
P10071·BBN PATROL Table of Contents 

Table of Contents 
Section 2 - Technical Details 
1 INNOVATIVE CLAIMS .............................. .. ........ ......... ......... ....... .... ........ ..... .. ............................... 1 

2 PROPOSAL ROADMAP ........... ........ .......... ....... .. ....... .. ...... .. .................. ........ .. .......... .............. .. .... 3 

3 TECHNICAL APPROACH ........................................... ........ ...... , ....... ..•...• ......... .. .............•••••..... ...... 6 

3.1 
3. 2 

3.2.1 
3.2.2 
3.2.3 
3.2.4 
3.2.5 

3.3 
3.3.1 
3.3.2 
3.3.3 
3.3.4 

3.4 
3.5 
3.6 

IN1ROLlUCTION ... ....... ......... ........... ............................................................................................ ................ 6 

ACHIEVING ROIIUSI NfSS IN NOISE ..... ............. .................. .. .......................... 6 
Noise·robus t Feoture Extraction ... .............. ............. .......... ........ . . ............ 6 
Data-guided Trainab le Feature Projection ,................. .... ...... .. .. ..... ........ ... ... ... ..... .. 7 

Multi-resolution Tokenizotion ... ..................... ............. ,., ....................... ........... .. ......... .... ....... ........ ... 8 
Noise Compensation .......... . ................ ... .... ......... 9 
Fusion-based Classification ..... ........... . .... ..... ..... ..... 10 

ApPLICATION-SPFCIHC M fTHODS .......... .. . .. ..............•... ... .................•..•.. ,........ .......... ... ........ . .. 11 

Speech Activity Detection (SAD)........... ............. ... .......... .................... ...... .......... ........ . ... 11 
Speaker Identification (SID). .... .... . ....... .................... , ..... , ... ,... ................ .................. . ....... 12 
Language Identification (LID).... . ........................................................ ..... ............... . ...... 12 
Keyword Spotting (KWS)... . .................. , .. ,................. . .................. 13 

ACHIEVING THE PROGRAM GOALS ...... . ........ 14 

SofTWARE INTEGRATION AND O[UVERIES ........................ ....•...... .. .•••••.•• " ................. ............ ............ . . ... 14 

SPCECH TRANSCRIPTION OPTION ....... .................................. ................. .................................... 15 

4 COMPARISON WITH CURRENT TECHNOLOGY ...... .. ............................ __ ..................... .. ....... ... ...... 16 

4.1 
4.2 
4.3 
4.4 
45 

NOISE COMPENSATION ... ... ... .............. . . ................ , ................................ ................... _ .... _ .. 16 
SPEECH ACllVITY O[f[CTION ........... ...... . ...... ... .......... 16 
SPEAKER IOENIIHCA l iON ................ . ......... .... ........ . .... 16 
LANGUAGE IOENllfiCAllON ............. .. . . ......... 17 
KEYWORO SpOrrlNG ......... ........ ....... ........... .......... •..•• ..............•••••••.. , .. , ............ •...... ..............•• , ••. , .... ....... 17 

5 STATEMENT OF WORK ................................. ................. .............. ............... ......... .. ...... .. ...... .. ..... 18 

6 INTELLECTUAL PROPERTY .. ......... ......... ...... ....... " ............ ..... ............................ ...... .. ... .. ..... ....... . 28 

7 SCHEDULE AND MILESTONES ...... ........... ....... ...... .... ..... .. .... ... ......... ... ......... ........... ....... ....... .. . ,," 29 

8 PERSONNEL, QUALIFICATIONS, AND COMMITMENTS .... .•. .••••.•.•.•••.. .. .••.•......•••... ...••••.. .....•. .... .•. 30 

8.1 
8.2 
8.3 
8.4 

BBN .................... ......... ....... . .................. ......... ............. ,', ... , ......................... ...... ............ ................ 30 
JOHNS H OPKINS UNiVERSiTY .... ...... ................. . 

UNIVERSITY Of MAllY LAND ... ............. ........... .. .................................................. . . 

..... ..... ... ......... 32 
.................. 32 

(AMBRIDGE UNIVERSITY ........... ....... .................... . .....•...............• ...................... ...... _._ ........ 33 
8.S B RNO UNIVERSITY OF TmlNOlOGY ........... .................... ...................................................... .......................... 34 
8 .6 TiME COMMITMENTS ...... ............... ... _........ ...... .. .. .................. .... ........ ......... . ........................................ 35 

8.7 Stu.ClEO BIBlIOGRAPHIES ............•.. _._ ........................................... .... .................................................. ......... 37 

8.7.1 BBN ............................................................................................................................. ..................... 37 
8.7. 2 Johns Hopkins University ................ . . ....................................................................................... 39 
8.7.3 UnillersityofMory/ond ................... . ........................................................................................ 41 
8.7.4 Combr;dge University .... ...... ................................ ........ ......... ................ ............................................ 42 
8.7.5 Bma University of Technology .... .......... ... .............................................. ................................... ...... .43 

9 PROJECT MANAGEMENT AND INTERACTION PLAN ... ....... .. .......................... .. ...... ...... .............. .. 45 

i 
Use or disclosure of the data contained on this page is subject to the restriction on the title page of this proposal. 

epic.org 14-10-09-DARPA-FOIA-20150527-Production-Raytheon 000069



P10071 ·BBN PATROL Table of Contents 

9.1 

9.2 
9.3 

9.4 
9.4.1 
9.4.2 

9.5 
9.6 
9.7 

P RQllC! MANAGEMENT ........ ..... .... ....... ........ ............ . ...... ................... . ... ....... .............. ...... ............. . 45 
TEAM SIZE AND COMPOSITION ...•••. ••.•••••..•..• .....•..•••••••••• ......•..•....••••••••• . ...•.••••••• •• ........... 46 
WOR-IUNG/ M [ETING MOOELS... ...............•.•.••. ... . ............................... ...... ..................... . . .. ...... 47 
SOFTWARE/ CODE MANAGCM[ NT ........................ . 

Software Integration/Management ...... . 
Secure Processing. . ............ ...... . 

UNIVERSITY PAR I I C I~AnON 

GOVlRNM(NT'S ROLE 

PROJfCT MANAG EMlNI IIr BBN ............................... . 

. ................... ....................... .......... ................. ..... 48 
. ..48 

... ......... ,',.,... ....... . ....... .................. ..... ... .... . 49 
................ ..49 

.. .50 
................ . ....... 50 

10 COST SUMMARIES .............................................................. ................ ......... ......... .. ....... ....... ..... 51 

11 ORGANIZATIONAL CONFLICT OF INTEREST AFFIRMATIONS AND DiSClOSURE ...•............ ...........• S6 

12 HUMAN USE ............................................. ..... ........................ "., ...... .................... ............ .... .. .... 57 

13 ANIMAL USE .. .............. " ... ............................................................. , ......................... " .. .......... .... 58 

14 STATEMENT OF UNIQUE CAPABILITY PROVIDED BY GOVERNMENT OR GOVERNMENT-FUNDED 
TEAM MEMBER ............................. ................. " ..............• " ..................... .... , .......................... , ............ S9 

15 GOVERNMENT OR GOVERNMENT-FUNDED TEAM MEMBER ELIGIBILITY .................................... 60 

APPENDIX A: REFERENCES .... ........... .. ..... ......................... .. ....... ............... ..... .................. ........ ... ..•..•... 61 

APPENDIX B: EFFECT OF TARGET SIZE ............. ... ........ ........................................... .......... ......... ........... 66 

ii 
Use or disclosure of the data contained on this page is subject to the restriction on the title page of this proposal. 

epic.org 14-10-09-DARPA-FOIA-20150527-Production-Raytheon 000070



P10071-BBN PATROL Section II ·Technical Details 

RATS PAT 
Volume 1 - Technical Proposal 

Section II - Technical Details 

Technical Area 1: Algorithmic Development and Signal Processing 

Use or disclosure of the data contained on this page is subject to the restriction on the title page of this proposal. 

epic.org 14-10-09-DARPA-FOIA-20150527-Production-Raytheon 000071



P10071-BBN PATROL Innovative Claims 

1 Innovative Claims 
The Challenge 

The ability urlhe US Govcrn mcm to moni to r 
foreign voice cOITII11UniC<llion channels. in 
support of intellige nce and military operations. 
is hampered by the lack of a technology tha t 
can au tomatica lly detcmlilll:: what is important 
to lislen to in the presence of highly degraded 
and noisy voice s ignal s. DeVeloping such a 
technology is (he aim or lhe KATS program, 
and HHN's response is PATROL. a system 
thaI will revo lution ize US ahility to pinpoint 
speech activity. ident ify Iht! language and the 
speaker. and detect keywords of interest . 
under very no isy and degraded condit ions. 

