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What is natural language?

e Way for humans to communicate with each other
e Use it to express feelings, transmit information, and store knowledge
e Discrete, combinations of symbols

e | earnable by all humans



Key challenges of understanding language

| saw her duck

e Ambiguity (at multiple levels)
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e \ariation
e EXpressivity
e Unmodeled Variables (Implicit knowledge / Context)

e Unknown representation (representation)



What has this course covered!?

Representations Methods LLMs
e Embeddings e | anguage Models e Prompting
e Compositional e Statistical Methods e Efficient fine-tuning
e Structured e Neural Models e Pre-training
e Dynamic programming e Post-training

Applications and tasks

e Machine translation, text generation, question answering, grounding
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Key Questions

How to represent language?
How to compose meaning?

How do we parse the “surface form” of language to a
representation that a computer can process?

How do we take an encoded representation and generate
text from it?

What are the key methods / algorithms for learning these
representations??



Methods we covered

Rule-based methods Statistical method's

(0O YOU 0 ME) [pattern] ’ T poln.
S
(WHAT MAKES YOU THINK I 3 YOU) [transform]
A  wex+b
Naive Bayes Logistic regression

You hate me

WHAT MAKES YOU THINK I HATE YOU
Use when you have no data Simple baselines for text classification
Good way to have something to bootstrap from Solid understanding helps understand NNs
Neural networks for NLP Transformers
Feed_forward NNS Recurrent nEtWOFkS (RNNS) Prggt‘;ll:;us
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Data hungry, compute intensive —Use pretrained models and then fine-tune on limited data
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Encoder-Decoder Model

the cat sat n yato Kabloe oto

on the table Encoder Decoder TamETL

Latent
representation

Understanding what is said Deciding what to say
(encoding, parsing, feature extraction) (decoding, generating)



the cat sat
on the table

Dependency parse

obl:on
case

@b detw nsub| VBD IN_’T@* det

the  cat sat onthe table

Constituency &=
parse

Lambda expression.

How to represent language!

Encoder

What kind of representation should go here?

Decoder

Latent
representation

Structured? Unstructured? Grounded?
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Vector based representation

\ /

the cat sat n yato Kabloe oto
on the table Encoder Decoder TPl

/ VeCtOr\
representation

Common choice: tflat unstructured vector of real numbers

- easy to work with
- well defined mathematical operations
- can be used to measure if two things are similar or not



How to encode language!

What is this function that takes the
sentence and converts it into a vector?

Properties we want

the cat ot - Be able to represent a single word
on the table Encoder

- Be able to represent the meaning
of a sentence as a composition of
the meaning of each word

Vector
representation

Understanding what is said
(encoding, parsing, feature extraction)



How to learn representations for words!?
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Use context to represent words

...government debt problems turning into banking crises as happened in 2008...
...8aying that Europe needs unified banking regulation to replace the hodgepodge...
...India has just given ifs banking system a shot in the arm...

\ /

These context words will represent banking

how to learn a dense vector representation that
can be used to predict words from their context

e Predict what goes next

The cat sat on the LM

e Fill in the blank

A bottle of

is on the table. MLM




How to compose language!

Seqguence of words

(or characters)

Example:

Movie was terrible

+

+

-

—

Composition

function

Simplest: take weighted average

Sentence
representation

—p

-

==l Use in downstream task



How to compose language!

Sequence of words Composition

—

(or characters) function

Other ways to obtain Bag of Words (BOW)
Sentence Window BoW (bag of ngrams)
represe ntation RNN Throughout the course
- started with simple models and
Transformers then covered more complex models

E CNN

GraphNN
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the movie  was terribly exciting !

Transformer



How to use the learned representation!?

What do we do with this vector
representation after we get 1t?

==l Use in downstream task

(T T ]

Vector Do prediction: classify as spam/not spam

representation
Use to generate text (also known as decoding)

Can also be used to generate other stuff (like images!)



How to decode language!

How do we generate text from this?

