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What's a Language Model

« A language madel is a probahility
distribution over word sequences

« P"And nothing hut the truth} - 0.001
+ P(“And nuts sing en the raof] =0
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Language Models for
Machine Translation

P(The spiritis willing™ ~0.001
> & PThe wine is willing”) ~10.0001
e« PCWine the willing is™ = 0.000001
= Language model tells you which
tr:lnslaﬂnns are likely, and which ones are
n

» akeyparl of statistical machine translatien
systems

What's a language model for?

+ Machine raasislion

+ Speech recognilion

+ Hamdwriting recogmitisn

+ Spelling correction

+ Outical characier recognitisn
+ Typing In Chinese or lapanese

+ (and aavone dony statistical modeling}

SA1d

+ Whatis alanguage model?
» Really quick svervew
s Twio inane prohabifity overview
= (n¢ mimule source channel sverview
+ Howlanguage models work (irigrams)
4 .. langwage models ior machine transtatien
_ -+ Realavervlew
gz, " = Mete seurce channel, smosthing, caching,
3 slln?llg.unlence-nlmlrem els, clustering.
éve parsing fanguage models, tools




Evervthing you need to know
ahout probability - definition

+ Pihaby s a beyl - 0.5 % of total that are boys)

= Plpahyis named jsha) = 0.001 (% sf total
named Jobal
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1 Everything about prohability
&  loint probabilities

« PIX, Y1 meaas probabiiity that X and ¥ are
hoth true, e.y. Pibrown eyes, lioy)

SA1F

Everything ahout prohability:
Gonditional prohahilities

wo already know Y IS trize
- Pihahyis named John | babyis ahoy) = 0,002
+ FMbabyis aboy| babyis named John ) -1

-3 FRH
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Everything about probabilities:
math

= MKV =POL Y2/ P(Y)
» Pibaby Is named Jehm | baby is a bey) =

P(mabyis named John, haby ts ahey) / P(Rabyis
aboy)=0.001/05=0.002

SN

. Everything akout probabilities:
Bayes Rule

+ Bayes rule: PONY] = PI¥|X) < POOD / PIY)
& Pinamed lohn | ioy) = P(boy | named John]
x Plnamed Johnl / Plhow)

YRR

THE Equation

arg max P{wordrequence | acoustics) =
wirabergn dace

ics | wordseg )x P{wordsequence)
arg max =
wnedveqeence Placonstics)
arg max P{acoustics | wordsey Yo P{wordsequence)
urdguence
argmax Plenglish| french) =
argmax Pleng | french) %

e Pifrench) english) x Plenghsh) \\
wemdraduence FPi french)

\.__ atg max P french | englisk} = Plenglish)
R e ——
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Why use source channel?

+ Example: trivial
"+ e —thel19)
B+ SHrt — spivit(0.3)
o SNt — wine (0.7)
¢ I8 - is(0]
X « wWilling' — willing [1.0)

.« P(the spiritis willing | the’ spinit is willing1 =03
o Plthe wine is willing ] the” spinit s’ willing} = 0.7

| Why use source channel?

+ SPirit — spirit’ (0.3)
+ Wing — spirft (0.7
+ Prthe" spltly' Is' willing' [ the s&irif Is willingd<
P(the spit is willing) =
0.3 0.001=.003
+ Plihe’ spirit is' willing’ | the winge Is willing) <
Pltho wive is willlng) =

4.7 0.0001=.0007

o
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| Advantages of source channel

+ (an rain the languaye model with much
more fata than the transtation model
+ Can use two kinds of infermation -
prokability of transiatien, and probability of
. resulting strings
+ Break the model intwo pleces
+ Ganuse everything we atready know ahout
language modeling

SAL-1g
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% Hard to compute PC"And nothing but the
intth"

s Step1: Decompose prebabllity
PCAind nothing bat the trath”) =

PC“And") «P(“nethingjand™ » PU“but|and
nothing™) x P(“the[and nathing hut”) x
Pl truthijand nething but the™

S

3
& The Trigram Approximation

lnne each rd nenes o on B
grevious wo words [three words total -t
means three, graim means writing)

P{“thie|— whole trutlt and iothing but’} =
Pi“the|nething but)

PCtuth|... whole triath and nothing hut the™) -
Prtruth|but the”)

S0

Trigrams, continued

+ How do we find probabilities?

« (et real text. and stant counting!
= P(“the | aothing het"] =
Gnething but the™ / 1 nothing i)

SAl-2%




Real Overview Overview

- Baglcs:peobadiity, language model definition
» Real Overview (8 slldes)

= The sourco channel motel

« Fualuation

+ Smoothing

» Laching, Skipplng

= Custering

+ SeRAeRce-mixture models

« Parging languape medels

= Tools

Real Overview: Evaluation

+ Need to compare different language
models

+ Speech recognition word error rate

+ Machine translation accuracy

% Perplexity

+ Entropy

+ Codiny theory

SAE23

= Duick discussion of Pf|¢] (channel medel)

+ You can use smost of these techninues for
the channel moded, (oo,

Sha
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Real Overview: Slililllthillg

# sot lrlm’am Ilr I'[“llle | nolllmg llut"l lrom
Cl‘nothing bt the™) / CUnothing hut’)

+ What about P("sing” | “and nuts™] =
CCand nuts sing™) / C*and nuis")
+ Probabllity would he 0: very had!