Barriers to Progress 

Two major barriers 10 dea ling with noisy 
speech have been fragmt!lllalion of" research 
dYorts and lack of a reali stic corpus on which 
to pe rform research, The RATS program 
promises to shaller th ese barriers by attacking 
simultaneously the full spectrum of speech 
detection problems and by providing the first 
large realistic corrus for resea rch. HBN has 
responded to the challenge by form ing It team 
whose members have distinguished 
themse lves internalionally in their areas of 
expertise and who co ll ectively have the 
breadth and depth o f experience, history of 
innovation. and fresh new ideas to meet the 
RATS challenge in a ll areas o f thi s clforl. 

The Approach 

Our approach deri ves from a ho listic view of 
the problem at hand as a s ing le overarching 

challenge of speech deteclionlrecognition in 
no ise_ The image we ha ve or noisy speech is 
thHtlhe srecch is bt:ing he ld hoslagt: by noi se. 
Our fundamental arrroach takes advantage of 
the prediclahle properties o f the speech to 
resc ue it from the clutches of IInpredictable 
noise. I)ATROL will accomp lish the rescue 
through a un[/ied multi-pronged attack Ihal is 
comlllon to a ll four RATS arrlicatioll areas: 
speec h activity detection (SAD). language 10 
(LID). speaker ID (S ID ). and keyword 
spotting (KWS). rigurc I-I shows a 
concept ual archiLef.:turc o rthe PA 'rROL 
system which combines elemen ts of training 
and recognilion in a single notional diagram, 
The doubh: armws indicate multiple analyses 
and outputs, The terms "data-guided" and 
"task-specific" will tht!n be spec itic 10 the 
availab le training and the applic.:alion arca. 
We now describe each componcnt briefly. 

I. Noise-Robust Feature Extraction: Wt: 
propose the use or auditory-based 
representati ons of sound thal have bcen 
demonstrated to se parate speech modulations 
from the noise in a higher-dimensional space, 
whi ch should make it possible Lo focus our 
processing on the speech modu lations. These 
representations inc ludc Hermansky's 
moe/II/aliem ,'JJectrlllll and Sham rna 's 4-D 
corticol -'"/)ee/rulll. (See also item 4 below.) 

2, Data-Guided Feature Projection: To 
make the higher-dimensional IcalUres usable, 
we propose to rroject tbem onto a lower­
dimens ional subspace - with little loss in 
sepambility or speeeh from noise ~ by us ing 
non-linear, tra ina ble. discriminat ive 

""'" Speech 
---> 

Noise-Robust 
feature 

--100. Mulll- l3triC,"" of 'b 
Feature _______ ReSOlution _ 

Data-Guided fusion­

B"" 
Classification 

D..:/s/on 

Extraction 

~ ... p~~:j~"' __ 'O_" /~'[ '~~:~,. 
Adaptation 

"'igurr I- I Conceptual PATROL architecture for all fotlr apllIications: SAn. LID, SID, KWS. 
1 
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Pl0071·BBN PATROL Innovative Claims 

projections based o n multi -layer perceplrons 
and region-dependent transforms. One 
particularly useful projection that has shown 
very good pc:rfonm1llce in no ise is the 
estimatio n 01" phoneme posterior probabilities 
as features. In all cases. the training is gu ided 
hy the avai lable data and the application. 

3. Multi-resolution Tukcnization: More 
than anything. what characteriz~s speech -
and diffe rentiates it from noi se - is the specia l 
manller in which speech units (tokens) vary 
over ti me. We propose 10 model speech as a 
time sequence oftukens at dillcrcnl time 
resolutions - frames. phoneme-like se(F 
fJlXlmizetilinifs. phonemes. and words. To 
modcllhe lime seqlJem:c o flhcsc tokens. we 
shall employ language model s that arc 
appropriate f(w the tokens and the application . 
The resulting output here is mu ltiple latt iccs 
of tokens. with <lssociatcd likel ihood ratios 
(scores). to be used ror later deci sion mak ing 
(itcm 5 below) . We al so introduce methods 
that do nOI requ ire extensive transc ript ion. 

4. Noise Compensation: No ise 
cornpensation methods improVt: recognition 
accuracy signiticanlly . Two types of noise 
compcnsati on will be employed. One. al the 
realure level , performs d iscr iminative training 
o rlhe features to minimize the etlect o rthe 
no ise. Another. modd-based. is perio rmed in 
conjunction wit h tokcnization. These 
methods. whi ch use discriminative adaptive 
training. induJe Vector Taylor Series 
compensati on. Joint Uncertainty DecoJing. 
and Prcdicti ve Constrained Ma ximum 
Likelihood Linear Regress ion. Joint Factor 
Analysis. wh ich has been very usefu l in 
mode ling speaker and channe l variability. will 
be used ror no ise compcnsation as wel l. 

5. Fusion-based Classification: The bas ic 
concept here is to fuse the outputs of multiple 
processes to reduce uncerta inty in the 
presence or noise. Another is the fusion of 
multiple lattices 0" tokens and associated 
scores. at d itlcrcnt resolutions. to rormulate 

2 

an integrated. optimal dec ision. Different 
melhoJ s o f fusion will be considered. One is 
based on th e Dempster-Shafer theory of 
evidence . Another novel mcthod is a 
condition-ad.lptivc fusio n stmtegy. ca lled 
lalcnl gClleralb!d Ib/(.'(lr model. in which 
comninalion we ights o f evidcnce are 
function s o f mcasured features of the input. 
such as SNR. type of channel. and speaking 
ratc. Another uspect o r fu sion is a principled 
approach 10 determi ning an optimal thresho ld 
for accepwncc/rejecti on. 

6. Model Adaptation: Thc hi gh-conlidcncc 
fusiLlil deci s ions can then be used to adapt the 
speech token model s (item 3 abov!!) in a 
f't:cdbHCk configurat ion to improve accuracy. 

7. Tusk-specific Discriminative Training: 
r ermeating the above componen ts is the usc 
of discriminat ive tra in ing. whereby the 
various com ponents are tra ined speci fically 
for each appliciltion to opt imize performance. 

Basis of Confidence 

Whi le soml.: orthe abo ve ideas have been 
used individually to combat noise. what we 
propose is an integrated approach that 
combines all thc components in a novel and 
uniti eu man ncr Inropti mal perlormance. In 
Section 3. we present our novel ideas in how 
fO opt imize perrormance for each of the 
application areas (SAD. UD, SID. KWS). but 
the centerpiece o rthi s proposal is the un ifi ed 
system conception outlined above. 

The experienced. world-class team we have 
assembled; the large number or fresh ideas 
and unit)' ing new methodol ogy in this 
proposal: and BBN' s track record in fielding 
operationa l systems. present a uniquel y 
compe ll ing and credible opportu nity for 
ac hiev ing the ambit ious performance goa ls of 
the program. We arc confident that we wi ll 
deliver tn the Government deployab le 
tcchno logy that will combat the endemic 
noise problem. rendering our monitoring 
upt:r<ltiot1s Jar morc effective. 
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2 Proposal Roadmap 

AREA Page 
References 

a, Main Goals of the Proposed Research: 

The work in this projcctlms two rn<lin goal s: 

( I) Thc tirsl goal is to develop the technology to perform the fo llowing four 1 (§ I) 
speech Jetection tasks. for a number of foreign languages. in the presence of 14-15 
highly degraded and noi sy voice signa ls. with high accurllcy: Speech activity 
detection (SAD), language identitication (LID). speaker identification (S ID). and 

(*3.4.3.5) 

keyword spotting (K WS). The miss and fa lse alarm target rates for the four 
appli ca tions arc given in Table 3·1. The work will include Ihe Je li vcry Man 
eva lua ti on system tn the Eva luation Team in orucr to assess system perf'o rmanee 
against tht! li:lrgets lor each phase of the project. 