Auto-regressive text-generation

- Predict one word at time
- Big classification problem

- Can predict word from vocabulary or copy
from somewhat else

Decoder

Different training strategies Vector

- Maximum likelihood estimation (cross- representatlcn
entropy loss for classification)

Different decoding strategies

- Greedy, Beam search, Sampling Deciding what to say

(decoding, generating)



What has this course covered!?

Representations Methods LLMs
e Embeddings e | anguage Models e Prompting
e Compositional e Statistical Methods e Efficient fine-tuning
e Structured e Neural Models e Pre-training
e Dynamic programming e Post-training

Applications and tasks

e Machine translation, text generation, question answering, grounding



Accuracy (%)

Emergence of capabilities in LLMs

Zero-shot One-shot Few-shot GPT3 [Brown et al. 2020]
: L — - —

175B Params

Natural Language

60 Prompt

13B Params

1.3B Params

Number of Examples in Context (K) https://arxiv.org/abs/2005.14165

SOoTA methods: can use zero-shot/few-shot prompting, or fine-tune



https://arxiv.org/abs/2005.14165

Post-training
-

Preference
optimization

Pre-training Fine-tuning
LM training on large, large Supervised fine-tuning for

amount of data instructions Align to human

preferences

Model Task specific

compression fine tunln_g Prompting
. Custom domains,
Reduce size of model for . Generate responses
Improved performance on

efficient deployment specialized tasks

Use to build LLM agents




Small language models

e SLM: language models <10B

=. Microsoft Go g|e =. Microsoft GO gle 0 Meta ~  Hugging Face
Phi3 1B Gemma 7B Phi3-mini 3.8B Gemmaz2 2, 9B Llama 3.2, 1, 3B SmolLM v2 1.7B
09/2023 02/2024 04/2024 06/2024 09/2024 10/2024
’ T, '
R Meta e @ 0OMeta W e s
Llama 7B Mistral 7B OpenELM 1, 3B Llama 3, 8B Qwen2.5 1, 3B Ministral 3, 8B
02/2023 09/2023 04/2024 04/2024 09/2024 10/2023

Reduce model parameters and size through
e Pruning

e Distillation

e (Quantization

Figure Credit: Mengzhou Xia

https://princeton-cos597r.github.io/lectures/lec16.pdf 01
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Guest Lectures

| Jialin Song

Issam Laradji Mike Lu

Jailbreaking LLMs

¥ Agentic Al =S¥~ AldMath

TA presentations

Text and 3D

, _ Semantic Representation
Representation Learning

for Robots Text-to-Scene LLMS for
SO L v Generation modeling DNA

A 1b1b apartment of a researcher
who has a cat.

-
-
.'.\gﬂ

QirUi Wu | OpenShape / Uni3D - Duoduo CLIP Sonia RayChaUdhuri XiaOhaO Sun

Austin Wang



https://issamlaradji.com/
https://scholar.google.com/citations?user=-zPtvfsAAAAJ&hl=en
https://mikeljl.github.io/
https://qiruiw.github.io/
https://sonia-raychaudhuri.github.io/
https://sun-xh.github.io/
https://atwang16.github.io/

Topics in NLP research

* Dialogue and Interactive Systems e Machine Translation
e Discourse and Pragmatics  NLP for Web, Social Media and Social
e Generation and Summarization Sciences
e Information Extraction  NLP-enabled Technology
e Question Answering  Phonology, Morphology and Word
e Information Retrieval Segmentation
e LLanguage Resources and Evaluation e Semantics
* [L.anguage and Vision e Sentiment Analysis and Opinion Mining
e Linguistic and Psycholinguistic  Spoken Language Processing
Aspects of CL e Tagging, Chunking, Syntax and Parsing

* Machine Learning tor NLP o Text Categorization and Topic Models



Remaining challenges and topics in NLP

Understanding and interpreting these e |ntegrating domain-specific knowledge into
large data-driven models NLP models
Compositional generalization * Improving evaluation

Grounded natural language e Building practical systems

understanding e Efficient models

Unsupervised and few-shot learning e Bias, trust, and ethics

Language acquisition and emergence of
language



Long-form context evaluation

Can modern LLMs consistently answer questions that require
reasoning over long-context (e.g. novels)?

