
discriminative methods were able to improve the recognition
results in all the different tasks with realistic noisy conditions.
The Gaussian specific smoothing constants and Ismoothing are the prevailing method for controlling the EBW
algorithm. The conducted experiments showed clear evidence
that it is instead beneficial to use a global D in EBW when aiming for robust acoustic models. In almost all mismatched cases
the global D method performed better than the baseline method.
The clean results showed similar accuracies as the baseline. The
proposed method for setting the global D is computationally
very feasible, as the tuning is done only for the first discriminative update. The tuning, on the other hand, is possible using the
statistics alone, without need to iterate over the training data.
The optimal initial model change varied among corpora, criteria and tasks, so it is a good idea to try different values for any
particular case. However, most combinations resulted in improvements compared to the baseline EBW.
It is generally agreed that MPE and MPFE criteria can produce better models than the MMI criterion. It is therefore interesting that in mismatched conditions in the Speecon corpus,
MMI consistently outperformed other criteria with clear margins. However, in WSJ mismatched evaluations, MMI was performing slightly worse than MPE/MPFE. It is not clear why
such performance variations did occur. These results suggest
that using MMI and MPFE as complementary models in recognition result combination can improve the robustness of the system even further.
Running several recognition tasks with the same acoustic
models demonstrated that the optimal number of discriminative
training iterations varies between the tasks. In many cases the
recognition accuracy started degrading or even oscillating after
a certain training iteration. However, no clear pattern on this
behavior was observed. Observing the discriminative criterion
alone is insufficient in controlling the number of discriminative
training iterations even with the matched tasks. It is therefore
important to determine the proper number of iterations with a
development set which is as realistic as possible.
Robustness of the discriminatively trained acoustic models
has not received the attention it deserves considering the widely
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spread use of discriminative training and importance of robustness to real-life recognition tasks. The simple regularization
method for EBW presented in this paper demonstrated clear
improvements to the robustness of the acoustic models. Future work includes exploring the interaction of discriminative
training with noise robust front-ends and noise compensation
methods and evaluating robustness of discriminative methods
when performing multicondition training.
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