






P10071·BBN PATROL Technical Approach 

graphical user interface (GUI), and that wi ll 
be field-trainable for new languages. speakers. 
and keywords. 

These delivery requirements present 
challenges that RRN is uniquely equipped to 
handle. We are highly experienced in the 
integration of technology from other sites into 
functioning systems. including trainable 
systems, with GU I s. (1/1(/ delivering real-time. 
end-to-end systems 10 (Jovcrnmcnt and other 
customers. either for internal use or lor 
deployment in the field for 2417 operations. 
Section 9.4.1 dctai Is Ollr experience in lhe 
building and delivery ofspeech-rclalcd 
operational systems. and our plans in this 
efTart to integrate and lest soft ware from 
ditTcrcnt sites. including the specification of 
appropriate A Pls for the delivery of software 
from other sites to BHN. consistcnt wit h the 
dc li vcry requirements orlhe I:valuation Team. 
(A lso, Section 9.4.2 summarizes BBN's 
sccure processing capabilities. in case they are 
nceded in this project.) 

We are fortunate that our tcam members have 
had experiencc del ivering their software for 
cxternal cvaluation and integration purposes. 
For the evaluation systcm, wc plan to 
intcgratc the best algorithms from the tcam 
mcmbers. as they become available. 
Currently. we do 110t expect speed to be an 
issuc for running thc system in detection­
recognition modc. Ilowever. should speed 
become a conccrn for any of the soil ware 
components. wc will work with our softwarc 
dcvelopers to tind suitable speedups. Again. 
BBN has had extensive experience in 
speeding up speech-related sollware to real­
time or faster. 

For the trainable system. we will work with 
thc Program Manager and potential users to 
help spccify the interface and training data 
requirements for each of the four RATS 
applications. Based on extensive testing, we 
will then decide which componcnls [0 include 
in the trainablc system. so that we can deliver 
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the best pcrforming system within the 
constraints ofthird -party operati on and speed. 
During Phase 2. we will place in the hands of 
users an initial trainable system. In order to 
ensure [hat the system mcets the needs of the 
users. we will work closely with the uscrs to 
get their feedback and suggesti ons for 
enhancing the system's capabilities and lor 
improv ing the user interface. Improvements 
that can be implemented easily will be done 
immediately and another version will be 
deli vered. Other suggesti ons. as well as 
further improvements in the lechnology. will 
be incorporaled in the system that wi ll be 
dclivered during Phase 3. 

3.6 Speech Transcription Option 
The'r in the acronym RATS stands for 
·transcription·. Yet. nonc of the tasks in the 
RATS program focuses explicitl y on the 
�t�r�a�n �~�c�r �i�p�t�i�(�)�n� of speech into a sequencc of 
words. Even though thc short-term goals of 
RATS do not include transcripti on. since it 
may be viewed as too difficult a task on 
which high accuracy could bc obtained in the 
shot1-tenn. we havc found that K WS users 
prefer to have a full transcription - even if 
errorful- to avoid having to I isten to every 
possible hit. Although we plan to use 
elements of mod cling for speech transcripti on 
to perform K WS. we believe it is important to 
work on the full transcription task itself: not 
onl y 1'01' its own sake. but because it will also 
lead to bettcr K WS performance. As such. 
we are proposing. as an opti on for Phases 2 
and 3 of this program, to work expli citl y on 
the transcription task. at least tor one 
language. (The language will most likel y be 
A rabic. but it would be decided in 
consultation with the Program Manager, 
should this option be exercised.) BBN and 
Cambridge University, both highly qualilied 
to work on this task. will j oin efforts in Ll sing 
the various noise amelioration techniques 
presented in this proposal to perform research 
on speech transcription in noise. 

Use or disclosure of the dala contained on this page is subject to the restriction all the title page of this proposal. 
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4 Comparison with Current 
Technology 

We review current approaches to noise 
compensation. SAD. SID. LID, and KWS. 
and contrast them hriefly to the proposed 
methods (see Sect ion 3). We also provide 
state·of·the-art performance results under 
both clean and noisy condit ions. Results with 
commun ication noise in fou r languages (Iraqi 
Arabic. Farsi, lJari. and PashIa) from the 
DARPA-funded RATS feasibility study by 
8BN and MIT Lincoln L<lb arc also given 
(sec baseline numbers in Table 3- 1). 

4.1 Noise Compensation 

'1\ ... 0 b:l sic approaches to de.lI ing with noi se 
are: cn lmncing the features (featu re-based) 
and dynamica ll y adjust ing model parameters 
(model-based), One early Icaturc-bascd 
approach is spectra l subtraction r46J[4] whic h 
tri t:s to remove an estimate of the noise 
spectrum from the noi sy speech spectrum. 
Recent extensions atlemplto bui ld stat istical 
mappings from the no isy spectrum to the 
c lean spectrum r4 7A8.20 1. Modcl·based 
approaches. such as Vector Taylor Series 123-
241. I'arallcl Model Combination L22 1. and 
pred icti ve CMLLR L25J. adapt the HMM state 
observation probabi lities based on an estimate 
of the noise. Tbese methods were most ly 
de ve loped for testing automat ic speech 
recognition (ASR) under mis· lllatched 
conditions. us ing standard MFCC or PLP 
front·ends. Researchers ha ve a lso developed 
long-span features based on human audi tory 
mode ls [7][11 J tbat arc general ly more robust 
to noi se . without requirin g an explicit noise 
estimate. 

While each orthe above methods has been 
shown to provide significant benefits to AS R 
in no ise. there has not been a systematic drort 
to apply and optimize Ihese techniques in 
combinati on. In Section 3,2 we presented a 
unified framework for attacking noi se across 
all four RA 1'S appl ications. This included a 
number of robust feature cxtruction and noise 

16 

Comparison with Current Technology 

compensation tech niques. and innovative 
discriminative training methods for reducing 
fea tu re dimensional ity and for build ing 
detailed Illulti-resol ution models ofspeeeh. 
speakers. and languages. In addition. we 
proposed a novel condition-adapt ive strategy 
1'01' fus ing decisions from multiple classi fi ers. 
as we ll as unsupervised conlidence-based 
model adaptation. in order to reduce 
uncerta inty in the presence of noise, 

4.2 Speech Activity Detection 

In the NIST Rich Transcription eva luation. 
the best SAD systems [49-5 11. lIsing a 
combination of energy· and spcctral·based 
features. and classifiers based on Gaussian 
Mixture Models (GMM) achieved an error 
rate (% o r total time that was misclassified) o f 
3.2% when tested on thc Meeting and Lecture 
data. Their performance degraded to 10% 
when tested on other noisy data. In the RATS 
feas ibility study. the error rate fo r GMM· 
based SAD was 11 % (Pn1Ls.~=5% at PI'A=6%). 
Recentl y. in a spcech/nonspcech classificatio n 
(nondetcc ti on) task. our partners Shamma and 
gro up L 19J showed that an SVM c lassifier 
trained on multi·D cortical features (Section 
3,2, I) achieved an error rate o f 1.2% on noisy 
speech - s ignificantly betler than other 
approaches l52·531. 

In additi on to using robust features. our 
proposed methods place greater re li ance on 
detecting speech by virtue of its predictable 
ti me varyi ng nature. wh ieh can be modeled by 
the long-te rm modu lati on spectrum and also 
by us ing longer·duration tokcnizations of 
speech. such as phonemes or se lr-organized 
units (SOUs). In Section 3.3, 1 We described a 
novel factorial HMM for SAD that can 
achieve even greater robustness by model ing 
the ellccts of noise explicill y, 

4.3 Speaker Identification 
In SID. broad speaker characteristics are 
represented by text· independent statisti ca l 
model s such as GMMs L54-55 1 that can be 
d isc rimi natively tra ined f4 21: or SVM 
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classifiers that use speaker adaptation features 
(such as MIJJ{ matri ces [3Rl) or adapted 
GMM supervcc tor means 1"561. Joi nt raclar 
Anal ysis (.IrA) [28](57J am] projection 
approaches. slich as Nui sance Att ribute 
I>rojection (NAP) [58/. are used to reduce the 
e llect of inter-session channel variabi liLy. 
Ili ghcr level features. slich as wo rd usage, 
pronunciation. and prosodic patlerns are used 
when available [59]. Multiple systems are 
used w ith non-line~l r classifiers. such as 
logistic regress ion or neural network, to form 
a sing le deci s ion [60-6 1] . 

