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Overall NLP Concept

I. Syntax
Introduction to NLP; Tokenization; Words Corpora

One-hot, and Multi-hot encoding.
Parts-of-Speech; Named Entities;

Parsing; Verbal Predicates;Dependency Parsing
Il. Semantics

Dependency Parsing; Word Sense Disambiguation

Vector Semantics (Embeddings), Word2vec

Probabilistic Language Models
Ngram Classifier, Topic Modeling
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Overall NLP Concept

Computation or ML

l. Syntax | Classification

Introduction to NLP; Tokenization;

Words Corpora

One-hot, and Multi-hot encoding.
Parts-of-Speech; Named Entities;

Parsing; Verbal
Predicates;Dependency Parsing

Regular Expressions; Edit
Distance

Maximum Entropy Classifier
(LogReg), Gradient Descent,

Cross Validation;
Regularization Accuracy
Metrics; Shift Reduce

Il. Semantics | Probabilistic Models

Dependency Parsing; Word Sense

Disambiguation

Vector Semantics (Embeddings),
Word2vec

Probabilistic Language Models
Ngram Classifier, Topic Modeling

Term Probabilities; N-d
Vectors

LDA, Skipgram Model

markov assumption, chain
rule, smoothing

Overall NLP Concept

Computation or ML

lll. Language Modeling | Transformers

Ethical Considerations

Masked Language Modeling
(autoencoding)

Generative Language Modeling
(autoregressive)

Applying LMs

Model cards, Pred Bias Frmwrk

Neural Networks; Backprop
Cross-Entropy Loss
Self-Attention,

Positional encodings
The Transformer:
Beam Search

Fine-Tuning, zero-/few-shot,
Instruction tuning

IV. Applications | Custom Statistical or Symbolic

Language and Psychology
(advanced sentiment)

Speech and Audio Processing,
Dialog (chatbots)

Question Answering,
Translation

Differential Language Analysis;
Adaptive Modeling; Human LMing

Wave Transforms; RNNs

Multihop Reasoning




NLP The Course

P :
‘s Geerall NLP Concept Computation or ML
{ )
‘ L J

K l. Syntax | Classification

Regular Expressions; Edit
Distance

. Qe N
Introduction t@NLP; Tokenization;
Words Corpofa

[

Maximum Entropy Classifier
(LogReg), Gradient Descent,

One-hot, and I\/I?JIti—hot encoding.
Parts-of—Speec%; &‘Jamed Entities;

Parsing; Verbal e “ Cross Validation;
Predicates;DepenJenc‘v Pasing. Regularization Accuracy
® o g ' Wetrics; Shift Reduce

Il. Semantics | Probzbisstic Models
[

Dependency Parsing; Word Sense Terr® P%obabilities; N-d

Disambiguation Vectogs

9,
Vector Semantics (Embeddings), LDA, Skipggram Model
Word2vec " ..

Probabilistic Language Models
Ngram Classifier, Topic Modeling

markov aswnap.tion, chain
rule, smoot ing.-.

@
9
E
)
i [ ]
Overall NLP Concept Computation or ML .
P4

lll. Language Modeling | Transformg;s

Ethical Considerations

Masked Language Modeling
(autoencoding)

Generative Language Modeling
(autoregressive)

Applying LMs

°
@

o°
Model cardgereg Bi®Prmwrk
@

Neural N.et&’orks; Backprop
Cross—Eﬂtropy Loss
SeIf-Atte:tion,

@

Positional encodings
[

The Trar.;former:

BearﬁSearch

. e
FineqlLging, zero-/few-shot,
Inst®uction tuning

° 9
IV. Applications | Cgs.tcﬁ.n &tatistical or Symbolic
®

Language and Psychology @*®
(advanced sentiment)

Speech and Audio Processing,
Dialog (chatbots)

Question Answering,
Translation

Differential Language Analysis;
Adaptive Modeling; Human LMing

Wave Transforms; RNNs

Multihop Reasoning

s







Extraversion bday ya" dance

partying jersey_shore o '
great_friends |00kin ® feelmr'ght_now_-

sooo doinbestie 1111 Ay tades
‘s letschillin?_7hit_me_uplil,,..
goina_blast--night_withZ; .
beautifal greaIIF—nlght btlée_awnchh Iovhte ur yq l!N\;/':r;:a
c a ntgé’g(aywa It puza.' rt girl IOVln tonight

we_come ““““much_fun ¢ workin
famanb;gamaZlng its . heres_ (v)vg(f?:gbau
ast_night. | WERKend, © H' S oS es
S“""*“Yd 3‘ "ﬁt\ ge N !mylire™

comin bt GANA Y ' ° Wlt
. e chill
= Jersey yaEXCItEd p00|t5'i|n§§8wgl? I'Ic‘:l:all_me
a @G “" to_see_my babe love u hayinthen_off B
correlation strenqth missin on_my_way "= iy relative frequency
g its, gonna IMISS  didnt

gxm tanning
Schwartz, H. A., Eichstaedt, ... & Ungar. (2013). Personality, gender, and age e
language of social media: The open-vocabulary approach. PloS one, 8(9).



Introversion  (lraw wikipedia p@g‘@g dldn;t

suddenly Jon't @<
>> < > pC ' comic don't w(aint _todNg
USING o ® e doctor_w Odrawmg %_won't_copy

online

I'm_going_to Okemon APPA  please_put_ thispg
reAadIr;t EggingaICOmpUter dx ap al'enﬂ)’sort of

yan kill
nt
my_cat

books
wgg‘a n I m ekeyboard f'namrusirzlgr';llar? SYgammg
I"ElatEdJapanese > Ia<|:1u§e< hindi mang Spam

Xp P bleach zomble
t emﬂt. 300 pag m %3 :/gl nte rn

characters depressmn grap ics & | g h 8D X d

a  evilUe googlet °YTe 9% ‘Won't

correlation streﬁh nearly@ to_ read akong

Schwartz, H. A., Eichstaedst, ... & Ungar. (2013). Personality, gender, and age in the
language of social media: The open-vocabulary approach. PloS one, 8(9).

