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Introduction to NLP; Tokenization; Words Corpora

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

Parsing; Verbal Predicates;Dependency Parsing
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Dependency Parsing; Word Sense Disambiguation

Vector Semantics (Embeddings), Word2vec
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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
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People have different beliefs, backgrounds, styles, vocabularies,
preferences, knowledge, personalities, ...
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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

Methods of “Correlation” Analysis for binary outcomes:

e Logistic Regression over Standardized variables

e (dds Ratio

countA("horrible")
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(Monroe et al., 2010; Jurafsky, 2017)
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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.)
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Natural language is generated by people.

“The common misconception is that language has
got to do with words and what they mean. It does
not. It has to do with people and what they mean.”

Channon, Mocteller & Clark & Mairesse, Walker, Hovg & Sooganrd,
1948 Walloce 1963 Sehober, 1992 et al., 2007 2015
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Approaches to Human Factor Inclusion

1. _Bias Mitigation: Oplis 50 as not to pick up on

What are human “factors”?
\C.Y. 1ays CapuUUIICH 1auCl PICIUICS Ut TG 11N kitchen as Women)

2. oAdditive: Include direct effect of human factor on outcome.
J(e.g. age and distinguishing PTSD from Depression)

3. Adaptive: Allow meaning of language to change depending

on human context. (also called “compositional”)
(e.g. “sick” said from a young individual versus old individual)



Human Factors

--- Any attribute, represented as a continuous or discrete variable, of the humans
generating the natural language.

E.g.
e Gender
e Age
e Personality
e Ethnicity
e Socio-economic status



Human Factors

typically requires putting people into discrete bins
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and clinical psychologists are dimensional [continuous]”
(Haslam et al., 2012)
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and clinical psychologists are dimensional [continuous]”
(Haslam et al., 2012)
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Adaptation Approach: Domain Adaptation

Features for: solurce targllet newX = []

O (z) = (z,2,0), ' (x)=(z,0,z) for all x in source_x:

newX.append(x + x + [@0]*1len(x))
for all x in target_x
newX.append(x + [@]*1len(x), X)

newY = source_y + target y

model = model.train(newX,newY)
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Our Method: Continuous Adaptation

User Train Transformed
Factors Instances Labels Instances Labels

Learning
Continuous
_>

Adaptation

Gender Score Features Original Gender Copy
-2 X > X compose(-.2, X)

(Lynn et al., 2017)




User Factor Adaptation: Handling multiple factors

Replicate features for each factor:

A compositional function ¢ combines d user
factor scores f,, 4 with original feature values x:

(I)(Xa ’U,) — <X, C(fu,l)x)7 C(fu,27x)7 e 7C(fu,d7X)>

(Lynn et al., 2017)



User Factor Adaptation: Handling multiple factors

Replicate features for each factor:

A compositional function ¢ combines d user
factor scores f,, 4 with original feature values x:

(I)(Xa ’U,) — <X, C(fu,l’x)a C(fu,27x)7 e 7C(fu,d7 X)>

User  Factor Augmented Instance

Classes d(x,u)
User 1 F (x,%,0,0,---,0)
User 2 Fy (x,0,%x,0,---,0)
User3 Fy, Fj (x,%,0,%, -, 0)
User 4 Ey, (x,0,0,---, 0, x)

Table 1: Discrete Factor Adaptation: Augmen-
tations of an original instance vector x under dif-
ferent factor class mappings. With k£ domains the
augmented feature vector is of length n(k + 1).

(Lynn et al., 2017)



User Factor Adaptation: Handling multiple factors

Replicate features for each factor:

A compositional function ¢ combines d user
factor scores f,, 4 with original feature values x:

(I)(X? u) = <X? C(fU,17 X)a C(fu,Qa X)a T 7C(fu,d7 X)>

User  Factor Augmented Instance

Classes O (x,u)
User 1 Fi (x,%,0,0,---,0)
User 2 Iy (x,0,%,0,---,0)
g User3 I, F3 (x,%,0,%, -, 0)
/mw'::m_ ”ml::mw User 4 Fk <X, O, 0,- iy 0, X>

Table 1: Discrete Factor Adaptation: Augmen-
tations of an original instance vector x under dif-
ferent factor class mappings. With £ domains the
augmented feature vector is of length n(k + 1).

