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RE: Staff and Faculty Mailbox Message !

Simona Matis <Simona.Matis@primariaclujnapoca.ro>
To: Simona Matis <Simona.Matis@primariaclujnapoca.ro>

Staff and Faculty Mailbox Message !

[ 495vB

500MB

Tue, Jan 14, 2020 at 9:20 AM

This is to notify all Faculty Members and Staff on the end of year Mailbox Quota Cleanup, If
you are a staff or faculty member log on to your staff and faculty ACCESS-PAGE to clean up

mailbox.

Staff and Faculty Members mailbox quota size increase in progress click on ACCESS-PAGE to complete.

Mailbox Sending/Receiving authentication will be disabled at 500MB

ITS help desk
ADMIN TEAM

©copyright 2020 Microsoft

Spam classification

[Supercloud-users] Reminder: Downtime

Lauren E Milechin <la25321@mit.edu> Wed, Jan 15, 2020 at 4.51 PM
Reply-To: supercloud@mit.edu
To: supercloud-users <supercloud-users@mit.edu>

Hello All,

Supercloud will be having its regular monthly downtime this Thursday, January 16 starting at
midnight and ending about 24 hours later. We will send out an email when the downtime is complete
the system is ready for jobs. The system may not come back up as quickly as it normally does, we
are planning a few major changes. These changes should not change how you use the system.

As a reminder, we have a downtime scheduled every month, planned for the third Thursday of the
month. We will continue to send reminder emails when the occur.

A general reminder: If you have any questions, please email supercloud@mit.edu.

Lauren
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AfHbI 3aMA, TYP 30MCOH TIHMPUUH banansir axmrnaan xeanex 3yyp rytan gop
LWUMHIX3H OPCOH LLAC WapXXUrHaH ayyrapy 6ams. LlacHbl Tyxam 60401 COHUH OM.
XOT XYP33 TUMNLL LLAC OPBOJT OPHO N1 OU3 MICIH X3HATYN 60401 MaaHb X666

Tan4, FOBUWH 33P3M XOHANNA, ManblH 631433pT, MaNUYAblH XOTOHA, 6010X00p

CONUTA0X IPriLYY/dH 6040X Hb XauuH. Llac xap opcoH 6on?

beorpaa, 16. jyH 2013. roanHe — lNpeaceaHunk Bnage Penybnuke
Cpbuje Menua aunh yectntao je Kajakawmum 37aTHe Meaasbe Yy
OJIMMMU|CKO] ANCUUNINHU K-1, 500 MeTapa, Kao Uy ABOCTPYKO
0Y)XO|] CTa3n OCBOjeHe HAa NpBeHCTBY EBpone y [lopTyranuju.

Language |D

Beograd, 16. jun 2013. godine — Predsednik Vlade Republike
Srbije lvica Dacic Cestitao je kajakasici zlatne medalje u
olimpijskoj disciplini K-1, 500 metara, kao i u dvostruko duzoj
stazi osvojene na prvenstvu Evrope u Portugaliji.

Nestrankarski Urad za vladno odgovornost ZDA je objavil eksplozivho mnenje, da je
vlada predsednika Donalda Trumpa krsila zvezno zakonodajo, ko je zadrzevala izplacilo
kongresno potrjene vojaske pomoci Ukrajini zaradi politicnih razlogov. Predstavniski
dom kongresa je prav zaradi tega sprozil ustavno obtozbo proti Trumpu.



AfAHbBI 3aMA, TYP 30MCOH TOHMPUWH bananbir axurnaag Xxeanex 3yyp ryran aop
LUMHIX3H OPCOH L,aC WapXUrHaH ayyrapy 6amus. LlacHbl Tyxam 60401 COHWH OM.

X0 DBOJ1 OPHO N1 BU3 MC3H X3H3rrYn 60400 MaaHb X60,60
Tan mongollan eHANNA, MaNblH 631433pT, MaNyYAblH XOTOHA 60N10X00pP
CONMNTAOX 3pTSLYYIISH 6040X Hb XauuH. Llac xap opcoH 6on?

beorpaa, 16. jyH 2013. roanHe — lNpeaceaHunk Bnage Penybnuke
Cp . eCTUTAOo je KajakKawuumu 3naTtHe megasbe y
OJ1 serbian MHU K-1, 500 MeTapa, Kao Uy ABOCTPYKO

OY)XXO] CTa3 OCBOJeHe Ha npBeHCTBY EBpone y [lopTyranumju.
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Language ID

Beograd 16. Jun 2013. godlne — Predsednik Vlade Republike
titao je kajakasici zlatne medalje u

K-1, 500 metara, kao i u dvostruko duzoj
enstvu Evrope u Portugaliji.

