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Abstract

Deep-neural-networks (DNNs) have significantly improved au-
tomatic speech recognition (ASR) accuracy over a range of
speech scenarios. However noise-robustness is still a challenge
to DNNs, where compared to clean, accuracy degrades signifi-
cantly for noisy environments. Many of the current DNN-based
ASR engines use log-MelSpectra features, along with features
from temporal-difference in delta and delta-delta features. In
this work we introduce delta-MelSpectra features to seek signif-
icant gains for DNNs in noisy environments, where we demon-
strate that temporal-difference directly in MelSpectra domain
can provide superior noise-robust features. We validate our
delta-MelSpectra features over a multistyle trained DNN-ASR
system; we tested on a large scale WindowsPhone client data,
and obtained 17% and 12% relative reduction in word-error-rate
(WER) for noisy and clean environments, respectively.

Index Terms: Speech recognition, denoising, delta-features,
temporal-difference, DNNs, nonlinearity

1. Introduction

Most state-of-the-art automatic speech recognition (ASR) sys-
tems work great in environments when speech signals are rea-
sonably clean but many of the environments within which ASR
systems are actually deployed include the effects of noise and
reverberation [1, 2, 3, 4, 5]. The introduction of deep-neural-
networks (DNNs) to ASR has significantly improved ASR but
noise-robustness is still a challenge to DNNs, where compared
to clean, accuracy degrades significantly for noisy environ-
ments.

Most ASR systems derive their features in the broad frame-
work in the left column of Fig. 1. Traditionally Gaussian-
Mixture model (GMM)-based hidden-markov models (HMM)
systems [6] were trained from Mel-frequency cepstral coef-
ficients (MFCC) [7], these were outputs of discrete-cosine-
transformation (DCT) over log-MelFilterbank features. In con-
trast to GMM-HMM systems, we have demonstrated signifi-
cantly better results with directly consuming log-MelFilterbank
features in DNN-HMM systems. Similar to delta features in
GMM-HMM systems, we typically append delta-log-Mel and
delta-delta-log-Mel features to log-Mel features in DNN-HMM
systems.

Dynamic spectral information has been found to be impor-
tant role in human speech perception [8]. Delta features were
proposed in [9] to encode dynamic spectra information; their
study found delta features, in combination with static features,
to be very effective for ASR tasks. In our previous studies [7],
we demonstrated that delta features significantly boost ASR
performance for both clean and noisy conditions for GMM-
HMM systems. In [7] we also argued that recognition accuracy
in many practical environments is improved by replacing delta
features in the cepstral domain by delta features in the spectral
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domain. In this work we build on our previous study and intro-
duce delta-Mel features for DNN systems. The key idea is to
derive delta features directly in spectral domain where the ef-
fects of noise is additive, so a temporal difference can mitigate
the effects of noise. This is especially effective in presence of
speech, as in comparison to speech many practical noise types
are relatively stationary.

We have seen that compared to GMM-HMM system, a
DNN-HMM system trained over a large dataset across multi-
ple speech environments provides stronger performance across
different environments [10, 11]. This makes it challenging to
further improve ASR accuracy for DNN-HMM system. Our
work shows that delta-Mel features that are computed in spec-
tral domain can still provide significant gains for DNN-HMM.
We provide graphical and experimental studies in which we
compare the recognition accuracy obtained with the two sys-
tems described in Fig. 1.

The rest of the paper is organized as follows: we discuss the
delta features and their robustness to noise in Sec. 2. In Sec. 3
we propose the new delta-Mel spectra features. We provide ex-
perimental results in Sec. 4. We present discussion in Sec. 5 and
summarize our study in Sec. 6.

2. Delta-Log-MelFilterbank Features

Delta features were proposed in [9] to add dynamic infor-
mation to instantaneous features. This work was motivated
from [8], where dynamic information was found to be im-
portant for human speech perception. Delta features also im-
prove recognition accuracy by adding temporal dependencies
to the HMM frames, which are nominally assumed to be sta-
tistically independent of one another. GMM-HMM systems
were traditionally trained on MFCC features along with delta-
cepstral features. DNN-HMM systems are instead trained on
log-MelFilterbank features, their delta features are derived from
log-Mel static features. In Fig. 1, we obtain MelFilterbank fea-
tures following standard techniques in Windowing, short-time-
Fourier-transform (STFT) and MelFilterbank integration. Con-
sidering a short-time log-Mel sequence [[n], the delta-log-Mel
features d;[n], are typically defined as:

diln] =ln+m] —ln—m] (1)

where n indicates analysis frame index, and integer m can
be in [2,3,4]. Delta-delta-log-Mel features are defined simi-
larly in terms of a subsequent delta-operation on the delta-log-
Mel features. These delta and delta-delta features have tradi-
tionally been used in a number of ASR systems and have been
found to improve accuracy for both clean and noisy conditions.
We refer to our previous study in [7] for detailed analysis of
static and delta features.