(Lynn et al., 2017)



Main Results

Adaptation improves over unadapted baselines (Lynn et al., 2017)

Latent
(\[e] (User

Task Metric | Adaptation Gender Personality Embed)
Stance F1 64.9| 65.1(+0.2) 66.3(+1.4) 67.9(+3.0)
Sarcasm | F1 739| 751 (+1.2) 75.6(+1.7) 77.3(+3.4)
Sentiment | Acc. 60.6 61.0 (+0.4) 61.2 (+0.6) 60.7 (+0.1)
PP-Attach | Acc. 71.0 70.7 (-0.3) 70.2 (-0.8) 70.8 (-0.2)
HON Acc. 91.7] 91.9(+0.2) 91.2 (-0.5) 90.9 (-0.8)




Example: How Adaptation Helps
Vrr\wlgfmeeandjectivesHsa rcasm

Men
more adjectives—no sarcasm
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more “male” more “female”



Problem

User factors are not always available.



Solution: User Factor Inference

past tweets
Niranjan @b_niranjan - Sep 2 v .
There must be a word for trending #hashtags that you know you will regret if you > I nfe rre d fa Cto rs
click. s there?
i s Known
iranjan @b_niranjan - Aug 31 v
Passwords spiral: Forget password for the acnt you use twice a year. Ask for Ag e (S ap et al. 2014 )
reset';I .Can.‘t us(; Erewoug Crtja\lte3 a; new one to forget later. Gender ( S3 D et al. 201 4)
iranjan @b_niranjan - Ju v i
Thrilled to hear @acl2017's diversity efforts as the first thing in the conference. Pe rsona I |ty ( Pa rk et d I . 2 O 1 5 )
0 0 01 B8 Latent
User Embeddings
(Kulkarni et al. 2017)
Word2Vec

TF-IDF



Backeround Size

Using more background tweets to infer factors produces larger gains

personality (cont) user embed (cont)

ine (f1)
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Approaches to Human Factor Inclusion

1. _Bias Mitigation: Optimize so as not to pick up on
unwanted relationships.

(e.g. image captioner label pictures of men in kitchen as women)

2. oAdditive: Include direct effect of human factor on outcome.
J(e.g. age and distinguishing PTSD from Depression)

3. Adaptive: Allow meaning if language to change depending

on human context. (also called “compositional”)
(e.g. “sick” said from a young individual versus old individual)
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Human-Centered NLP — We will cover:

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

probability of a token sequence

Pr(W) = [ | Pr(wilwy.i-1)
1=1

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).
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Language Modeling

Language is generated by

wo wl wz w3 w4

R — ..

(~1 million words)

i i H i i i H
.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

next word probability
(GPT40)



Morning
Morning run

Morning run by

Morning run by the

Morning run by the ocean

"Morning run by the ocean, amazing!"

"Team meeting went great, big plans!"
"Fortnite royale! That's sick!"
"Just did my first handstand pushup! ="

"So Proud, Launched our new product.”

"Sprints on the sand = leg day!"

"Just unlocked a legendary skin! =="

"Brainstorming ideas for the next project."

"Can't seem to beat that high score."

"Sunset yoga at the beach, relaxing!"
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© "Morning run by the ocean, amazing!"

"Just did my first handstand pushup! <
"Sprints on the sand = leg day!"

"Sunset yoga at the beach, relaxing!"
"Team meeting went great, big plans!" k
"So Proud, Launched our new product." §

"Brainstorming ideas for the next project.” E

Pr(wi\’wlzz‘—l)
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© "Morning run by the ocean, amazing!"
"Just did my first handstand pushup! <"
"Sprints on the sand = leg day!"
"Sunset yoga at the beach, relaxing!"
égdloghcdl

al«acy /
Priw;lwi,—1

"Team meeting went great, big plans!"
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"So Proud, Launched our new product.”
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"Can't seem to beat that high score."