In the 2008 NIST Speaker Recognition 
Eva luat ions. the best res ults in the telephone 
matched train/test condition. obtained by our 
partners at Srno Un iwrsity of Techno logy. 
were Pmiss=5% at PF{\=5%. In the RATS 
feasib ility study. the baseline resuh under 
noi se was Pnlls,=13% at P!,{\=5%. 

The main weakness of current SI D practices 
is that the acoustic like lihood ralios arc based 
on simple GMMs. which arc very s usceptible 
to noise and cannot mode l d istinguishing 
long-term speake r ~lltriblltes. O ur proposed 
approach overcomes thi s problem by 
com puting aco ustic like lihood rati os based on 
a ll leve ls oF tokeniza tion, using detailed 
IIM Ms trained via novel di sc rim inati ve 
training, as outlined in Section 3.3.2. 

4.4 Language Identification 
LID is commonly perlormed us ing techniques 
similar to SID - such as d isc riminati ve ly 
trained GM Ms and supervector SYMs - in 
addition to phonotactic approaches that usc n­
gram sco res from a phoneme recognizer 
[41][62]. As in SID. these systems are 
combined to optimize performance. In the 
2009 N IST Language Recognition Evaluation. 
the best resu lts were Pmi,s"::. I% at P1.{\=I % for 
30 seco nd tests. In the RATS feasib ility study, 
the base line results under noise were 
Pmi,s= 10% at 1\ {\=1 5%. 

Our proposa l for LID (Section 3,3,3) repl aces 
\-veak GMMs with powerful multi-resolution 
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I IMM toke ni zers that arc trained 
di sc.: riminati ve ly and ill a speaker-adapti ve 
manner in order to mode l and fac.:to r out inter­
speaker variahili ty . The use of semi­
superv ised training and SOUs will enahle us 
to produce toke ni zers fo r all 15 of the 
languages in the RATS program. We a lso 
propose more refined phonotaetie models that 
look beyond loca ln-gram con text for broad 
phonotact ic patterns lhat a rc characteri stic of 
languages. 

4.5 Keyword Spotting 
K WS is commonl y perlormed with either 
phoneme or word recognition. In [63]. we 
demonstrated that model ing context (words 
next to the kcywo rds) sign ificantl y improved 
performance. In [35J. we showed that using 
lattices in K WS with appropriately set 
Jetection thresholJs is also important. 

In the 2006 N IST Spoken Term Detection 
evaluation, fl.)r the clean conversational 
te lephone speech domain in whi ch a ll sites 
participated, the best perlormi ng system. 
s uhmitted by RRN [35] lIs ing large 
vocabulary recogniti on, achieved IJmlss= I 0% 
at PF,,=O.OI% [64]. In the RATS feasibility 
study, the Arabi c K WS system was trained 
with I hour oftranserihcd no isy data. Using 
o ther out-o f-domain trai ni ng data and 
applying adaptation techniques. the K WS 
error rates for Iraqi Arabi c were Pml%=40% at 
1\{\=6%. 

Our proposed wo rk (Sect ion 3.3.4) includes 
stronge r prior model s. such as topic-weighted 
language mode ls, and robustness through the 
usc of multi-reso lution mode ls. with 
condition-depe ndent fusion and modd 
adaptation. We proposed several techniques. 
based on unsupervised adaptat ion, lor 
im prov ing both the acoListic and language 
models for keywo rds that are not we ll­
represe nted in th e tra ining data. Semi­
supe rvised training wou ld a ll ow us to 
dramatically improve perfl.)fmance when we 
ha ve very liul e transc ribed noisy audio. 
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5 Statement of Work 
RRN proposes to build 3 system. PATROL, 
that will revolutionize US ability to pinpoint 
spec(;h acti vity. identify the language and the 
speaker. and detect keywo rds of interest. 
under vcry noisy and degraded conditions. 
The work rrcscnlcd in Section 3 will be 
accomplished in three phases: an IS-month 
Phase I. a 12-l11o ntl1 Phase 2. and a 12-lllonth 
Phase 3. 

Dclivcrablcs under thi s effort shall include: 

• Quarterly Progress Reports (QPR) 

• Final report 

• Papers published in international 
conlcrcnces and/or journal s during the 
course of the program 

• A ll software and documentati o n 
developed under the project 

• Any data collected under the project 

• Integrated systems for evaluatio n (6 
weeks before end of each phase) 

• Trainable. military user-friendly 
system during Phases 2 and 3. 

In the remainder of thi s section we prcscnt an 
itemization of the proposed tasks and subtasks. 
organi/.cd by phase. and grouped into one of 
the following arcas: sothvare integration and 
delivery. leature extraction and projection. 
noise compensatio n. speech activity detection 
(SAD). language identification (LID). speaker 
identification (S ID), and keyword spotting 
(K WS) . In Phases 2 and 3 we al so li st tasks 
assoc iated with the proposed RATS Speech 
Transcription optio n desc ribed in Section 3.6. 

For each subtask. we show it s duration (Dllr). 
objective (Obj). the approach taken to 
accompli sh it (App). participating si tes (Site.\·) . 
completioll criteria (Criteria), and 
deli verables (Del). We also indicate any 
dependencies (Dep ) to other tasks. All 
acronyms arc as defined in Section 3. 
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I. Phase t 
1.1. Software Integration and Delivery 
1.1.1 . Develop library for FDLP and 

modulation spectrum 
Dur: 2 months. Obj: Deve lop portable 
software lihrary It)r computing FDLP and 
modulation spectrum. App: Develop C++ 
library that computes FDLP and modulation 
spectrum: wrilC associated regression tests: 
optimi/.e coue for speed. Site~': JHU . Criteria: 
Code compiling and pass ing regression tests 
at all sites . Del: QPR. 

1.1.2. Develop library for testing MLPs 
Dur: 3 months. Obj: Deve lop soilware library 
that provided function s for testing multi-layer 
perccptrons (MLPs). App: Develop C++ 
library functions that can tesl MLPs on a 
corpus of feature vectors; write assoc iated 
regress ion tests; optimize code for speed. 
Site~': JHU . Criteria: l.ibrary compiles and 
passes regress ion tests at all si tes. Del: QPR. 
Dep: 1.1.1. 

1.1.3. Develop library for cortical fcature 
extraction 

DlIr: 2 months. Obj: Develop portable 
software library for compuling cortical 
features . App: Develop C++ library that 
computes cortical features: write assoc iated 
regression tests; optimize code for speed. 
Site.": UMD. Criteria: Code compiling and 
passing regression tests at all sites. Del: QPR. 

1.1.4. Integrate baseline UMD SAD SVM 
to I.JATROL 

DlIr : 2 months. Obj: Integrate SAD SYM 
training and testing software to BBN's system. 
App: Develop C++ library functions that can 
train and test SAD SYMs on a corpus of 
ICalure vectors with associated targets: check 
sou rce code into BHN's software reposilory: 
write associated regress ion tests: optimize 
code for speed. Sites: UMD. Criteriu: Code 
working properly at BHN. Del: QPR. Dep: 
1.1.3. 
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1.1.5. TnlPsition baseline SID and Lin 
systems from BUT to RBN 

Dur: 6 months. Obj: Integrate HUT SID and 
LI D system components to fil3N's system. 
App: Develop C++ lihrary funct ions that C<Jll 

test B UT's SID and LID model s on ex isting 
LDC/NIST corpora: t.:heck source code into 
BBN's software repository: write associated 
regress ion lests. Site,\'; BUT. Criteria: Obtain 
s;;une resulls as BUT on NIST SID/LID 
I!va luation seLs. Del: QPR. 

1.1.6. Integrate PATROL research 
components into Phase I Deliverable 
system 

Dur: 7 months. Obj: Continuously integrate 
research co mponcms illlo I'ATRO I. system. 
Ensure that PATROL system runs wilhin 
spec ified time limi fs in evaluation mode, on 
del ive rable hardware . App: Iteratively 
integrate system components to PATROL 
system as they becoll1e updated by research 
e fltms. Test component con nel:tions and 
measu re perfo rmancc characteri stics 
(accuracy. speed ). Optimize components as 
needed in order to meet target speed. Site.\·: 
1313 . Criteria: PATROL system achieves 
expected accu racy and rUlls with in spec ified 
time constraints. Task repeats unti l the start 
of Phase I evaluation. Del: QPR. 