(2) The seconJ go~ 1 is to build and deli ver to the (Jovermnent a system that is 
military user·f'riendly. wi th an intuitive. easy.to·usegraphical user interface 
(GU ll. and that will be tield·trainable I'm new lan!.!uaoes. speakers. <lnd ke ywords. 

b. Tangible Benefits to End Users: 

By prov id ing the Governmen t with the c.apabi lities d~scribed abovc. wit h high 1-2 (§I) 
accuracy. we would increase the abili ty orthe Governmcnt to monitor forei gn 
communications s ign ilicantly. By making it possible for thc anal ysts to focus 
on ly on the languages. spt:akers. and keywords of imeresL the productivity of the 
analysts would increase tremendously. 

e. Critical Technical Barriers: 

(I) While much work has gone into the fou r RA TS application areas. much o r that 6 (§3.1) 
work has been on relati ve ly clean speech. As a rcsult. the techniques that have 
been developed do not perform well under high noise condi ti ons. 

16-17(§4) 

(2) For cases where research was done with no isy signals. typical ly the resea rch 
focu sed on one ted1l1ique at a time - rare ly combi ning multiple techniques. 

(3) The re search is o nen done Lls ing data with artificia ll y added noi se. rather than 
with naturally occurring noi sy speech. Any naturall y occurring noi sy speech is 
usually co llected in one type orenvironment. e.g .• in cars. and the tasks arc 
usually very narrow. such as digit recognition. 

The RATS program is well poised to overcome these harriers by atulcking the full 
spectrum of spet!ch detection problems and by providing the first large rea li stic 
corpus for research. 

d. Main Elements of the Proposed Technical Approach: 

We propose to build a system. PATROL which wi ll ac hieve the goa ls u rthe 1-2 (§ I) 
program th rough a unified approach to detection systems that are robust to noise. 
Instead of the piecemea l. one·technique·at-a·time approach o f many past efforts. 
many techniques at multip le levels or process ing will be dcveloped and optimized 
jointly to maximize performance f"or each of the RATS app lication areas. 'rhe 
primary areas of wo rk include: 

(I) Noise-robust feature extraction: It has been shown that. when noisv speech 6-7 (§3.2.1) 

3 
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is analyzed Llsing multi -dimensional (muhi-D). auditory-based representations. the 
modulation spectrum of speech typically occupies a dil'tcrent part of the space 
than the noi sc. We plan \0 usc several such representations jointly. thus leading to 
increased robustness. includin g the multi-D MRA STA modulation spectrum or 
Hermansky and the cortical representalion of SIHltlllTI<1 (bOlh on the PATRO l. 
team). 

(2) Uata-guidcd trainable feature project ion: We propose to use nonlinear 
d iscrim inative projec tions based on multi-layer pcrceptrons and region-dependent 
trans li)rms (ROT) to reduce the d imensionality of these high-dimens ional features 
with minimal loss or information. The term "data-gu ideJ"" means that these 
projections will be optimized to prese rve info rmation needed ror each application 
(SAD. LID, SID, or KWS). 

(3) Multi-resolution tokenization: Speech can be ana lyzed as tokens (units) of 
dincrent length. e.g .. Irames. phonemes. sub-word s. or words. In contrast to 
current methods, \w propose to lise aille-vei s oftokeniz3tion. which will increase 
the robustness of all appl ications. We also propose two methods that ha ve been 
demonstrated to work we ll wi th untranscribed speech (which is abundan t in an 
operationa l sett ing): "'1!(r-or~lInized ttllirs (SOUs) ilnd semi-supervised training. 

(4) Noise compensation: Arnungjeatllre-hased methods. we propose to tilter the 
multi-I) features to enhance the speech and suppress the noise , and to exp lore 
discriminative RDT to map Irom no isy featun:s to c lean features. Among modd­
hosed methods, we wil l continue to exp lore sophist icakd techniques pioneered by 
Cambridge University (e.g .. Joint Uncertainty Decoding and Predictive 
Constrained Maximum Likelihood Linear Regress ioll). and Jo int Factor Analys is 
- wh ich has been used efTcct ivcly at Rmo lJniversity of Technology to deal with 
in ter-sess ion variahility. 

(5) Fusion-based classification: The vari ous lypeS of analysis and tokenization 
will result in a numberoflatlices of tokens wi th scores. whic h will then be 
combined using nmtiitionlldlll)tive./ilSion. Fo r S I [) <lnd K WS. deci sions wil l be 
optimized for sets of targets rather than for individua l targets. 

(6) Model adaptation: The high-confidence fu sion decisions can be used to adopt 
the speech token 1110dd s (item 3 above) in a feedback configurati on to improve 
detection accuracy. 

(7) Task-specific discriminative training: Permeating the above components is 
the use of d isc riminat ive training., whereby the various com ponents are trained 
spec ificall y ror each app lication to upl imi /.e rcrlorrnancc. 

(8) Speech acthrity detcction (SAD): In addition to using noi se compensation 
methods. wc expect SAD to improve through the usc or phoneme and SOU 
IIMMs, as well as via all integrated factorial HMM speech/noise recogni ze r. 

(9) Language identificat ion (LID): LID will bc more accurate with the usc or 
more detailed SO Us. phoneme. and word models to compute acoustic likelihood 
ratios. and with the combination of scores across multiple levc!s of tokenization. 
Speakcr Adapt ive Tra in ing will reduce the speaker vari ation cffect on LID. 

( 10) Speaker identification (SI D): SID will a lso improve through the usc of a ll 

4 

7-8 (§3.2.2) 

8-9 (~3.2.3) 

9-[ 0 
(§3.H) 

[0 (§3.2.5) 

6- [4 (§3.2. 
3.3) 

[[ (§3.3. [) 

[ 2-[3 
(§3.3.3) 

[2 (§3.3.2) 
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levels of tokellizat ion fo r acoustic likelihood ratios and !Sequellce prohabi liti cs. 
These scores will be fused w ith other classifiers sllch as SVMs that use super 
veclor representat ions (e.g .. MLLR parameters or mean vecLors) or each speaker. 

(I I) Keyword spotting (KWS): Our K WS system w ill be based on large­
vocabulary speech recognition to mode l both keywords and other speech. We 
propose to usc higher-Ievcl language info rmation. slich as lopic-depende nt 
language models. and unsupervi sed adaptation based 0 11 hi gh-confidence hilS to 
opt imi ze performance. 

(12) Software integration t,ud deliveries: I:)B N wi ll use its vast experience in 
in tegrating software from other s ites and dclivcrin£ real-time, operationa l systems 
to the Government to huild und de liver two systems: an em/I/afi()n .\ystem to be 
deli vered to the Eva luat ion Team to assess system pe rformance ag,l inst program 
target s, and a fminahle .\ysfem as described in (a) above. The ev,iluuLion system 
will be de livered s ix wee ks prior to the end of each phase. and the trainable 
system will be del ivered in Phases 2 and 3. 

( 13) Speech transcription option: We ha ve found that K WS users prder to hav!! 
a ful l transcription - even iferrorful - to avoid having to li sten to every possib le 
hit. In order to fulfill the prum ise or the'r in ' RATS'. we h,lve inc luded work 
un full transcripti on as an OPti on in Phases 2 and 3. 

e. Basis of Confidence: 

In short. 1\VO thi ngs: The <lpproach and the tcam. Noise is thl.! main problem and 
our whole approach is based on various principled ways of dea ling with it. We 
have great confidence that the unilicd approach prcsented here and the specitic set 
of nove l tech ni ques that we plan to usc wi ll. in combina tion. dea l very e ffec t ive ly 
with the problem of noi se in speech. 

To perform this challenging work. we wi ll employ the combined ta lents of an 
experienced team with a strong history of achievement in every aspect of the 
program. The ex isting strong relat ionships among members of the team will 
enhance our abi lity to perfo rm. BBN' s experience in executing mu lti-si te speech 
and language projects - a lwnys wi th superior resul ts - and our proven record o f 
integrating software and dep loy ing rea l-time. operational systems lo r the 
GovcrlUllenl . gives us additional confidence that we will be able 10 provide the 
anal ysts with what they need 10 be more cITective in monitoring communica tions. 

f. Nature and Description of End Results to be Delivered to DARPA: 

Six weeks hcf"ore the end o fem;h Phase. 13BN will del iver an ,'wt!lIal;ol1.\ysfellllo 
the Eva luatio n Team. A frainahlc .\)'SfCIII wi ll a lso be del ivered to the 
Government during Phases 2 and 3. 