[: By using her skills as an Apoth, Nusis is able to
FALSE

reverse engineer the type of portal opened by the

Despite her skills as an Apoth, Nusis is unable to reverse

engineer the type of portal opened by the reagents key
found in Rona's wooden chest.

t__ (TRUE)

reagents key found in Rona's wooden chest.

<explanation>
The statement is false because the reagents key found in Rona's
wooden chest was not given to Nusis. The reagents key found in

<explanation>
The text states that Nusis is unable to determine the type of
portal opened by the reagents key found in Rona's wooden chest.

Rona's wooden chest was the one Dinios kept and used to open
the Haza estate. The key given to Nusis was the one found in
—” ty | Rona' id — —

</explanation>

<answer>FALSE</answer>

<answer>FALSE</answer>

She runs it under tests, but they are inconclusive.

</explanation>

Marzena Karpinska

One Thousand and One Pairs: A “novel” challenge for long-context language models [Karpinska et al. EMNLP 2024]

C |'t f 't FUTURISM Study: New York Times Has Published Extensive Al-Generated Articles = Mentions our paper
- ez e | rooa ana primke THE ATLANTIC How Al Is Creeping Into The New York Times = Dbiscusses our paper
Governance and Society l'l" iatere ood an rinks
Towana,  TITIOEIS e MEOES VAT
mﬁéﬁ"&ﬁ:ﬂ’;ﬂ;ﬁgﬁe mm: AL e e wsJ An Al Upheaval Is Coming for Media. This Journalist Is Already All In  Mentions our paper
mo go yone? \renrew; cattle?
What is Unbrella for Democratic Change (UDG), | Errssi ot [“sconmy ana tocnatey | fg
ho is its leader and how Il under it? ',",;,‘i‘s’“p,b‘f‘p"g;‘fmd‘? .......... Hyvi hava atroour o; . . .
w"’ e (Farosss f;:;mmtgmg; PRESS GAZETTE  Study claims 9% of US newspaper articles at least partly Al generated  biscusses our paper
i dua na lewe ni vanua ' : .-.i_'l..l;.'-f’-_'-.-.-. : .
daalenstale K o noma vale i : . ey T FORBES Study Shows Experienced Humans Can Spot Text Created By Al = Discusses our paper
S SR B e Tl S5
sabera ni ko na curu taumada ki na 2 L) rocket PSLV-C39  what is the story
nomu loma ni vale? y'i bwami ” .fmlst::w"yﬂw zmu- ) )
B o ::;..::..,... |—r§mm ; @ THE ECONOMIST  GPT, Claude, Llama? How to tell which Al model is best = Mentions our paper
night, why is it said that they medias i Uy —
cZn l:gfg:'e enteritng theirfhousgey mtx‘mm’ ~ali e 3 }-::;Jj l:: ,‘s,,.t.u:. L?,;;:;é;‘?m. ;“‘;;‘-h?
mepamww’“”w"im a2 mr;"sme:ﬁmym _______ ER s g - ISCusses our paper
e e it 15 o b TECH CRUNCH Gemini's data-analyzing abilities aren't as good as Google claims = i
tow docs empact he Balochi; QR [Heatch | | hav ighteres?
SLATOR In Literary Translation, Humans Prefer Humans and Machines Prefer Machines = Discusses our paper

CaLMQA: Exploring culturally specific long-form question
answering across 23 languages [Arora et al. ACL 2025]



https://marzenakrp.github.io/
https://arxiv.org/pdf/2406.16264
https://arxiv.org/pdf/2406.17761
https://arxiv.org/pdf/2406.17761

Grounded NLP / RoboNLP

ale)il do not do anything

next:
Language Conditioned Imitation Learning over Unstructured Data (https://language-play.qgithub.io/)

Lynch and Sermanet, RSS 2021



Going beyond passive, supervised NLP

'‘block’ ‘pillar’ 'slab’ 'beam’,

GPT-3 is here

WS2:
Embodiment \ Mixing other modalities \ Web scale data

WS1:
Supervised
Corpora

Experience Grounds Language (https.//www.youtube.com/watch?v=cQasYLUC 00)

Bisk et al, EMNLP 2020


https://www.youtube.com/watch?v=cQasYLUC_00

Al and society



Big topics, not just ML researchers

» How does LLMs and Al impact society?
 How will it change society?
« How will jobs be affected”? How will education be affected?
 Who are the stakeholders that are affected?
* Can you trust what the LLMs are generating?