1.1.7. Develop GUI for evaluation system 
Dur: 5 month s. Obj : Deve lup a graphi ca l user 
interface (GU I) for the PATROL system. 
support ing Phase I eva luation tasks. App: 
Implement GlJ l that al lows the user to eas ily 
select an eva luation task . open a test fi le. run 
the PATROL system on it. and save thc 
output. Write sou rce code that interprets GU I 
inputs and calls corresponding functions in 
the PATROl , system library. Sile.~ : BBN. 
Criteria: GUI is intuiti ve. easy to use and 
a ll ows user to perform all eva luation tasks. 
Del: QrR. 

1.1.8. Test and prepart! PI PATROL 
system for Dclivt!ry 

Dur: 2 months. Obj: Ensure that Phase 1 
PATRO L system runs wi th expected accuracy 
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and speed in evaluation Illode. App: Insta ll 
PATROL system 0 11 hard wa re to be deli vered 
to Eva luation Team. Run PATROL system in 
eva Illation mode 0 11 ull ta sks. De live r system 
to Evaluation Team. S ite.\·: BBN. Criteria: 
PATROL system run s as expected on 
deliverab le hardwan::. Del: QPR: software and 
hardware del ivery to Evaluat ion Team on 
1/212012. 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 
cortica l and modulation spectrum features 
work we ll with M LPs. Also determine 
whether ML Ps can scali! to high -dimensional 
fea tun:s. App: r eed high d ime nsiona l cort ica l 
and modulation spect rum featu res into MLP 
and train MLI) for each of the lour RATS 
app li cations: explore dillcrent MLI' 
architectures and trainin g methods: optim i/c 
code fo r speed: su pport MLP integration into 
PATROL system. Site.,·: Jllll . Criteria: MLP­
derived features perform bettcr than 
PCA/ LDA-projected fea tu res lor each of the 
lo ur RATS app lications. Del: QPR. Dep: 
1.1.2. 

1.2.2. Exp lore feature-based fusion 
Dur: 8 months. Ohj: Determine opti mal 
proced ure for combi ning/fus ing difTerent 
types offealurcs (e.g .. PLP. FDLP. MLP) . 
App: Investi gate two methods fo r fusing 
multiple feature streams: (a) feature 
concatenation and M LP-bascd projection. and 
(b) Dempster-Shafer fus ion. Run experiments 
on RATS data to determine which method 
works best fo r each of the four RATS 
app li cations. Develop software library that 
supports feature fus ion functions. Opt imize 
coue 1'01' speed. Site.\·: JH U, Criteria: 
Improved result s across a ll fou r RATS 
applications from fu si ng mUltiple feature 
streams. Del: QPR. 
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1.3. Noise Compens~'tiun 
1.3.1. Enhance cortical fe~'tures 
Dur: 13 months. Ohj: Develop methods for 
noi se suppression in th l;: corti cal domain. App: 
Im plement filter that suppresses n:gions of 
no ise in the cortical domain . Estimate 
parameters of tiller 0 11 RATS data . Investigate 
liltcrs that adapt their parameters based on an 
estimate of the noise. Periodically integrate 
and update enhancement filters into cOl1i c'll 
feature extraction libmry. Coordi nate with 
Jill) 0 11 projecting en hanced co rtical features 
via MLPs. Optimize code fo r speed. Site.\': 
UMD. Criteria: Improved per lonna nee of 
RATS applicatio ns compared (0 using un­
enhanced cortical featu res. Del: QPR. 

J .3.2. Investigate VTS for noise adaptation 
Dur: 13 months. Obj: In vestigate vector 
Tay lor series (VTS) for adapting IIMMs to 
noise on RATS data . App: Consult with 
Cambridge Univers ity on implementation of 
VTS noise adaptati on, Incorporate VTS in 
models used across all four RATS 
applicat ions. Meas ure perronnancc w ith and 
without VTS. Repeat measurements aner 
incorporating MLP·projectcd enhanced 
features from UMD/JII U. Optimize 
implementation for speed. Site:,': AAN.Cll. 
Criteria: Improved performance of RATS 
applications compared tn only using featurc~ 

based noise compensation. Del: QPR. Dep: 
I. 1.2. 

1.4. SAD 
1.4.1. Develop cortical domain SVM for 

SAD 
Dllr: 12 months. Obj: Deve lop cortical 
domain SAD system based on Support Vector 
Mlichines (SVMs). App: In vestigate the usc 
o rSVMs for spcech/non·speech audio 
classification. Run experiments on RATS 
data as it becomes 'IVailable. Initiall y. make 
use of cortical fcatures with PCA/ I.DA 
dimensionality reducti on. Later. usc MLI)· 
based projection from JH U. Release updated 
I)ATROL software libraries for SVM testin g. 
Site.,,: UMD. Criteria: Improved SAD 

perfo rmance on RATS Llnla compared 10 

standard speech/non- speech GMM baseline. 
Del: QPR. Dep: 1.1.4 . 

1.4.2. Build SOU IIMM for SAil 
Dur: 9 mOI1[h$. Obj: Deve lop SAD system 
based on se lf-organized unit (SOU) hidden 
Markov moLleis (1I MMs). App: Apply the 
process o r clustering acoust ic trajectories in 
RATS data into a Ilumber o r SOUs for spet:eh 
and non·speech. Des ign and train an I-I MM 
ro r each labeled SOU in the RATS training 
data. Contrast such system with a baseline 
speech/non-speech GMM SAD. Integrate 
MLP. projected features from UMDfJl lU as 
they become available . Opt imize SOU HMM 
SA D system for speed. Site.\': BHN. Criteria: 
Improved SAD perfo rmance on RATS data 
compared to simple speech/non-speech GMM 
baseline. Del: Q PR. Dep: 1.1.2. 

1.5. L))) 
1.5.1. Esta blish base line BUT LID system 

on RATS dattt 
0111": 5 months. Obj: Establi sh a baseline 
HUT LID system tuned on RATS data . App: 
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Train and test all components of BUT LID 
system 0 11 RATS data. Optimize each 
component fo r speed and accuracy. 
Iterati vely integrate optimized com ponents to 
PA TROL system. Site.,': I3 UT. Criteria: I3UT 
LID system runs properly 0 11 RATS data and 
achieves improved perfo rmance compared tu 
initial un -tuned LID system. Del: QPR. 

1.5.2. Incorporate MLP features in BUT 
UD system 

Our: 6 months. Obj: Test MLP.projected 
cortica l or modulation spect rum features in 
LID system. App: Periodically integrate 
UM D/JHU's MLP·projected cortical or 
modulation spectrum IC<lturcs into BUT LID 
system and re-optillli ze LID on RATS data. 
Compare against current best baseline on 
RATS de velopment scI. Site.~: BUT. Criteria: 
Perform periodically unt il best front·end 
processing is integmtcd 10 Phase I BUT LID 
system components. Del: QI)R. Dep: 1. 1.2. 

1.5.1. 
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1.5.3. Develop SOU-based LID system 
Dur: 13 months . Obj: Oevelop SOU-based 
BBN LIt) systcm. App: Tokenize RATS 
trai ning data based on sdf-organized units 
(SOUs). Estimate language-specific SOU 
GMM and HMM aco llsti c models. Train 
languagc-specilic SOU n-gram models. 
Opt imize LI D system components ror speed 
and accuracy. Incorpora te MI.!' featu res as 
they become avai labl e. Sites : llBN. Criteria: 
BBN LID system runs properly on RATS dara 
and achievcs perfo rmance comparable to or 
better than BUT's Ll D system on RA l'S 
devsel. Del: QPR. Dep: I . I .2. 

