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Language = social and cultural data

“encoder-decoder”, “attention”
“convolutional”, “transformer”
TNV > o > axwaros.03762 = Alresearcher

Computer Science > Computation and Language

[Submitted on 12 Jun 2017 (v1), last revised 2 Aug 2023 (this version, v7)]

Attention Is All You Need
Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit,

The dominant sequence transduction models are based on complex r
mechanism. We propose a new simple network architecture, the Trang
to be superior in quality while being more parallelizable and requiring|
ensembles by over 2 BLEU. On the WMT 2014 English-to-French trans
costs of the best models from the literature. We show that the Transfq




Language = social and cultural data

Abstractive translation:
“Sam is willing to do homework”

+ you're likely friends
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Language = social and cultural data

“She was a librarian by day,
quiet and unassuming, her
life a patchwork of ancient
books and whispered stories”

Develop your
Al story ge

Al Story Generator

raw story idea into a tour de force. Churn out a first draft fast with the Magic Write™

nerator and give yourself more time and energy to polish your manuscript to
perfection.

% Magic Write™

(@ seehow it works

11



for social science

Chris Bail’s “Mapping Computational Social Science”

Nodes colored by first-listed discipline

I Business & Economics l Sociology
. Psychology l Geography
I Communication I Anthropology

Cultural Studies

Behavioral Sciences

International Relations

.Social Sciences ~ Other Topics I Environmental Sciences & Ecology Mathematics

l Science & Technology - Other Topics I Education & Educational Research Other
Computer Science Public, Environmental & Occupational Health

. Government & Law Information Science & Library Science


https://www.chrisbail.net/post/mapping-computational-social-science

Examples




Examples: NLP for education

“Do you agree with Juan

@ Edu-ConvoKit @ Analysis that the answer is 7/10?"

Qualitative .. sudent esoring xampls -  Getting students to
" . Student: Because, um, because, let’s say at this point you’re not re I ate to an Oth e r's
@ Pre-Processmg Annotation traveling at fifteen miles an hour [....] d
ideas
Dataset Speaker Text Speaker Text I- Quantitative &g wlktiic Loieal g lbgodds
e | ot || o | .|| Tvor | sToven —
T whafuwits o 1 Why could | argue that the
:::fo“r:::::i would we use would we use [— l h /d b
speed? to measure to measure — S Ope snou e
| e > | 0 0

Student | Miles per hour. ’ speed? speed’ IS IncreaSIng?"

. Student Miles per S s 9 P . f

Student | Miles per hour. FouT: = | reSS|ng or
tutor student student tutor .
e.g., tutoring or - reasoning

classroom - - Temporal eg, talk overtime GPT e.g, summary of conversation

conversation ‘ot e.g., talk time, @: The tutor asked the
€-E. ahonymlzatlon’ t dg t . student to determine
grouping utterances student reasoning, which is larger, one
teacher talk moves [ mposker half or two thirds, and

— Student by how much. The
students used different
colored rods to

represent fractions [..]

Wang & Demszky 2024, Suresh et al. 2022



https://github.com/stanfordnlp/edu-convokit
https://aclanthology.org/2022.lrec-1.497/

Example: NLP for history & political science

Net tone of immigration speeches in Congress by party

100 A

—-—- All speeches
—— Democrat
7 —— Republican

% Anti speeches

% Pro -

—100 7 T T T T T T
1880 1900 1920 1940 1960 1980 2000 2020

1. Adapt RoBERTa to U.S. congressional speeches using self-supervised
finetuning
2. Then, finetune on human annotators’ labels of tone

Card et al. 2022



https://www.pnas.org/doi/10.1073/pnas.2120510119

Example: NLP for history & political science

Net tone of immigration speeches in Congress by party

100 A

—-—- All speeches
—— Democrat
7 —— Republican

- % Anti speeches

% Pro

—100 A . = : = = -
1880 1900 1920 1940 1960 1980 2000 2020
Chinese Emergency Immigration and
Exclusion Act Quota Act Nationality Act
1882 1921 1965

Card et al. 2022



https://www.pnas.org/doi/10.1073/pnas.2120510119
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Net tone of immigration speeches in Congress by party
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https://www.pnas.org/doi/10.1073/pnas.2120510119

Example: NLP for history & political science

Net tone of immigration speeches in Congress by oarty

100 A
@ —-— All speeches
% —— Democrat
9 507 —— Republican
&
F R i s
O\O
é -50
[a W
°
_100 7 T T T T T T
1880 1900 1920 1940 1960 1980 2000 2020
Chinese Emergency Immigration and
Exclusion Act Quota Act Nationality Act
1882 1921 1965