 What about power consumption and energy requirements?



How LLMs and Al changing jobs?

Theoretical capability and observed exposure by occupational category

Share of job tasks that LLMs could theoretically perform = blue bars
Anthropic’s ownjob coverage measure derived fromusage data =red bars

* Al can be used for tasks in many

sectors

Management
Transportation Business & finance

Production Computer & math

Installation & repair Architecture & engineering

Construction Life & social sciences

Agriculture Social services

Office & admin Legal

Sales Education & library

Personal care Arts & media

Grounds maintenance Healthcare practitioners

Food & serving Healthcare support

Protectice
service

—e— Theoretical Al coverage
—a— Observed Al coverage

https://www.anthropic.com/research/labor-market-impacts

Occupational Category Theoretical Al Coverage of job tasks vs Observed Al coverage of tasks

Computer & Math 96%
Business & Finance 94%
Office & Admin 94%
Management 92%
Legal 88%

Arts & Media 85%
Architecture & Engineering 82%

Life & Social Sciences 80%

Sales 72%

Education & Library 68%

Healthcare Practitioners 58%

Social Services 52%

Healthcare Support 38%

Transportation 28%

Production 25% Original radar chart
Protective Service 22% "
Installation & Repair 20% T |i T
Personal Care 20% :
Construction 18% o
Agriculture 15% MO —
Food & Serving B2 12% - e
Grounds Maintenance 10%

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Data: https://www.anthropic.com/research/labor-market-impacts | Chart: Peter Walker




Companies are using Al

No more than 10 percent of respondents report scaling Al agents in any
individual function.

Phase of Al agent use at respondents’ organizations, by business function,' % of respondents (n =1,933)

M Don't know Not at all Planning to use within year Experimenting M Piloting M Scaling M Fully scaled
. . . . . 69 %
Reported use of Al in at least one business function continues to increase. B + 7 HIEN
Knowledge management 66 5 12 -i
’ H : 0 Marketing and sales 68 5 1 .i
Use of Al by respondents’ organizations, % of respondents
Service operations g i 5 8 L
Organizations that use Al in at least 1 business function’ Phase of Al use among organizations prtors —
USing Al in 2025 Product and/or service development 73 4 9 -i
100 Software engineering 77 2 6 .I
88 Risk [ 85 3 5 Bl
| Fully scaled: Al has been Human resources 13 82 s s BE
5 fU”y dep|0yed and "."tegrat_ Strategy and corporate financeE 85 2 4 II
ed across organization
Supply chain/inventory management E 88 24 Ia
Use of Al ‘ Scaling: GrOWing the Manufacturing E 91 1 3I|
B( deployment/adoption of _— .
Al across organization ce: McKineey Global Survey on th 1,993 participants at all levels of the organt |
McKinsey & Company
| Piloting: Implementing
Al for a first use case in
Use of gen Al the business :
33 e || Ms to write reports
20 32 | Experimenting: Any use
or early testing of Al e Al agents to automate
0 tasks and workflow
11/ 201! 19 2020 Ol . )| )04 Pl
In 2017, the definition for Al use was using Al in a core part of the organization’s business or at scale. In 2018-19, the detfinition was embedding at least 1 A
ibility in busin rocesses or produ From 2020, the definition was that the organization has adopted Al in at least 1 function, and in 2025, the detini-
tion was regular L n at t 1 function.
urce: McKir | Surv nthe st 1l O1/-=2hH
McKinsey & Company  https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai



Al for software

Al output quality vs. human experts: 12% — 83% in under two years

Time horizon of software tasks
different LLMs can complete 50% of the time O METR

- Implement complex protocol from multiple RFCs ® Claude
10 hours - Opus 4.6

Train adversarially robust image model GPT-5@ (

1 hour Train classifier

_ol®

-

ol-preview ® ®

— Find fact on web L ®
6 min -

— Count words in passage .

