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4 Comparison with Current
Technology

We review current approaches to noise
compensation. SAD. SID. LID, and KWS,
and contrast them briefly to the proposed
methods (see Section 3). We also provide
state-of-the-art performance results under
both clean and noisy conditions. Results with
communication noise in four languages (Iraqi
Arabic, Farsi, Dari. and Pashto) from the
DARPA-funded RATS feasibility study by
BBN and MIT Lincoln Lab are also given
(sce baseline numbers in Table 3-1).

4.1 Noise Compensation

Two basic approaches to dealing with noise
are: enhancing the features (feature-based)
and dynamically adjusting modcl parameters
(model-based). One early leature-based
approach is spectral subtraction [46][4] which
tries to remove an estimate of the noise
spectrum from the noisy speech spectrum.
Recent extensions attempt o build statistical
mappings from the noisy spectrum to the
clean spectrum [47.48.20]. Model-based
approaches. such as Vector Taylor Series [23-
24]. Parallel Model Combination [22], and
predictive CMLLR [25]. adapt the HMM state
observation probabilities based on an cstimate
of the noise. These methods were mostly
developed for testing automatic speech
recognition (ASR) under mis-matched
conditions, using standard MFCC or PLP
front-ends. Researchers have also developed
long-span features based on human auditory
models [7][11] that are generally more robust
to noise, without requiring an explicit noise
estimate.

While cach of the above methods has been
shown to provide significant benefits to ASR
in noise, there has not been a systematic effort
to apply and optimize these techniques in
combination. In Section 3.2 we presented a
unified framework for attacking noise across
all four RATS applications. This included a
number of robust feature extraction and noise

compensation techniques, and innovative
discriminative training methods for reducing
feature dimensionality and for building
detailed multi-resolution models of speech.
speakers, and languages. In addition. we
proposed a novel condition-adaptive strategy
for fusing decisions from multiple classifiers.
as well as unsupervised confidence-based
model adaptation. in order to reduce
uncertainty in the presence of noise.

4.2 Speech Activity Detection

In the NIST Rich Transcription evaluation,
the best SAD systems [49-51], using a
combination of energy- and spectral-based
features, and classifiers based on Gaussian
Mixture Models (GMM) achieved an error
rate (% ol total time that was misclassified) of
3.2% when tested on the Meeting and Lecture
data. Their performance degraded to 10%
when tested on other noisy data. In the RATS
feasibility study, the error rate for GMM-
based SAD was | 1% (Pyiss=3% at Ppa=6%).
Recently, in a speech/nonspeech classiflication
(nondetection) task, our partners Shamma and
group | 19] showed that an SVM classifier
trained on multi-D cortical leatures (Section
3.2.1) achieved an error rate of 1.2% on noisy
speech — significantly better than other
approaches |52-53].

In addition to using robust features, our
proposed methods place greater reliance on
detecting speech by virtue of its predictable
time varying nature, which can be modeled by
the long-term modulation spectrum and also
by using longer-duration tokenizations of
speech, such as phonemes or self-organized
units (SOUs). In Section 3.3.1 we described a
novel factorial HMM for SAD that can
achieve even greater robustness by modeling
the effects of noise explicitly.

4.3 Speaker Identification

In SID, broad speaker characteristics are
represented by text-independent statistical
models such as GMMs | 54-55] that can be
discriminatively trained [42]: or SVM
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classifiers that use speaker adaptation features
(such as MLLR matrices [38]) or adapted
GMM supervector means [56]. Joint Factor
Analysis (JI'A) [28][57] and projection
approaches, such as Nuisance Attribute
Projection (NAP) [ 58]. are used to reduce the
effect of inter-session channel variability.
Higher Ievel features, such as word usage,
pronunciation, and prosodic patlerns are used
when available [59]. Multiple systems are
used with non-linear classifiers, such as
logistic regression or neural network, to torm
a single decision [60-61].

In the 2008 NIST Speaker Recognition
Livaluations, the best results in the telephone
matched train/test condition. obtained by our
partners at Brno University of Technology.
were Pui=5% at Ppa=5%. Inthe RATS
feasibility study, the bascline result under
noise was Ppi.=13% at Ppa=5%.

The main weakness of current SID practices
is that the acoustic likelihood ratios are based
on simple GMMs, which are very susceptible
to noise and cannot model distinguishing
long-term speaker attributes. Our proposed
approach overcomes this problem by
computing acoustic likelihood ratios based on
all levels of tokenization, using detailed
HMMs trained via novel discriminative
training, as outlined in Section 3.3.2.

4.4 Language ldentification

LID is commonly performed using techniques
similar to SID — such as discriminatively
trained GMMs and supervector SVMs — in
addition to phonotactic approaches that use n-
gram scores from a phoneme recognizer
[41][62]. As in SID, these systems are
combined to optimize performance. In the

2009 NIST lLanguage Recognition Evaluation,

the best results were Puiw—1% at Pra=1% for

30 second tests. In the RATS feasibility study.

the baseline results under noise were
Plﬂi?i:i: I 0% al PIA:I 50/0.

Our proposal for L.ID (Section 3.3.3) replaces
weak GMMs with powerful multi-resolution

MM tokenizers that are trained
discriminatively and in a speaker-adaptive
manner in order to model and factor out inter-
speaker variability. The use of semi-
supervised training and SOUs will enable us
to produce tokenizers for all 15 of the
languages in the RATS program. We also
propose more refined phonotactic models that
look beyond local n-gram context for broad
phonotactic patterns that are characteristic of
languages.

4.5 HKeyword Spotting

KWS is commonly performed with either
phoneme or word recognition. In [63], we
demonstrated that modeling context (words
next to the keywords) significantly improved
performance. In [35]. we showed that using
lattices in KWS with appropriately set
detection thresholds is also important.

In the 2006 NIST Spoken Term Detection
evaluation. for the clean conversational
telephone speech domain in which all sites
participated. the best performing system,
submitted by BBN [35] using large
vocabulary recognition, achieved Ppis=10%
at Ppa=0.01% [64]. In the RATS feasibility
study, the Arabic KWS system was trained
with | hour of transcribed noisy data. Using
other out-of-domain training data and
applying adaptation techniques. the KWS
error rates for Iragi Arabic were P, =40% at
PFA:69&

Our proposed work (Section 3.3.4) includes
stronger prior models, such as topic-weighted
language models, and robustness through the
use of multi-resolution models. with
condition-dependent fusion and model
adaptation. We proposed several techniques,
based on unsupervised adaptation, for
improving both the acoustic and language
models tfor keywords that are not well-
represented in the training data. Semi-
supervised training would allow us to
dramatically improve performance when we
have very little transcribed noisy audio.