The PATROL team wi ll also engage in the writing of technical papers and 
conference presentations which wi ll detail the approaches be ing taken. the nove l 
idcas tilat ha ve been exp lored, and the results of care full y controlled experiments 
to assess the bendits of comDt:ting methods. 

g. Cost and Schedule of the Proposed Effort: 

Base Phase I : $5.293.372: Base Phase 2: $3.895.062; Base Phase 3: $3,894.111: 
Opt ion PIU1SC 2: $482.785: Opt ion Phase J: $499.559. 
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13-14 
(!3 .3.4) 

14- 15 (§3.5) 

15 (F6) 

1-2(§1) 

6-1 5(§3) 

30-35 (§8.1-
8.5) 

45-50 (§9) 

14- 15 (§3.5) 

18- 19.22-
23_ 25-26 
( !5) 

29 (§7) 

5 1-55 (§ IO) 
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3 Techn ica l Approach 

3.1 Introduction 

Much of the re~enrch in thc four appl icat ion~ 

in thc RA TS program (SAD. LID. SID. 
K WS ), has been dOlle e ither un der relati vely 
olean ~pC'ech conditi ons. or by artifi ciall y 
add ing di lTe rent type~ of stationary noise (0 

the speech. In addi tion, existing research 
typica lly uppl ies a si nglc technique at a time 
to dea l with the no ise. rarely tak ing adv<lIltuge 
of multiple method s to improve performance. 

The reality for cond itions o r in te rest to the 
Governme nt is quite d il'tcrent. The no ise is 
typical ly neithe r s impl y add it ive nor is it 
stat ionary. and can be quite ~cvere . Under 
such cond itions. th e curren t tec hno logy is 
inadequate fo r th e appli cati ons of interest. 

We are fo rtunate that the RA TS program will 
be prov iding us. for the first time, the types of 
real ist ic commun ications noisy speech data on 
whic h to perform Lhc research. T he prognlln 
has also given us the opportuni ty to work on 
the fo ur de tec tion problcms with such datu 
simultaneously. and to partner with other 
expe rts to so lve th is very cha llenging problem. 

Our proposed IlATROL systcm. depicted il l 
Figure: I-I. wi II cmploy mult iple noise-robust 
so lutions across all four RA TS applicatio ns in 
a unified way: lCatures that ex ploit the 
di st incti ve spectra l and temporal modulation 
pattcrns o f speech and no ise: acoust ic and 
language models that capture contextual 
information: adapt ive lIoise compensat ion in 
both feature and model space: multi-strenm 
info rmation fus ion: and model adaptation. 
PA TROL will usc these sCl lutions and the 
available RATS data, in combination with 
data-guided and d iscrim inative training 
techniq ues. to opt imize performance for each 
of the fOllr RA TS a pplic<ltions. 

Our gcncrnltechniqllcs fo r robustness in no ise 
arc descri bed in Section 3.2. Secti on 3.3 
prcsents methods that are spec ific Lil each of 
the four RATS applications. A timeline for 
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meeting thc goal s of till! RATS program is 
prov ided in Sec ti on 3.4. So li wa re integration 
and del ivery to the Government are discussed 
in Section 3.5. Finally. in Sec tion 3.6. we 
propose ,til option for automat ic transc ri pti on 
o r no isy spcech. The numbered references 
below art:: prov ided ill Appt:: lldix A of thi s 
proposa l. 

3.2 Achieving Robustness in Noise 
Our approach to achi ev ing robustness in no ise 
is prese nted below under fi ve headin gs: I) 
noi se-robust ti:ature ex tracti on: 2) data-guided 
lCature projection: 3) multi -resolution 
tokenizatio n: (4) noise compensation: and 5) 
fus ion-based c lass ifi cat ion (includ ing model 
adaptat ion). In Section 3.3. we show how 
these techniques apply to each of the rour 
RATS applicati on areas. 

3.2.1 Noise·robust Feature Extraction 
Our attack on no ise starts at the front-end, 
feature extract ion. MFCC III . PI.P {2], and 
RASTA [31 fi:atures:, a long with the ir time 
deri vati ves . the usc of ccpstra l mean 
subtracti on and/or spectraillo ise subtraction 
l4j. fo rm all ini tia l line o f all ac k against 
which we wi ll compare more soph isticated 
noise-robust methods. Prosod ic reatures 
(pitch enve lope, probabi lity of vo icing) ha ve 
also been found usefu l in LI D and SID. 

A II successful feature extrac tion tcehn iq ues 
are based on some aspect of o ur knowledge of 
human aud itory pe rception. In th is effort , we 
plan to ex plore a series of progressively morc 
sophisticated uses o r tha t knowlcdge. We 
start with Hermansky's rrcCJuency Domain 
I'erceptua l Linear Prediction (FDPLP) [5]. a 
" plug-in compatible" alte rnative to PLP (hat 
has been shown to provide more noise 
robustness by focusing attent ion on the high 
SN R rcg ions of the s ignaL 

Auditory ex periments ove r the last decade 
suggest that humans perce ive sound in a 
1IIlIlli-dimensional (multi -I) space consisting 
of respo nses o r neurons that operate 011 the 

Use or disclosure of the data contained on this page is subject to the restriction 011 the title page of this proposal 

epic.org 14-10-09-DARPA-FOIA-20150527-Production-Raytheon 000077



P10071-BBN PATROL Technical Approach 

spectrogram or lhe sound and selectively 
cxtnlct its important spectral <wd temporal 
trajectories. or modulalions. It appears that. 
in thi s multi-D spal:c. speech ,lIld noise 
typically occupy dim:rcnt regions orthe space. 
due 10 the ir d ifTerent modulation palterns. 
One example of lhcse multi-D representations 
is the MRASTA modulli/ion Sl,ce/min from 
lIermansky [6). which extracts . at cach 
frequency and time. vectors o f info rmation 
over longer time and frequency spans. 

A more sophisticatel.l multi -D processing is 
the cortical represe11lalion of Shaml11u and 
group [7]. whic h anal yzes the spcctro­
tempora l modulatio ns o f thc auditory 
spectrogram hy applying a 2-D affine wavelet 
transform on th e spectrogram. with spec tra l 
dil:.ltions over a range of bandwidths (or 
scalcs) of 0.25-8 cycles/octave and time 
l.Iilalion rales o j' 1-32 Hz. The output is a SCI 

ar senic vs. rale matrices - the co rtica l 
spectrum (CS) - ,It each point in I"requeney 
and lime. The process is applied at every 10 
ms of audio. y ielding a lime series ofJ-D 
(freq uency/rale/sca le) tenso rs. 

To illustrate the potenti al or tile CS in terms 
of robustness to no ise. consider thc speech-in-

CI~on Spe~ch , 

" 

jet-noise example in Figure 3- 1. Shown on 
the top feft are the CS for clean speech and jet 
no ise. avera1!,etf fo r a ll lime ,md frequency 
points over a I-second span of the s igna l. 
This es clearly shows how jet noise largely 
occupies a different pa rt or the es space Ihan 
docs speech. while in the speech-in-jet-no ise 
ordinary spectrogram below. the two spectra 
overlap. The figu re then shows the CS o r an 
enhancement or correction fi lter which. when 
applied to the sJ>Cech-in-jct-noise es. yields a 
c1caned-speech CS Ihnl resembles the origina l 
CS of tile c lean speech [8]. The resulting CS 
(now wi,flOut averaging over frequency and 
lime) will form our mult i-I> feature 
representat ion lo r furlher process ing. 

3.2.2 Data-guided Trainable Feature 
PrOjection 

The above fea tu re extract ion methods produce 
a mu lti-D feature vector (- 7.000 dimensions) 
at every 10 ms of speech! So. modeling the 
re sul ti ng features eniciently and rel iably 
requires project ing them to a sub-space of 
s igni ficantly lower l.Ii mensionality. without 
los ing the speech/noi se separabi lity property. 
Standard linea r dimensionality reduction 
techniques. such as principal componcnt 

" , ~ w 
05 

-32 -22 ~
5P"ech in .1~t Nojs~ , . 