All respondents from all countries

ecological
fallacy

(winzar, 2015)



Relationship between M/F & I/C within each country

ecological
fallacy

average

r=-02

(winzar, 2015)
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Distribution of human linguistic trait - agreeableness over datasets

© Human KS = 0.48** KS = 0.24**

Al | i /\
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M R . ’ JUBNEN Consistent Lack of Variance of Psychological Factors
Books i \ Movie Reviews | Llama3.1: [FENeaeeee by LLMs and Spambots. In Proceedings of
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People have beliefs, backgrounds, styles, vocabularies, knowledge, and
personalities. Our data reflect and are influenced by these differences.



Language Modeling

probability of a token sequence

Pr(W) = [ | Pr(wilwy.i-1)
1=1

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).



Human Language Modeling (HuLM)

LM - probability of a token sequence

Pr(W) = H Pr(wilwy.;_1)

H § LM - probability of a token sequence,
in the context of the human that generated it.

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).



Human Language Modeling (HuLM)

LM - probability of a token sequence
n
PT(W) — HPT<wi|w1:i—1)
1=1

n

Pr(W|UStatic) — H Pr(wz‘|w1:z‘—1, Ustatic)

1=1

HuLM

- probability of a token sequence, in the context of the human that generated it.

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).
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Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).



Human Language Modeling (HuLM)

LM - probability of a token sequence

PT(W) — HPr(wi|w1:i_1)

PT(W’Ustam‘c) = H Pr(wi’wlzi—ly Ustatic)

i=1 ctatic vser reprecentation

\/

HuLI\/l Pr(W¢|U;_1) = HPr(wt,i|wt,1:z'—17U1:t—1)

1=1
- probability of a token sequence, in the context of the human that generated it.

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).



Human Language Modeling (HuLM)

LM - probability of a token sequence

PT(W) — HP?‘(’U}Z'|’UJ1;Z'_1)

PT(W’Ustam‘c) = H Pr(wi’wlzi—ly Ustatic)

I i=1 ctatic vser reprecentation
n
HulLM Pr(W;|U;_1) = HPr(wt,i|wt,1:z’—17U1:t—1)
i=1 ‘ucer ctate” reprecentation

- probability of a token sequence, in the context of the human that generated it.

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).



User State Representation, U

n

Pr(Wi|U;-1) = HP"“(wt,z'|wt,1:i—1,U1:t—1)
i=1

NnNo history ﬁ a” data

Ul:t—l =J Uyt—1 = W1.1:n1y W2, 1:ngy s Wt—1,1:n4_1

(reduces to a standard LM: Pr(w;|w;.;_1)) (all previous docs and tokens by the person)

- doesu't capture the percon history of - huge

user states - no generalizations

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling. In Findings of the Association for Computational
Linguistics: ACL 2022 (pp. 622-636).



User State Representation, U

n
PT(Wt|Ut—1) — HP"“(’wt,z'|wt,1:i—1,U1:t—1)
i=1
State and Trait Theory from Psychology: Traits — the stable
characteristics of "who someone is" — define a distribution of potential
states of being that moderate human behavior (i.e. language).

| love the serenity

of the mountains. w
So excited about

my model results! w

history of

| take trips to get

out of Long Island user states
to hike! w

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling. In Findings of the Association for Computational
Linguistics: ACL 2022 (pp. 622-636).



User State Representation, U

n
PT(Wt|Ut—1) — HP"“(’wt,z'|wt,1:i—1,U1:t—1)
i=1
State and Trait Theory from Psychology: Traits — the stable
characteristics of "who someone is" — define a distribution of potential
states of being that moderate human behavior (i.e. language).

| love the serenity Ui.t—1=[a sequence of states]
of the mountains. w oy
Happy Tender
So excited about
my model results! w /I\-awmﬁ\m-wu— o B
Fliad D €3 Pt M— —
| take trips to get \l/ \l/ \l/
Angry Sad Scared

out of Long Island
to hike! w

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling. In Findings of the Association for Computational
Linguistics: ACL 2022 (pp. 622-636).