136

" Real Overview: Caching

« If you say something, yox ate likely to say it
again later

34136

Real lluenuew SKIIIIIIIIQ

& Trluram uses Iasttum WOI'IIS
«+ Other words are useful too - 3-hack, 4-back

+ Wonis are uselul in various comhbinations
(e.g. 1-Back (biyram) combined with 3-
backl

T




" Real Gverview: Clustering

What is the probability
Pl“Tuesday [ narty on"}

- = Skmilar to P"Menday | party on")

+ Shmilar to P(‘Tuesiay | celehration sn”)
» Putwords in clusters:

« WEEKDAY = Sunday, Menday, Tuasday, _

« ENENT=party, celehration, hirthday, ..

S4120

Real Overview:
Sentence Mixture Models

+ InWall Streef Journal, many sentences
“in heavy trading, Sun Microsystems fell 25
nojnts yesterday”

+ lnWall Street Journal, many sentences
“Rathan Mhyruold, vice president of

Micrasoft, ook a one year leave of
absence.”

«+ Model each serence type separately,

Sn-28

Parsing Language Modlels

+ language bas structure - nown phrases,
verb phrases, etc.

% “The hutcher from Albuquerque
slaughterad chickens” — even though
slaughterod is far from butchered, it is
predicted by buicher, not by Albuguerque

+ Recent, sonewhat promising models

B-LARLY




Real Overview:
Tools

+ You can make your own language models
with tools freely availalie for research

+ GCMU language modeling toolkit

+ SR language modeling teolkit

L

Evaluation

+ How camyou tell 2 good lanyuage model
from 2 bad one?
+ Bun a machine translation system, a
speech recognizet (or your application of
cholce), caiculate word error rate
« Slow
+ Specific Lo your system

%.& SA-1

Evaluation:
Perplexity Intuition

= R$ka speech recognizer te recognize digits: 9,1,
23,4561 8 9 —easy~-pemlexity 10
& fiskaspeech recoynizer 1o recognize hames at
Microselt - kard - 30,000 - perilexity 30,000
= Rska speech recognizer to recognize “Operatot”
[1in 43, “Technlcal support” (lin 4), “sales” tlin 4),
30,000 names (110 120,000 each —perplexity 54
e r:rnlelm is weighted eynlvalent hranching

cior.

-3 RLIBAY
M




' Evaluation: perplexity

+ “A,B,G.0,EF 6T perploxily Is 26
+ “Nipka, hravo, chatdie, flelta. yankee, 2ulu”:
gerplexity is 26
« Perexity measures languaye medel difficalty,
net acoustic ditficulty.

Sh-u

"+ Model thinks ali arobabiditles are equal

Perplexity: Math

+ Perplexity s geometric

aueranslnuersumnamlm H—-—~—

« Imagine "Operator (1in 4, { o P(w |w,0)
“Technical support” (11a 4),

“sales” (in 41, 30,000 names (1in 120,0001

n

(1/30,003)
+ Auerage Inverse probabllityis 30,603

Perplexity: Haﬂl

lmanlne “nnuamr" (lin ll. 'Temnlcal sanpoIr (1
in4), “sales™ [1in 83, 30,000 hames (1 In 120,000)

< Gotrect model gives these probabilities

» % of time assigns probability %, "% of time asslyns
probability 1/120,000

+ Perplexityis 34 [compare o 30,003 for simple
modeD

s Nomarkable fsct: the trve model for dats ias the
lowast passilile perplexity




Perplexity:

medel.

Is lower hetter?

lawest pessible perploxity
+ Lower the perplexity, the cleser we are to irue

w17

% Tynically. narmlexity correlates well with speech
receynition word error rale
« Porrelales Welier when hoth medels sre trained on

+ Doesntcorrelate well when trainioy data changss
+ Franz Bci's resutts show good correlation for MT

-+ Askpeogle to guess the next letier, giver context

Comnute perplexiy.
Char rnegram_|Low Char ¢ char |Low werd |Upper word
1 1 16.3]  181.237] 4702511
5 Az 6.5 653 28,532
il 2.0 4.3 45 2,998
15 23 43 97 2,998
150 1.5 2.3 10 142

AR

+ lwhes we gello exiropy, the “H10” celuinn
£orrespeans to the 1 ki1 per characler” psiimatel

= Entropy =

testdata”

cader. Cailed bits.

Evaluation: entropy

H

log, pemlexity 1og, » H

i=l

LLAEL)

1

Plw, | W )
+ Should be called “cross-entropy of model on
+ Remarkable fact: entropy Is average number

of bits per word required te encode test data
using this probahility model, and an optimal




" The Source Channel Model

« Use PIfle) -Ple) instead of Plelf)

..
C<fL % ) 1Y
<he Cy. - Lecost

P(e) P(fle

-

Source Channel
todel Model

Source Model

# Just alanguage model
+ Tygically, have used brigrams

» Oneyoal leday: got people te use more
{itterasting technigues

» Speech recognizers have a lot of constraints
that machine transtation may not bave

S

Channel Model

« Lats of difierent channel models
« Mostresearchinstat MTis on the chawnel
+ 1BM “Model 4" is a nice example

« Translate each Emglish word into Some nuinher
of Fremch werds (“fertility model”)

« Selecieach French word
+ Place each French ward C'distortion model’)

%& -




language model technigues for
channel medels

«# This talk focuses on language modeling fo
source model
+ Many language meiel technigues can be
used for channe| medel

+ Channel made! can be smsothed

+ Channel medel can use clusters

+ Channel medel can use cache

-@3“ Wl

- Smoothing: None
P(z|xp) ~ C(xyz) =C'(xyz)
Clxyw)  C(xy)

= Called Maxdmum Likelikood estimate.
+ Lowest perplexsty trigram on tralting gata.
« Terrible on test data: ) no pecurrences of

EUxy2), probiability IS 0.