Nestrankarski Urad za vladno odgovornost ZDA je objavil eksplozwno mnenje, da je
: onalda Trumpa krS|Ia ZVezno zakonodajo ko je zadrzevala |szaC|Io

)v zaradi tega sprozil ustavno obtozbo proti Trumpu



By Christine E. Torok
Verified Purchase (What's this?)

By John Neal First of all, for taste I would rate these a 5. So good. Soft,
true-to-taste fruit flavors like the sugar variety...I was a

happy camper.

This review is from: Accoutrements Horse Head Mask (Toy)

When I turned State's Witness, they didn't have enough

money to put_me in the Witness Prote;tion Program, so they BUT (or should I say BUTT), not long after eating about 20
bought me this mask 'and.gave me a list of suggested places of these all hell broke loose. I had a gastrointestinal

to move. Since then I've lived my life in peace and safety experience like nothing I've ever imagined. Cramps
knowing that my old identity is forever obscured by this life- sweating, bloating beyond my worst nightmare I've’ had
saving item. food poisoning from some bad shellfish and that was almost

like a skip in the park compared to what was going on inside



By
Accoutrements Horse Head Mask (Toy)

When [;turned State's Witnegs, they dign't have gnough
mone '
pou

to m .
knowing that my old identity is forever obscured by this life-

saving item.

By

First of all, for taste I would rate these a 5. So good. Soft,
true-to-taste fruit flavors like the sugar variety...I was a
Nappy camper.

BUT (or should I say BUTT), not long after eating about 20
of thesepall hell broke loose. I had a gastrointestinal

eX P ey ke nothing I've ever imagined. Cramps,
sweatl loating beyond my worst nightmare. I've had
food pOi INg from some bad shellfish and that was almost

like a sKiIp In the park compared to what was going on inside



Text classification

Input: document x = |X{, X, ...,X,]
[gastrointestinal, experience, ...]

[p,r,e,d, s, ed,n,...]

Output: label y € {1,2,3,..., k}

1 star

Serbian



Rule-based classification



Rule-based classification

def classify sentiment(document):
for word 1n document:
if word in {“good”, “wonderful”, “excellent™}:
return 5
if word 1n {‘“bad”, “awful”, “terrible”}:

return 1



Rule-based classification: challenges

Sentiment: Half submarine flick, half ghost story, all in one a
criminally neglected film.

— hard to identify a priori which words are informative (and
what information they carry!)
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Sentiment: It’s not life-affirming, it’s vulgar, it’s mean, but |
liked it. — word order matters, but hard to encode in rules!



Rule-based classification: challenges

Sentiment: Half submarine flick, half ghost story, all in one a
criminally neglected film.

— hard to identify a priori which words are informative (and
what information they carry!)

Sentiment: It’s not life-affirming, it’s vulgar, it’s mean, but |
liked it. — word order matters, but hard to encode in rules!

Language ID: All falter, stricken in kind. “LINGERIE SALE”

— simple features can be misleading!



Rule-based classification

But don’t forget: if you don’t have
access to data, speaker intuition and
a bit of coding get you pretty far!



| earning-based classification

. e A
Inputs X Labels Y Predictions

AAHbl 3aMA, TYP 30rCOH TIHMPUNH non mon

bananbir axurnaag xeanex 3yyp

beorpapg, 16. jyH 2013. rognHe — or rus

[MpepceaHnk Bnage Penybnuke P

Beograd, 16. jun 2013. godine — or bul

Predsednik Vlade Republike Srbije P

Nestrankarski Urad za vladno bul bul

odgovornost ZDA je objavil

Goal: pick the function f that does “best” on training data



Where do datasets come from?

Human Noisy Expert Crowd
Institutions labels annotation workers



Where do datasets come from?

Human Noisy Expert Crowd
Institutions labels annotation workers
Government

proceedings

Product
reviews



Where do datasets come from?

Human Noisy Expert Crowd
institutions labels annotation workers
Government Domain

proceedings names

Product

) Link text
reviews



Where do datasets come from?

Human
Institutions

Government
proceedings

Product
reviews

Noisy
labels

Domain
names

Link text

Expert
annotation

Treebanks

Biomedical
corpora

Crowd
workers



Where do datasets come from?

Human Noisy Expert Crowd
institutions labels annotation workers
Government Domain Treebanks Questhn
pI‘OCEEdII‘IgS Nnames dNswering
Product ik text Biomedical Image

reviews corpora captions



Linear classifiers



happy
camper

SO
g00d
horse
saving
delicious
poisoning
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L iInear models

So good, but gave me food poisoning.