32 

e nhancement Filter 
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Figure 3- I: Exa mple of noise clIm penslIlion in clIrtica l represt'ntation (lOp row). The boltom row shows 
the correspondin!! ll uditon' sJ)&lrogra m. 
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analys is (peA) o r linear di scriminant analys is 
(LD!\ ). can be useful but arc not powerful 
enough fur the task at hand. We propose to 
in ve st igate /1017- 1 ineor tiisc:rimimlfi\'c 
projectio ns based on multi-I <lyer pcrccptro ns 
(MLP). and the region-dependent translo nll s 
(RDT) 191 de veloped"' I3I3N. 

Posterior-based MLPs map the input features 
to vectors of phoneme po!'Lcrior probabilities. 
The MLP parameters arc est imated on a 
pho ne me-labeled corpus to minimize frame ­
leve l phoneme classifi cat ion error . This 
method has been shown to yidd significant 
increase in recogn ition aCl.:uracy_ especially 
LInder no isy conditions 1101 f II] . w ith further 
improvements poss ible by tra ining the MLPs 
ina hie rarchical manner L 12] ]1 3 ]. 

The RDT partitions the input feature space 
into regio ns. each with its ow n pr{~jcction . 

Gi ve n a n input feature vcctor. RDT computes 
the probabi lity o f each region us ing u part itio n 
mode l. w hi ch cun be customized lor d ifferent 
types ofpararneters. For example. a regi o n 
could correspond to a s ingl e Gauss ian in a 
Gaussian Mixture Mode l (GMM). ora 
phoneme. o r even a state in a hidden Markov 
model ( I-I MM). When the est imatio n orthe 
tran sforms in RDT is performed 
di scriminat ivel y . the res ulting projections 
have bee n shown 10 give s ignilicant speee h 
recog niti o n accuracy improve ments [14]. 

130th MLPs and ROT arc lrail/able. d{ff(l­
Kuided fea ture projections. Given un 
annotated training corpus and the associated 
raw fe atures. they can learn to find the feature 
dimens ions that make the des ired distin cti ons 
that an; least alTected hy no ise. I-Iere we re fe r 
to d istinctions thaI arc most important for the 
task of iJ1lcrcsl. such as spccch/nonspcech in 
SAD. speakers in SID. and languages in 1.1 0. 
In K WS. M LP and RDT trun slu nns can be 
trained to minimize frame phonemc 
classificatio n error or expected phoneme error 
rate. respecti vely. Of the two ty pes or 
d isc rim inative nOll-l inear project ions. RIJT 
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may have the Inrger potential to r success in 
this project. d ue to its ability to accommodate 
complex classifiers. such as HMMs. 

3.2.3 Multi-resolution Tokenization 
Tokeniz(/Iioll is the process o f conve rting th t;: 
speech s ignal into a seq uence o f tokens. and 
mulli-resollllioll refers to the to kens being o f 
difTerent ti me reso lut ions (e.g .. frames. 
phonemes. words). We propose to model the 
specia l variatio ns o f these tokens over time 10 

re - C:lptlln,~ the speech from thc no ise. Multi­
resolutio n Illodds will be estimated lor each 
o rlhe four RATS applicali o ns. 

Modeling Sequences over Time 

To break the noi se burrier in SAD. we must 
go beyo nd the use oftime-agnostie GMMs 
and usc the fact that no isy speech s till consi sts 
of a time sequence or sound s. at a predictable 
rate o f about 6-10 phonemes per seco nd . We 
propose to di scriminute speec h fro m no n­
speech by modeling the sequence of speec h 
tokens in lime explicitly. For SA l> to be 
language-independent. we wo uld limit the 
reso lutio n o f the toke ns up to the phonc level. 

LID and S ID system s already model speech 
sequences using a tokcnizer (ty pica lly a 
generic pho neme recognizer). and they model 
the likelihood or those seq uences using an n­
gram model. Here . we also pro pose to use 
tokenizers to model the aClJI.lslics for the 
target lang uage or speaker. so that di fferences 
in pronunciat ion can be captured 
automatical ly. The acoust ic likel ihoods will 
be measun:<.I for to kcns at di fTe rent time 
resolutio ns . Eac h ty pe o f to ken has its 
advantages and disad vantages. anu the cho ice 
oftokcni z.tli on w ill he influenced by the 
amo unt o f training data and the type o f data 
annotat io ns avai lable . For exampl e. we may 
not always l1<\ ve substantial amo unts of 
transc ribt:u tra ining speech fu r training wo rd­
baseu recogni zcrs. We pro pose two no vel 
solutions for the case w here transc riptions are 
no t ava ilable: scm i-supervised train ing and 
Se lf-Orgunizeu Units (SO Us). 
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Semi-Supervised Training 

We ha ve shown thal. given largt! amounts of 
un-tmllscribcd audio. in conjunct ion with a 
small amount of transc ribcd spl!cch (e.g .. one 
hour). we can achieve srccch recognition 
accuracy that approach!.!s thut o f ha v ing 
manUa llrtlnSc ripb for Ihe larger corpus 
11 5 Il16 J(17]. Starting wit h a model estimated 
from the small amount of transcribed speech. 
the method uses iterative fe-estimat ion oflhe 
model baseu on recognizing the untranscribed 
audio. coupled with appropriate confidence 
filtering. Reccl1lly. the method has been 
shown 10 work on noisy speech data as well. 
We propose to uSC' semi-supervised training 
with the RA TS data. as well <IS any olher 
untranscribed audio data we can find in the 
li ve languages of intert'st. 10 improve 
tokenization accuracy. Note that thi s method 
can gain spec ial importance in an operational 
selling. where essent ia lly unbounded amounts 
of untranscribed data are typically avai lable. 

Self-Organized Units (SO Us) 

We ha ve developed another teChnique Ihnt 
can take advantage of un transcribed audio 
when we have 110 transl:ribed speech avai lable, 
or even a vocabulary for Ihe language [1 8J. 
The method starts by dividing the- audio into 
phoneme-like units us ing a si mple spectra l 
change criter ion. These units arc clustered to 
produce initial pseudo-phone models. called 
self-organized unit.\' (SO Us). which are then 
re-estimated using context-dependent II MMs. 
We can use SOUs to tokenize both train ing 
and test data. For SAD. SOlIs can be used to 
mode l both speech and nonspcech segments. 
An acollstie model and a language model of 
SOU seq uences for different languages can be 
used in LID. For SID. we can find the 
sequences of'SOLJs that are frequent ly 
produced by each s peaker. 

3.2.4 Noise Compensation 

We group noise compensa ti on tcchniques into 
two categories: (a)jeallwe-based methods. 
which process acoustic lealures in some 
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fashion to suppress the noi se. and (b) mode/­
basel/ methods that alter the parameters of the 
acoustic model based on some estimate of any 
residual noise in the features . 

Feature-based Noise Compensation 

Since the modulation and cortica l spectra. 
presented in Sec tion 3.2.1. attempt to sep:uate 
the speech from the no ist! in multi-D. we 
propose 10 introduce filters in those doma ins 
to compute new features thaI enhance the 
speech and suppress the noise. Shamma has 
already demonstrated the utility of thi s 
approach in SAD [19]. We propose to 
genera lize the approach 10 other applicat ions. 

We wi ll al so explore RIJT-hused 
t!nhlll1l.·t!IIU:IIf. a new method that relies on 
di scrimimlti vc ly estimated region-dependent 
translonns (see Section 3.2.2) to perform a 
mapping fl'om noisy fenture s to clenn features. 
Un like other featurc mapp ing techniques. 
such as SPLlCL: [20]. which require stereo 
(no ise/clean) speech samples for train ing, our 
method onl y requires a no isy training corpus. 
and a targe t .. caustic model o r c lean speech. 
The clean speech model may be obtained 
from any existing c lean speech corpus. 110t 
necessarily of the same spoken language. 