Smoathing: Add One

« WhatIs Pisinginuts)? Zero? Leads to
infinite nerplexityl Clyz)+1

» Rudone smoothing:  £C:10) = ¢ oo
» Works very hadly. DO NOT DO THIS

+ Add detta smoothing: P(z | 1) = g—é%
+ Stiliverybad. DONOTDOTHIS

SAT4S




Smoollling Slmnle Imeﬂmlaﬂon

( yz} CO’Z) Cl2)
P(z|xy)=A C() C() +(1 ﬂ}c()
+ Trigramis very context specific. very noisy
« Unigramis cantext-independent, smosth
< Interpedate Trigram, Bigram, Umigram for hest

combimation

% Find 0<,u<1by opiindzing en ‘held-out” data
« Almost good enaugh

IR

Smoothing:
Fllllillﬂ narameter ualues

4 Sullt lala lnto llalnlnu, “heluout" test

4 Try bots sk differentvalues Jor 7., on heldout dala,
fick bast

+ Testontestdata

= Sometimes, canuse tricks like “EM” lostimation
maximization] to find valdes

+ | prefer te use a generalized search algorithm,
“Powell search” - seo Nomerlcal Recipes In &

LR b

Smoothing digression:
Snlmmg flata

Ilnw mm:n data mr tralnlnu. heldnll. lesl?

. Some people say things like “1/3,1/3,1/3"
or “80%, 10%, 10%” They are WRONG

- Heldout should have (at least 100-1000
words per parameter.

- Answer; enough test data to he statistically
significant. (1000s of words perhans)

N H‘& Sl
by




. Smeothing digression:
Splitting data

= e careful: WS) data divided Inte stoties. Some
ale oasy, with lets of mumbers. financial others
much Barder. Use enougt (e Cover many siivies.

& Becareful: Some steries repeated in data sels.

« Gamtake Hata frem end — beter —or randomiy
from within training. Temporal effects like “Elian
Gonzaler”

SAl-H

Smoottiing:
Ielinek-Mercer

= Simple interpolation:
Podzloy=AS22 0 np, i)
Clxy)
« Better: smooth 2 little after “The Dow", fots
after “fdobe acyuired”
Bpeod 2|00} =
Axyz)

ACON———+(=UCoNE,..42| )
) e

.. Smoothing:
Jelinek-Mercer continued

> Rfmo«rﬁ(zlxy)=

A(C(.ry»%+(l—f1{C(xy>)P,,,m(ziy)

& Puit 1s into buckets by count

« Finl 3§ by cross-validation en held-out
data

" & Blso called “deleted-interpelation”

Sh151




Smoothing: Kaiz

< Only ustoiu(lg%n':lum ismissing

Qaz) - X wyz)
Cxy)
a(x)B,.(z| 1) othawise

+ Works pretty well, except not yoed for 1 coumls
+ cI5 calculated se probahililes sum el

LR

i Cpz)=0

Internolated Absolute Discount

+ [N, Simple lntespnolatien overdiscount ianee

E!&

Smeothing:

caunts, imderdiscount small connts
MCOoN E2Z 4 (1 - MCOPN a2 ] )
Clxy)

+ “Gan Franclsco” 106 Htmes, “San loshua™ once,
should we use abig discount or a small oned
+ Rhselule discounting takes 1he same from everyshe

C)-D

Bt imed 21 39) = =2 B rf 2] 6)

()

+ (nediscount is good

Smoothing: Interpolated Multinte
fhsslute Discounts

CD=D | )y ] %)

X
4 Diffgrent déﬂunls ior different comnts
Clxy=)— DC( e
—_—— P, .
Co) BONPo el 2} 9)
4 Multiple discounts: for 1 count, 2 counts, >2

TAL-H




Smoothing: Kneser-Ney

PCFrancisco | engplant) us Pistew | epgplantl

+ “Francisca” is comman, 0 backoff,
interpolatod ntothods say itis lkely

= Butitonly occars in centext of “San”

+ “Stew” is common, and in many centexts

+ WWelght backefi by number of contexts werd
occurs in

Smoothing: Kneser-Ney
. d — —
%_E B Msom‘ qu@ _‘Dc(xyj +
w disceunt C(xy)
%+ Modified Backoft
- diswribuion |{w| Clwy? >0}|
¥

best technique

+ Consistentty (X)) Z]{WI Qowyy >0}

SRS

el ive peetatmushod of dun lan g om W EVNAR 2 Sopoem
L3 Y ETYFT prewees [ e T -

f

AV in s griea-cnirapy Tam haeline hitviokeit

1an 1nnm Tmaly 1INk Te M lerit
i a ue et uieesy




Smoothing the Channel Model

+ Channel model usually estimated with EM
algorithin
@ n:ecsuns infractional ceunts,e9.0.2,0.8, 13,
elc.