Card et al. 2022



https://www.pnas.org/doi/10.1073/pnas.2120510119

Example: NLP for history & sociology

NLP for measuring collective memories

WIK

The Free Encyclopedia

primary source materials — secondary source

Nelson et al. 2021



https://www.lauraknelson.com/publication/the-rest-is-history/the-rest-is-history.pdf

Example: NLP for history & sociology

NLP for measuring collective memories

qual nghts

o kmvwlhal there is

asing.: * s u"mn -
where women have equali
with men under the Law
H %VEOI:W cum?
nlis
\\\n ol Womans Party suj ppo'llm

WIKIPEDIA

J The Free Encyclopedia

primary source materials — secondary source

What frequent phrases are missing on Wikipedia?

Writings of Black Women
Suffragists

Equal Rights Journal

National Consumers’
League

frederick douglass center
war camp community service
ida joyce jackson

phyllis wheatley home
colored club women

jim crow car

political equality association
miner normal school

high moral standards

edith houghton hooker |minimum wage boards

alva belmont house

lucretia mott
amendment

equal rights treaty

Ispecial labor laws

I domestic service occupations

hague nationality
convention

equal nationality treaty

equal nationality bill

equal nationality rights
jury service bill

pure food law

forty-eight hour week

federal child labor

minimum wage bill

industrial home work

amendment
state factory inspector

continental waist
company

Ieight hours law

misbranded malt liquors

Nelson et al. 2021



https://www.lauraknelson.com/publication/the-rest-is-history/the-rest-is-history.pdf

Example: NLP for media studies

Automated speech emotion recognition on top box office films, 1980-2022

0.1:55
0.48 0.150
0.145
0.46 ] 0.140
. 1}
2 (=
S 0.135
0
0.44
0.130
0.125
0.42
0.120
10% 20% 30% 40% 50% 60% 70% 80% 90% 100% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Narrative Time Narrative Time

Naitian & Bamman 2024



https://naitian.org/once-more-with-feeling/

Example: NLP for media studies

0.48

0.46

Joy

0.44

0.42

10%

20%

30%

cultural analytics = “distant reading”

40% 50% 60%
Narrative Time

70%

80%

90%

100%

0.155

0.150

0.145

o o
= =
w B
v o

Sadness

0.130

0.125

0.120

10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Narrative Time

Naitian & Bamman 2024



https://naitian.org/once-more-with-feeling/

Example: NLP for media studies

cultural analytics = “distant reading”

“... cultural analytics is a multi-disciplinary project—a bridge between the
humanities and quantitative social science, belonging equally to both.”

\/ - Ted Underwood 2018

natural language processing



https://tedunderwood.com/tag/cultural-analytics/

Example: NLP for social media studies

Who builds and maintains an online
community?

Analyze text from user sessions on cancer
discussion board wyangetai. 2019

Supervised classification of behavioral
features e.g. “seeking informational support

"

Unsupervised clustering of these features
produced 11 distinct social roles of
community members

0.4

0.3 A

0.2 1

0.1

0.0

—#— emo support provider —&— info support seeker —#— newcomer member

welcomer private support provider knowledge promoter
—m— info support provider —&— private communicator —&— private networker

story sharer all-round expert

——
Noy——— % ——
42 /./.
— R Z
2004 2006 2008 2010 2012 2014 2016

Figure 1: The percentage of different role occupations


https://dl.acm.org/doi/abs/10.1145/3290605.3300574

~5 min activity

https://bit.ly/4r3XN70

If you were a computational social science / cultural
analytics researcher, what kind of data would you want
to StUdy, assuming there is a route for obtaining it ethically/legally?

Add an idea and/or put “+" next to an existing idea if you're interested too (you have an
unlimited # of agreement votes)

Note: the data can be human-Al interaction data too! So, consider questions you might
ask about Al use in different settings &


https://bit.ly/4r3XN7o

Most upvoted ideas in Berkeley’s NLP class

1.

2.

Reddit
Instagram reel comments
Memes & “Italian brainrot”
Movies

Classroom conversations

+++++++++++H

++++++++++H

o o e O o S

+++++++++H+H

++++++++++++HH+HH++

27



Now, moving more broadly...



computational social science !'= computer science + social data

e Hanna Wallach, 2018, Communications of the ACM

Computer science:
What? When?