1.6. Sill 
1.6.1. Develop JH U SIO system 
Dllr: 12months. Obj: l)eve lopJlll J S ID 
system tuncd on RATS data. App: Tra in and 
lest al l components of J II U S I D system on 
RA 'l"S data. Opl imizc each component for 
speed and accuracy. I ncorporale M LP 
features as they becomc available. Iterati vely 
integrate optimized t:omponents to PATROL 
system. Sites: JH U. Criteri,, : JIIU SID 
system runs properly on RATS data and 
achieves improved perfo rmance compared to 
initial lin-tuned 5 1 D system. Del : QPR. Dt!p: 
1.1.2. 
1.6.2. Establish baseline BUT SID systt!RI 

on RATS data 
Our: 5 months. Ohj: Establ ish a baseline 
BUT SID system tuned on RATS data. App: 
Tra in and test a ll components o f BUT SID 
system on RATS data . Optim ize each 
component fo r speed and accuracy. 
Iteratively integrate optim ized components to 
PA 'I'ROL system. Site.,·: BUT. Criterill : BUT 
SI D system runs properly on RA TS data and 
ac hieves improvcd pcrto rmance compared to 
initial un-tuned SI D system. Del: QPR. 

1.6.3. Incorporate MLP features in BUT 
SID system 

Our: 6 months. Ohj: Test M LP-projected 
cort ica l or modula ti on spectrum fea tures in 
LID system. App: Periodical ly integrate 
UMD/JHU's MLP-projected cortical or 
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modulation spcctrum features into BUT LI D 
systt:111 and re-optimize LI J) on RATS data . 
Compare against currcnt best baseline on 
RATS development sel. Site.\·: I3UT. Criterill: 
Perlorm periodically lllllil best front-end 
processing is integrated 10 Phase I BUT LID 
system components. Del : QPR. Dep: J .1.2. 
1.6.2. 
1.6.4. Try BBN's ASR model adaptation 

parameters as featu res for Sin 
Our: 4 months. Ohj: I nvcstigate the use o f 
BI3N's AS R speaker adaptati on parameters <IS 

Ie.ltures in 51 D. App: Tra in SID classitiers 
that rely on ASR speaker adaptation 
paramelers (MLLR. C' MI.I.R matrices) 
prov ided hy BBN. Test on RATS 
development da ta. Repeal investigat ion 
pe riodica lly as BA N's A5R system evolves 
during Phase I. Site.": BlJT. Criterill : Perform 
periodica ll y until best SI[) c lassification 
results are obtained in time for integration 10 

final Phase I PATROL system. Del: QPR. 

1.6.5. Develop SOU-based 51 D system 
D"r: 13 months. Obj: Develop SOU-based 
BBN SID system. App: Tokenize RATS 
training data based on self-organized uniL<; 
(SOlls) . Estimate uni versal background SOU 
HMM (U BM ). Train spcaker*dependen t 
SOU HMM acoustic mode ls . Train speaker­
specific SOU n-gram models. Optimize SID 
system component s for spced and accuracy . 
Incorporate MLP features as they become 
availab le. Sites: l:JBN. Criteria: IlI3 N SID 
system runs properly 0 11 RATS data and 
achieves performance compumble to or belle r 
than BUT's SID system on RATS devsel. Del : 
QI'R. 

1.7. KWS 
1.7.1. F.stablish baseline KW5 using 

LVCSR 
Dllr: 9 months. Obj: Develop Arabic and 
Farsi K WS systcms us ing large vot:abu lary 
rccognizers (L VCSR). App: Oemonstrate thal 
the performance is belle r than using 
phonemes or sub-words. and better than using 
a small vocabu lary that includes only the 
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keywords plus sub-words. Initially_ rLin 
experiments on exi sting Arabic LDC corpora. 
When RATS data becomes available. retra in 
K WS system and measure performance on 
RATS Arabic and Farsi dCVSClS. Sites: BO N. 
CU. Criteria: A K WS system lI sing LVCSR. 
Comparati ve results wi th phoneme based 
K IVS. Del: QPR. 

1.7.2. Integrate MLP features from 
UMD/./HU 

Dur: 6 months. Ohj: Integrate improved 
MI.P·projecled features from l JM D and JII U. 
App: Periodically eva luate the impact of 
UM D/.l11 U M LP-projccted features a ll K WS. 
After eac h feature update. retra in and test 
K WS systems on RATS data. Optimi ze 
system components as needed on the new 
Icatures. Site,\': BBN. CU. Criteria: Improved 
K WS performance due to the use or more 
advanced front-ends. Del: QrR. Dep: 1.1.2. 
1.7.1. 

1.7.3. Develop confidence measures for 
keywords 

DlIr: 5 months. Ohj: Deve lop good 
contidence mcasures for keyword s on noisy 
data. App: Assoc iate each keyword with 
features extracted from phonetic lattices . 
Train classifier (e.g .. gene ralized linear model) 
on RA TS annotated data to predict probabi lity 
of the recognized keyword being correct. 
Sites: BBN. CU. Criteria: Obtain confidence 
mcasures that can be used to dec ide whethcr 
to return a recogn ized keywo rd . Del: QrR. 
Dep: 1.7.1 . 

1.7.4. Develop adaptation procedures for 
KWS 

DlIr: 6 months. Ohj: In vestigat.e adaptation of 
K WS tokenizers and classifiers for improved 
acc uracy. App: Use high -confidence detected 
keywords on lest set in order to adapt K WS 
mode ls. Re-decode test data with adapted 
models. Optimize adaptation and recognition 
stages for speed. Sites: BBN. Criteria: 
Improved K WS performance due LO 

confidence-based adaptation. Del: Q PR. Dep: 
1.7.3. 
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1.7.5. Generate pronunciations for OOV 
keywords 

Dur: 4 months. Obj: Generate set o r 
alte rnati ve pronunc iations for keywords that 
are not in the tra ining lexico n. App: Explore 
two approaches LO hand ling unknown 
keywords . First. use graphemic ASR models. 
that map each letter in a wo rd to a phoneme. 
Second . develop algorithms ror ge neratin g a 
set o r plausible pronunciations from the 
surface word form. and usc these 
pronunc iations within phonetic ASR model s 
for K WS. Site.\·: BBN. Criteria: Ahi lity 10 

spot wo rds lhat arc outside of the tra in ing 
lexicon. Del: Q PR . Dep: 1.7. 1. 

2. Phase 2 
2.1. Software Integration and Delivery 
2.1.1. Develol} sysfem for training in the 

field 
D"r: I 0 months. Obj: Develop infrastructure 
to support tra ining in th e field fo r all four 
RATS applications. App: Start w ith snapshot 
o f I'hase I PATROL system: integrate all 
n13N training mod ules into deli verable 
pipe line: provide GU I-acccss ible functi ons 
that pcrlonn training on give n data : test 
train ing pipeline extensively on deliverahle 
hardware: optimi ze component s for speed: 
write supportin g documentation. Sites: BBN. 
Criterill : Deliverable system performs all 
training tasks reliably and efficiently. Del: 
Q PR; software and hard ware delivery to 
Gove rnment on 1/2/20 13. 

2.1.2. Develop GUI for trainable system 
D"r: 5 months. Obj: Develop a graphica l use r 
interface (GU I) for the tra inabl e version of the 
PATROL system. App: Implement military 
lI ser fri endly GU I that allows the lI ser to train 
and test the PATROL system on a given set of 
data. Write source code that inte rprets GU I 
inputs and call s corre spo nding funct ions in 
the PA TROL system library. Sile~j: BBN. 
Criteria: GUI is intuiti ve . easy to use and 
allows lIse r to perform all trai ning/testing 
tasks . Del: orR; softwa re. Dep: 2.1.1 . 
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2.1.3. Integrate rATROL research 
components into Phase 2 delivera ble 
system 

Dur: 7 months. Obj: Continuously integrate 
research components into PI\TROL system. 
Ensure Ihat PA TROI. sys tem runs within 
spcc ilied lime limits in training/evaluation 
mode. on deliverab le hardwa re. App: 
heratively integrate system components to 
PATROL syste m as they become updated by 
re sea rch clTorts. Test component connections 
and measure performance characteristi cs 
(accuracy. speed). Optim ize components as 
needed in order to meet largel speed. Site.,,; 
I3I3N. Criteria: PATROL system achieves 
expec led ar.;curacy and rUIlS with in specified 
l ime constraints. Task repeats tlmi! the start 
of Phase 2 eva luation. Del: QPR. 