Use or disclosure of the data contained on this page is subject to the restriction on the title page of this proposal.
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5 Statement of Work 1. Phasel _ )

BBN proposes (o build a system, PATROL., 11. Soltyane Anttaration ¥ad Dellyery
1.1.1. Develop library for FDLP and

that will revolutionize US ability to pinpoint
speech activity, identify the language and the
spcaker. and detect keywords of interest,
under very noisy and degraded conditions.
The work presented in Section 3 will be
accomplished in three phases: an | 8-month
Phase |, a 12-month Phase 2. and a 12-month
Phasc 3.

Deliverables under this effort shall include:

e Quarterly Progress Reports (QPR)

e Final report

e Papers published in international
conferences and/or journals during the
course of the program

o All software and documentation
developed under the project

®  Any data collected under the project

e Integrated systems for evaluation (6
weceks before end of each phase)

e Trainable, military user-friendly

system during Phases 2 and 3.
In the remainder of this section we present an
itemization of the proposed tasks and subtasks,
organized by phase, and grouped into one of
the following areas: sottwarc integration and
delivery. feature extraction and projection,
noise compensation, speech activity detection
(SAD), language identification (L.ID), speaker
identification (SID), and keyword spotting
(KWS). In Phases 2 and 3 we also list tasks
associated with the proposed RATS Speech
Transcription option described in Section 3.6.

For each subtask, we show its duration (Dur),
objective (OQbj). the approach taken to
accomplish it (4pp), participating sites (Sites),
completion criteria (Criteria), and
deliverables (Del). We also indicate any
dependencies (Dep) to other tasks. All
acronyms are as defined in Section 3.

modulation spectrum
Dur: 2 months. Obj: Develop portable
software library lor computing FDLP and
modulation spectrum. App: Develop C++
library that computes FDLP and modulation
speclrum; write associated regression tests;
optimize code for speed. Sites: IHU. Criteria:
Code compiling and passing regression tests
at all sites. Del: QPR,
1.1.2. Develop library for testing MLPs
Dur: 3 months. Obj: Develop software library
that provided functions for testing multi-layer
perceptrons (MLPs). App: Develop C++
library functions that can test MLLPs on a
corpus of feature vectors; write associated
regression tests; optimize code for speed.
Sites; JHU. Criteria: 1.ibrary compiles and
passes regression tests at all sites. Del: QPR.
Dep: 1.1.1.
1.1.3. Develop library for cortical feature

extraction
Dur: 2 months. Obj: Develop portable
software library for computing cortical
features. App: Develop C++ library that
computes cortical features; write associated
regression tests; optimize code for speed.
Sites: UMD. Criteria: Code compiling and
passing regression tests at all sites. Del: QPR.
1.1.4. Integrate baseline UMD SAD SVM

to PATROL
Dur: 2 months. Obj: Integrate SAD SVM
training and testing software to BBN's system.
App: Develop C++ library functions that can
train and test SAD SVMs on a corpus of
feature vectors with associated targets; check
source code into BBN's soltware repository:
write associated regression tests: optimize
code for speed. Sites: UMD. Criteria: Code
working properly at BBN. Del: QPR. Dep:
1.1:3,
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1.1.5. Transition baseline SID and LID
systems from BUT to BBN
Dur: 6 months. Obj: Integrate BUT SID and
LLID system components to BBN's system.
App: Develop C++ library functions that can
test BUT's SID and 1.1D models on existing
L.LDC/NIST corpora: check source code into
BBN's software repository: write associated
regression tests, Sites: BUT. Criteria: Obtain
same results as BUT on NIST SID/LID
evaluation sets. Del: QPR.

1.1.6. Integrate PATROL research
components into Phase 1 Deliverable
system

Dur: 7 months. Obj: Continuously integrate

research components into PATROL system.

Linsure that PATROL system runs within

specified time limits in evaluation mode, on

deliverable hardware. App: Iteratively
integrate system components to PATROL.
system as they become updated by research
efforts. Test component connections and
measure performance characteristics

(accuracy, speed). Optimize components as

needed in order lo meet target speed. Sites:

BBN. Criteria: PATROL. system achieves

expected accuracy and runs within specified

time constraints. T'ask repeats until the start
of Phase | evaluation. Del: QPR.

1.1.7. Develop GUI for evaluation system
Dur: 5 months. Obj: Develop a graphical user
interface (GUI) for the PATROL system,
supporting Phase |1 evaluation tasks. App:
Implement GUI that allows the user to easily
select an evaluation task. open a test file, run
the PATROL system on it, and save the
output. Wrile source code that interprets GUI
inputs and calls corresponding functions in
the PATROL. system library. Sites: BBN,
Criteria: GUI is intuitive, easy to use and
allows user to perform all evaluation tasks.
Del: QPR.
1.1.8. Test and prepare P1 PATROL
system for Delivery
Dur: 2 months. Obj: Ensure that Phase |
PATROL system runs with expected accuracy
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and speed in evaluation mode. App: Install
PATROL system on hardware to be delivered
to Lvaluation Team. Run PATROL system in
evaluation mode on all tasks. Deliver system
to Evaluation Team. Sites: BBN. Criteria:
PATROL system runs as expected on
deliverable hardware. Del: QPR: software and
hardware delivery to Evaluation Team on
1/2/2012. Dep: 1.1.6, 1.1.7.

1.2. Feature Extraction and Projection
1.2.1. Project high-dimensional features
via MLP
Dur: 10 months. Obj: Determine whether
cortical and modulation spectrum features
work well with MLLPs. Also determine
whether MLPs can scale to high-dimensional
features. App: Feed high dimensional cortical
and modulation spectrum features into MLP
and train MLP for each of the four RATS
applications: explore different MLP
architectures and training methods: optimize
code for speed: support MLP integration into
PATROL system. Sites: JI1U. Criteria: MI1.P-
derived features perform better than
PCA/LDA-projected features for each of the
four RATS applications. Dei: QPR. Dep:
1.1.2.