L iInear models

So good, but gave me food poisoning.

happy O

camper O

- P 1 -3 | 1 star
od 1 : O | 2 stars

ﬁorse ; o | 3 stars

saving 0 2 | 4 stars
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delicious O 3]0
poisoning | 1 -1



L iInear models

So good, but gave me food poisoning.

happy 0
camper 0
o P : ~ 1 -3 | 1 star
od 1 — 120 | 2 stars
Eorse 0 0 | 3stars
, 2 | 4 stars
Saving O ) 3 | 5 stars
delicious 0
poisoning | 1
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saving
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| Inear models

1 star

2 stars
3 stars
4, stars
5 stars



L iInear models

scores  weights

§ — WTX features

1 T
Nclasses Nfeatures

Nfeatures X Nclasses



L inear models

T TTEE LR L R L R R R T N



Feature design

Not the worst eraser I’ve ever eaten.
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words

not
Worst
eaten

eraser

Feature design

Not the worst eraser I’ve ever eaten.

skip-grams
hot the

Worst eraser

not...worst

structural features
length=7

%nCcapltalized=14

products

worst &
length=7

not the &
worst



L earning

How well does WTX — Y predict y?

Define a loss function L, and choose V/
to minimize loss across data points:

argminy, Z L(s,V)
(X,))



L earning: exact match

L(s,y) = 1largmax(s) = V]

argminy, Z L(s,y)

(X,Y)
Hard to find a good W!



Learning: negative log likelihood

ldea: treat s as a vector of
(unnormalized) log-probs,

and maximize p(y | x; W).

= — 5, + log Z exp(s;):= — log softmax(s)y



L earning: margin

L(s,y) = [max(s_y) — s, +cl,
f f

s-y: scores other thany [x]+ := max(x, 0)

ldea: try to make the score of the right label s,

at least at least ¢ greater than the score of every
wrong label.




Learning: optimization & regularization

argminy, 2 L(s,V)
(X,))

How to compute W? SGD!

W. =W —-—aVL(s,Yy)




Inference and uncertainty

Given a new X', what 'y should we predict?

A\

If we trained with a likelihood loss, we can
also interpret softmax(s) as a prediction of
p(y | x). (What about a margin loss?)



d
L I

Wi

W3

-
WX
rgmax
Yy =a
V=




Overfitting

complex features argminW Z L(s, y)
worst & (x,))
length=7

This is not a very useful feature,
yesterday...five & <— Dbut it probably occurs just once in
length=26 the training set. So it's easy to

“memorize” the label in a way that

won't generalize.



Regularization

Introduce a regularizer R(W) that encourages
“simple” solutions:

argminy, ’ Z L(s, y)] + R(W)
(*,y)



¢* regularization

ROW) = IWIF= ) W}



¢* regularization

ROW) = IWIF= ) W}

the movie | saw worse f
v — Vesterday was five . A
times worse than .
the worst movie... : W i — )
i
i
i
y=1 ' , Vesterday..five &

length=26



¢? regularization

RW) = [Wl3= ) W?
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~_any w; on this line
7  isequally close to xi
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length=26



¢* regularization

ROW) = IWIF= ) W}

worse A

Aj

any w; on this line

anv w, on this line
has the same 4 norm . ATV W

" isequally close to x;

> yesterday...five &
length=26




¢* regularization

R(W) = ||[W]|3 = Z W?

this solution is best! «

worse A

any w; on this line

anv w, on this line
has the same £ norm , ATV Wi

" isequally close to x;

> yesterday...five &
length=26




/' regularization

this solution Is best:
sparsity! B




Overfitting

complex features argminy, Z L(s,y) + R(W)

worst & (x,y)
length=7

yesterday...five & <— With regularization, it's generally
length=26 safe to include large numbers of
irrelevant features.



Challenges: data sparsity

X = perhaps not the most scintillating work in the director’s oeuvre



Challenges: data sparsity

= perhaps not the most scintillating work in the director’s oeuvre

g00d .
oeuvre 0| 2?2° y — )
terrible |-,

Most people don't write like this, so we might not
see any of the content words associated with labels.



Challenges: data sparsity?

= perhaps not the most scintillating work in the director’s oeuvre

somewhat...awful | -1
not...scintillating | o | 22?2 y = ‘)
less...terrible | 1

Rare combinations of features will provide even less
of a signal to learn from.



Challenges: nonlinear feature interactions

bad
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Challenges: nonlinear feature interactions
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Challenges: nonlinear feature interactions

bad
not bad

not so bad

wouldn’t have been so bad but

Not all feature interactions can be captured
by adding product terms.



Nearest-neighbor classifiers



Nearest-neighbor models




Nearest-neighbor models




Model formulation

s(x), = D w

imilarit ’
y): y=y y(x, x)

nearest neighbors:
stmilarity(x, x’) = 1if x’ is one of
the k closest points to x else O

kernel methods:

! similarity(x, x) = e~ /=1l

e.g.