+ Kneser-Rey not yet studied for fractisnal
counts

4 Use simple interpolation, or Jelinek-Mercer,
or experkment with Hneser-Ney

Lo

Caching

+ [fyou say something, o
you are fikely to say it Piz| history) =

again later. APy (2 W)+

« Intespolate trigram (1~ A Puan(z|hiscary
with cache
£ oz | history) =
Clz e history)
fength{ history)

ELAE

Gaching: Real life

Semesne Says ‘1 swear 1o tell the truth”
& System hears “1 swerve to smell the soup”
= Cache remembers!
+ Porsomsays “The whole truth”, and, with cache,
syslem boars “Tha whela seup.” — errors are
locked .
# Caching works well when users correcl as they
g0, pooTiy or s¥en huns without correction.

b
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Caching: Varlatiens

« N-gramcaches: ... (z]history) =
C(xyz € history)
C{xy € history)
« Conditional n-gram cache: use n-gram
cacheonly i xy < histery
« Remeve function-werds like “the”, “te”

SALEL

Al g e @ e« o 4 ¢ —
= : b + e
} L h\‘"’h\h . + g +
i myam
2 " o
E kS trigam
- -
En 3 bl
A ;
= unwun
ok
AND00 100000 DN I e
Tradeing Dun Hae

Caching for machine transiation

to* My spirit s fiying”
« Later, translate “WMy spiri( is’ willing™ 10 “My
spirit Is witling” - cache language model
makes “my spitit” more likely than “my

N » RN\ T iransaled "My spltit 15 soarbes™ 10 "My wino ks fiviey”
4 ANG wEer IMESALCommecd L you Make HWngs worse)
3 ShI4)
3




.. Gaching for machine translatian
Channel model

aswell
P onat (SDIFH — SDIFILE= 0.4

P yosa { WNE 5 DIV} = 0.6

i Prgey (SBIIL — SUII) =10

5 % Pyyng SIIL — SPIE)+

% Pegey (SHIML — SIMC) = 07

&H B Shig

Why siop at 3-grams?

+ If Plzl—_rshwwy) = Plzixy) is good, then
Piz|..rshuvwn) = Plzjvwicyl Is better?

= Hery important to smooth well

+ Interpelated Kneser-Ney works much

hetter than Kaiz en 5-gram, mete than on 3-
gram

Sh16F

K-gram versus smoothing

S
1234 5678910720
o-gram order

SALGE
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“_tell the” (01}
“._smell the™ (.G1)

hypotheses alive
» « Find acoustic, language model scores
+ Placoustics | truth = 31, Piiruth | tedl thel = 1

» Flaceustics | somp = .2, Plsoup | smell the) =
0i

“...tell the tuth” (01 x 3 x.1)
“...smell the soug”™ (01 = 2 x.01)

« Speech recognizer uses tricks (dynamic
programming) to merye hypotheses

“.. swear 1o tell the”
“...swerve (o smell the”
.. swear too tell the”
“.. . swerve too smell the”
“...swerve to telf the™
.. swerve oo tell the™

Speech recognizer vs. n-yram

+ Recognizer can threshold out bas
*  hypotheses
.. -+ Trigram works 50 much better than bigram,
betier thresholding, Re slow-tlown

% 4-gram, S-gram start {e become expensive




o-grams for MT

= Vory different search-technigues
« Dften can’t do mech dynamic pregramming
anyway

+ 50, MT can use S-grams, even if speech
recognizer can'l

Sh1H

Speech recognizer with
language model

£ u“lle."-
arg max Placoustics | wordseguence) x P wordseg €)

‘wdrdseygatnie

« [ practice, langueags model Is a better
predictor - acoustic probabiities aren't

»  “real” probabilities

« [ practice, penalize Inserdons

P{acoustics | wordsequence) X
’ arg max .
. Hardseguence P( wordsequence)“ . ]h‘g' { wordvequenca)
kad
A

Weighting LMs for MT
am an" —
= 1BM 93 pager mentions insertion penatty

: 0ch '02 introdaces LM Weight, othet
welghts, for MT. Och shaws how to optimize
them using maxeat lechniques

AT
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&' Skipping

s PR rstuvwiy] =~ Plzjvwicy)

: Why ot Pz|v_xy) - “skipping” n-oram-
skips value of 3-back word,

+ Bxample: “P{time|show lohn a good)” ->
Pltime | show____ agood}

- PL syl =

APEIIg) + PEIW_¥] + (1A -0PGV_Xy)

1N

o—_—
AU R AR T S )
Tramiag due.

{Best trigram skippimg resulg: IJ %4 redduetion)
A1 T




Clustering overview

fields

» Ninds of elustering
« Predictive clustering
« Gomditional clusiering
+ IRN-stile clustering

« How 1o gt clusters

+ Ba clover or It Lakes forever!

GR1-76

Predictive clusiering

& 1et“7" be aword, T be @ts cluster
« One claster per word: hard clusiering

« WEENDAY = Sunday, Menday, Tuesday,

« MONTY = January, Yebrnayy, Anvil May, Sune, .
& Pz = PZjoyd > PV
# P(Tuesday | party on) = POMEEKDAY | party

on} x P{Tuesday | narty on WEEKDAY)
Vi & meulﬂl = PSII)OIII ﬂ{l’ﬂ] > Pﬂl'lllﬂl [ZI!UI]
-&‘h S SRITE

Predictive clustering exampie

+ Find PTuesday | party ent
* Popar, (WEEKBAY | mariy olt) x
P s [TAES T | BTtV OB WEEKRAY)
» Clwany enToesdayl =0
« tipasty on Wednesdayi = 10
+ Clamiviog sn Tuesdayl =10
« ClonTuesdayl=100
% Py pyom WEEKBRY | party onl is bigh
i Porneom (TUESHAY | RATTY OB WEEKDAYS Dacks off to
Ponean [TUCSHAY | 00 WEEKTAY?