The delta features in (1) help improve ASR accuracy over
a range of speech scenarios. However, it still has issues with
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Figure 1: Conventional LogMel features and corresponding
delta-LogMel features, along with proposed delta-Mel features.

robustness to noise. We describe some of the issues of noise-
robustness for delta-log-Mel features in Fig. 2(a). There we plot
a delta-log-Mel feature sequence for a particular clean speech
sample, we also plot features from corresponding noisy speech
that was obtained by digitally adding a 10-dB white noise to
speech. Note that the speech sample contains mostly silence
from frame index 200 onward. We note following issues in
Fig.2, (1) delta features match poorly for speech energy “val-
leys”, this is expected as noise fills up “valleys”, so taking
a temporal difference after logarithm operation offers a poor
match between clean and noisy conditions, (2) these delta fea-
tures contain significant energy for silence segments. Above
can be understood in the context of compressive nature of the
log nonlinearity. The spectral peaks are approximately the same
for the clean and noisy speech but the remaining frames exhibit
a high degree of mismatch as noise fills up the “valleys” of the
curves.

We next propose deriving delta features directly from
MelFilterbank features for additional robustness to noise.

3. Delta-MelFilterbank features

In this section we build on our prior work on delta-spectral-
ceptra-coefficients (DSCC) for GMM-HMM systems in [7] and
propose delta-MelFilterbank features for DNN-HMM systems.
Our rational for proposed delta features is identical to that for
DSCC. We observed that speech signal power exhibits a very
high dynamic range, while the noise spectral power is relatively
stationary. The vast differences between the rate of change of
power for speech and noise are likely to be one of the many
cues that human ears can use to ignore the relatively stationary
noise signals and focus on the rapidly-changing power of speech
signals.
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Figure 2: (a) delta-log-Mel feature sequence for a MelFilter-
bank centered at 1000 Hz, (b) corresponding delta-Mel features
by taking temporal difference on MelFilterbank outputs. Noisy
speech was obtained by adding white noise at 10 dB to a speech
sample. We appropriately scaled the features to lie in the range

of [-1,1].

The objective of delta-Mel features is to retain the speech
contextual information captured by delta-log-Mel features in
Fig. 1, as well as, provide greater robustness to additive noise.
We describe our proposed features with respect to the right col-
umn in Fig. 1. The key difference is to apply delta operation to
the MelFilterbank outputs. We can also optionally apply a non-
linearity to these delta features. Due to temporal difference op-
eration, the delta-Mel features enhance the fast changing speech
components, and suppress the slowly-changing noisy compo-
nents.

In Fig. 2(b) we plot the delta-Mel features for clean and
corresponding noisy condition with white noise added at 10 dB.
We see following following key benefits with these features, (1)
there is a greater degree of match for clean and noisy speech
for both speech energy “valleys” and “peaks”, (2) the silence
segments in frame index 200 onward have very little energy.
Fig. 2 clearly demonstrates that delta-Mel provides benefits over
conventional delta-log-Mel features.

3.1. Nonlinerity to Delta-MelFilterbank features

In our previous study in [7] applying a suitable nonlinearity was
found to be important for GMM-HMM system. There we pro-
posed “Gaussianization” nonlinearity but it significantly adds
to latency of the ASR system, making it impractical for prod-
uct deployment. In this work we propose and experiment with
following nonlinearities:

di [n] = sign(d[n]) . log(abs(d[n]))

there, sign(z) =

(€3

o e.g conventional sign of z, and
abs(x)

abs(zx) indicates absolute value of x. We refer to above nonlin-
earity as log-based. We also propose power-based nonlinearity
in:

di[n] = sign(d[n]) . (abs(d[n])*

there, g is typically in the range of (0.01, 1.0).

For our work we experimented with the nonlinearities in (2)
and (3). Note that the exact choice of nonlinearity may be less
critical for DNN-HMM system than for GMM-HMM system,
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this is because DNN feed-forward operation in itself is a non-
linear operation, so to an extent we can rely on DNNs to learn
suitable network weights for our delta features.

4. Experimental results

In this section, we describe experimental results comparing, (1)
conventional ASR system that includes log-Mel features along
with corresponding delta features, (2) our proposed system that
replaces conventional delta features with delta-Mel features.
We provide a description of our baseline system below:

1. 66-dim dynamic log-MelFilterbank features, along with
a context of 11 frames for a total of 726-dim input to
DNN. These dynamic features consist of static, delta and
delta-delta log-Mel features.