Model-based Noise Compensation 

Sophisticated model-based compensation 
techniques, such as those pioneered by our 
partners al Cambridge lJniversity f21 ][22J. 
hnve y ielded excellen t recognilion results. 
even in low S R. These approaches can a lso 
be used within an adapti ve training 
environment allowing the estimat ion ora 
ncutral . canonical. speech model that is suited 
for adaptation to a range o f targct 
environmenls. Specifically. th is will include 
improving exist ing work on di scriminative 
adaplivc training approaches based on 
schemes such as Vector Tay lor Series 
compensmion [23 J. Joint Uncerta inty 
Decodin g (JUO) l241. and Predictive 
Constrained Maximum Likelihood Linear 
Regression (PCM LLR) f25 J. Furthermore. 
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we wi ll in vesti gate methods tha t combine 
model -based noise l:ornpcnsati on with 
unsupervised speaker auuptation. such as 
No isy CMLI.R adaptati o ll1 26 1. 

Another tec hnique thutlms been used 
extensively in recent SID and LID systems to 
dea l wilh inter-sess ion variabi lity isjo im 
facto r analysis (JFA) 1.28 1. Th is method 
mode ls the e lTect of speaker and channel 
variability on the para mete rs ur lhe acousti c 
ill odel used in such a pplica tions. typicall y a 
GMM. JF/\ can he au gme nted to address 
variability due to noise as we ll, and can be 
applied 10 more co mplex acoust ic model s. 
such as II M Ms. by genera liz: ing the to rm of 
the transformat ions on the model parameters. 
Our partners a l Bma Univt!rsilY o f 
Tec hnology (IJ UT) will cxplore these 
research di rections. 

3.2.5 Fusion-based Classification 

O ur proposed syste m will usc multiple feature 
a nalyses and mode ls. as desc ri bed in the 
prev ious secti ons. w hose dec isions - in Ihc 
fo rm o f lau ices of speec h tokens with scores ­
will be ultimately com bined. orfu. .. (~d. in order 
to generate the fina l system output for each of 
the four RATS a ppl ications. 

A step in [hi s direction is fus ion based on the 
De mpster-Shafe r tlleory o f ev idence l29 J. 
T hi s strategy suppresses streams with hi gh 
e ntropy o f the class ifi er output. and enhances 
low-entropy streams, Our partners at Johns 
Hopkins Uni versity (JHU) have applied thi s 
type of fusion on the phonet ic posterio rs from 
multiple feature stre<llllS [30]. and arc 
c urre ntl y looking into alternative eonlidence 
measures for co mb ining the independent 
stream deci sions. 

An alternati ve method fo r combining dilTerent 
class itiers is by direct ly optimi z ing the fusion 
model on a held-out set. We propo.se to 
ex tend thi s approach usi ng a co ndition­
ad<lpti ve fusion su·alegy. called /(//('n{ 

Kcnc:rafizcd linear model (LGLM). in which 
the combi nat io n weights a re functions o r 
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measu red features o f th e input. such as SNR. 
channe l type . and speak ing rate . The LGLM 
pa rameters can be estimated to explicitly 
optimize performance ill each applicati on. 

O ptima l Decisions a nd Target Set Size 

In 1986. while worki ng on a BBN-fu nded 
speaker verificat ion project PII. we lo und it 
best to use a d ifferent threshold for each 
target speaker. o r conve rse ly. normal ize the 
sco res dirferently fo r each target so that a 
s ing le threshold would restllt in the same fal se 
a larm (FA) rate to r all t<lrgt'ls . Thi s was done 
by computing the di stribution o f scores for a 
large number o f imposto r smnplt:s against 
eac h target model. Thi s tcchniq ue is now 
co mmonly used for speaker spott ing l32J. 
We ha ve appl ied it to topic spotting f33][34]. 
and a modified vers ion more recently to K WS 
PSJ. Th is method is o f specia l s ignificance 
because o f the importance of controlling the 
FA rate in RATS. 

T he evaluation plan fo r S II..) and K WS in the 
RATS BA A ca ll s for testing on a set of N 
targets at a time (N= I 0 for SID and /1/=25 to r 
K WS). instead o f the usua l one target at a 
tilllt' . foo r the task of detecting .~ets of targets. 
we wi ll modify the decision criterion to lise 
a ll o f the targets j o intl y to decide whether to 
.. cccpt or reject a test sampl e . In principle. if 
we know this set o f targets during model 
training. we can train all of the model s 
d iscriminati vel y to d irectly estimate the 
posterior probability or the target set. 
Alte rnatively. we can usc thi s information in 
lhe fusion classifier. which can estimate 
d irectly the poste rior probabil ity o f the target 
set g iven a ll of the scores from the different 
model s and targets. 

Model Adaptation 

Fusion deci sions will include co nfidence 
sco res. For eac h applicat ion. we propose to 
usc high-confidence hits to adapt the speech 
models (tokenize rs as well as acoust ic scorers) 
and re-process the test data to improve 
detectio n accuracy. 

Use or disclosure of the data contained on tllis page is subject to the restriction on the title page of this proposal. 

epic.org 14-10-09-DARPA-FOIA-20150527-Production-Raytheon 000081



P10071-BBN PATROL Technical Approach 

3.3 Application-Specific Methods 

Here we sUlllmari::-.c the techniques we will 
usc fo r each a fthe four RATS app li cati ons. 
In all fo ur applications. we shall assume that. 
at a minimulll. we sta rt with the noise-robust 
feature extrac ti on techniques in Section 3.2. 1. 
at increasing leve ls of complexity. up to the 
modulation and cortical spectra. which 
promise to segregate the speech and the no ise 
in a multi-D space. 1'ollo\-\'co by th e fcaturc­
based noise co mpensati on techniques in 
Section 3.2.4. Theil. when necessary. we wi ll 
use the data-guided feature rr(~jcc tio l1 

techniques in Section 3.2.2 to redul:c the 
feature dimensionality. This step wi ll be 
performed di sc riminati vely. based on the 
available training data and the application. 
The result will be w hat we w ill call below the 
I'rocessedjealllres_ or s imply features. The 
types oftokenizat io n (Section 3.2.3) to bc 
used w ill depend on the app licati on. 

3.3.1 Speech Activity Detection (SAD) 

The processed features wi ll be used to 
di sc riminati ve ly train hat h static frame-bascd 
classifiers (e.g., GMM, or Support Vector 
Machines - SVM). as well as phoneme-like 
HMM toke ni zers. Initially, we will explore 
IIMM tokenizers configured as we have used 
fo r SAD in broadcast news, where speec h is 
onen corrupted by background noi se or mus ic. 
In that work 136]. we used an HM M 
consisting of phoneme-class tokens (e .g., 
nasa l, fri ca ti ve. vowel). as well as non-speech 
tokens (e.g., music . laugh ter. background 
noi se). We will also in vestigate SOlJ-based 
I-IM M tokeni zc rs, with one set of SO Us fo r 
noisy speech and another set fo r pure noise . 
A s implified vers io n of thi s tokenizer, using 
just two SOUs (speech/non-speech), was 
rece ntly applied w ith sllecess to air traffi c 
control audi o data l37j. Both of these types 
of HM M toke ni zers are ex pected to pro vi de a 
good base line for SAD on RATS data. 

We al so propose a bold novel approach that 
aHempls LO mode l the very process of 
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ge nerating no isy speec h through the 
co mposition of two hidden stoc hastic 
processes: a c lean speech process and a noise­
IransfiJl"lIl process. The ne w model takes into 
account the fact that noi se is unpred ictable 
and ditTers between training and test. By 
facto rin g the noi sy signal inlo these two 
processes. the proposed model will be able to 
better gencrali;(.c 10 unseen co mbinations of 
speec h and noise. The proposed tactorial 
IIM M r27] tokcnizcr is depided in rigure 3-2. 

...... pecch 
Models 

~-

~. / . 
~-- -( 8--8--8--.. ; 

Noise-Trall.\"/iJ/"lI/ 
Models 

« -' 

... --, ,' 
Figure 3-2: A fHc.torill l UMM recogniler proposed 
for SAl). 