Predictive analyses

Short term, platform-specific

e Example RQ:

o Canwe classify whether users will make a
purchase?

Social science: e Explanation, interpretability

Why? How? e Longterm, big picture, multiple data sources
e Example RQ:
o Do tweets influence on-the-ground political
protests?



Text analysis & social theory

Purpose C

Text to data

Inference

Training/testing

Sample data
labeled with
established categories/
dimensions

Y
Supervised methods
(e.g., prediction algorithms,
linguistic extraction)

Extrapolation

Y
Full data
labeled with
established categories/
dimensions

Modeling

[ Confirm relationships ]

\‘{ Y
[ Discover relationships ]
\ 4 »

Discover theory

Unsupervised methods
(e.g., topic modeling,
clustering, word embedding)

\4
Full data
organized by
discovered categories/
dimensions

Interpetation

\4
Sample data
validated/labeled with
discovered categories/
dimensions

Modeling

Dimension reduction

Evans & Aceves (2016)



Operationalization

Measures, or indicators, for concepts of interest, or the process of turning
abstract concepts (e.g. “self-esteem”) into something quantifiable (e.g. counts
of keywords)

Construct validity: Do our measurements measure what we want to measure?

Internal validity: Does our analysis correctly lead our measurements to our
conclusions?

External validity: Do our findings generalize to other situations?

Olteanu et al. 2019


https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2019.00013/full

Challenges of working with social data

Data quality

Sparsity, noise, redundancy

word segmentation errors

“senatoradmits”
- ‘“senator admits”

[ RETERNAE| e



Challenges of working with social data

Data quality

« Sparsity, noise, redundancy
Population biases

. Demographics & characteristics of users

Pew Research

Twitter users are younger, more highly educated and
wealthier than general public

% of who are ...
AGE
18-29
30-49
50-64
65+
EDUCATION

Less than high school
High school graduate
College graduate+

INCOME
<$30,000

$30-$74,999
$75,000+

GENDER
Women

Men

RACE/ETHNICITY
Black
White
Hispanic

AllUS. U.S. adult
adults Twitter users

l

210"®29
330 @44
19@ 026
8e 020

4@ 010
54 @ O59
310 ®42

23@ 030
33 0® 36
320 @41

50 €@ 52
48 @ 50

11611
60 @0 64

15Ce 17



Challenges of working with social data

EN

Data quality

(%)

« Sparsity, noise, redundancy

% cor'\r)umunication to child

7 ail
¥ S g
. . [ 2= | | TEmnE
Population biases B g @ @
Figure 4a. Percent of a parent’s posts targeted at his or her child.

. Demographics & characteristics of users

Earent
”

Behavioral biases

% communication to
o

o
o

« Distortions in user behavior, interaction i e

20 30 i 40 50 60
Child age

Figure 4b. Percent of a child's posts targeted at his or her parents.

“Families on Facebook” Burke et al. 2013



https://research.facebook.com/file/966400877549587/families-on-facebook.pdf

Challenges of working with social data

Content production biases

e Linguistic variation in content

Governor Gavin Newsom &

Official Account for the Office of California Governor Gavin

Predicting political orientation
using tweets’ hashtags

1. “California Governor” v

2. “Republican and loving it!"
3. “Mom of four” x

Cohen & Ruths 2013



https://ojs.aaai.org/index.php/ICWSM/article/view/14434

Challenges of working with social data

Content production biases
e Linguistic variation in content
Linking biases

e |Implications of how connections
are defined




Challenges of working with social data

Content production biases

T {— Twitter —_— Foursquarei T

20[----eeeeee Groce‘ry shopbing rrrrr s R po s s vy s s s - rrrrrr =

e Linguistic variation in content

Linking biases

z-score

e |Implications of how connections
are defined

" Nightlife

-20 1 Il 1 Il Il 1 Il Il 1
10/23 10/24 10/25 10/26 10/27 10/28 10/29 10/30 10/31 11/01 11/02
time

Temporal biases

Grinberg et al. (2013) “Extracting Diurnal Patterns of Real World Activity
from Social Media”

e Sudden events, seasonal changes


https://ojs.aaai.org/index.php/ICWSM/article/view/14409

natural language computational social
processing science

N



Back in my day ...