2. DNN was trained with a total of 200 hours of US English
voice-search (VS) and short-message dictation (SMD)
data

3. DNN had 5 hidden layers with 1024 units each, output
layer had 6000 units.

Hidden layers applied sigmoid nonlinearity, output layer
was softmax.

5. 3-state left-to-right HMM topology.
6. 40 base phones + silence and noise states.

7. We used our server model trained from 1000-hours of
speech to align data for training DNNSs.

Following above we trained a baseline model as well as a model
with delta features obtained from (2) and (3).

4.1. Experiments on WinPhone data

We conducted our test on WinPhone client data. This data was
collected from over 300 speakers to test the performance of
speech recognition on Windows phone devices. We used device
grammars for this task that typically include calling, texting,
digit dialing, opening applications etc. that are typically used
on smart devices. This data is balanced across male and female
speakers. This dataset was collected in both clean and real-
life noisy conditions across street, office, home environments.
Many other databases artificially add noise to clean speech cor-
pus, making it difficult to judge the performance of ASR sys-
tem in practical deployment. So the experiments on this data
provides a very good measure of success in real-life situations.

We report for clean conditions in Table 1. There we re-
port results for baseline features and our proposed system with
delta-Mel features, while applying power-based nonlinearity in
(3) with ¢ = 0.05. We experimented with a range of ¢ and
found consistently good results with ¢ in (0.03,0.08). In Ta-
ble 1, we see that our proposed features can also improve clean
conditions. A number of techniques for noise-robustness have
improved performance for noisy conditions at some cost to per-
formance for clean conditions. Overall on the task with 18746
words, we see that our system reduces baseline WER from
1.77% to 1.56%, providing 11% word-error relative reduction
(WERR) in clean conditions. Person-name recognition is an
important but very challenging task for smart devices, there too
we see 12% WERR for our system over baseline.

We present results for noisy task in Table 2. There too we
see that our system reduced overall WER from 5.03% to 4.17%,
providing a strong 17% WERR, where for the challenging task
of person-name recognition we improved WER from 5.71% to
4.88%, thus 16% WERR.
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Table 1: WER [%] for WinPhone task in clean conditions.We
used (3) with ¢ = 0.05.

Task No. of | Baseline | delta-Mel
words features
Smartphone search 1132 0.09 0.27
Smartphone digit dial 5538 0.83 0.74
Smartphone person name | 10637 2.67 2.33
Smartphone start menu 1439 0.07 0.07
Overall 18746 1.77 1.56

Table 2: WER [%] for WinPhone task in noisy conditions. We
used (3) with ¢ = 0.05.

Task No. of | Baseline | delta-Mel
words features
Smartphone search 1089 2.94 3.49
Smartphone digit dial 5387 5.01 3.58
Smartphone person name | 1439 5.71 4.88
Smartphone start menu 1396 1.65 1.72
Overall 18293 5.03 4.17

We also experimented with log-based nonlinearity in (2)
but those results were weaker than that from power-based non-
linearity. We also experimented with delta-Mel features, i.e.,
without any nonlinearity but that didn’t outperform baseline,
indicating that DNN can benefit with delta features that have
already been processed through a nonlinear operation. We also
tried using both delta-log-Mel and delta-Mel features but that
didn’t provide desirable improvement to ASR results.

5. Discussion

In this work we motivated deriving features from temporal dif-
ference on the spectral features rather than conventionally from
log-Mel spectral features. We experimentally found that ap-
plying log-based or power-based nonlinearity helps DNNs. In
future we would like to study other types of nonlinearity and
possibly optimize the choice of nonlinearity shape or parame-
ters in the DNN back-propagation optimization framework. Our
baseline already includes a context of 11 frames; static features
from this long context already carry some of the information
captured by delta features, still we obtained superior baseline
with including delta features in our baseline. We also applied
this work to US English server tasks with universal language
model (ULM) containing 70000 word recognition vocabulary;
there we see a limited 2-3% WERR over clean+noisy task, we
expect to improve these results in future iterations of the work.

6. Conclusions

In this study, we proposed delta-Mel features that perform tem-
poral difference in the spectral rather than log-spectral domain,
and also proposed log-based and power-based nonlinearity op-
erations on these features. We applied our work to DNN-HMM
systems and obtained strong gains for client tasks, where we
respectively obtained 12% and 17% WERR for clean and noisy
conditions. These features do not add any latency to our system.
We expect to extend our experiments in the DNN framework by



inserting a new nonlinear layer to delta-Mel features and au-
tomatically learn a suitable nonlinearity for each of features in
delta-Melspectra.
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