2.1.4. Test and prepare P2 PATROL 
system for delivery 

Dur: 2 months. Obj: Ensu re that Phase 2 
PATROL system runs with expected accurac y 
and speed in training/eva luation mode. App: 
Install PATROL system o n hardware La be 
delivered to Government and Evaluation 
Team. Run PATROL system in 
tra in ing/eva luation mode on all tasks. Deliver 
system to Government and Evaluation Team. 
Site.,·: BBN. Criteria: PATROL system runs 
as expected on deliverable hardware. Del: 
QPR: software and hardware delivery to 
Gove rnment anu Eva luation 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 MtP training 
Dur: 7 mon ths. Obj: Determ ine whether 
MLP-based projection can be improved via 
hicrarchicaltraining. App: Usc output of 
trained MLP as input to second level MI.P: 
optimize code for s peed; support MLP 
integration into I)ATROL system. Site:,: JHU. 
Criteria: Improved class iticalion performance 
in RATS applications. Del: QPR. 
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2.2.2. Project high-dimensional features 
via RUT 

Dur: 12 months. Obj: Oetermine whether 
RDT-based Feature pr~jcction is better than 
MLPs. App: Tmin ui sc ritninative RDT to 
project LJMDIJHU features to lower 
dimensional sub-space For each o rthc four 
RATS app licat ions: optimi l-e code fo r speed. 
Sile ... : BBN. Criteria: Improved cta~sificat ion 

performance in RATS appli cati ons. Del: QPR. 

2.3. Noise Compensation 
2.3. t. Investigate RDT -hased enhancement 
Dllr: 12 months. Obj: App ly RDT to cortical 
spectrum in order to suppress the noise. App: 
Estimate clean srt:ech model rrom clt:an 
corpus; In itial izt: I{DT mapping based on 
UM D's noise fi lter: Train RDT 
di scriminatively nn RATS uata to improve 
class ification with cle,1I1 speech model. Site.": 
UBN ,U MD. Criteri,,: Im proved classification 
pcrl()nnance in RATS applicat ions. Del: QPR. 

2.3.2. Investigate ,JUt) and PCMLLR for 
noise adaptation 

Dur: 10 months. Ohj: In vestigate joint 
uncertainty decoding (JUO) and predictive 
CMU .R (l>CMLLR) lor adapting II MMs to 
noise on RATS data . App: Consuh with 
Cambridge University on implementation or 
JUD nnd PCMLLR no ise adaptation. 
Incorporate compensated models used across 
all lo ur RATS applications. Contmst 
pertannance with VTS noise compensation. 
Repeat measurements after incorpomting 
MI . P/ RI1T-projected enhanced features from 
UMD/Jll lJ. Oplimi/.e imp lemen tat ion for 
speed. Site ... : BB .CU . Criteri,,: Improved 
pcriorrnanee o f RATS applications compared 
(0 only using feature-ba sed noise 
compensation. Del: QPR. 

2.3.3. Investigate condition-ada l)tive fusion 
Dllr: 8 months. Obj: Determine optimnl 
procedure ror combining/fusing scores and 
fcnturcs from multipk cI<lss itiers (e.g .. 
HMMs. GMMs). App: Usc mcasured 
features of input (c.g .. SNR) ns additional 
features in final cbss ilication stage. alung 
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with scores from other c lass iti ers. Develop 
so ftware lihrary that supports score ru sio ll 
functi ons. Contra st with Dempster-Shafe r 
methods. O ptimize code for speed . Sile.\' : JIILJ . 
Criteria: Improved results across a ll fa ur 
RATS applicatio ns fro m fus ing multiple 
class ifier scores. Del: Q rR . 

2.4. SAD 
2.4.1. Build phoneme-based HMM fo .. 

SAD 
DII': 6 months. Ohj: Develop SA 0 system 
based on phoneme-dass HMMs. App: Use 
semi-supervised trainin g methods to labe l 
RATS SA D trainin g darn at phoneme leve l. 
Des ign and train an IIM M for each c lass or 
phonemes. Contras t such system with the 
SOU HMM SA D. Integrate IVI LP/RDT­
pro.i ected features from UM D/JI-I U as they 
become avail able . Optimize HMM SAD 
system for speeu. Site ... : BBN. Crilerill : 
Improved SA D pe rfo rmance on RATS data 
compared to s imple speec h/non- speech GMM 
baseline. Del: Q PR. 

2.4.2. In\'cstigate adaptation for SAD 
Dur: 5 months. Ohj : Improve SA D 
perfiJrmance through unsupervised adaptation. 
App: Use hi gh-con fidence speech/non-speech 
boundari es detected on test data to adapt 
acoustic model s and then retest with adapted 
models . Sites: BBN. Criteria: Improved SA D 
perfo rmance on RATS data compared to un­
adapted SA D baseline. Del: Q rR. 

2.5. LID 
2.5. 1. Develop phoneme-based UD system 
Dllr: 12 months. Ohj: Deve lop phoneme­
based BBN LID system. App: Usc semi­
supervised trainin g methods 10 labe l RATS 
training data based on phonemes. Estimate 
language-spec ific phoneme HMM aco ustic 
model s . Trai n lang uage-spec ili c phoneme n­
gram model s . Optimize LID system 
components for speed and acc uracy . 
Incorporate MLI)/RDT-projected features as 
they become avail able. Site.~: BBN . Criteria: 
Comparable perfo rmance to SOU-based LI D. 
Del: QrR. 
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2.5.2. Discriminati\'C training of HMMs fo r 
L ID 

Dllr: 12 months. Ohj: I ~x pl o re disc riminati ve 
train ing of IIM Ms to r LID. App: Est imate 
HMM parameters 50 as to maximize the 
posterior probability of the correct language 
on RA TS training uata. Incorporate 
M LP/RDT-projecteu features as they become 
ava il able. Site.\·: BBN. Crileria: Improved 
performance compared to ma ximum 
like lihood II MM LID. Del : QPR. 

2.5.3. Improve JFA in UD 
Dllr: 12 months. Ohj : In vesti gate the use of 
j oint ractor ana lys is (.I F A) fo r modeling noise 
variability in Llj). App: Apply JPA on RATS 
data. Extend JFA framework to account for 
noise variability. Sites: BUT. Criteria: 
Improveu performance com pareu to baseline 
BUT system. Del: QPR. 

2.6. SID 
2.6.1. Develop phoneme-based SID system 
Dllr: 12 months. Ohj: Develop phoneme­
based BBN SID system. App: Tokenize 
RATS training data baseu on phonemes. 
Estimate uni versal background phoneme 
II MM (UBM) . Trai n speaker-dependent 
phonemc IIM M acousLic mode ls. Train 
speake r- spec ific phoneme n-gram mode ls. 
Optimize SID system components 1'0 1' speed 
and accuracy. Incorporate MLP features as 
they become available . S ite!J': BBN. Criteria: 
BIlN 51 D system rUllS prope rly on RA T5 data 
and achieves pe rfo rmance comparable to or 
hetter than BUT's S ID system on RATS 
devset. Del: Q rR. 

2.6.2. J)iscrimina tive training of HMMs for 
SID 

Our: 9 months. Obj: Ex plore discriminati ve 
tra ining o r II MMs lo r SID. App: Est imate 
HMM paramcters so as to maxi mi ze the 
posterior probability or the co rrect speakcr on 
RATS trai ning dala. Incorpora te M LP/RDT­
projecteu features as they become available . 
Site,\' : BH N.JH U. Criteritl: Im proved 
perlo rmancc compa red to maxi mum 
likelihood HMM SID. Del: Q PR. 
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2.6.3. Impro\'e.JFA in SID 
Dur: 12 months. Obj: Investigate the use of 
joinl lactor analys is (JFA) fo r modeling noise 
variabil ity in LID. App: Apply JF /\ on RATS 
da ta. Extend JFA fmmework to account fo r 
no is!! variability. Site ... : BUT. Criteria: 
Improved pcr/ormancc compared to ba~dine 
BUT system . Del: QPR. 
2.7. KWS 
2.7.1. Investigate semi-supervised training 

methods 
Dur: to morllhs . Obj: I-:xp lore scmi­
supervised Inl ini ng methods fo r K WS 
acoustic. mode l tra ining. App: Bu i ld ini ti al 
acoust ic maucls on In\l1$cr ibed RATS corpus, 
then uecode large un-transcribed audio and 
train on se lect automatic transc ripts. Site.,-: 
HRN. Criteria: Improved K WS pcrfonnancc 
compared to tra ining on manua lly transcribed 
data. Del: OPR. 
2.7.2. Use topic·weighted LM 
Our: 8 momhs. Obj: Investigate top ic· 
we ighted language mode l (LM) fo r K WS. 
App: Run UTD on transcribed text for the 
language to deriv~ a set of topics. Run 
recognition on lest passage: detect [opie 
automatically: deri VI;: topic· we ighted LM: 
rerun recogn iti on. Site.'i: BI3N. Criterill: 
Improved K WS pe rfo rmance com pared 10 

us ing a generic ' ,M. Del: QPR. 