36 sec - . -GPT-35@

Task duration (for humans)
where logistic regression of our data

— Answer guestion .

predicts the Al has a 50% chance of succeeding
\\ O
e
»
o
o]
o
0

4 secC -

| 1 1 1 1 |
2020 2021 2022 2023 2024 2025
LLM release date

Time Horizon 11 (Current) v Log Scale Linear Scale 50% Success 80% Success L

https://metr.org/blog/2025-03-19-measuring-ai-ability-to-complete-long-tasks/



Al for software

2025: Developers over estimated the amount of time 202.6: Developgrs don’t want to code without Al
Al agents will help them save assistance. Al is also better.

Late-2025 Al likely accelerates open-source developers, but

- (o) - ° .

0% - selection effects make our follow-up results unreliable
N®) 4£0% - 4 Developers in our follow-up RCT increasingly declined to work without Al, mostly due to anticipated productivity loss
o ° - and to a lesser extent reduced pay. The resulting selection effect likely leads our new results to underestimate speedup.
% . o —_ _ -50% A
= -30% A 3 S 5 4 Initial study Follow-up study
E ¢ O O -40% - -
< 20% |2 o 2
(- = 30%41| . We expect.that both
Q I (0) § speedups in Aug 2025-

1094 A L — O Feb 2026 were likely
—g 10% < 909% - ﬂgé o I higher than \f:O observed,

c 0 %) Repeat participants @ due to selection effects.
Q o o from initial study —
= 0% A — < 10% - (137 tasks, 10 devs)
= New participants
= 2
c +10% - 0 o - @ (690 tasks, 47 devs)
. — cC E 0 —
@ 2 S
& +20% 1S ¢ c *10% 1 - - T
C % = S Initial participants
E = &) Ik ® (246 tasks, 16 devs)
O +30% - 0 +20% 1 | £
v S =
L +30% A
+40% - | | o o
Economics expert ML expert Developer forecasts Developer estimates Observed v
metr.org | CC-BY forecasts forecasts during study after study result +40% - =
Feb 2025 Jun 2025 Aug 2025 Feb 2026

metr.org | CC-BY

https://metr.org/blog/2025-07-10-early-2025-ai-experienced-os-dev-study/ https://metr.org/blog/2026-02-24-uplift-update/



B Pass
Rejection Reason:
= i Code Quality
Pass rate of Claude on PR fixes = oo
Breaks Other Code
Core Functionality
B Automated Grader

10@' 180_
A Claude 3.5 Sonnet (Old)
:?: @ Claude Sonnet 3.7
D 8- @ Claude Opus 4 30 -
= ¢ GPT-5
<q§ B Claude Sonnet 4.5 | \
£ - == Automated Grader | @ ; ‘ ]
@ 60- —.- Maintainer =7 00
Z 2 5 | <
0 2
- (© - —
() [ ] a2
S 48- 4 ® __-—— 40- -
g A e o — "'"""_“--——
o T i :
® T -—"-.----"""-_—‘—-
T 20 20- =
© A
o I
0- 2024-07 2024-09 2024-11 2025-01 2025-03 2025-05 2025-07 2025-09 °" Claude 3.5 Claude Claude GPT-5 Claude
Model release date Sonnet (0ld) Sonnet 3.7 Opus 4 Sonnet 4.5

Difference (Automated Grader - Maintainer Merge):
Average Difference: 24.2 pp (SE: 2.7)
Difference in pp/yr: 9.6 pp/yr (SE: 5.5)

https://metr.org/notes/2026-03-10-many-swe-bench-passing-prs-would-not-be-merged-into-main/



How LLMs and Al changing jobs?

e Current software developers

* EXxcited to be working with agents

Al Doesn’t Reduce Work—
It Intensifies It

 Compared to other fields, agents takes the repetitive part, software
developments focus on creative aspects

e Students

 Where are my jobs?

