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What is NLP?
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» Fundamental goal: deep understanding of text
» Not just string processing or keyword matching

» End systems that we want to build

> Simple: Spelling correction, text categorization, etc.

» Complex: Speech recognition, machine translation, information
extraction, dialog interfaces, question answering

» Unknown: human-level comprehension (more than just NLP?)



Why is language [hard?

» Ambiguity abounds (some headlin
Iragi Head Seeks Arms

Teacher Strikes ldle Kids

Kids Make Nutritious Snacks

Stolen Painting Found by Tree

Local HS Dropouts Cut in Half

Enraged Cow Injures Farmer with Ax

Hospitals are Sued by 7 Foot Doctors

Ban on Nude Dancing on Governor's Desk
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Scientists study whales from space
> Why are these funny!?
> What does ambiguity imply about the role of learning?



Learning to be fast/
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Dependency parsing

[root]

NLP algorithms use a kitchen sink of features



Case study: dependency parsing
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Dynamic feature selection
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Dynamic feature selection

Example \
FunnylP 1 + u 2
SubjectLength 26 /

Remaining Fts

BlacklistedIP

MailFrom
h MailFromWeird
4\

SubjectWords
BodySize
HasAttachment

IéédyWords

(He+Eisner+D, NIPS 2012)



Dynamic feature selection
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Dynamic feature selection

Example \
FunnylP 1 + 4
SubjectLength 26 /
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DAgger: Dataset Aggregation
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Collect trajectories from expert m
Dataset Dy = { (s, M*(s) ) | s ~ " }

Train My on D,

IfN=TlogT,
L(m) <Tex+0(®1)

for some n

Collect new trajectories from m,

> But let the expert steer!
Dataset D = { (s,%(s) ) | s ~ ™, }

Train M, on Dy U D,

In general:
> Dp=1(s1s)) [s~ M, }

» Trainm, on U.. D,
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The oracle too good!
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Dependency parsing

[root]

NLP algorithms use a kitchen sink of features

(He+Eisner+D, EMNLP 2013)



Dependency parsing
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Dependency parsing

use 0\

ﬁdge Feat

Lex(use—sin
POS(verb—r
skip(2)
skip(Det)
skip(Noun)

Three steps:

|. Compute POS tags

2. Compute kn? features
3. Run directed MST

skip(Det No

dist=3

various regexps...

spelling features
etc...

®sink

(He+Eisner+D, EMNLP 2013)



The system we learn to control

+ first feature group 5 features per gray edge
/—\ 51 gray edge with unknown fate...

—— Undetermined edge

— Current 1-best tree
- \\inner edge
- = Loser edge
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The system we learn to control

< features per gray edge
/—\ 51 gray edge with unknown fate...

—— Undetermined edge

—— Current 1-best tree Non-projective decoding
- \\inner edge

- = Loser edge
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The system we learn to control

< features per gray edge
/—\ 50 gray edge with unknown fate...

—— Undetermined edge

Sem— Evurrent 1d-best tree Decide winners among the
P— iInner edage
— — Loser edge blue edges
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The system we learn to control

S features per gray edge
7T TR 44  gray edge with unknown fate...

—— Undetermined edge

— qurrent 1c-ibest tree Remove losers in conflict
— Winner edge : .
— — Loser edge with the winners
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The system we learn to control

+ next feature group 27  features per gray edge
N\, 44  gray edge with unknown fate...

—— Undetermined edge

— Current 1-best tree
- \\inner edge
- = Loser edge
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The system we learn to control
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Static versus dynamic feature selection
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Looking inside the box...

|

Later features are helpful
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Accuracy is (essentially) uneffected

Relative accuracy

27/
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..but we get a lot faster

Speedup

28
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Ich bin mit dem Zug nach Ulm gefahren
am with the train to  Ulm traveled
' traveled by train to Ulm

Simultaneous
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Simultaneous (machine) interpretation

> Dozens of defendants

> Judges from four nations
(three languages)

» Status quo: speak, then
translate

» After Nuremberg,
simultaneous
translations became the
norm

» Long wait — bad
conversation




Why simultaneous interpretation is hard

» Human languages have vastly different word orders
> About half are OV, the other half are VO