2.8. Speech Transcription Option 
2.8.1. Establish ASR baseline on RATS 

devset 
Dur: 5 months. Obj: Estab lis h training/test 
sets and rropcr ASR baseline using RATS 
data. App: Coordinate with Data Team to 
form a proper RA TS ASR deve lopment set: 
build initial RATS AS R system on designated 
training corpus. Sites: no .CU. Criteria: 
Reasonab le ASR acc uracy on RA TS da ta. Del: 
orR. 
2.8.2. De\'ciop ASR RATS system 
Dur: 7 months. Ohj: Further i'mprove 
accuracy of PA TROL ASR system. App: 
Incorporate I'calurl;:s <lIld noise com pensation 
methods developed for K WS as they become 
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available. Exp lore di sc rimi native train ing and 
adaplat ion me thods. Site.": BBN.CLJ. Criteriu: 
Imrroved ASR acc uracy compared (0 

baseline ASR system on RATS data. Del: 
OPR. Dep: 2.8.1. 

3. Ph:tse 3 
3.1. Suftware Integnltion and Ileliver\' 
3.1.1. Develop system for training in th~ 

field 
Our: 10 months . Obj: Develop in frastru ctu re 
10 support trai ning in Ihe fietd for a ll fi.HIr 

RA TS app li cat ions. App: Integrate training 
mod ules from UMD/J II U/ I3UT into 
de liverab le pipeline; tesl lrai ning pipe line 
extensively on deliverable hardware: optimize 
components for speed; write supporting 
docllmenwtion. Sites: BBN. Criteria: 
Del iverab le system performs all training tasks 
reliab ly and eflicicnlly. Del: QPR: soli warc 
and hard ware . 

3.1.2. Integrate PATROL research 
components into Phase 3 deliverable 
system 

Dur: 10 months. Ohj: Continuous ly integrate 
research components into I)ATRO L system. 
Ensurt! llUll PATROL system runs within 
specified time limit s in training/eva luation 
moue. 011 deliverab le hardware. App: 
Iteratively integrate system components to 
PA TROL system as they become updatcd by 
rescarch clTorts. Test component co nnections 
and measure perlormancc characteri sti cs 
(accuracy. speed). Optimize components as 
needed in order to meet target speed. Site! .. : 
I3I3N . Criteria: I)ATROI. system achieves 
expected accuracy and runs within specified 
time cOllstmints. Task repeats unt il the start 
of Phase 3 evaluation. Del: Q PR. Dep: 3. I. [. 

3.1.3. Test and prepare P3 PATROL 
system for Oelivery 

Our: 2 months. Ohj: Ensu~e that Phase 3 
I>A TROL system runs w ith expected accuracy 
and speed in training/evalualion mode. App: 
Insta ll PATROL system on hardware to be 
delivered to Governmenl .md Eva luation 
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Team. Run PATROl , system in evaluation 
mode on all tasks. Deliver system to 
Government and Eva luation Teum. Site,,": 
BBN. Criteria: PATROL sys tem rUlls as 
expected on deliverable hardware. Del: QPR. 
Software and hard ware delivery to 
(iovernment and to Evaluation Team 0 11 

1/2/20 14. Dep: 3.1.1. 3. 1.2. 

3.2. Feature Extraction and Projection 
3.2.1. Improve feature extraction methods 
Dllr: 12 months . Ohj: Improve existin g front­
end representation s. ApI': Analyze results 
obtained in all f'our RATS applications and 
adjust existing or develop new feature 
extracti on modules in order to achieve further 
improve ments to noi se robustness; update 
so lhvu re librari es; optimize code f'or speed. 
Site,\': UMD,JH U. Criteria: Improved 
robustness to no ise. Del: QPR. 

3.3. Noise Compensation 
3.3.1. Investigate condition-adaptive fusion 
Our: 8 months. Ohj: Dete rmine optimal 
procedure l'or !";ombininglfusing scores and 
features from multiple classifiers (e.g .. 
IIM Ms. GMMs). ApI': Continue 
development of condition-adaptive rus ion. 
in vestigating new features such as prosody. 
articulation. phoneme rate . Site.<i: JHU . 
Criteria: Improved results across all rOllr 
RATS application s from fusing multiple 
class ifier scores . Del: QPR. 

3.3.2. Investigate RDT-based enhancement 
Dllr: 12 months. Obj: Appl y RDT to corti ca l 
spectrum in ordcr to suppress the no ise. App: 
Continue developing RDT based 
enhancement by investigating diITerent 
methods for partit ioning the cortical feature 
space into reg ions. Site~: BBN.UMD. 
Criteria: Improved classification perf'ormanee 
in RATS applications. Del: QPR. 

3.3.3. Investigate Noisy CML..LR for noise 
adaptation 

Dur: 10 months. Ohj: In vestigate Noisy 
CMLLR (NCM LLR) for adapling HM Ms 10 
no ise on RATS data. App: Consult with 
Cambridge Uni ve rsity on impicmentation o f 
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NCMLLR adaptation. Incorporate 
compensated model s used across all f'our 
RATS applications. Contrast perf'ormance 
w ith Phase 2 noi se compensation methods. 
Repeat measurements aller inco rporating 
MLP/ RDT-projected enhanced features from 
UM D/JIIU . Optimize implementation for 
speed. Site.\·: BBN .CU. Criteria: Impro ved 
perf'ormance of RATS applications com pared 
to only lIs ing fealUre-based noi se 
compensation. Del: QPK. 

3.3.4. Dewlop noise adaptive trai ning 
methods 

Dllr: 9 months. Ohj: 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 in vest igate 
disc riminative methods f'or estimating the 
adaptation parameters. Site,"': BBN,ClJ. 
Criteria: Improved adaptation perf'ormance 
0 11 test. Del: QPR. 

3.4. SAil 
3.4. 1. Investigate factorial HMM for SAl> 
Our: 12 months. Obj: Explore the usc of 
raetorialllMMs f'or SA D. App: Estimate 
clean speech phoneme-class models from 
clean speech corpus: initialize factorial HM M 
noise states based on identity trans!'onns: train 
factorial model on RATS data. allowing no ise 
transforms to model the effect or noi se on 
clean speech: in vesti gate both maximum 
likelihood and discriminative training c riteria. 
Site.~ : BBN. Criteriu : Improved SAD 
performance compared to Phasc 2 SA D 
models. Del: QPR. 

3.4.2. Explore sequence scores for SAD 
Our: 8 months. Obj: In vesti gatc the usc of 
higher-level features in SAD. App: Apply 
phonotactic-type modeling to learn patterns 
about the sequences o f phonemes or SOUs 
that are characteri stic or speech: fuse such 
scores with acoustic IIMM SAD scores. Site.": 
BBN. Criteria: Improved SA D perf'ormance 
compared to Phase 2 SA D model s. Del: QPR. 
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3.5. LID 
35. 1. l Jse SAT for LID 
Dur: 10 months. Obj: Use speaker adapt ive 
tra ining (SAT) in LID. App: Apply speake r 
change detcction and clusterin g methods on 
RATS LID training data; Estimate adaptati on 
transfo rms fo r each speaker cluste r: 
inco rporate trans fo rms durin g LID HMM 
tra ining in ord er to obta in speaker-neutra l 
modc ls: in vestigate di scrimi nati ve training 
extcnsions. Site.\·: llBN. Criteria: Im proved 
pedi.mnancc compared to standard 
d iscriminative HMM LI D tra ining. Del: Q PR. 