SALH




« P(Tuesday | panty on) =

: PiTuesday | EVENT PREPOSITION)
# PogoaaelZI) = Py, 2NV

# APy (Taestay | EVENT PREPOSITION +

{1 Py [Tussday | PREPOSITION +

[1- .- 1) Py (TWeSHaY)

kTS

IBM Clustering

+ P = Py 1KY < PZID
= PONEEKDAY|EWENT PREFOSITION) < FToesiay | WEEKDAY)

+ Small, very smooth, mediocre perplexity
&P [I!Illﬂ =

A Pogeoon IR+ 01- 2 3P, . (21NY] < PCZIT
+ Blgger, hetier than no clusters

Parphanity Raducdon

&



Clustering: how to get them

+ Build them by hand
* Works ok when almiost 1o data
« Partol Speech (POS) tags
» Tends notto work as well a5 antomatic
4+ flutomatic Clustering

+ Swan words hetween clasters te minimize
perplexity

£ Mathematical tricks speed it up

dse top-down snlimn

Two actual WSI classes
= MONDRYS + IPARTY

B < FRIBAYS + FESCH
= TRURSDAY 5 CULT
+» MUNDRY % HILSON
= ENBOBSLLARS = PETA
= SATHROAY + CRMPAIEH
+ INEDRESBAY + WESTPAC
+ FRHIRY + HRCE
+ TENTERHBONS % GOMRRN
« THESHAY = SEPARTHENT
4 SUNDRY # PENN

= _CONDITION = GUID




+ Predictive clustering for channel
= PONEENBAY —INEENBAY') <
PiYnesday —Tueskay (WEEKDAY —» WEEKDAY)
= = Cendidonal clustering for channe!
« Pito—to’ | ward hefors = LOCATIVE-VERE, yo)
- & Gembine predictive and comditienal
« PIPARTY —EVENT'| werd baiore ~ CELEBRATORY,
hirihilay) x P(Darty — ever | EVENT]
« PPARTY - BROYP{word befere = POLITICAL
democratic} < Pisarty —grous’|GROUM)

LLAR

" Clustering for distortion model
i asl sta swsems have
@a:’ “distortion model”
i§ + Howiar te move word
B\« Frenchadjectives usuaity come after the

ggs& nolin
> + Plistort=3|ARIECTIVE] ws. Pldistort=-2|KOUN)

« Lots of different sentence tynes:
+ Numbers (The Bow rese one hundred seventy
three points)
« Quoiations {0{Acials sald “quote we deny all
wreng doing "swetel
« Mergers (A0L and Time Wamet, In an aliempi to
cantrel the media asd the Interael, will mergel

+ Model each sentence tyne separately

Sh14T




sentence Mllltll'e Mollels

%, Rolladictopicksemencetype,s,
with probability A,
+ Probabiity e sentence, givens,

[TP0% [ wiws)

i=l

I‘mhahmu of sentence across types:

Z’L:HP(W | w2 w,,5,)

_ Sentence Moitel Smoothing

4. Eachtopicmodelis smoothed with overal
R model

!, » Sentence mixture modet is smoothed with
&' overallmode! (sentence type D).

P, | W ws,)
".;: %Ak i -I"(l—ﬂk)P(Wf I“Vi—zl’vr'—l)
-&! shest

}
- Sentence Mixture Results




Sentem:e l}lusterlng

¥ Same al!ll)llllllll as vmnl clustering
+ Assign each sentence 10 atype, S,

+ Minimize perploxky of Pizis, ) lnstead of
{71} ]

SN

Topic Examples-0
[(Mergers and aciuisitions)

+ JOTN BLAMR wRMPERSANE COMPANY IS CLOSE T0 AN BGREEMENT T SEIL
WTST. . STATIN AGVERTISING REPRESENTATIN SPRRTION NS
FRAGEAN PROBICTION BNIT 0 AN LKVESTOR GRONPLER BY JAMES Y.
ROSENFIELE COMMA. A FORMER C. K. . MCORPBRATED EXECUTIVE COMMA
MBRSTRY SKUNCES SAIR FERIN
+ IIMISTRY SHBRCES PUT THE YALEE OF THE PROPOSED ACONISITION AT
ISR THAN OWE INDRED WILLKON BOLLARS PERMD
FOHN BLAMK WAS RCRGIED LLST YEAR BT RESMACE CAFITM GROTP
ENCORPORATER COMMAWSIECH HAS NEER THYESTING (TSELE OF (616N
ELAIR'S HAISS ASEETS PERION
0N LA REPRESENTS ABOWT NE NUNDREN TIIRTY 16CAL TELEVTSHIX
ﬂl'l'l?s IN THE PLACEMENT OF NATHINAL RND OTHER BIYEATISING

Ed

ML RSENHELN STEFFED BOWN A5 R SENWR EXECETIVE WOE PNESIMENT
BFC. 1.5 BROABCASTING I OECENBER MMETEEN EICNTY FWE WNIER A €.
K 5. EARLT REVIREMENT PROGRRM FERNID

*

» 10DIC Examples -1
[nroducnnn Ill‘llllll!!ll)lls commaSI

M. DEON COMMA, EXPFLANING THE RECEXT WCRERSE BN THE STECH FICE
e LAMEASND CESIRA TONBLE GHOTE SRYTOUSLY COMBMN [T WOULR DE
ﬁl{ﬂllﬂlﬂ TOSUE COMPANY TO WORK WHTW THESE PERPLE

i

+ HATH AR, RRONERAN M M. SIMON WILL REPORT TO BTG & SACES
JCOMMMA PRESIBENT AMA CHIEF GPEIATING OFFLCER UF SEAGRAN PERID

+ MHRAKAOLWAS NAMED OROUP VICE PRESIDENT COMMA RGRICOTWEE
PEDDUCTS DEPARTAENT CORME OF TRIS BIMERSIFEN CIEMICALS
COMPANY COMNI SUCCEERING INMAE £ WOLF COMNA WHD WL RETIRE
MAY FIRST FERNIO