1.2.2. Explore feature-based fusion

Dur: 8 months, Obj: Determine optimal
procedure for combining/fusing different
types of features (e.g., PLP, FDLP, MLP).
App: Investigate two methods for fusing
multiple feature streams: (a) feature
concatenation and MLP-based projection. and
(b) Dempster-Shafer fusion. Run experiments
on RATS data to determine which method
works best for each of the four RATS
applications. Develop software library that
supports feature fusion functions. Optimize
code for speed. Sites: JHU. Criteria:
Improved results across all four RATS
applications from fusing multiple feature
streams. Del: QPR.
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1.3. Noise Compensation

1.3.1. Enhance cortical features

Dur: 13 months. @bj: Develop methods for
noise suppression in the cortical domain. App:
Implement filter that suppresses regions of
noise in the cortical domain. Estimate
parameters of filter on RATS data. Investigate
filters that adapt their parameters based on an
estimate of the noise. Periodically integrate
and update enhancement [ilters into cortical
feature extraction library. Coordinate with
JHU on projecting enhanced cortical features
via MLPs. Optimize code for speed. Sites:
UMD. Criteria: Improved performance of
RATS applications compared to using un-
enhanced cortical features. Del: QPR.

1.3.2. Investigate VTS for noise adaptation
Dur: 13 months. Obj: Investigate vector
Taylor series (VTS) for adapting HMMs to
noise on RATS data. App: Consult with
Cambridge University on implementation of
VTS noise adaptation. Incorporate VTS in
models used across all four RATS
applications. Measure performance with and
without VTS. Repeat measurements after
incorporating MLP-projected enhanced
features from UMD/JHU. Optimize
implementation for speed. Sites: BBN.CU.
Criteria: Improved performance of RATS
applications compared to only using feature-
based noise compensation, Del: QPR. Dep:
1L 12,

1.4. SAD
1.4.1. Develop cortical domain SVM for
SAD

Dur: 12 months. Obj: Develop cortical
domain SAD system based on Support Vector
Machines (SVMs). App: Investigate the usc
of SVMs for speech/non-speech audio
classilication. Run experiments on RATS
data as it becomes available. Initially. make
use of cortical features with PCA/LLDA
dimensionality reduction. l.ater, use MLP-
based projection from JHU. Release updated
PATROL software libraries for SVM testing.
Sites: UMD. Criteria: Improved SAD

performance on RATS data compared to
standard speech/non-speech GMM baseline.
Del: QPR. Dep: 1.1.4.

1.4.2. Build SOU HMM for SAD

Dur: 9 months. Obj: Develop SAD system
based on self-organized unit (SOU) hidden
Markov models (HMMs). App: Apply the
process of clustering acoustic trajectories in
RATS data into a number of SOUs for speech
and non-speech. Design and train an HMM
for each labeled SOU in the RATS training
data. Contrast such system with a baseline
speech/non-speech GMM SAD. Integrate
ML.P-projected features from UMD/JHU as
they become available. Optimize SOU HMM
SAD system for speed. Sites: BBN. Criteria:
Improved SAD performance on RATS data
compared to simple speech/non-speech GMM
baseline. Del: QPR. Dep: 1.1.2.

1.5. LID
1.5.1. Establish baseline BUT LID system
on RATS data
Dur: 5 months. Obj: Establish a baseline
BUT LID system tuned on RATS data. App:
Train and test all components of BUT LID
system on RATS data. Optimize each
component for speed and accuracy.
Iteratively integrate optimized components to
PATROL system. Sites: BUT. Criteria: BUT
LID system runs properly on RATS data and
achieves improved performance compared (o
initial un-tuned LI1D system. Del: QPR.

1.5.2. Incorporate MLP features in BUT
LID system
Dur: 6 months. Obj: Test ML.P-projected
cortical or modulation spectrum features in
L1D system. App: Periodically integrate
UMD/JHU's MLP-projected cortical or
modulation spectrum features into BUT L1D
system and re-optimize LID on RATS data.
Compare against current best baseline on
RATS development set. Sites: BUT. Criteria:
Perform periodically until best front-end
processing is integrated to Phase 1 BUT LID
system components. Del: QPR. Dep: 1.1.2.
1.5
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1.5.3. Develop SOU-based LID system
Dur: 13 months. Obj: Develop SOU-based
BBN LID system. App: Tokenize RATS
training data based on sell-organized units
(SOUs). Estimate language-specific SOU
GMM and HMM acoustic models. Train
language-specific SOU n-gram models.
Optimize LID system components for speed
and accuracy. Incorporate MLP leatures as
they become available. Sites: BBN. Criteria:
BBN LID system runs properly on RATS data
and achieves performance comparable Lo or
better than BUT's LID system on RATS
devset. Del: QPR. Dep: 1.1.2.

1.6. SID

1.6.1. Develop JHU SID system

Dur: 12 months. Obj: Develop JHU SID
system tuned on RATS data. App: Train and
test all components of JHU SID system on
RATS data. Optimize each component for
speed and accuracy. Incorporate MLP
features as they become available. lteratively
integrate optimized components to PATROL
system. Sites: JHU., Criteria: JHU SID
system runs properly on RATS data and
achieves improved performance compared to
initial un-tuned SID system. Del: QPR. Dep:
1.1.2.

1.6.2. Establish baseline BUT SID system
on RATS data
Dur: 5 months. Obj: Establish a baseline
BUT SID system tuned on RATS data. App:
Train and test all components of BUT SID
system on RATS data. Optimize cach
component for speed and accuracy.
Iteratively integrate optimized components to
PATROL system. Sites: BUT. Criteria: BUT
SID system runs properly on RATS data and
achieves improved performance compared to
initial un-tuned SI1D system. Del: QPR.
1.6.3. Incorporate MLP features in BUT
SID system
Dur: 6 months. Qbj: Test MLP-projected
cortical or modulation spectrum features in
LLID system. App: Periodically integrate
UMD/JHU's MLP-projected cortical or

modulation spectrum features into BUT LID
system and re-optimize L1 on RATS data.
Compare against current best baseline on
RATS development set. Sites: BUT. Criteria:
Perform periodically until best front-end
processing is integrated 10 Phase | BUT LID
system components. Del: QPR. Dep: 1.1.2,
1.6.2.

1.6.4. Try BBN's ASR model adaptation
parameters as features for SID
Dur: 4 months. Obj: Investigate the use ol
BBN's ASR speaker adaptation parameters as
features in SID. App: Train SID classifiers
that rely on ASR speaker adaptation
parameters (MLLR., CMI.1.LR matrices)
provided by BBN. Test on RATS
development data. Repeat investigation
periodically as BBN's ASR system evolves
during Phase |. Sites: BUT. Criteria: Perform
periodically until best SID classification
results are obtained in time for integration to
final Phase | PATROL system. Del: QPR.