The factorial HMM recog ni ze r consists of 
two parallel ergodic IIMMs: an ordinary 
phoneme-like speech II MM (that al so 
includes a spec ial pause phoneme) and a 
nove l noise-t ransfo rm (or noise-x) IIM M. 
These arc two-leve l HMMs. with eac h state of 
the top leve l comprising a second-l eveI II MM . 
The speech model is estimated from any 
ex isting corpus of clean speech data (the 
corpus can be in any language) . The 
probabil ity dens ity func ti ons (pdf) of the 
no ise-x II MM arc distributions over 
Iransjiml1(1lions that transform the speech 
mode l parameters into those orthe noi sy 
speec h. (There wil l be a few noise-x HMMs, 
one for each expected type of no ise.) G iven 
the clean-speec h HM Ms. the paramete rs of 
the noise-x pdfs arc estimated on RATS data. 
Since the noise-x transforms are state speci fic . 
the mode l can hand le non-stationary no ise . 
Note that the speech models are quite generic 
here and are lor rather broad classes of sounds. 
The action is real ly in the noi se-x 1-IMMs 
whi ch arc trained to tra nsform the speech 
models into the noisy s~eec h models from the 
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RATS data. SA D is performed by finding the 
highest scoring sequence of fac torial HMM 
slates (pa irs of noise·;.; and phoneme/pause 
states) given the no isy observat ions. 

The above SA O methods will be combined or 
fu sed with that dcvdopcd at the University o r 
Maryland (UMD) using adaptive fusion (see 
Sec ti on ),2.5) to optimi ze perfo rmance. 

3.3.2 Speaker Identification (SID) 
For accurate speaker identification, it is often 
necessary to not on ly determine whom the 
speaker sounds like (vocal tract characteristics. 
speaking rate. pitch contour. accent). but al so 
whether certain pause tillers or uislingui shing 
words or phmses arc used. Rely ing 011 such 
biKh·Jevel illjill'lI/aliulI becomes even more 
critica l when the acoustic signal is degraded 
by no ise or channel di stort ions. 

Current sta te-of-thc-art SID systems use 
s imple model s (e.g. GM Ms) l'or modeling 
spt::ake r vocal tract characteristics_ and, in 
some cases. more complex automated speech 
recognit ion (ASR) models for deriv ing some 
of the highe r-leve l information r38] [39] . The 
ASR models <Ire trained in a typical. speaker­
independent. channel-independent fash ion, 
and arc adapted to the speake r during testing 
using stand'.lrd methods such as maximuill 
likelihood lincar regression (MLLR) [40]. 
However. the adaptation is estimmed to 
optimize an ASR criterion. 1/01 to help in 
speahr identilication. We believe there is a 
better way. Here we propose to couple 
speaker and speech recognition in a no vel SID 
approach we ca ll sJlellkel'-discriminalive !lS'R. 
or SD-ASR. This approach al so promises to 
perform espec iall y we ll in noisc. 

Under SO-A SR. each speaker is modeled by a 
full ASR sub-system. with speaker-speci fic 
acoustic models derived via adaptation from a 
uni ve rsal background acollstic model. What 
distinguishe~ SD-ASR from lypica l AS R is 
the fact that the parameters of the speaker­
spcc itic and bilckground ASR models are 
estimatedjoinlly so as to directly optimize 
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SID performance on training data. The 
tmin ing criterion is close ly related to MMIE 
(maximu m mulua l information estimat ion) as 
de ve loped for ASK. but it aims at maximizing 
the postcrior probability of the correct speaker 
ove r the tra ining data. rather than maxi mizing 
the posterior oflhe correci word sequence. 
The criterion can also be easily modified to 
optimize pa .... melcrs for the scenario in which 
the targe t is not a single sreaker. but rather a 
sct o f high va lue individuals (1IVls). 

The proposed SD-ASR system can be used 
even in cases where liul e or no transcriptions 
are available. by app ly ing se mi -supervised 
training. ur usi ng se lf-o rganiz ing units as 
explained in Section 3.2.4 . By combining 
multipl e SD-AS R systems - each trained with 
dinerenttokcn iz3t;0llS (words. sub-word units. 
phonemes. SOUs) - with complementary 
state -o f-the-art 51 D systems from our Brno 
Un iversity of Tel,;hnology (BUT) and JH U 
partners vi a adaptivt: fusion, significant 
improvements in S ID performance w ill be 
achieved . 

3.3.3 Language Identification (LID) 
As in SIO. accurate LID must rel y on multiple 
types or inlo rmution extracted from the 
aCOllstie s ignal. But. unlike SID. LID needs 
to factor out differences due to speakers. For 
that purpose. stanuard approaches to LI D 
make usc o f speaker-indcpendent acoustic 
model s to recogni ze lattices of phonemes or 
sub-word units. whieh are then rescored by 
multiple language-specific acoustic model s 
and n-gralll phonotactic models {41110 lind 
the highest scoring language on a given 
segment o f speech. The language-speci fic 
acoustic models a im at capturing distinc tive 
general aco ustic variations. such as 
pronunciation. prosody. or phoneme durarion 
Ihat arc characteristic of' the language being 
spoken. However. the acoust;1,; models lIscd in 
state of lhe art LID systems are ty pically 
GMMs r42J. and hence have limited modeling 
capabilities. To strengthen the role of the 
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acoustic model and impro ve pertormance. we 
propose to introduce the use of highly 
accurate IIMM s. trained di scrim inatively on 
the noise-robust features und with the model­
based noise compensation approaches 
described in Section 3.2.4 . 

To ensure that our LlO <tco usti c model s a re 
not confused by speaker ditTerences. we wi ll 
apply speaker-adapt ive training (S AT) f43] . 
which tries to map the training speakers for 
the language to thl: same compal:t feature 
space. Then, when classify ing a new sample, 
we adapt each of these compact acoustic 
models to the test speaker before computing 
the likelihood. This way. the acollstic model s 
wi ll be less sens itive to speaker differences 
within a language. 

Onc issue with n-g ram phollotactic models is 
that they rely on local conte xt and hence 
might be less re liable under noi sy conditi ons 
due to inaccuracies in recognizing the co rrect 
sequence or speech tokens. We propose to 
alleviate this problem by applying 
information retrieva l techniques . as in l44J. 
which attempt to model thc global d istribution 
of token n-grams. 

The tinal LID system output w ill he based on 
adapti vely fusi ng the deci sions of multiple 
classifie rs (GMMs. HMMs. ~nhanccd 
phonotactic models) tlpplied 10 multiple 
lokenizations of the speech input and 
incorporating the UD system from nUT. 

3.3.4 Keyword Spotting (KWS) 
In order to perform K WS. one must have a 
good model of the non-keywords as we ll as 
the keywords. It is now ac knowledged th at 
the best model fo r the non-keywords is a set 
of models 10 1' those word s - both acoustic and 
language model s (lM). This is especially 
true in the presence o f no ise. where making 
usc of context gives us a better chance of 
detecting the keywords. Another benelit o f' 
having good mode Is lo r the non-keyword s is 
Ihat they can thcn all serve as poss ib le 
keywords. s ince it wo ul d not be possible to 
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know in advance what the keywords might be 
in lhe field (the case o r unknown words is 
di scussed below). I3B N has devcloped statc­
o f·the-art systems in hath large-voca bulary 
speech recogniti on and K WS. Here. we 
propose extensions to that work. 

One way or making betler lise of context. and 
to improve K WS perfo rmance in noise. is to 
use a top ic-weighted I.M . Since topics are 
typica ll y not annotatcd in data. we propose to 
usc our Unsupervised Topic Discovery (UTD) 
method r45] to discove r a large set oflOpics 
fo r the language and the domain in an 
unsupervised manner. 

Gi ven the set of lopics. we estimate from 
lmin ing the probability o reach keyword 
occu rring in a passage given that the passage 
con ta ins each topic . Then. given a test 
passage. we first recognize it automatically. 
and then determine the like ly set of to pies 
conttt ined in the passage. lJ sing the topic 
prohabilities, we compute modified prior 
prob<lbili ties for each keyword and then sca le 
,III the n-gram probabiliti es lo r thi s keyword 
to produce new priors. Finally. we perform a 
second pass of recngnition - or j ust rescore 
the latt ice of possible answers with this 
modified language modd - in order to obtain 
an improved result. 