+ AL ML WILS FORMEELY WICE MRECKIENT IN THE AGKICULTWRE

PRORNCTS REPARTHENT PERIOD

RAPESEED COMMA LLEQ NNOTWN AS CANOLN COMMA IS CANARAY'S NAN

OMSEER CROP FERIOD

TRIEE MEY 15 & WELL -NYPWEN SERWCE CANCERN PERIOR

w

*




., Topic Examples -2
(Numhers)

SOWTH KORER POSTED A SURPLUS DN ITS CURRENT AGCCHINT 06 FOU|

HUNORED WINETEEN MILLION RULEARS IN FERRUARY COMMA 1N CONTRAST
T0 1 DERCIT OF ONE BENRAED TIWELVE MELI0N MMLLAES A TEAR FRRLIER
COMMA TIE COVERWMENT SAID PEXISD

« THE CONRENT ACCAUNT CMMPRISES TRABE IN GAORS ANE SEEWICES AND
SOME YUMLATERAL TRANSFERS PERMD

4 COMMERCLAL -NYPHEN VERICLE SALES WM ITALY BRSE ELEWEN FBINT SR
'RPENCENT (N FEBRVARY FROM A VEAN EARLIER COMMA TS HNT
THOUSRAN COMMA EXGHY MVNOKED FORTY EIGHT WNITS COMMA
ACCORBING TO PROVISIONAL ARREES FROM THE (TALIAN ASSHCIATHN BF
AUTO MAKERS FERWD

« MONSTRIAL FRODWCTION [N ITALY BECLINEN TIRKEE FOINT FOUN
SPERCENT (M JANWARY FRAM K YERE ERRLIER COMNMA THE GOVERNMENT
SAID JERIOD

« CANAILAN NINUFRCTWRENS NEW SRBERS FELL TH TWEXTY POWNT EIGHY
ON BILLUGH IDRLLARS ILEFT-FRAEN CAMANIAN IIGNT-FAREN I-I“I.ﬂlllﬂ

Topic Examples -3
(quotations)

5 NETHER MR, RASENFIELN NOE SFFICIALS OF SOMN BLALR G9WID BE

e RERCHER FOR CONMENT FERIOD

3+ THEMOEMGY SAN THEREIS "WOWRLE-RUOTE SAME INDICATION OF R
UFTUAN "DGWILE-QUOTE [N TRE RECENT IRRECTLAR PATTERN 8F
SHIPMENTS .COMMA FOLLIGTME THE GENERALLY DOWIMRAD TREND

e RECORDED DRRNG THE AEST SMLF OF NINETERN ENGHTY SIX PERISD

o TREGOMPRNY SMD IT ISN'T MATARE BF ANY TAKEOWER INTEREST PERND

@ THESALE INCLUBES THE RIGNTS TO QERREME MONTEIL (X NORTA AND
SSUTH AMEKICA AND W THE FLE ERST CONMIA RS WELL AS TRE
WORLIORE AWCHTS T0 TIE BIANE WON FSHSTENEERG COSMETICS AN
FRAGRRNCE SINES A0 . 5. BISTAMSVTION RIGNTS 7O LANCASTER BERDTY
MRAMILTS PERIRD

+ T THE CONFANY WOULONT EABSRATE PERION

+ WEARST CORPORATION WOWLBI'T COMMENT COMME AND NK.

GALOSENTN COULONT BE NEACHED PERMD

Structured Language Model

“The contract ended with 4 loss of T cenls after”
ERCHR T
wir P
dam NP
N
. Sl
JRANEE I . g NP o ovmss NF

Wothe IR oo X ondod VHI b I 2 DT les NN fIN St aher
A Thanks & Clorian Cwerba e this e




How to yet structure data?

+ seaTreshank (2 celieclion of sentences with
sirmcture hand annetated) Hke Wali Street
Joumal, Penn Trea Banik.

« Problom: nead a rechank
= 0¥ -wss 8 traehank (WS] 1o train 8 parser; then
parse new training daia {o.9. Broadcast News)

« Re-eslimale parametors te get lower parplexity
monels.

SN

Parsing vs. Trigram

Model I Perplexity
Trigram poor smeathing 167
Trigram deleted-interpelation 153
Trigram Knesar-Ney 145

}I 84
Parsing 119

Al experiments are trained on one million words of
Penn trec-bank data, and tested on 80,000 words.

LR Y

Thanks 4 Eugtne £oamizk for b clukt

« Promising results

= But: time consuming; language Is right
tiranching; 5-grams, skipping, capiure
similar infermation,

« Interesting applications te harsing
+ Combines iicely with parsing MT systems




" MTand Parsing Language Moiels

. argmax, p(e| /') =argmax, p(e)p(f|e)
=argmax, Y. ple.7)p(f | e,7)

=argmax, Y. p(7)p(f | %)

Lald)

= W(E)P({ | %)

Puts the frafments Finds tree fragments
together into a parse.  that maich the French.

peshc. Chuava (o Ui shide

Some Successes
(Eugene Chatrniak recent results)

Correct: This is not possible.
Trigram: Impossibility.

Parser: This is impossible.

Coarrect: This is the glebalization of production.
Trigram: This globalization of production.

Parser: This is globalization of production.

Thanks b Buyese Chamak far I clxke

R

Some Less than Successes
(Eugene Charniak recent results)

Correct: He said he often eats Chinese dishes.
Trigram: He said China frequentty tastes food.

% Parser: He said recurrent iaste of Chinese cuisine.

Correct: Wishful thinking out of touch with realiry.
Trigrany: Divorce practical delusion.

- Parser: Practical delusion divorced.