1.6.5. Develop SOU-based SID system
Dur: 13 months. Obj: Develop SOU-based
BBN SID system. App: Tokenize RATS
training data based on sclf-organized units
(SOUs). Estimate universal background SOU
HMM (UBM) . Train speaker-dependent
SOU HMM acoustic models. Train speaker-
specific SOU n-gram models. Optimize SID
system components for speed and accuracy.
Incorporate MLP features as they become
available. Sites: BBN. Criteria: BBN SID
system runs properly on RATS data and
achieves performance comparable to or better
than BUT's SID system on RATS devset. Del:
QPR.

1.7. KWS
1.7.1. Establish baseline KWS using
LVCSR

Dur: 9 months. Obj: Develop Arabic and
Farsi KWS systems using large vocabulary
recognizers (LVCSR). App: Demonstrate that
the performance is better than using
phonemes or sub-words. and better than using
a small vocabulary that includes only the
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keywords plus sub-words. Initially. run
experiments on existing Arabic LLDC corpora.
When RATS data becomes available, retrain
KWS system and measure performance on
RATS Arabic and Farsi devsets. Sites: BBN.
CU. Criteria: A KWS system using LVCSR.
Comparative results with phoneme based
KWS. Del: QPR.

1.7.2. Integrate MLP features from
UMD/JHU
Dur: 6 months. Obj: Integrate improved
MIL.P-projected features from UMD and JIIU.
App: Periodically evaluate the impact of
UMD/JHU MLP-projected features on KWS.
After each feature update, retrain and test
KWS systems on RATS data. Optimize
system components as needed on the new
leatures. Sites: BBN, CU. Criteria: Improved
KWS performance due to the use ol more
advanced front-ends. Del: QPR. Dep: 1.1.2.
1.7.1.

1.7.3. Develop confidence measures for
keywords
Dur: 5 months. Obj: Develop good
confidence measures for keywords on noisy
data. App: Associate each keyword with
features extracted from phonetic lattices.
Train classifier (e.g.. generalized linear model)
on RATS annotated data to predict probability
of the recognized keyword being correct.
Sites: BBN, CU. Criteria: Obtain confidence
measures that can be used to decide whether
to return a recognized keyword. Del: QPR.
Dep: 1.7.1.

1.7.4. Develop adaptation procedures for
KWS
Dur: 6 months. Obj: Investigate adaptation of
KWS tokenizers and classifiers for improved
accuracy. App: Use high-confidence detected
keywords on test set in order to adapt KWS
models. Re-decode test data with adapted
models. Optimize adaptation and recognition
stages for speed. Sites: BBN. Criteria:
Improved KWS performance due to
confidence-based adaptation. Del: QPR. Dep:
.73,

1.7.5. Generate pronunciations for OOV
keywords
Dur: 4 months. Obj: Generate set ol
alternative pronunciations for keywords that
are not in the training lexicon. App: Explore
two approaches to handling unknown
keywords. First, use graphemic ASR models,
that map each letter in a word to a phoneme.
Second, develop algorithms for generating a
set ol plausible pronunciations from the
surface word form, and use these
pronunciations within phonetic ASR models
for KWS. Sites: BBN. Criteria: Ability to
spot words that are outside of the training
lexicon. Del: QPR. Dep: 1.7.1.

2. Phase2
2.1. Software Integration and Delivery
2.1.1. Develop system for training in the
field
Dur: 10 months. Obj: Develop infrastructure
to support training in the ficld for all four
RATS applications. App: Start with snapshot
of Phase 1 PATROL system: integrate all
BBN training modules into deliverable
pipeline: provide GUI-accessible functions
that perform training on given data: test
training pipeline extensively on deliverable
hardware; optimize components for speed:
write supporting documentation. Sites: BBN.
Criteria: Deliverable system performs all
training tasks reliably and efTiciently. Del:
QPR software and hardware delivery to
Government on 1/2/201 3.

2.1.2. Develop GUI for trainable system
Dur: 5 months. Obj: Develop a graphical user
interface (GUI) for the trainable version of the
PATROL system. App: Implement military
user friendly GUI that allows the user to train
and test the PATROL system on a given set of
data. Write source code that interprets GUI
inputs and calls corresponding functions in
the PATROL system library. Sites: BBN.
Criteria: GUI is intuitive, easy to use and
allows user to perform all training/testing
tasks. Del: QPR; software. Dep: 2.1.1.
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2.1.3. Integrate PATROL research
components into Phase 2 deliverable
system

Dur: 7 months. Obj: Continuously integrate

research components into PATROL system.

Ensure that PATROL. system runs within

specified time limits in training/evaluation

mode, on deliverable hardware. App:

Iteratively integrate system components to

PATROL system as they become updated by

research efforts. Test component connections

and measure performance characteristics

(accuracy. speed). Optimize components as

needed in order to meet target speed. Sites:

BBN. Criteria: PA'TROL. system achieves

expected accuracy and runs within specified

time constraints. Task repeats until the start
of Phase 2 evaluation. Del: QPR.

2.1.4. Test and prepare P2 PATROL
system for delivery
Dur: 2 months. Obj: Ensure that Phase 2
PATROL system runs with expected accuracy
and speed in training/cvaluation mode. App:
Install PATROL system on hardware to be
delivered to Government and Evaluation
Team. Run PATROL system in
training/evaluation mode on all tasks. Deliver
system to Government and Evaluation Team.
Sites: BBN. Criteria: PATROL system runs
as expected on deliverable hardware. Del:
QPR; software and hardware delivery to
Government and Evaluation Team on
1/2/2013. Dep: 2.1.1,2.1.2, 2.1.3.

2.2. Feature Extraction and Projection
2.2.1. Explore hierarchical MLP training
Dur: 7 months. 0bj: Determine whether

ML P-based projection can be improved via
hierarchical training. App: Use output of
trained MLP as input to second level MLP;
optimize code for speed; support MLP
integration into PATROL system. Sites: JHU.
Criteria: Improved classification performance
in RATS applications. Del: QPR.