(Washington Outsider, 2014)



User State Representation, U

n

Pr(Wi|U;-1) = HPr(wt,i|wt,1:i—1aU1:t—1)
i=1

Hiking is the _? . H¥

| love the serenity Prw = "best" |...) | love playing Super
g e

Pr(w, = "worst" | ...)

So excited about Hating the traffic! Get
my model results! w m me out of here,

: please!
| take trips to get

out of Long Island | love getting into the
i1 m

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling. In Findings of the Association for Computational
Linguistics: ACL 2022 (pp. 622-636).




User State Representation: Motivation

e Addressing Ecological Fallacy: Treating dependent phenomena (i.e.
sequences from the same person) as if independent. naosieta, 158s; steet ana o, 19569

e Modeling the higher order structure.
e Building on ideas from human factor inclusion/adaptation wmets. 2017 meng s pau,
2019; Hovy & Yang, 2021) and personalized mOdeIing- (King & Cook, 2020; Jaech & Ostendorf, 2018)

| love the serenity Ui.:—1 = [a sequence of states]
of the mountains. '

Happy Tender Excited
So excited about /I\ A\
| U frtoted B2 € Raging Diven 2 3 Heutbvoben Tam B € Temiied
my model results! j+1
Flilled £ €3 Pased e £ G2 St s B & Ady
| take trips to get \l/ \l/ \l/
U. Angry Sad Scared

out of Long Island
to hike!

(Washington Outsider, 2014)

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling. In Findings of the Association for Computational
Linguistics: ACL 2022 (pp. 622-636).



Human Language Modeling (HuLM)

e Addressing Ecological Fallacy: Treating dependent phenomena (i.e.
sequences from the same person) as if independent. naosieta, 158s; steet ana o, 19569

e Modeling the higher order structure.
e Building on ideas from human factor inclusion/adaptation wmets. 2017 meng s pau,
2019; Hovy & Yang, 2021) and personalized mOdeIing- (King & Cook, 2020; Jaech & Ostendorf, 2018)

| love the serenity Ui.:_1=[a sequence of states]
of the mountains. '

n
So excited about
my model results! L Pr(Wi|Us-a) /= HPr(wt,ilwt,l:i—laUlzt—l)

1=1

| take trips to get
out of Long Island
to hike!

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling. In Findings of the Association for Computational
Linguistics: ACL 2022 (pp. 622-636).



Human Language Modeling (HuLM)

Goal: Language modeling as a task grounded in the
"natural” generators of language, people.

The HuLM task definition: Estimate the probability of a sequence of tokens, w,_ ,
conditioned on a higher-order representation, U,, constituting the human state of being

just before the sequence generation.

| love the serenity Ui.:_1=[a sequence of states]

of the mountains.

n

So excited about U P’I“(Wt|Ut—1) - H PT(wt,z‘|’wt,1:i—1a Ul:t—l)
1=1

my model results! j+1

| take trips to get
out of Long Island
to hike!

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling. In Findings of the Association for Computational
Linguistics: ACL 2022 (pp. 622-636).




The HaRT Language Model

O AP PO O A
Layer &

Layer k-1 Nikita Soni
Layer k-2

Transformer
Network

Niranjan
Balasubramanian

Layer 3

Layer 2

o ‘g) Layer 1
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i "Morning run by the ocean, amazing!"

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).



Human-aware Recurrent Transformer (HaRT)

Pttt bttt

Layer &

: Layer k-1
Previous User State
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Transformer
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Layer l Current User State
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Network
Layer 3 _
Insert :
Layer Layer 2 S
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; "Morning run by the ocean, amazing!"

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).



Human-aware Recurrent Transformer (HaRT)

Pttt bttt

Extract
.......... : Layer k-1 Layer
Previous User State Current User State
T
Transformer

Network

User State Based Query

Insert L 5 ;. Insert.
Layer slEl . Layer
1
(N T N T RN B N

adapte cemantice to the state

} "Morning run by the ocean, amazing!"

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).



The HaRT Language Model

How "confused" (perplexed) it is?

perplexity

-

better

\ L
¥ GPT-2frozen M GPT-2HLC ® HaRT q\\\ Stony Brook University

Human Language Analysis Beings

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).