_& Thanka 4 Eugeor Chamok [is thes




V Using Complex Language Models

For speech recognition, complex models
often interact poorly with dynamic
nroyramming

+ Shewed how bad 5-yrams ars fer speach DP

* Skipping, seatence mixtures kave same
prohleins

+ Clusters intsract badly with phenetic trees
« Many MY algorithms don't have these
limitations! (But some dod

N-hestlists

+ Make list of 100 best transiatien
hynotheses using simplo higram or trgram
+ Rescore using any medel you want
« Gheaply apply complex models

« Perorm Sonrce research separately from
Channed

+ For long, complex sentences, need
exponentially many more hypotheses

§‘9\ S04

H 3 .
AT B g R

Fram Qetling. Ock and Mey, ENNLP 02




Lattices in MT versus Speech

% latls or n-best rescoring canses
“latency” in speech recoynizer

« Secoad pass over lattice doesa’t start unti
firsipass is finished

» Ganchange resulis of incremsientat recogaition
» Rarely used in speech pradacts Emore
comaen inresoarchl
« Hota prohlem Sor MT!
» Complax LMs hetter for NT systems tham fer
Spoech sysiems.

Tools:
CMU Language Modeling Toolkit

Gan handle bigram, trigrams, more
Can handle different smoething schenies

Many separate (ools - outwut o one toal Is
input tonext: casy ta ase

Free for research purposes
& hittpe/sur-wwweeng.cam.a¢.uk/-pre 14/ wolkithtml

LAL101

Tools: SRl Language Modeling
| Toolkit

+ Mote powerhd than CMU toelkit
+ Can handles chusters, lattices, n-best lists,
. hiddentags
« Free for research use
& http:f o, speoch.sr.com/prejects/srilim

SAL I




» Reatlanguage models are sften huge
% Em madels typically Jaruer than the training
ata
» U5 count-cutofis [eliminate parameters with
fewer comnts) o, better
+» Wsa Stolcke pruning - finds caunts that
coniribule least (o pemmiedty reduction,
- MChy | Kew York) - HCRY | Yoek!
+ POFriday | Godit's) =P(Friday ) WS
+ Remember, Kneser-Noy Relped mast when lots of
1counts

Combining Data

+ Ditew, you kave some “in demain” data and soime
“out of domain dala”
+ Example: Micresoft is working en transtating
compuier manuals
+ Oply abomt 3 willion weeds of Braziian compwier
manusals
+ Can cembing computer manoal data with
»  hndveds of millions of words of other data
« Nowsphaness, web, sacyicopegiassenst.

& SAL-1ID
v

How to combine

» Just concatenate - add them ali together
+ Bad ilea —need 10 welght the “in domain” data
more hsavily
« Take out ef domain data and maltiple
copigs of In domain data {weight the
counts)

+ Bad Idea- doesa't work well amd messes up
most smoothing techniques

SAT-NT

i




How to combine

3P s T # 1 P (EIN + D - I P LTI
+ Can apniv Lo chaane! modeis teo [e.g. combine
Ransard with computer manwals fos french
transiation)
» Lots gfresearch in other 1echnigues

« Maxent-inspired models, non-limear intergolztion ey
dontzind, claster models, etc. Minlial improvement (hat
soswerk by Kukmini iver)

« Pokseved IRkiWetds)

Fiwerds] «

« Telopiase Kaynad inpit
+ Piwamborsiworss] =

niic Language

+ Spelling Correction suag

* Hebsorved hoyshwaris) Model

Fwarisl «

+ Chiaese/lapanese 1ant eniry

= Miphedstic regresamtation|charscier =

Pcharaciers]

Salanl

+ Tralned on 260,900,000 words of WSJ
+ Optimize pavameters on heldout
+ Teston separate lest section
«» Some combluations extremely lime-consuming
[days of CPU limie)
« Dan'Tin this M kome. oF in anythiing yaw wani ta ship
+ Bescored H-hest lists to get results

« Maximam pessihide improvement (ram 10% sl efmor
rale akiselwtie o 5%

A1

i‘ﬁ...




Werd Erver Baie

SA15

Franz Och’s Resulls

ype

Model PP 'WER (PIB

_[erogram (4781 (500 381 |45.9 29
Snigram 2031145 (302 408 31D
Bigram 1383 (3.3 (269 (3298 (53
Trigram |29.9 1387 (268 (318 [6G62
Trigram+ 311|265 (369 (561

Franz Och’s Results

WERversus Entrqy




Shannon Revisited

Char n-gram [Low Char r char|Low word |Upper word
1 9.1 163] 191237 4702511

5i 3.2 8.5 653 28,532

10 20 4.3 A5 2.996]

15 2.3 4.3 97 2,996

00 1.5 25 10 147]

k-
+ Feople canmake GREAT use of long cantext

;. s With 100 characters, computers pet very reughly
56% wond perptexity reductien

EOARLL]

Conclusions

4 Machine transiation can use musch more complex
technitgues than speech recagnition

s Lots of fan techniques — caching, sentence
miktiure medels ~ thal have nat heen appliad to
BT yot, and others, Iike chustering, thal have.

# Parsing LNS are 3 pradnising lochnique.

+ Cam apply 1M ideas and techulyues to channel
moded too.

3ALNY

More Resources

« Joshua's well page:
waw.researchmicresoftcom/~joshuage

 Smeotidmg technlcal report: yood introducten
to smeotking and lots of delails loe.

« “A BTt of Progress It Language Modeting,” which
is the jounal version of much of this tallc

+ Papers oh firzy keyhoand, language model
campression, and taaximum entropy.