3.5.2. Use information retrieval methods 
for LlI) 

DIlr: 10 months. Obj: Ex plore techniques fo r 
globa l phonotactic mode ling in LID. App: 
Co ll ec t stati stics about phoneme or SOU co­
occurre nces in speech tokenizat ion outpu t; 
build models th aI look heyond loca l n-gram 
context include scores from such model s in 
LID fus ion. Site,\': BUT. Criteria: Improved 
pe rfo rmancc compared to baseline LID 
system. Del: Q PR. 

3.5.3 .• IFA for HMM-based LID 
Dur: 12 months. ~b}: Extend.lF A to work 
with HM M-based SID systems. App: 
Estimate basis o f'MLLR trans fo rmations to 
model vari ability in HM M Gaussian 
parameters; adapt HMMs using ,IFA-inspired 
methods. Sites: BUT,I3 BN. Criterill: 
Improved performance compared to basel ine 
II MM SID system. Del: Q PR. 

3.6. SID 
3.6.1. .IFA for HMM-hased SID 
DlIr: 12 months. Obj: Extend JFA to work 
with HMM- based SID systems. App: 
Estimate basis o r MI ,LR transformations to 
mode l variability in HMM Gauss ian 
para mete rs: adapt HMMs using JF A-inspi red 
methods. Site.\': I3 UT,I3I3N. Criteria: 
Improved performance compared to baseline 
HMM S ID system, Del: Q PR, 
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3.7. KWS 
3.7.1. Apply SVM 11honctic rescoring 
Dur: 10 months. Obj : Usc phoneme or word­
based SYM mode ls to compleme nt HMMs. 
AI''': Estimate an SYM for each context­
dependent phoneme or word in tra ini ng: 
rescore lanice of tokens in test us ing SYMs; 
inc lude SYM scores in K WS fusion. Site.\·: 
I3 [lN. Criterill: Improved pa forrnancl! 
compareJ t(l hasel ine II MM K WS system. 
De" Q rR. 

3.7.2. Adal}t LM to new keywords 
Dllr: 10 months. Obi: Improve estimate o fn ­
gm m l.M probability for new keywords. App: 
Run K WS system on test data: ti nd hi gh­
confidence detections of the new keyword ~ 

look at n-gram contex t tind words that have 
been observed in similar contexts in LM 
training; re-estimate LM probability of new 
keyword based on these simila r words: re-run 
recogniti on on test. using adapted LM . Site.\': 
BBN. Criteria: Improved pe rlo rmance 
compared to base line ge ne ric LM KWS 
system. Del: QPR. 

3.8. Speech Transcription Option 
3.8.1. Develop ASR RATS system 
Dur: 12 months. Obj: rurthcr improve 
accuracy of PATRO L I\SR system. App: 
Incorporate features and no ise compensation 
methods developeJ lo r K WS as they become 
available. Explore semi-supervised training 
methods. Site ... : HHN.C U. Criteria: Improved 
AS R accuracy compared to baseline ASR 
system on RATS data. Del: QPR. 
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6 Intellectual Property 

Any data that SB collects or acquires under lh is efTon w ill be made ava ilable to a ll s ites in the 
RA TS program. 

Noncommerciallterns (Technical Data and Computer Software) 

NONCOMMERCIAL ITEMS 

Technical Data and 
Asserted Rights 

N arne of Person 
Computer Software To be Basis for Assertion Asserting 
Fu rnished With Restrictions 

CHtcgory 
Restrictions 

Software Suite to be 
Ncgolialcd 

dc\'clollCd under the RATS Developed with Raytheon BBN 
Governme nt 

Progrnm including existing mixed fundin g 
Purpose Rights 

Technologies Corp. 
libraries as needed 

Commercial Items (Technical Data and Computer Software) 

COMMERCIAL ITEMS 

TechnicalOat3 and 
Asserted Rights 

Name of Person 
Computer Software To be Basis for Assertion Asserting 
Furnished With Restrictions 

Category 
Restrictions 

Byhlos Softw .. re* 
Multiple commerc ia l 

Commercial 
Raytheon BBN 

sales Technologies Corp. 

*I'lyb los Software will be made available to the Government for the duration or the program 
effort pursuant to a no-custlicense. 

Patents 

BI3N hereby represents that it is the sole or joint owner o r the inventions that will be utilized in 
the proposed program. B8N asserts that it has all of the necessary rights to utili ze them to 
execute the program. I3BN will obtain for the Government any necessary li censes in its 
subco ntractor's inventions. 

Intellectual Property Representations 

BB prov ides its good fa ith representation that 13l3N e ither owns or possesses appropriate 
licensing righ ts to all o ther intellectua l property that wi ll be utili:led under BI3N' s proposa l for 
the RATS l)rogrJlll. BBN wi ll obtain rrom its subcontractors appropriate licensing right to all 
subcontractor inte llectual property that w ill be utilized under BBN"s proposal for the RATS 
Progmm. 
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7 Schedule and Mi lestones 
The proposed schedule is give n below. Milestones arc indicated in hold italic ront. 

' Softw.re Int"llf.tiO<1 and Delivery 

2 libo "'l' to< FOLP <><>(1 m<:>duiat,,,,, .p.;ct,con , 
• , 
C, -, 
• , 
'" " " n .. 
" .. 
" " " 

Librllf)' for _ling ~ LP5 

Li bf...-y "" coo,,,",, ",at",,, e.t,,,,,,,oo 
1 ""'9(.'~ boHIH>o UMO SAD ''"''II'_ba",_ 8lJT SW'UD __ , 

'~'''9'"''''~ ",,,,/lrd> tnI<> P I PAtROL 

[)@.eIopGUt!of""at ... """ .Y''''''' 
P repare P I PATROL .v"om< for _very 

Delive. Pl ~V~lUItion ~nd rr.j""bkl sY''''''''' 

0.,.,,,,,,,, . y>tom for ""'""'"'11 in , .... r,oId 

~~Iop 001 fo r ~ .y. tem 
Tosl aro:I ",epa'. ~ . , . ""'" 10< "'" , ..... 

IXIIi"", P2 ov./u. rJon . nd IT.Ina,. .v.,""'" 
o..v""", 'y'tem tor ' r ... ng on the ~~~ 

T ... , "'"" pr"""re 1'3 .~ • ....,. for_very 
(}f!I;WI' P3 "".IUMIon . OO tnln.b", 'V. 'MtS _,n Pfojecl Mal f~pott 

De/iVflT Pfoj.,,:r fin'" roport 

20 Rob" .. h >(u,," e:'I'.~on 
2 ' 1o<N<>Col<Xl11lCal r-.u,,,, 

P,otOC' hi\II1-d;m"" .. """, ,.,"'''' .. ... MLP 
E>:plore featur<' 1>0",0 ""'.on 

24 l>i'qed nl\t1·~,men.ion~' leah ... ", ... ROT 
25 , In,Q<1'g" QROT-tl_ ","'*"<"" .. rrt 
2'J 'mprooe lea....., ~.n;>c'ro .... _ 
~7 ~o"e MOdeling 

I""e<tigale VTS !of ..,. .. adoptoI .... 