2.2.2. Project high-dimensional features
via RDT
Dur: 12 months. Obj: Determine whether
RDT-based feature projection is better than
ML.Ps. App: Train discriminative RDT to
project UMD/JHU features to lower
dimensional sub-space for cach of the four
RATS applications: optimize code for speed.
Sites: BBN. Criteria: Improved classification
performance in RATS applications. Del: QPR.
2.3. Noise Compensation
2.3.1. Investigate RDT-based enhancement
Dur: 12 months. Obj: Apply RDT to cortical
spectrum in order to suppress the noise. App:
Estimate clean speech model from clean
corpus; Initialize RI)'T mapping based on
UMD's noise filter: Train RDT
discriminatively on RA'TS data to improve
classilication with clean speech model. Sifes:
BBN.UMD. Criteria: Improved classification
performance in RATS applications. Del: QPR.
2.3.2. Investigate JUD and PCMLLR for
noise adaptation
Dur: 10 months. Obj: Investigate joint
uncertainty decoding (JUD) and predictive
CMLLR (PCMLLR) for adapting HHMMs to
noise on RATS data. App: Consult with
Cambridge University on implementation of
JUD and PCMLLR noise adaptation.
Incorporate compensated models used across
all four RA'T'S applications. Contrast
performance with VTS noise compensation.
Repeat measurements after incorporating
MLP/RDT-projected enhanced features from
UMD/JHU. Optimize implementation for
speed. Sites: BBN.CU. Criteria: Improved
performance of RATS applications compared
to only using feature-based noise
compensation. Del: QPR.

2.3.3. Investigate condition-adaptive fusion
Dur: 8 months. Obj: Determine optimal
procedure for combining/fusing scores and
features from multiple classifiers (e.g..
HMMs, GMMs). App: Use measured
features of input (e.g.. SNR) as additional
features in final classification stage. along
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with scores from other classifiers. Develop
software library that supports score fusion
functions. Contrast with Dempster-Shaler

methods. Optimize code for speed. Sites: JHU.

Criteria: Improved results across all lour
RATS applications from fusing multiple
classifier scores, Del: QPR,

24. SAD
2.4.1. Build phoneme-based HMM for
SAD

Dur: 6 months. @hj: Develop SAD system
based on phoneme-class HMMs. App: Use
semi-supervised training methods to label
RATS SAD training data at phoneme level.
Design and train an [IMM lor each class of
phonemes. Contrast such system with the
SOU HMM SAD. Integrate MLP/RDT-
projected features from UMD/JHU as they
become available. Optimize HMM SAD
system for speed. Sites: BBN. Criteria:
Improved SAD performance on RATS data
compared to simple speech/non-speech GMM
baseline. Del; QPR.

2.4.2. Investigate adaptation for SAD
Dur: 5 months. Obj: Improve SAD

performance through unsupervised adaptation.

App: Use high-confidence specch/non-specech
boundaries detected on test data to adapt
acoustic models and then retest with adapted
models. Sites: BBN. Criteria: Improved SAD
performance on RATS data compared to un-
adapted SAD baseline. Del: QPR.

2.5. LID

2.5.1. Develop phoneme-based LID system
Dur: 12 months. Obj: Develop phoneme-
based BBN LID system. 4App: Use semi-
supervised training methods to label RATS
training data based on phonemes, [stimate
language-specilic phoneme HMM acoustic
models. Train language-specific phoneme n-
gram models. Optimize LID system
components for speed and accuracy.
Incorporate MLP/RDT-projected features as
they become available. Sites: BBN. Criteria:
Comparable performance to SOU-based L1D.
Del: QPR.

2.5.2. Discriminative training of HMMs for
LID
Dur: 12 months. Obj: Ixplore discriminative
training of HMMs for LID. App: Estimate
HMM parameters so as to maximize the
posterior probability of the correct language
on RATS training data. Incorporate
MLP/RDT-projected features as they become
available. Sites: BBN. Criteria: Improved
performance compared to maximum
likelihood HMM LID. Del: QPR.

2.5.3. Improve JFA in LID
Dur: 12 months. Obj: Investigate the use of

joint factor analysis (JEA) lor modeling noisc

variability in LID. App: Apply JFA on RATS
data. Extend JFA framework to account for
noise variability. Sites: BUT. Criteria:

Improved performance compared to baseline
BUT system. Del: QPR.

2.6. SID

2.6.1. Develop phoneme-based SID system
Dur: 12 months. Obj: Develop phoneme-
based BBN SID system. App: Tokenize
RATS training data based on phonemes.
Estimate universal background phoneme
HMM (UBM) . Train speaker-dependent
phoneme HMM acoustic models. Train
speaker-specilic phoneme n-gram models.
Optimize SID system components for speed
and accuracy. Incorporate MLP features as
they become available. Sites: BBN. Criteria:
BBN SID system runs properly on RATS data
and achieves performance comparable to or
better than BUT's SID system on RATS
devset, Del: QPR.

2.6.2. Discriminative training of HMMs for
SID
Dur: 9 months. Obj: Explore discriminative
training of [HIMMs for SID. App: Estimate
HMM parameters so as to maximize the
posterior probability of the correct speaker on
RATS training data. Incorporate MLP/RDT-
projected features as they become available.
Sites: BBNLJHU. Criteria: Improved
performance compared to maximum
likelihood HMM SID. Del: QPR.
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2.6.3. Improve JFA in SID

Dur: 12 months. Obj: Investigate the use of
Joint factor analysis (JFA) for modeling noise
variability in LID. App: Apply JFA on RATS
data. Extend JFA framework to account for
noise variability. Sites: BUT. Criteria:
Improved performance compared to baseline
BUT system. Del: QPR

2.7. KWS
2.7.1. Investigate semi-supervised training
methods

Dur: 10 months. Obj: Explore semi-
supervised training methods for KWS
acoustic model training. App: Build initial
acoustic models on transcribed RATS corpus.
then decode large un-transcribed audio and
train on select automatic transcripts. Sifes:
BBN. Criteria: Improved KWS performance
compared to training on manually transcribed

data. Del: QPR.

2.7.2. Use topic-weighted LM

Dur: 8 months. Obj: Investigate topic-
weighted language model (LM) for KWS.
App: Run UTD on transcribed text for the
language to derive a set of topics. Run
recognition on test passage: detect topic
automatically: derive topic-weighted LM;
rerun recognition. Sites: BBN. Criteria:
Improved KWS performance compared to
using a gencric LM, Del; QPR.

2.8. Speech Transcription Option

2.8.1. Establish ASR baseline on RATS
devset

Dur: 5 months. Obj: Establish training/test

sets and proper ASR baseline using RATS

data. App: Coordinate with Data Team to

form a proper RATS ASR development set:

build initial RATS ASR system on designated

training corpus. Sites: BBN.CU. Criteria:

Reasonable ASR accuracy on RATS data. Del:

QPR.

2.8.2. Develop ASR RATS system

Dur: 7 months. Obj: Further improve

accuracy of PATROL ASR system. App:

Incorporate features and noise compensation

methods developed for KWS as they become

available. Explore discriminative training and
adaptation methods. Sites: BBN.CU. Criteria:
Improved ASR accuracy compared to
baseline ASR system on RATS data. Del:
QPR. Dep: 2.8.1.