» This comes with a lot more baggage than just verb-final

Running (German/English) Example:

ch bin mit dem Zug nach Ulm gefahren
am with the train to Ulm traveled
(c..... waiting. . .. .. ) traveled by train to Ulm




Model for interpretation decisions

> We have a set of actions (predict / translate)
> Wait
> Predict clause-verb
> Predict next word

» Commit (“speak”)

> In a changing environment (state)
> The words we've seen so far

> Our models’ internal predictions

> With a well defined oracle



Example of interpretation trajectory

1. Mitdem Zug

o Verb: gewesen
2 Next: und

ch bin mit dem Zug nach Ulm gefahren
am with the train to Ulm traveled
(..... waiting. . .. .. ) traveled by train to Ulm




Fvaluating performance and baselines
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Fvaluating performance and baselines
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Fvaluating performance and baselines
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Fvaluating performance and baselines
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Source Sentence

L]
(] . [ ]
Er, 151 4 ZUITY [ .aden
I
I

|
AL e AL BT
|
1

Good Translation

Bad Translation
[}

He to thei store

Good Translation

= = = =

Bad Translation

] I [} [} 1
[ I [} [}
Batch : : : Q Good Translation
] I I 1
(] [} [} 1
(] [| [} 1
: : : :
-.! : : : __| Bad Translation
] [} [} [} 1
i i i i O
i 1 L —
Polic : : i Good Translation
Predi t!'f Ho | (1)
r ICTID
f i He went
(]

to the

Bad Translation



Fvaluating performance and baselines

Source Sentence

L]
(] . [ ]
Er, 151 4 ZUITY [ .aden
I
I

e T TN T
le

Good Translation

Bad Translation

Good Translation

]

i

]

:
(V) He to the
store went

= = = =

Bad Translation

] I ] ] 1
! ! ! ! B
Batch i i i Good Translation
i i i
(] ] ]
] i i
] | 1
-.! : : __| Bad Translation
] I ] ] 1
i [ i i
i 1 L —
Polic : : Good Translation
Predi t!'f Ho | ()
r ICTID
d ' He went He went to
(]

to the the store

Bad Translation



Fvaluating performance and baselines
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Ich bin mit dem Zug nach Ulm gefahren
train to Ulm traveled
' traveled by train to Ulm

Simultaneous
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Humans doing incremental prediction

» Game called “quiz bowl”
» Two teams play each other

» Moderator reads a question

> When a team knows the
answer, they buzz in

> |If right, they get points;
otherwise, rest of the
question is read to the
other team

> Hundreds of teams in the
US alone

» Example ...
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Quizbowl example

With Leo Szilard, he invented a doubly-eponymous
refrigerator with no moving parts. He did not take

interaction with neighbors into account when formulating
his theory
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Quizbowl example

With Leo Szilard, he invented a doubly-eponymous
refrigerator with no moving parts. He did not take
interaction with neighbors into account when formulating
his theory of heat capacity, so Debye adjusted the theory for
low temperatures. His summation convention automatically
sums repeated indices in tensor products. His name is
attached to the A and B coefficients for spontaneous and
stimulated emission, the subject of one of his multiple
groundbreaking 1905 papers. He further developed the
model of statistics sent to him by Bose to describe particles
with integer spin. For |10 points, who is this German physicist
best known for formulating the special and general theories
of relativity?




Solving incrementally

» Action: buzz now or wait
» Content Model is constantly generating guesses
» Oracle provides examples where it is correct
» The Policy generalizes to test data
>

Features represent our state
Qatar

From Wikipedia, the free encyclopedia

arabian I

For other places with the same name, see Qatar (disambiguation). persian

Qatar (' katar/, /kasar/ or wi'/ka'tar/;®] Arabic: ykad Qatar ['qat'ar]; local
the State of Qatar (Arabic: ylad 4l 9u Dawlal Qatar), is a sovereign Arab
the small Qatar Peninsula on the northeastern coast of the Arabian Penir kingdom  mEE—
to the south, with the rest of its territory surrounded by the Persian Gulf. /

from the nearby island kingdpm of Bahrain. In 2013, Qatar's total populat expatriates IE——
and 1.5 million expatriates.!€!