Coefficient Estimate SE

Use machine learning models, e.g. Intercept -2 0.14
L . Community Age (Decile) —0.13** 0.01
logistic regression, SVMs, random forest First Half of Month (Binary) 0227 0.08
. Gratitude (Binary) 0.27* 0.08

C l dass Ifl ers, to Including Image (Binary) 0.81*** 0.17
Reciprocity (Binary) 0.32"" 0.10

1 : 17} Strong Positive Sentiment (Binary)  0.14 0.08

1 . SCa l eu p annotations , Or Strong Negative Sentiment (Binary) —0.07 0.08
F g Length (in 100 Words) 0.30"*  0.05

p re d ictions Karma (Decile) 0.13""  0.02

2. identify features highly related to a Posted in RAOP before (Binary)  1.34™  0.16
. Narrative Craving (Binary) —0.34™" 0.09

social phenomena Narrative Family (Binary) 022°  0.09
Narrative Job (Binary) 0.26™ 0.09

Narrative Money (Binary) 0.19™ 0.08

Narrative Student (Binary) 0.09 0.09

Example: predicting random acts of &
on Reddit

"*p <0.001, " p <0.01,"p < 0.05

from topic modeling


https://web.stanford.edu/~jurafsky/pubs/icwsm2014_pizza.pdf

And then ...

[ARTICLE]

Which of the following
leanings would a
political scientist say
that the above article
has?

A: Liberal

B: Conservative

C: Neutral

Model ‘ Baselines FLAN-T5 FLAN text-001 text-002 text-003 Chat
Data ‘ Rand Finetune Small Base Large XL XXL UL2 Ada Babb. Curie Dav. Davinci Davinci GPT3.5 GPT4
Utterance Level Tasks
Dialect 33 3.0 02 45 234 248 303 329 05 0.5 12 91 171 147 11.7 232
Emotion 16.7 716 198 638 697 657 662 708 64 49 6.6 19.7 36.8 44.0 471  50.6
Figurative 25.0 99.2 166 232 180 322 532 623 100 152 100 194 45.6 57.8 486 175
Humor 49.5 731 518 371 549 569 299 568 387 333 347 292 29.7 33.0 433 |[6It8
Ideology 33.3 648 186 237 430 476 53.1 464 397 251 252 231 46.0 46.8 431 60.0
Impl. Hate | 16.7 62.5 74 144 72 @29 296 320 71 7.8 49 92 18.4 19.2 16.3 37
Misinfo 50.0 81.6 333 532 648 687 69.6 774 458 362 415 423 70.2 BT 55.0 269
Persuasion | 14.3 52.0 36 104 375 321 457 435 36 53 47 113 21.6 175 233 56.4
Sem. Chng. | 50.0 623 335 41.0 569 520 363 416 328 389 413 357 41.9 374 442 212
Stance 333 361 252 366 422 432 491 481 181 177 172 356 46.4 413 48.0 76.0
Conversation Level Tasks
Discourse 14.3 49.6 42 215 336 378 50.6 39.6 6.6 9.6 43 114 35.1 36.4 354 167
Empathy 83.3 716 167 167 221 212 359 347 245 176 276 168 16.9 174 22.6 6.4
Persuasion | 50.0 333 92 11.0 113 84 418 431 69 6.7 6.7 333 333 53.9 51.7 286
Politeness 333 75.8 224 424 447 572 519 534 167 171 339 221 331 394 51.1 SO
Power 49.5 727 466 48.0 408 556 526 569 431 398 375 36.9 39.2 51.9 56.5 420
Toxicity 50.0 64.6 438 404 425 434 340 482 414 342 334 348 41.8 46.9 312 554
Document Level Tasks
Event Arg. | 223 65.1 - - - - - - - - 86 86 21.6 22.9 223 230
Event Det. 0.4 75.8 98 7.0 1.0 109 418 506 298 473 474 444 48.8 524 51.3 14.8
Ideology 333 85.1 240 192 283 29.0 424 388 221 268 189 215 42.8 434 447 515
Tropes 36.9 - 1.7 84 137 146 190 286 77 128 167 152 16.3 26.6 369 449

Ziems et al. 2024



https://arxiv.org/pdf/2305.03514

Language models for content analysis

Concept
Overview

Concept
Matrix

ROWS
LLooM
concepts

COLUMNS
User-
defined
slices

CIRCLES
Number of
documents

LL

CONCEPT OVERVIEW

An overview of concepts in your dataset. Out

* Number of scuments
0

«

CONCEPT MATRIX

Political Activism

Historical Remembrance

Energy and Environment

Healthcare and Well-being

Education and Learning

Outlier

Poical Outier

beng

Page Catogory

M WORKBENCH

s are documents that did not match any of the concepts.

vistsical Fra
Rememprance g
Eiroment

Concept/Slice Detail View

Concept: Energy and Environment

CONCEPT DETAILS

Criteria:
Is the text example related to energy policies or environmental issues?