3. Phase3
3.1. Software Integration and Delivery
3.1.1. Develop system for training in the
field
Dur: 10 months, Obj: Develop infrastructure
Lo support training in the field for all four
RATS applications. App: Integrate training
modules from UMD/JHU/BUT into
deliverable pipeline; test training pipeline
extensively on deliverable hardware: optimize
components for speed; write supporting
documentation. Sites: BBN. Criteria:
Deliverable system performs all training tasks
reliably and efficiently. Del: QPR: software
and hardware.

3.1.2. Integrate PATROL research
components into Phase 3 deliverable
system

Dur: 10 months. Obj: Continuously integrate

research components into PATROL system.

Ensure that PATROL system runs within

specified time limits in training/evaluation

mode, on deliverable hardware. App:

Iteratively integrate system components to

PATROL system as they become updated by

rescarch efforts. Test component connections

and mecasure performance characteristics

(accuracy, speed). Optimize components as

needed in order to meet target speed. Sites:

BBN. Criteria: PATROL system achieves

expected accuracy and runs within specified

time constraints. Task repeats until the start

of Phase 3 evaluation. Del: QPR. Dep: 3.1.1.

3.1.3. Test and prepare P3 PATROL
system for Delivery

Dur: 2 months. Obj: Ensure that Phase 3

PATROL system runs with expected accuracy

and speed in training/evaluation mode. App:

Install PATROL system on hardware to be

delivered to Government and Evaluation
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Team. Run PATROL system in evaluation
mode on all tasks. Deliver system to
Government and Evaluation Team. Sites:
BBN. Criteria; PATROL. system runs as
expected on deliverable hardware. Del: QPR.
Software and hardware delivery to
Government and to Evaluation Team on
1/2/2014. Dep: 3.1.1.3.1.2.

3.2. Feature Extraction and Projection
3.2.1. Improve feature extraction methods
Dur: 12 months. Obj: Improve existing front-
end representations. App: Analyze results
obtained in all four RATS applications and
adjust existing or develop new feature
extraction modules in order to achieve further
improvements to noise robustness; update
software libraries; optimize code for speed.
Sites: UMD, JHU. Criteria: lmproved
robustness to noise. Del: QPR.

3.3. Noise Compensation

3.3.1. Investigate condition-adaptive fusion
Dur: 8 months. Obj: Determine optimal
procedure for combining/fusing scores and
features from multiple classifiers (e.g.,
HMMs. GMMs). App: Continue
development of condition-adaptive fusion,
investigating new features such as prosody,
articulation, phoneme rate. Sites: JHU,
Criteria: Improved results across all four
RATS applications from fusing multiple
classifier scores. Del: QPR.

3.3.2. Investigate RDT-based enhancement
Dur: 12 months. Obj: Apply RDT to cortical
spectrum in order to suppress the noise. App:
Continue developing RDT based
enhancement by investigating different
methods for partitioning the cortical feature
space into regions. Sites: BBN,UMD.
Criteria: Improved classification performance
in RATS applications. Del: QPR.

3.3.3. Investigate Noisy CMLLR for noise
adaptation

Dur: 10 months. Obj: Investigate Noisy

CMLLR (NCMLLR) for adapting HMMs to

noise on RATS data. App: Consult with

Cambridge University on implementation of

NCMLLR adaptation. Incorporate
compensated models used across all four
RATS applications. Contrast performance
with Phase 2 noise compensation methods.
Repeat measurements alter incorporating
MLP/RDT-projected enhanced features from
UMD/JHU. Optimize implementation for
speed. Sites: BBN.CU. Criteria: Improved
performance of RATS applications compared
to only using feature-based noise
compensation. Del: QPR.
3.3.4. Develop noise adaptive training
methods
Dur: 9 months. Obj: Derive acoustic models
that adapt better to noise. App: Apply noisy
CMLLR adaptation methods to training in
order to obtain canonical, noise-neutral
acoustic models; also investigate
discriminative methods for estimating the
adaptation parameters. Sites: BBN,CU.
Criteria: Improved adaptation performance
on test. Del: QPR.

3.4. SAD

3.4.1. Investigate factorial HMM for SAD
Dur: 12 months. Obj: Explore the use of
factorial HMMs for SAD. App: Estimate
clean speech phoneme-class models from
clean speech corpus: initialize factorial HMM
noise states based on identity transforms: train
factorial model on RA'TS data. allowing noisc
transforms to model the effect of noise on
clean speech: investigate both maximum
likelihood and discriminative training criteria.
Sites: BBN. Criteria: Improved SAD
performance compared to Phase 2 SAD
models. Del: QPR.

3.4.2. Explore sequence scores for SAD
Dur: 8 months. Obj: Investigate the use of
higher-level features in SAD. App: Apply
phonotactic-type modeling to learn patterns
about the sequences ol phonemes or SOUs
that are characteristic of speech: fuse such
scores with acoustic I IMM SAD scores. Sites:
BBN. Criteria: Improved SAD performance
compared to Phase 2 SAD models. Del: QPR.
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3.,5. LID

3.5.1. Use SAT for LID

Dur: 10 months. Obj: Use speaker adaptive
training (SAT) in LID. App: Apply speaker
change detection and clustering methods on
RATS LID training data; Estimate adaptation
transforms for each speaker cluster;
incorporate transforms during L.ID HMM
training in order to obtain speaker-neutral
models; investigate discriminative training
extensions. Sifes: BBN. Criteria: Improved
performance compared to standard

discriminative HMM LID training. Del: QPR.

3.5.2. Use information retrieval methods
for LID
Dur: 10 months. Obj: Explore techniques for
global phonotactic modeling in LID. App:
Collect statistics about phoneme or SOU co-
occeurrences in speech tokenization output;
build models that look beyond local n-gram
context: include scores from such models in
LID fusion. Sites: BUT. Criteria: Improved
performance compared to baseline LID
system. Del: QPR.

3.5.3. JFA for HMM-based LID

Dur: 12 months. Obj: Extend JFA to work
with HMM-based SID systems. App:
Estimate basis of MLLR transformations to
model variability in HMM Gaussian
parameters; adapt HMMs using JFA-inspired
methods. Sites: BUT,BBN, Criteria:
Improved performance compared to baseline
HMM SID system. Del: QPR.