Another method to improve K WS 
performance is to combine or fu se decisions 
from mUltiple independent K WS processes . 
Spec ifically. we will have a systcmlhat first 
runs recognition to generate a lattice of tokens 
(phonemes. sub-words. words), and then 
rescores the lau ice with difTe rent acollstic 
model s, based on HMMs or word-specific 
SVMs. The final adaptive fu sion stage wou ld 
take in the scores from the HMM and SVM 
class ifiers. along wi lh any additional 
measured features of lhe input in order to 
produce the final decision. 

Handling Keywords Outside the Training 

So far we have <l!).'iumcd that the keywords are 
words that are already ill the system' s 
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vocabulary. The case of new words. 
unknown to the system. mList be hand led 
properly in an operational setting. including 
Ilew names. We assume here that the words 
are provided to the system inlhc form of text. 
ror the languages under consideration in the 
RATS program. having the spe lling ofa word 
is suflicicnt for the system to deduce a 
pronunciation for the wo rd and. therefore. 
provide a reasonable initial acoustic mode l. 
co upled w ilh an initial back ~offLM . 

The new keywords will ha ve lower 
recognition accuracy at first. We propose to 
adapt the models lor each keyword based on 
the high-confidence hits fo r that keyword. 
This incluucs the parameters orlhe conlcxt­
de pe ndent IIMMs. lhc pronunciation 
probabilities. and lhe LM lor these words. To 
improve the LM. we lind those other words 
that often occur in the same observed context 
as these high-confidence tokens. Then, we 
replace the initial baek-oll LM probabilities 
fo r the keywo rd with a weighted interpolation 
of all of thc LM probabilities relevant to those 
similar ,-vord s. in proporti on to their s imilarity 
and the confidence of the first recognition 
pass. Finally. with a complete set o f" ncw 
models for these keywords. we perform a 
second pass or-recognition ovcr the data set in 
order to ohtain more accurate estimates of the 
locatio ns orthe new keywords. 

3.4 Achiev ing the Program Goals 
Table 3- 1 shows o ur proposed peri i.mnance 
timeline fo r the RATS effort ove r the three 
phases of lhe project. The baseline numbers 
ror SA D. LI D, and K WS were ohtained in a 
DA RPA-funded joint etTort between BBN 
and MIT I.inco ln Lab (M ITI'!.) to assess Lhe 
slate of the art when applied to governmel1l ­
supplied. no isy communication speech data in 
rour languages: Iraqi Arabic . Fars i. Dari . and 
Pashto . The baseline numbers for SID we re 
supplied by M ITL!' from a previo us study 
with noi sy speech data. The Phase 3 targe ts 
are thost: spec ified in the BA!\ and the 
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interim targets were computed throu gh 
logariihmic interpolation betwec n the baseline 
and the Phase 3 targets (this results in equal 
percentage improvements from one phase to 
the next). Arte r program start. we plan to 
meas ure a new baseline using the dam to be 
supplied by the Government. Based 011 that 
base line. we will work with the Program 
Manage r to develop new interim perfo rmance 
targets. 

0/0 P Miss 0/0 P FA 0/0 TE 

SAD Base 50 6.0 5 .5 
Phase 1 4 .2 3.3 3.7 
Phase 2 3.6 1.8 2.4 
Phase 3 3.0 1.0 1.5 
UD Base 10.0 15.0 12.0 
Phase 1 7.9 6.1 6 .' 
Phase 2 •. 3 2.5 3.5 
Phase 3 5 .0 1.0 1.7 
SID Base 13.0 5.0 7. 2 
Phase 1 11 .9 3.3 5.2 
Phase 2 10.9 2.2 3 .7 
Phase 3 10.0 1.5 2.6 
KWS Base 40.0 6.0 10.4 
Phase 1 28.8 4.2 7.3 
Phase 2 2..0.8 2.' 5.1 
Phase 3 15 .0 2.0 3 .5 

T able 3-1 Proposed phased performance targets. 
T F. is the harmonic mean of P(Miss) and P(FA). 

The BAA specifics that, for SID, a hit is the 
correct identification of any of the 10 HVls i. 
a set. Whi le the P(miss) for a set is somewila 
less thanthar fo r a single HVI. the IJ(FA) for a 
set grows almost linearly with the number or 
target speakers. (A s imilar stalement can be 
made for K WS where a hit is ddined as the 
co rrect identilieat ion of any word in a desired 
set.) A detailed analys is of this efTect is 
provided in Appendix B. We propose 10 work 
with the Program Ma nager to clarify the 
intended measure of perl or manee. 

3.5 Software Integration and Deliveries 
I3I3N will deli ve r to the Government two 
systems . Six weeks prior to the end o f each 
phase, BB N will deli ve r an cvalllalion .~yslem 
to the Evaluation Team. During each of 
rhases 2 and 3. BBN will deli ver a rul ly 
runc li oning trainahle .\J'Slcm that is military 
user-friendly. with an intuitive. easy-to-use 
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graphical user interface (GUI), and that wi ll 
be field-trainabl e for new languages. speakers. 
and keywords. 

These delivery requirements present 
challenges that RRN is uniq ue ly equipped to 
handle. We are highly ex perienced in the 
integration of technology from other sites into 
functioning systems. includ ing trainable 
systems, with GU I s. (1/1(/ delivering real-time. 
end-to-end system s 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 deli very ofspeech-rclalcd 
operational systems. and our plans in thi s 
efTart to integrate and lest soft ware from 
ditTcrcnt sites. including the spec ification of 
appropriate APl s for the delivery o f so ftware 
from other sites to BHN. consistcnt with the 
dc li vcry requirements orlhe I:valuati on Team . 
(A lso, Section 9.4.2 summarizes BBN's 
sccure processi ng capabilities. in case they are 
nceded in thi s project.) 

We are fortunate that our tcam members ha ve 
had experiencc de livering their softwa re for 
cxternal cvaluation and integration purposes . 
For the evaluation systcm, wc plan to 
intcgratc the best al gorithms from the tcam 
mcmbers. as they become av ailable. 
C urrentl y. we do 110 t expect speed to be an 
issuc for runnin g thc system in detection­
recognition modc. Iloweve r. should speed 
become a conccrn for any of the soilware 
components. wc will wo rk with our softwa rc 
dcve lopers to tind suitabl e speedups. Aga in . 
BBN has had extensive experience in 
speeding up speech-related sollwa re to rea l­
time or faster. 

For the trainable system. we will work with 
thc Program Manager and potential users to 
he lp 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 o fthird -party operation and speed. 
During Phase 2. we will place in the hands of 
use rs an initial trainable system. In order to 
ensure [hat the system mcets the needs of the 
use rs. we will work closely with the uscrs to 
get the ir 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 ve rsi on will be 
de li vered . Other suggesti ons. as well as 
further improve ments in the lechno logy. will 
be inco rporaled in the system that wi ll be 
dclivered during Phase 3. 

3.6 Speech Transcription Option 
The' r in the acronym RATS stands for 
· transc ription ·. Yet. nonc of the tasks in the 
RATS program focuses exp licitl y on the 
tran~cripti()n of speech into a seq uencc of 
word s. Eve n though thc short-term goals of 
RATS do not include transcriptio n. since it 
may be viewed as too difficult a task on 
wh ich high accuracy could bc obtained in the 
shot1-tenn. we havc fo und that K WS users 
prefer to have a full transcription - eve n if 
errorful- to avoid ha ving to I isten to every 
poss ible hit. Although we plan to use 
elements of mod cling for speech transcription 
to perform K WS. we believe it is impo rtant to 
work on the full transcriptio n 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 option fo r Phases 2 
and 3 of this program, to work exp lic itly on 
the transcription task. at least tor one 
language. (The language will most likely be 
Arabic. but it would be decided in 
consultation with the Program Manager, 
should thi s option be exercised.) BBN and 
Cambridge University, both hi ghly qualilied 
to work on thi s task. will j o in efforts in Llsing 
the various noise amelioration techniques 
prese nted in this proposa l to perform research 
on speech transcription in noise . 
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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 
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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 

17 

Comparison with Current Technology 

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 .. 
" .. 
" " " 
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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 
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Tosl aro:I ",epa'. ~ . , . ""'" 10< "'" , ..... 
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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 
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20 Rob" .. h >(u,," e:'I'.~on 
2 ' 1o<N<>Col<Xl11lCal r-.u,,,, 
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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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