Advocating for American energ
foreign adversaries in energy production.

Concept matches: 10 documents

Representative examples:

« "WA families & small business can save thousands of dollars on energy bills through new.

appliances, thanks to the Democrats' Inflation Reduction Act.

10-

and reducing reliance on

« "House Republicans voted to give #BigOil open access to drill on public lands. Then, they voted
against my amendment to protect Big Cypress National Preserve to stop this destructive
#BigOilGiveaway from harming South Floridians who need it for clean H20, hunting, fishing and

tourism,

POTENTIAL CONCEPT MATCHES.

concept

id  concept  Corce? text
10 Starting this year, WA families & small business can save
Esran thousands of dollars on energy bils through new
A ment appiiances, thanks to the Democrats' nflation Reduction
Act. Read more about how these investments can benefit
you.
10 TUNE IN NOW I'm leading another roundtable to discuss
[ the ongoing threats to our energy security. e will cover
Al Y, ‘everything from increasing domestic energy production to

Environment

g
and Russia, Check it out here:

10 Congratulations to the new Speaker of the House, Kevin
McCarthy! The American people expect their
representatives to address the chalienges facing our

text bullets

appliances

+ Discussion on
energy security

+ Addressing

CONCEPT
DETAILS

Page Categary

score rationale Likes  Page Categor

CONCEPT
MATCHES &
NON-MATCHES

The text mentions saving
money on energy bills through
new appliances, indicating a
focus on energy efficiency.

GOVERNME

The text mentions discussing

energy security, domesti

energy production, and %
on

_OFFICIAL

foreign adversaries, indicat
a focus on energy policios.

The text mentions investing in

Lam et al. 2024



https://stanfordhci.github.io/lloom/about/vis-guide.html

Language models for content analysis

Decompose content into
implicit propositions

d_=0.84

cos

~

/'] roamed and rambled and | "
followed my footsteps, To the
sparkling sands of her
diamond deserts, And all
around me, a voice was
sounding, This land was made
for you and me!

Happy #NationalParkWeek.
Let’s get out from behind our
screens and enjoy this

+_ beautiful land we call home! /'

Federal lands and waters
must not be opened up to
fossil fuel extraction. Public
lands are national treasures
that should be protected for
future generations, not
auctioned off to the fossil
fuel industry’s highest
bidders.

Hovle et al. 2023



https://arxiv.org/abs/2305.14583

Language models for content analysis

Decompose content into ------- S \
° e o o o /* [ roamed and rambled and | y <
implicit propositions

followed my footsteps, To the
sparkling sands of her
diamond deserts, And all

Federal lands and waters
must not be opened up to

\

: | i
1 1 1
1 I 1 1
N ) I | fossil fuel extraction. Public !
o | around me, a voice was L - !
S ' sounding. This land was made i | lands are national treasures t
no S ' 1 that should be protected for 1
» ! foryouand me! o . 1
g! y | future generations, not !
~Q . . 1
| Happy #NationalParkWeek. ' T Oﬁ, i ol ]
1 . . 1 1 fuelindustry’s highest 1
1 Let’s get out from behind our 1 - 1

1 : ; 1, bidders.
\ screens and enjoy this 1o y
\\\ beautiful land we call home! /' \\ y

@ Closer in embedding space ﬂ
N ST TTTTTTTTTTTTTTTTTT \ S P L AL R \
Y | Natural Park Week is a | { e 1
S (. : 1 i waters should be 1
, time to appreciate i .

| | , protected from fossil !
8, natural wonders. | Lof - !
o . \_fuel extraction. _____ /
%" y [ Preserving natural \
S Exploring nature is 1 i resources for future ;
Il beneficial. 1 | generations is |
..33 '\\ ’,' "\ important. ’,'

Hovle et al. 2023



https://arxiv.org/abs/2305.14583

Language models for content analysis

Q: Should | fine-tune a small LM or prompt a large LM?

e Example: social media story detection in Antoniak et al. 2025
o Fine-tuned RoBERTa >> zero-shot, few-shot, and chain-of-thought GPT-4

e Example: Bamman et al. 2025 tested 10 cultural analytics tasks
o Fine-tuning BERT, RoBERTa, Llama 3 8B >> 10-shot prompting LLMs if task involved a new
concept

Sometimes what ends up mattering is efficiency.


https://arxiv.org/abs/2311.09675
https://2024.computational-humanities-research.org/papers/paper119/

“LLM-hacking”

A modern form of p-hacking

“By replicating 37 data annotation tasks from 21 published social science
studies, we show that, with just a handful of prompt paraphrases,
virtually anything can be presented as statistically significant.”