3.6. SID

3.6.1. JFA for HMM-based SID

Dur: 12 months. Obj: Extend JFA to work
with HMM-based SID systems. App:
Estimate basis of MLLR transformations to
model variability in HMM Gaussian
parameters: adapt HMMs using JFA-inspired
methods. Sites: BUT,.BBN. Criteria:
Improved performance compared to baseline
HMM SID system. Del: QPR.

3.7. KWS

3.7.1. Apply SVM phonetic rescoring
Dur: 10 months. Obj: Use phoneme or word-
based SVM models to complement HMMs.
App: Lstimate an SVM for each context-
dependent phoneme or word in training;
rescore lattice of tokens in test using SVMs:
include SVM scores in KWS fusion. Sites:
BBN. Criteria: Improved performance
compared to baseline HHIMM KWS system.
Del: QPR.

3.7.2. Adapt LM to new keywords

Dur: 10 months. Obj: Improve estimate of n-
gram .M probability for new keywords. App:
Run KWS system on test data; find high-
confidence detections of the new keyword:
look at n-gram context; find words that have
been observed in similar contexts in LM
training; re-estimate LM probability of new
keyword based on these similar words; re-run
recognition on test. using adapted [.M. Sites:
BBN. Criteria; Improved performance
compared to baseline generic LM KWS
system. Del: QPR.

3.8. Speech Transcription Option

3.8.1. Develop ASR RATS system

Dur: 12 months. Obj: Further improve
accuracy of PATROL ASR system. App:
Incorporate features and noise compensation
methods developed for KWS as they become
available. Explore semi-supervised training
methods. Sites: BBN.CU. Criteria: Improved
ASR accuracy compared to baseline ASR
system on RATS data. Del: QPR.
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6 Intellectual Property

Any data that BBN collects or acquires under this effort will be made available to all sites in the
RATS program.

Noncommercial Items (Technical Data and Computer Software)

NONCOMMERCIAL ITEMS

Technical Data and Asserted Richts Name of Person
Computer Software To be Basis for Assertion (‘;l.te - s Asserting
Furnished With Restrictions gory Restrictions

Software Suite to be
developed under the RATS | Developed with
Program including existing | mixed funding

libraries as needed

Negotiated
Government
Purpose Rights

Raytheon BBN
Technologies Corp.

Commercial Items (Technical Data and Computer Software)
COMMERCIAL ITEMS

Technical Data and Assorter Biakis Name of Person
Computer Software To be Basis for Assertion Cat & Asserting
Furnished With Restrictions BT Restrictions

Multiple commercial | . ¢ Raytheon BBN
Commercial e
sales Technologies Corp.

Byblos Software*

*Byblos Software will be made available to the Government for the duration of the program
effort pursuant to a no-cost license.

Patents

BBN hereby represents that it is the sole or joint owner of the inventions that will be utilized in
the proposed program. BBN asserts that it has all of the necessary rights to utilize them to
execute the program. BBN will obtain for the Government any necessary licenses in its
subcontractor’s inventions.

Intellectual Property Representations

BBN provides its good faith representation that BBN either owns or possesses appropriate
licensing rights to all other intellectual property that will be utilized under BBN's proposal for
the RATS Program. BBN will obtain from its subcontractors appropriate licensing right to all
subcontractor intellectual property that will be utilized under BBN's proposal for the RATS
Program,
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7 Schedule and Milestones
The proposed schedule is given below. Milestones are indicated in bold italic font.

10 Task Name 2011 2012 2013 04
Qi3 Qird QY Q2 Gtr 3 Qir4 Otr 1 Qi 2 O 3 Qtrd Qir 1,00 2 Qe 3 Qe d Otr 1°Qir 2
1 Software Integration and Delivery T = it
2 | Libeary for FDLP and modulation spectrum o JHU
o Library far testing MLPs oy JHU
4 Library for cortical feature extraction oy UMD
5 . Integrate baseline UMD SAD £y UMD.BBN
B . |ntegrate baseline BUT SI0/LID systems ooy BUT.BEN
U Integrate all research into P71 PATROL ey HBN
8 Davelop GLI for evaluaton system 3 5 BBN
9 Prepare P11 PATROL systems for delivery 2 BBN
10 Deliver P1 ion and trai , & 12
11 Develop systam for training in the field
12 Develop GUI for trainable system
13 . Testand prepare P2 systems for delivery -2 BBN
Deliver P2 Iuation and trainable sy $ 11
Develop system for training in the field
Tesf and prepare P3 systems lor dalvery o BBEN
Deliver P3 luation and trainable sy @ 11
1B Write project final report Gz Al
18 | Deliver project final report & 214
20  Robust Feature Extraction Lo =V
Enhance coriical features ey LINCY
Projact high-dimensional features via MLFP ) JHU
Explore feature based fusion ey JHU
Project tgh-dimensional features via ROT ey BEN

Investigate RDT-based enhancement
28 Improve feature extraction mathods
27 Noise Modeling
23 Inwestigate VTS for noise adaptation
29 AU znd PCMLLR for noise adaptation
30 Investigate condition-adaptive fusion
3 . Develop noise adaptive training methods

32 Speech Activity Detection [SAD)

Develop corbical domain SVM for SAD

Build SOU HMM for SAD

Build phoneme-basad HMIM for SAD

Investigate adaptation for SAD

A7 ¢ Investgate factonal HMM for SAD

38 Language Identification (LID} oE

Estahlish bazeling BUT system on RATS data G BuT

Incorporate MLP features in BUT LID system = BUT

Develop SOU-based LID system

Develop phoneme-based LID system

Discnminative training of HMMs for LID

Improve JFA in LID

Develop JFA for HMM-based LID

Use SAT for LID

Use infarmation retneval methods for LID

' Speaker |dentification (SID) o o
Cevelop JHU S|0 system i
Establish baseline BUT S10 system on RATS Gilisiss BT
Incorparate MLF features in BUT SID system =
ASR adaptafion parameters as features
Develop S0U-based SI0 system
Develop phaneme-based SI0 system
Discriminative training of HMMs for SID

56 Improve JFA in SID ;

57 Develop JFA for HMM-based S0 ey BUT,BBN

58 Key Word Spotting (KWS) [ T

Estabilish baseline KWS using LVCER | ————————

Intagrale MLF fealures fram UMD/IHU

Develop confidence-based KIWS adaptation

Ganerate pronunciations [or DOV keywords &==3 BBN

Investigate semi-supervised training methods Sl BBN

Use topic-weighted LM

Apply VM phonetic rescorning

Adapt LM to new keywords

Speech Transcription Option

{  Establish ASR baseline on RATS devset

89 Develop ASR RATS system g > BBN,CU
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8 Personnel, Qualifications, and Commitments

For the very challenging problem of performing automatic recognition ol language. speaker, and
speech in real-world high-noise environments, we have assembled a team ("PATROL™) that is
equal to the task. Starting with the overall leadership of an experienced stalT at BBN. we have
added four sites that have unique world-class capabilities in all areas of this project. Dr. John
Makhoul at BBN will serve as Pl for this effort. He will be assisted at BBN by Rich Schwartz as
Technical Lead and Spyros Matsoukas as co-Pl and Technical Manager, both of whom played
major roles in the DARPA EARS and GALE programs. which required leading multi-site teams
working across geographically diverse sites. Makhoul. Schwartz, and Matsoukas will work with
staff at BBN with wide and deep experience in all areas of recognition problems in speech. as
well as the building and deployment of multi-media operational systems.