.NO_ PC MLLR for flOISII adapI",oo 

3(1 ''''~<IIQOI. =d~f'Ilv. IllS"", 
3 1 DooIeio<> ""' ... :>d.pt i.~ " .. ,"; ng "",,'hods 
32 ,spoocn Acti.ily o.or.<I;"" I SAO) 
3:l t Dev""", ~ doma in S W for 8.'.D 
3-1 -1 fl<>iId SOlII-lMM for SAO 
~5 fl<>iId ~ ... , ... HU M for SA O 

' '''''''IiIl '''~ adapt."oo to< SA D 

'''' ..... gale 10-:101101 I-lMM for SAO 
3!! L_~"go _;~o.h"" (UO) 

39 E<IBobI..~ ba ........ BlJT ."."'m 00 RATS d;o~ 
I ,"""por~te MLP te.nJ<e, in BU T l ID :rys'~m 

O" ... 1op SOIJ- ba.oo LID 5yotern 

D<!.e lop pho ... one- l>a.e<lll D sy.tem 

~",e ~a"'""ll Of HMM. for LID 

Improy~ JFA in LID 
DooI""", JFA tor HMM_basod UD 
U""SAlfor UD 
U.e ;mu,rn~bon ",,,,,, .. ar "",1OOdl; for UD 

48 Spo' k""<lent~;coti"" ISlD) 
49 Deve lop JHU SID 'y'tem 
50 E"<>bI1.~ M se""" BUT SiD .y. tom on RATS 
51 ''''''''porale MLP ~tur~."' BUT SID ' 1"1em 
52 ASR _~~QI1 P"'.......,..'" .. ... _ e . 
~3 Develop SOU_ba_ S ID Sl"tern 

o...ooIop phoo_bas.~ S IO ,y>tem 

[Ii>crimina ... If....-.ng or HMM, lor SID 
1m"""", JFA in SID 

57 Oo,oIop JrA k>r HM~·b~ SID 

sa K.y Word Sponing (KWS) 

, 
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8 Personnel, Qualifications, and Commitments 
For the ve ry challenging problem of performin g automatic recognition or language. speaker. and 
speech in real- wo rld high-no ise environments. we ha ve assembled a team CPA TROL"') that is 
equal to the ta sk. Starting with thc overall leadership o f an ex perienced stall at BBN. we have 
added four s ites that have unique world-class capabililies in all areas o f thi s project. Dr. John 
Ma khou l at llllN w ill scrvc as PI for thi s ellort. He will be ass isted at BBN by Rich Schwartz as 
Technical Lead and Spyros Matsoukas as co-PI and Techn ical Manager, both of whom playcd 
major ro les in the DARPA EARS and GALE programs. which required leading multi-site teams 
working across geog raphically di ve rse s ites. Ma khoul. Schwartz. and Matsoukas w ill work wilh 
stan' a t BBN with wide and deep experience in all areas of recognition problems in speech. as 
well as the building and deployment of muhi-media operational systems. 

Because o r the importance of dealing wi th hi gh noise in this project, we have added three s ites 
that have made s ig nificant contributions to the problem o I' speech in noi se. Dr. Hynek 
lI ermansky of Johns Hopkins Uni ve rs ity hrings years of experience in developing robust 
methods of speech process ing. many o f which have been adopted by resea rchers worldwide. I)r. 

Shihab Shamma o f the lJnivers ily o f Maryland has developed a un ique multi-dimensional 
cortical rcprescntation or sound that he has used successfull y to combat many Iypes of un wa nted 
signals and noi se in speech. Professors Ma rk Gales and Phil Woodland o f Cambridge University, 
who have developed one of the top-perfo rmin g speech recognition systems ill the wo rld . have 
al so made no ve l contributions to the modeling o f noise in speech, lo lhe use o f discriminative 
training and adaptation (which will be important to deali ng with noi se), and in performing 
speech recogn ition and keyword spotting under no iSy condi tions. To round out the team. we 
ha ve added Drs. Lukas Burget and Pave l Matejka ofIhe Brno UniversilY o f Techno logy (BUT), 
who have deve loped world-class language ID and speaker ID systems that have competed 
successfully in N 1ST eva luations. year aller yea r. scoring top marks in many of the conditions 
that were cornpded. 

Below is a listing of key personnel in each organization and the unique capabilitics Ihey bring 10 
thi s erfort. A table oflhe time commitments o rthese key personnel is given in Section 8.6. 

8.1 BBN 

Key personnel at BllN include John Makhoul, Richard Schwartz. and Spyros Matsoukas. (As 
the need ari ses, we will dra w upon the extensive reservo ir or ex pert ad vice from other senior 
staff at BI1N. including Herb Gish. Owen Kimball . Man-hung Siu. Waiter Andrews. Long 
Nguyen , Rohit Prasad. Amit Srivasta va . and Prem Natarajan. These stair s expertise spans the 
full range orthe RATS applications. as we ll as the integration and deli very of operational speech 
systems. ) 

Or. John Makhoul. a ChicfScienti st at BBN. is al so an Adjunct Professor at Northeastern 
Uni versity. where he su pervises students who do thei r graduate thesis work at BBN. lie has led 
projects in various aspects or speech and language processing. including speech coding. speech 
synthesis. speech recognition, speech enhancement, speake r recognition. artificial neural 
networks. optical character recognition. language understanding. info rmation retrieva l and 
extraction, human-machine interaction using voice. and machinc trans lation. li e has se rved as PI 
on numerous DoD speech and language projects, including the DARPA EARS speech 
recognition project and th e ongo ing DARPA GALE machine translation project. which includes 
\..\Iark in speech recognition from Arabi c and Ch inese . Makhoul's in vo lve ment 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 It:d a N<tli onal Council pallellhat produced a study about the Removal of Noise from 
No ise-Degraded Speech Signal s. Ma khoul is a Liti; Fellow or I E I ~ I ': and a Fellow a fthe 
Acoustical Soc iety o r Amer ica. He has received a number of IJ::EE awards for hi s technical 
accom plishments. including the 2009 IEr. r:. J<IIlleS L. Flanaga n Speech & Audio Processing 
Award and Medal " IC)f pioneering contri butions to speech modding." 

H.ich~lrd Schwartz. a Princ ipal Scientist at BBN. is a recognized expert in various aspects of 
pattern recogn it ion. including speech recognition. HMM modeling. probabili stic language 
modeling, speakcr verilication and identification. speech recognition in noise. fast search. neural 
networks. robust multilingual OC R. 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 GAI.I·: projects mentioned above. SchWUI'l"l. was the chiefdcsigncr of the BBN 
Byblos speech recognition system, which continues to form the backbone of a ll our state-of-the­
:'111 speech recogniti on and keyword spotting wo rk . The l3yblos syste m has been one of the 
eOIl!'i istent top perfo rmers in oflicial government speech recognition eva lu'ltions. Among his 
many origina l contributions. Schwartz was the li rs! to place speaker identilieat ion on a finn 
sta tistical busi s in 1982: in 1990 he in vented the N- best algorithm. an elTicient method for 
computing the N- best se ntence hypothesis in speec h recognition: and in 1993 he was the first to 
demonstrate large- vocabu lary. conti nuous speec h recognition in real-time on COTS hardware. 
using a new search algorithm he had invented. He was a primary contributor to the BHN work 
on speech enhancemcnt in 1979 - work that continues to be referenced 10 thi s day. lie designcJ 
and supervi sed the implementation of the first spcaker verification system lh'lIllscd hidden 
Markov models: the system was deployed at 13I3N in 1986. He has made numerous contributions 
to speaker chang!! detec tion. speaker clustering. and search algorithms for SOx t~l ster than real­
time keyword spotting. 

Spyros Matsoukas. a Lead Scientist at BB N. has been working on various aspects of statistica l 
modeling in speech recognition si nce 1996. li e was the top technical contributor in the DARPA 
EARS pr~jecl and has taken ovcr the leadership in the continued improvement of the BBN 
Byblos speech recognition system. Among hi s original technical contributions is the 
development of speaker-adaptive training techniques fo r speech recog niti on - which is now used 
in a number of research organi zations worldwide - and segmental traj ectory modeling for speech 
recognition. He has al so done signifi cant work in the detection of speech in the presence of 
no ise and music. the detection of changes in the acoustic channel and the speaker. and speake r 
clustering. Ma tsoukas was the direct supervisor of the PhD thesis of one of our Northeastern 
Uni versity resea rch ass istan ts whose paper with Ma tsoukas 011 region-dependent feature 
transforms for speech recogniti on won a Spoken Language Processi ng Gmnt best paper award at 
the 2006 IEEE ICASSP cunference. More recently . Matsoukas has been in charge uflhe 
machine translation work under the DARPA GA 1,1·: project. which has borrowed a number of 
stati stical modeling techn iques from the ~peech an.'a. A paper resulling from work that he led 0 11 

system combination in machine translation won the best paper award at the 2007 Association for 
Computation Linguistics co nference on I luman Language Technology, In addit ion to overseeing 
the technical work of the machine translation work at BBN. he al so manages the technical 
interaction with our subcontractors and is responsible for integrating the work of a ll sites to 
produce the hi ghest possible quality machine translation from Arabic and C hinese (speech or tex t) 
(0 Engli sh. Matsoukas' exce llent cross-site teehnicalleadership skills wi ll serve us well in th is 
proposed work. 
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