The HaRT Language Model

—
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better
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Human Language Analysis Beings

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).




The HaRT Language Model
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perplexity
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Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).




The HaRT Language Model

Document Classification

¥ i)
125 better
100 A >
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< 79 S
I3 <
= 50 o
v o
better
0

\ L
¥ GPT-2frozen M GPT-2HLC ® HaRT q\\\ Stony Brook University

Human Language Analysis Beings

Soni, N., Matero, M., Balasubramanian, N., & Schwartz, H. (2022, May). Human Language Modeling.
In Findings of the Association for Computational Linguistics: ACL 2022 (pp. 622-636).




No history?
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Human Language Modeling

Evaluation: Human Language Modeling HaRT: Effect of History Size

125 29 2851

100 \
= 15 28
3 z
S 50 5 \
* 5 26.80

25 vo27 i

0 26.11
Dev Test %6
B GPT-2frozen B GPT-2HLC W HaRT 2 Blocks 4 Blocks 8 Blocks

Dataset: Human Language Corpus (HLC)

Soni, N., Matero, M., Test
Balasubramanian, N., & =
Schwartz, H. (2022, May). users = 2k
Human Language Modeling. In ‘a msgs = 690k
Findings of the Association for . +
Computational Linguistics: ACL 3 seen users: 2.5K
2022 (pp. 622-636). msgs: 240k




Human Language Modeling

Evaluation: Human Language Modeling HaRT: Effect of History Size
125 29 28.51
100 \
= 15 28
3 z
e 50 8
* B \26 80
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Dev Test Document-Level Task: Stance Detection
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@ 60
Soni, N., Matero, M., s
Balasubramanian, N., & 4]
Schwartz, H. (2022, May).
Human Language Modeling. In ‘a 50

Findings of the Association for
Computational Linguistics: ACL %
2022 (pp. 622-636).
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pearson r

Weighted F1

User-Level Task: Age Estimation User-Level Task: Openness Assessment
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HuLM/HaRT Takeaways

e HulLM: Extension of language modeling
with notion of user.

e HaRT: A step toward
large human language models.

e Progress for large LMs grounded in
language’s “natural” generators, people.
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Human Language Modeling

Nikita Soni, Matthew Matere
iranjan Balasubramanian, and H. Andrew Schwartz
Department of Computer Science, Stony Brook University
niranjan, has) b

Abstract

Natural language is generated by people
traditional language modeling views wor
or documents as if generated independently
Here, we propose human language modeling
(HULM), a hierarchical extension to the I
guage modeling problem whereby a human-
Tevel exists to connect sequences of documents
g. social media messages) and capture the
notion that human language is moderated by
anging human states. We introduc

task, pre-trained on approximately 100,000 s0-
cial media users, and demonstrate it's effec-

ness in terms of both language modeling
(perplexity) for social media and fine-tuning
for 4 downstream tasks spanning document-
and user-levels: stance detection, sentiment
classification, age estimation, and personality
assessment. Results on all tasks meet or sur-
pass the current state-of-the-art

To address this, we introduce the task of human
language modeling (HULM), which induces de-
pendence among text sequences via the notion of
a human state ' the text was generated. In
particular, we formulate HULM as the task of es-
timating the probability of a sequence of to

(Upg-1) derived from the tokens of other docu-
ments written by the same individual. Its key ob-
jective is:
Pr(welwe -1, Uree1)
where # indexes a particular sequence of tempo-
rally ordered utterances (e.g. a document or so-
al media post), and U, represents the human
ate just before the current sequence, £. In one ex-
treme, Uye—y could model all previous tokens in
all previous documents by the person. In the oppo-
site extreme, Uy-1 can be the same for all users
and for values of £ reducing to standard language

Ul



https://github.com/humanlab/HaRT

Human-Centered NLP — Methods to know

1. Differential Language Analysis

a. pearson correlation

b. multivariate linear regression

c. odd ratio with informative Dirichlet prior
2. Human Factor Adaptation - feature augmentation
3. Human Language Modeling

a. HuLM task definition

b. HaRT Architecture