Because of the importance of dealing with high noise in this project, we have added three sites
that have made significant contributions to the problem of speech in noise. Dr. Hynek
Hermansky of Johns Hopkins University brings vears ol experience in developing robust
methods of speech processing. many of which have been adopted by researchers worldwide. Dr,
Shihab Shamma ot the University of Maryland has developed a unique multi-dimensional
cortical representation of sound that he has used successfully to combat many types of unwanted
signals and noise in speech. Professors Mark Gales and Phil Woodland of Cambridge University.
who have developed one of the top-performing speech recognition systems in the world, have
also made novel contributions to the modeling ol noise in speech, to the use of discriminative
training and adaptation (which will be important to dealing with noise). and in performing
speech recognition and keyword spotting under noisy conditions. To round out the team., we
have added Drs. L.ukas Burget and Pavel Matejka of the Brno University of Technology (BUT),
who have developed world-class language 1D and speaker ID systems that have competed
successfully in NIST evaluations, year after year, scoring top marks in many of the conditions
that were competed.

Below is a listing of key personnel in each organization and the unique capabilities they bring to
this effort. A table of the time commitments of these key personnel is given in Section 8.6.

8.1 BBN

Key personnel at BBN include John Makhoul, Richard Schwartz, and Spyros Matsoukas. (As
the need arises, we will draw upon the extensive reservoir of expert advice from other senior
staft at BBN, including Herb Gish, Owen Kimball, Man-hung Siu, Walter Andrews. Long
Nguyen, Rohit Prasad., Amit Srivastava, and Prem Natarajan. These stafl”s expertise spans the
full range of the RA'T'S applications, as well as the integration and delivery of operational speech
systems.)

Dr, John Makhoul, a Chief Scientist at BBN, is also an Adjunct Professor at Northeastern
University, where he supervises students who do their graduate thesis work at BBN. He has led
projects in various aspects of speech and language processing, including speech coding. speech
synthesis, speech recognition, speech enhancement, speaker recognition. artificial neural
networks, optical character recognition. language understanding, information retrieval and
extraction, human-machine interaction using voice, and machine translation. He has served as Pl
on numerous DoD speech and language projects, including the DARPA EARS speech
recognition project and the ongoing DARPA GALFE machine translation project. which includes
work in speech recognition from Arabic and Chinese. Makhoul’s involvement in speech
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enhancement goes back to a DoD project in 1979 to enhance the quality of noisy speech. In
1989, he led a National Council panel that produced a study about the Removal of Noise from
Noise-Degraded Speech Signals. Makhoul is a Life Fellow of IEEE and a Fellow of the
Acoustical Socicty of America. He has reccived a number of IEEE awards for his technical
accomplishments. including the 2009 IEELE James L. Flanagan Speech & Audio Processing
Award and Medal “for pioneering contributions to speech modeling.”

Richard Schwartz, a Principal Scientist at BBN. is a recognized expert in various aspects of
pattern recognition. including speech recognition. HMM modeling. probabilistic language
modeling, speaker veriflication and identification, speech recognition in noise, fast search. neural
networks, robust multilingual OCR. and. more recently. machine translation. He has been
technical lead or senior technical advisor on numerous DoD projects in those areas, including the
EARS and GALL projects mentioned above. Schwartz was the chief designer of the BBN
Byblos speech recognition system, which continues to form the backbone of all our state-ol-the-
art speech recognition and keyword spotting work. The Byblos system has been one of the
consistent top performers in official government speech recognition evaluations. Among his
many original contributions, Schwartz was the lirst to place speaker identification on a firm
statistical basis in 1982: in 1990 he invented the N-best algorithm, an efTicient method for
computing the N-best sentence hypothesis in speech recognition: and in 1993 he was the first to
demonstrate large-vocabulary, continuous speech recognition in real-time on COTS hardware.
using a new search algorithm he had invented. He was a primary contributor to the BBN work
on speech enhancement in 1979 — work that continues to be referenced to this day. e designed
and supervised the implementation of the first speaker verilication system that used hidden
Markov models; the system was deployed at BBN in 1986. He has made numerous contributions
to speaker change detection, speaker clustering, and scarch algorithms for 50x faster than real-
time keyword spotting.

Spyros Matsoukas. a Lead Scientist at BBN, has been working on various aspects of statistical
modeling in speech recognition since 1996. Ie was the top technical contributor in the DARPA
EARS project and has taken over the leadership in the continued improvement of the BBN
Byblos speech recognition system. Among his original technical contributions is the
development of speaker-adaptive training techniques for speech recognition — which is now used
in a number of research organizations worldwide — and segmental trajectory modeling for speech
recognition. He has also done significant work in the detection of speech in the presence of
noise and music, the detection of changes in the acoustic channel and the speaker, and speaker
clustering. Matsoukas was the direct supervisor of the PhD thesis of one of our Northeastern
University research assistants whose paper with Matsoukas on region-dependent feature
transforms for speech recognition won a Spoken Language Processing Grant best paper award at
the 2006 IEEE ICASSP conference. More recently. Matsoukas has been in charge of the
machine translation work under the DARPA GALL: project. which has borrowed a number of
statistical modeling techniques from the speech area. A paper resulting from work that he led on
system combination in machine translation won the best paper award at the 2007 Association for
Computation Linguistics conference on Human Language Technology. In addition to overseeing
the technical work of the machine translation work at BBN. he also manages the technical
interaction with our subcontractors and is responsible for integrating the work of all sites to
produce the highest possible quality machine translation from Arabic and Chinese (speech or text)
to English. Matsoukas™ excellent cross-site technical leadership skills will serve us well in this
proposed work.
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