>
relative frequency



[

(5=
@l

wikipedia didn't bday yall
dI;W<SUdden|chogmi ok don'td:< correlation strength "a'ty'“g Je’sey sor feellﬁ:;n now_! relative frequency .
> s don't_want toang great | fa"ds lookin oves ladi
using —e"doctor_ IWtOdrawmg% won't_copy o, 5000 doinbestie im baby lades
iy POKGMON A'A, st 5 letschillin’ +hit_me_uplil,.
€ *metal sort_o wrin holla  out_with
At loasisCOMPULEL OX R, 5 goinablast:-night_ W'tham text_me

SEANIM@ S ool .. great_night each love. you

otta haters whats
mga curse hindi mang spam cantséxywalt Itrll Vln tonlght
relatedjapanese |ang < beach zomble We_come === much fun o workin [’ S8
emo 4.4 XP Int faman:: mgamazm Irls ) here. we 0
tot:” 3% Ao sl last_night_1 72k bOyS ihe_best
characters depresslongrapi:lcss g X sunday d pumped - ge tln | Imy_ ||f?A|,‘II?ha
evil google they e % _won't jersgn exc|ted pooithats bOUt Chlll
nearly@ akong ya to_see_my babe d"g"?é ‘:J"ﬁ:\'vmthen off
Schwartz, H. A., Eichstaedt, ... & Ungar. (2013) Personality, gender, and age in the missin on ey MISS didnt

language of social media: The open-vocabulary approach. PloS one, 8(9). gym tanning



Guntuku, S. C., Schwartz, H. A., Kashyap, A., Gaulton, J. S., Stokes, D. C., Asch, D. A,, ... & Merchant, R. M. (2020). Variability in Language used on Social
Media prior to Hospital Visits. Nature - Scientific Reports, 10(1), 1-9.



Natura

.anguag

[ & | g Q--‘
JLCOSINY

A —

N=4q19

Guntuku, S. C., Schwartz, H. A., Kashyap, A., Gaulton, J. S., Stokes, D. C., Asch, D. A,, ... & Merchant, R. M. (2020). Variability in Language used on Social
Media prior to Hospital Visits. Nature - Scientific Reports, 10(1), 1-9.




A —

N=4q19

Guntuku, S. C., Schwartz, H. A., Kashyap, A., Gaulton, J. S., Stokes, D. C., Asch, D. A,, ... & Merchant, R. M. (2020). Variability in Language used on Social
Media prior to Hospital Visits. Nature - Scientific Reports, 10(1), 1-9.




r
anguag
cessi

O
o o caioana)ii

anxious l self-reference

/ deIOIreSSi(;/a/e|=.24 i 37|)n o \

N=4q19

Guntuku, S. C., Schwartz, H. A., Kashyap, A., Gaulton, J. S., Stokes, D. C., Asch, D. A,, ... & Merchant, R. M. (2020). Variability in Language used on Social
Media prior to Hospital Visits. Nature - Scientific Reports, 10(1), 1-9.

O







Overly Simplified Problem-Statement:

Natural language is written by



Overly Simplified Problem-Statement:

Natural language is written by people.



Overly Simplified Problem-Statement:

Natural language is written by people.




Problem

Natural language is written by people.




Natural language is generated by people.

People have different beliefs, backgrounds, styles, vocabularies,
preferences, knowledge, personalities, ...



Natural language is generated by people.

People have different beliefs, backgrounds, styles, vocabularies,
preferences, knowledge, personalities, ...,

and our language reflects these differences.
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Human Centered NLP:

1. Model language as a human process
2. Use language to better understand humans.
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Human-Centered NLP — We will cover:

1. Differential Language Analysis
2. Human Factor Adaptation
3. Human Language Modeling



Differential Language Analysis

Input:

Linguistic features

Human or community attribute
Output:

Features distinguishing attribute

Goal: Data-driven insights about an attribute



E.g. Words distinguishing communities with increases in real estate prices.
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Differential Language Analysis
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Option 1: Gradient Descent:

J=3 (v-3) --“Sum of Squares” Error ?
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e Logistic Regression over Standardized variables

e (dds Ratio
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Differential Language Analysis

Methods of “Correlation” Analysis for binary outcomes:

e Logistic Regression over Standardized variables

e (dds Ratio

countA("horrible")
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e (Odds Ratio using Informative Dirichlet Prior
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(Monroe et al., 2010; Jurafsky, 2017)
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Bayesian term for “smoothing”: accounts for uncertainty as a
function of event frequency (i.e. words observed less) by

integrating “prior” beliefs mathematically.
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(where n' is the size of corpus i, n/ is the ¢
in corpus i, 7 is the count of word w in
corpus, and ¢, is the count of word w in

is the size of the background

Bayesian term for “smoothing”: accounts for uncertainty as a
function of event frequency (i.e. words observed less) by

integrating “prior” beliefs mathematically.
“Informative”: the prior is based on past evidence. Here, the
total frequency of the word.
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(where n' 1s the size of corpus i, n/ 1s the size of corpus j, f;, is the count of word w

in corpus i, fd; is the count of word w in corpus j, 0 is the size of the background
corpus, and &, 1s the count of word w in the background corpus.)

Final score is standardized (z-scored): Sy(vi_j) , where
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