gulf [ |

e Qatar
e Gummibear .QBahrain f)

e Pokemon |~

e




Evaluation methodology

> Mechanical Turk to
collect human data Posterior Opponent

. maurice ravel
» 7000 questions were —

Big problem:

> “this man shot at Aaron Burr”
is very different from
“Aaron Burr shot at this man”

» Total of 461 unique | Tokens Revealed
users Prediction Buzz Observation
> Leaderboard to L0 O 3
encourage users




Challenge: modeling compositionality

invented
e Gummibear Pl ??aéerain ?
\ . Pokemon ....... “‘

he fl"ldﬁe ]

double e | with

arts

,

no movinﬁ
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e Qatar

Challenge: modeling compositionality
® Gummibea# , ' Bahicin ?

m
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Challenge: modeling compositionality

invented
he Eridﬁe J\A
a g ilouble-e with
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, \

no movinﬁ

55 Hal Daumé Il (me@hal3.name) Algorithms that think on their feet




Challenge: modeling compositionality

e(fridge)

fl"idﬁe = f( Wrtridge +
W e(a) e(double-e) e(with) ])
double e with




Results on question-answering task

History: Model vs. Human

200
150

100
50 II
. —T |

-50

—100

B Model loses
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Score Difference

-150

—200




Results on question-answering task

Literature: Model vs. Human

B Model loses
B Model wins

Score Difference




Moving to more general frameworks

> Lots of NLP (+al) problems can be cast at test time
as integer linear programs |[jiistey: forch o 2003

11th Floor Large Conference Room

> ILPs are usually solved using /st soienes o

node expansion
order |

global lower and

min -2xX -y
st. 3x-5y=<0
3x+ 5y =15
xz20,y=0
X,yeZ
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Some intuition

» A good search strategy should:
» find a good incumbent solution early

> identify non-promising nodes before expansion

» “Good” varies depending (prg%?;m) solution <+
> DFS should only be used a Il Yes
good feasible solution t| © gk push
> Best-bound-first search caj ~ Nodes children
nodes, but should not§ v
PoP gty
> We will learn a heuristic t ‘ ’Tves
capture this intuition tathom? &S rune? No
No f

(He+Eisner+D, NIPS 2014)



Training and experiments

> Same algo
> Four (stan
» Comparis
> DFS (baseline
» GQGurobi (thousands of person-hours of effort)
» Measures:

» Optimality Gap, Integrality Gap, and improvement from initial
heuristic solution

Dataset Ours(DAgger training) DFS Gurobi
OGap IGap Impr OGap IGap Impr OGap IGap Impr
MIK 0.23 16.63 4.39 6.74 3548 0.00 0.17 15.24 0.36

Regions] 0.54 4.53 10.57 3.07 8.48 861 224 7.20 0.60
Regions2 1.22 6.76 1936 4.75 1138 15.12 1.65 7.48 2.15
Hybrid 0.87 20.28 2446 1.69 23.08 23.53 1.37 23.49 1.58

oL Hal Daume lll (me@hnals.name) Algoritnms that think on thelr Teet
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Some other fun stuff...

test_search.py
File

import sys
import pyvw

Edit Options Buffers Tools Python YASnippet Development Help

equencelLabeler(pyvw.SearchTask):

class
def (self, vw, srn Named entity recognition (tuned hps)

0.80} 9 0.0

pyvw.SearchTask. init RS
srn.set options( srn.A — 7

et
)
=

(self, sentence):
output = []
for tag,word in sentens
with self.vw.examp BREL
pred = self.sri
output.append ( EE)
return output

ot
o)
v

e (per entity)

0.50F

for curPass in range(10):

sequencelLabeler.learn(my_dJEas TS T ' 10!
ISl test_search. pyBEREEW0) (Python Buffa Training Time (minutes)

(D+Langford+Ross, NIPS 2074 reject — on arxiv)



John Langfor ’

 Moit Iyyer

A e
He He

Jordan B-G Jason Eisner Alvm Grissom

* Reasoning with imcomplete
information is useful for speed and

modeling

* Imitation learning can help us build
such systems

* Wide range of new, interesting
problems to work on!

Thanks! Questions?
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