- Baumann et al. 2025

How to reduce the risk?

e Use highly capable models with higher task performance
e Human annotations can protect against false positives


https://arxiv.org/abs/2509.08825

natural language computational social
processing science

N
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Human-computer interaction

Some HCl subfields have traditionally involved a lot of intersection w/ NLP:

e Al fairness, ethics, & safety
e Social computing: the study of how computers and technology facilitate
human behavior, interactions, and communication



Now, with language models ...

smart compose smart reply

Mary Lee Resolve . —— —— ]

12:00 AM Jan 1 « o= . S0 g

And now the fun starts
Addlabel

Can'tmakeit  Addlabel

This is really interesting! Have you - - yr— .
considered trying a different approach?

They finally came through with the Ugh, I took a turn for the worst last night
contract. | won't be able to make it to the party.
Please have a great time without me.

1 expect the work to start tomorrow.
Sorry for all e delays.

There were|0‘ther explorations

Comment Cancel _‘ |« o o |




Human-computer interaction

Some HCl subfields have traditionally involved a lot of intersection w/ NLP:

e Al fairness, ethics, & safety

e Social computing: the study of how computers and technology facilitate
human behavior, interactions, and communication
e¢ Human-Al interaction



Human-AI interaction

Write Get suggestions Edit

® So he lived in the basement.

The 92nd little pig built a house out of So he built a big wall around it, and he The 92nd little pig built a house out of
depleted uranium. lived in a little shack on the other side of depleted uranium. There are so many pigs
the wall. to eat, and they make it so easy!" But the
Of course, the little pig was smart. He wolf didn't know about uranium.

knew he couldn't live in the house, since it So he moved next door to it.

would poison him. T l

He moved in a couple of miles away. couldn't live in the house, since it would poison

i Of course, the little pig was smart. He knew he
him. So he built a big wall around it, and he

So he built a little shack next to it, and he lived in a little, hidden shack on the other
painted it and put a little flower garden outside side of the wall.
and everything.

Lee et al. 2022


https://coauthor.stanford.edu/

Evaluation

Evaluating Al
Static benchmarks, automatic
metrics.
-> Pros:
€ Task-focused
€ Allows for rapid iteration
during development
€ Reproducible
-> (Cons:
€ Lack of generalizability
€ May not reflect real-world use

Evaluating Al + users
Interactive studies involving

people/users.
=> Pros:.
€ Emphasizes real world
relevance and complexity
€ Could measure longer-term
outcomes and impact
- (ons:
€ Resource-intensive
€ Slower



How could we evaluate human-AI interactions?

Static eval: end result matters most
Interactive eval: evaluate...

e An entire interaction trace, or sequences
of states (e.g. dialogue history) & actions
(e.g. clicks)

e Third party (e.g. consistency, edit distance)
and user’s first-person experiences

e More than accuracy, e.g. enjoyment,
efficiency, effort

Human-Al Language-based Interaction
Evaluation (HALIE)

State (Puzzle, Selected clue, User letters,
Dialogue history, User input)

Actions {Press a key to modify user input,
Press the enter key to submit input,
Select a in the puzzle,
Enter a letter into a square,
Select a clue from the list,
Finish the session}



Single-turn — multi-turn

Evaluating Al Evaluating Al + users
Static benchmarks, automatic Interactive studies involving

metrics. 11 TI~ people/users.

A possible bridging step: simulation or modeling of user behaviors
Challenges:

- What kinds of user behaviors are useful for identifying pitfalls in
LM chat assistants?
- What kinds of user behaviors can we faithfully simulate?



Recap of today

Equal Rishis

NLP for education, history, political science, sociology, media
studies, social media

Operationalization, measurement, validity, and data biases

....................

- = = Language models for content analysis

Human-Al interaction




Thank you! Questions?

Contact: lucy3li@cs.washington.edu

| will be a prof next year at the University of Wisconsin-Madison.

| am recruiting PhD students and research-based master’s students!
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