* Clustering tool

AL




. More Resources:
1anguage Models for MT

= 0. Sawaf. K. Schiitz A. Nay. "Onthe Use of
Grammar Based Languays Models for
Statistical Nachine Transtatien”, IWPT'00

+ Franz Josef 0ch and K. Ney "Discrimmative
Training asd Maximum Entropy Models for
Statisticsl Machine Translation™, AGL02

« Frame Josef Och's thesis, Statistical Machine
Transiation: From Single-Werd Modeds te
Alignment Tamplates Gn praparation)

SAldn

T
é Lattices for MT

= Forn-gran siyle models
+ Nicola Uakflng. Franz Jesef Och and Hermann
Ney. "Generation of Word Granhs ln Statistical
Wachiwe Transkatlen®, EMNLP '02
« For parsing siyle models
+ Irome Langkilde. Forest-based Statistical
Semence Generation, ACL'00

TR

#
More Resources

» Eugena Charnlaks's weh page:
htip://www.cs.hrown.edu/people/ec
~ Papers en statistical parsing forit’s own sake
and for langeage medeling, as well asusing
fanguage medeling 1a measure contexiual
influence.
« Pointers to software for statistical narsing as
well as statistical parsers optimized fer
language-oadeling

ALY




More Resources:
Books

maiels)
« Statistical Language tearuing by Exgene Charmiak
- $peeckand lanpusgs Processing ky Dax furafsky and
HmnMartin(espaclally Ghapter §)

+ Foandalions ef Siatistical Natwral Lanpuage
Frocessiag Wy Shels Manning st Riirich Schitze.

- §latistical Metheds for Speach Recoguiisn, by
Froderiek lalinek

+ §polan Language Processing by Kuang, Acerg and Sea

SAM

F3

More Resources

o Eonisace Mitere Modehs: (sice, cackingl
+ Ruriel v, EE B Thacis, 1950 “Imprinng st avadicing

0 mnga‘n_qmm‘ leny Wiz

+ RLHuka Speach recornith W worde: A
motlfied markes meded bt haiardl A gu. in 08 eternacinial
FIRIEIENCE ou SRR Al Lapuieics B es U8-390, Mudagest,

Bgust 1528,
< Mt B B ool Aot a-timid narirsd bom g e el ol et tpccch
TOMNMICHNL £5F TTASCICTRE 08 FXLTerm Aaiysi aad Nachine
EIN-343,19%0.
= R 0B Nl f nage

L] reatedyciion K5 anPuiinre Meslysis
L. NI A B 2k ¥

T,

[

5 Vi ool totard iy
© PEBrowm, VL BeNaPsein P Sefeaga, L 6. 0sl anat ) L Maroes. Clacs-banod 8-
NG

ey

4 Fslehosaring
+ L EGesiag BE Kurper L Modorsan, 30d LB Fakeg JCaber/paiher: A clitir-
o RN x Wy,

= ey
. AN ey

453 wolnmy 1. kagac VE1-4 K, TR,

Sl
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Hore Ilesources

& rum:mnhnlm Madals

Joshsa's wok jige
* smlcuﬂvﬁi - —
+ R SWER NEEL Emirapy-Razod pruming o N adals,
mmln'imsf Trccririoe r

Horizknn yo. 110 114 Lo, UL WTE gol corrociad arsion

}\‘,@- AT

« EWsang F Alleva B-W. Kam, BL-Y, twang, iC-F. Les. s .
Resanied, The SPHINN-] spoech nitiom system: A oyandan
Compater, Seeeck 2oy Laogusge, 211188, um

= 5 Martia, & Namather, | iermann, F. Wessed ami IL
ummll hhgmun mm
l B3A-1842,

2 I e, hages
ummsammu WLiny, l.lmn.mlt

+ wnMn mmllmll: dependencas In slochasiic bngage
ataling. Samonton Suech, shd Lacguage, $1-38, 1994

Smontluny Eoml Turmg

3Cod, 2 tuna, 1trout, 1
saimon, 1eel
+= How iy is it that next
: shocies Is newd 3/13
-%Q * 4 How likely I it that next
i ) §s tuna? Less than 2/18
N

TR ]




Smootllmg Goodl TIIIIII!I

: Hew many suecles lmrdsl
were seen snce? Estimate
for how many are unseen.

+ All other estimates are
adiustod (down)tegive  ~ =(-+))

yabilities for unseen ‘

Smoothing:
Good Turing Example

<-:-1 ea cnd.na. lmnn.ieel.

+ Howlikely ls newdata (m, L.
Lot u, be Rumber occurring P =ﬁ
once (31, Nbe total (181.p,=3/18 <0 N

. Now likefy is e¢l? 1" . .

& 3, hy=1 F=(r+l)
» T=2>1/3=2/3 n
+ Pleal =T /M= /318 =1/21

Smoothing: Katz

+ s Geod-Turing estimate
Km:{zl Xy, ) =

L

X)W, Az| ¥} otherwise
= Works aretly weil
< Hotyead for1counts
& oI5 calculated so prohabilities sumto 1

FLIEEH




Smoothing:Ahseolute Discounting

- Assume fhed disconnt

Pabua!u.rgz I XY, } =
Cxyz-D . ,
——C(xy) if Qxys =0
COD)Pdz]y) otherwise
+ Waorks pretty well, easier than Katz
§ + Not so good for t connts
Smoothiny:

Interpolated Rhsolute Discount

: Backeff: ignare bigram if have trigram
Coyn)~ D . ,
Prndzl = ) yemn>0

g )P, 42| y)  otherwise
A"« Internolated: always combine higram,

trigram D
&i Pabu—{mer;{zl l’j—’) :“C—‘(xayj?y}—‘ +ﬂ()’y)Pah’-«'rxro z ] x}
L.

. >