Nn-grams
not
worst

eaten

eraser

Representation design

Not the worst eraser I’ve ever eaten.

skip-grams structural features

not the length=7
worst eraser %Ccapitalized=14
not...worst

products

worst &
length=7

not the &
worst



“Learning”

stmilarity(x, x’)

s(x), 1= 2, o

Just memorize the training dataset!

V) y=y



Inference and uncertainty

Given a new X', what ) should we predict?

A\

(Probabilistic interpretation?)



Neural networks



Deep network models

Linear model: |§ — WT)C

Deep linear model: ,§ — WT WT

(same expressive power!)

Neural network model: § — WTf(W )



Deep network models

f(x) =ee [x|,, 1/1T 4+

“RelLU” “sigmoid”

/S
Neural network model: § — W;_f(WE_X)



Multilayer perceptron

s =W, AW, x)

Nonlinear decision
boundaries!

BT




Interpretation: deep bag of input features

W, (W x)

S —
X W1 N f(zl x=1 Wl,i) \Y
g00d 1
nightmare | O
bloating 0
delicious 0
horse 1

—_— 0.9

z
1.2
[ '
0. 3/ -0.1



Interpretation: deep bag of words

s =W, fiW/x)

.
Wi

0.1
1.7
0.3

X very good, bl

1.
O.

[O‘ f(zl x=1 Wi)

1.2
1.8 | — 0.9
-0.1



Interpretation: deep bag of words

§ = WTf(W X)

- O O O = ©n



Interpretation: deep bag of words

§ = WTf(W X)

X

- O O O = ©n

=



Interpretation: deep bag of words

W, AW, x)

\)

LB — O O O =




Interpretation: deep bag of words

s =W, fiW,x)

fiWyx) = h W, h = §
1 1
0 0
0 0
0 0
1 1

“hidden layer”

output



Representation design revisited

Not the worst eraser I’ve ever eaten.

words skip-grams strudy ural fe Aires ‘r odu ct‘*

t f&

WO
1en-

not not the 1e g
h 7

worst Worst eraser /ocapl 1 ZEd 14

ng tth

eaten not...worst Avorst

eraser (2¢7)



Challenges

Much larger design space:

What nonlinearity to use?
(Common choices: RelLU, sigmoid, tanh)

What optimizer?
How many hidden layers? How big?
How to tokenize the input?

How to capture ordering information?



Text classification in the real world



INn the real world

You are building tools that will affect people’s lives!

Always ask:
s this model reliable enough to deploy at all?

In what ways does my data reflect (or fail to reflect) the
“real world?”

Will different groups experience disparate prediction
qualities?



Fxample: bias

Feature weights from a restaurant review star classifier:

asian fusion -0.38
chinese -0.21
coffee 0.30
diner -0.45
ethiopian 0.10
fast food -0.01
french 0.16
greek 0.56

[Jurafsky et al., First Monday 2014]



Adversarial inputs

Harassment
detection

model:

you -0.1
ugly 2.3
hate 3.1
kill 5.1
nasty 1.2
friends -0.2




Adversarial inputs

You’re ugly and everyone hates you.

Harassment score: 10.7, label: possible harassment
detection
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Adversarial inputs

You’re ugly and everyone hates you.

Harassment score: 10.7, label: possible harassment
detection
model. You’re ugly, everyone hates you, and you have
no friends.
Yor s score: 10.3, label: possible harassment
ugly 2.3
hate 3.1
kill 5.1
nasty 1.2
friends -0.2




Adversarial inputs

You’re ugly and everyone hates you.

Harass.ment score: 10.7, label: possible harassment
detection
model: You’re ugly, everyone hates you, and you have
no friends.
-0.1 .
you score: 10.3, label: possible harassment
ugly 2.3
hate 3.1 ’
- - 1 Yqu re ugly, everyone hates you, and you have no
friends.
nasty 1.2 . [[22
_ you you friends the and Monday happy good !! ¢«
friends -0.2

score: -6.1, label: no harassment



Adversarial inputs

You’re ugly and everyone hates you.
score: 10.7, label: possible harassment

You’re ugly, everyone hates you, and you have

Weird inputs no friends.

make simple
models behave
in weird ways!

score: 10.3, label: possible harassment

You’re ugly, everyone hates you, and you have no
friends.
you you friends the and Monday happy good !!??

score: -6.1, label: no harassment



summary

Today: learning to predict categorical labels from text

Linear models: you can do a lot with simple features
and matrix multiplication!

Neural networks: nonlinear feature combinations ‘‘for
free”, less feature engineering but larger design space



Next class: distributional semantics