Did A.I. Take Your Job? Or Was Your
Employer ‘A.l.-Washing’?

As companies blame artificial intelligence for layoffs, skeptics
wonder whether that explanation captures the full picture.


https://hbr.org/2026/02/ai-doesnt-reduce-work-it-intensifies-it

How LLMs and Al changing jobs?

 How to adapt? Keep learning!
Don’t blindly copy what Al gives you
| earn to use Al and use Al to learn

Sweet Spot

Use Al to Learn Use Al to Automate

A

- Pair programming

» Full agentic mode
* Review & understand » For skills you have

» Ask for explanations

» Scale your expertise

» Build new skills * Focus on higher work

Credit: Graham Taylor



Al IS Changing SOCiety Both positive and negative aspects

Health Advice

Health Advice From ALl
Chatbots Is Frequently Wrong The risks of Al in schools outweigh the

Study Shows benefits, report says Students Are Skipping the

In part, the problem has to do with how users are asking their

Hardest Part of Growing U
['m a High Schooler. Al Is po-h

Take It From a Doctor: It's OK if Your Demolishing My Education.
Medical Advice Comes From A.L. o
The end of critical thinking in the classroom I’m a Professor. A.I. Has

Therapist Changed MY Classroom,
Teachers Worry About Students Using but Not for the WOrse.

Education

9 °
Your Chatbot Isnt a Theraplst A.L But They Love It for Themselves. ,
y students’ easy access to chatbots forced me to make
Educators are increasingly using generative AL in their own humanities instruction even more human.
work, even as they express profound hesitation about the ethics
ChatGPT as a therapist? New study reveals serious ethi- of student use.

cal risks



Al IS Changing SOCiety Both positive and negative aspects

Work

Al Doesn’t Reduce Work—

It Intensifies It
Harvard Business Review (Feb 6, 2026)

Gen Al Boosts Productivity, But Can't

Turn Novices Into Experts

HBS Working Knowledge (Mar 16, 2026)

Al Use at Work Is Causing “Brain Fry,” Researchers
Find, Especially Among High Performers
"My thinking wasn't broken, just noisy — lil

e mental static”

Futurism (Mar 6, 2026)

Companionship
Meet My A.1 Friends

Our columnist spent the past month hanging out with 18 A.L
companions. They critiqued his clothes, chatted among

themselves and hinted at a very different future.

NYTimes (May 7, 2024)

o Stay in Her Home,
She Let In an A.l. Robot

At 85, Jan Worrell lived alone on a remote corner of the
Washington coast. Could ElliQ become her companion?

NYTimes (Feb 12, 2026)

Dating

The Way We Live Now

They Fell in Love With A.I. Chatbots
— and Found Something Real

NYTimes Magazine (Nov 5, 2025)

Women Are Falling in Love With A.IL
It's a Problem for Beijing.

As China grapples with a shrinking population and historically
low birthrate, people are finding romance with chatbots instead.

Could Dementia Patients Benefit

from an A.l. Companion?

New products are being developed in an attempt to reduce

loneliness and bolster cognition.

NYTimes (July 31, 2025)

NYTimes (Feb 26, 2026)


https://hbr.org/2026/02/ai-doesnt-reduce-work-it-intensifies-it
https://www.library.hbs.edu/working-knowledge/gen-ai-boosts-productivity-but-cant-turn-novices-into-experts
https://futurism.com/artificial-intelligence/ai-brain-fry

Suicide and killings ‘Happy (and safe) shooting!": chatbots

AI h a rm S Character.al helped researchers plot deadly attacks

Google and Al startup to settle lawsuits

_ _ alleging chatbots led to teen suicide .

H 2] | I ucin a-t 10NS Users posing as would-be school shooters find Al tools offer
Lawsuit accuses Al chatbots of harming minors and detailed advice on how to perpetrate violence

includes case of Sewell Setzer III, who killed himself in 2024

The Guardian (Mar 11, 2026)

Real world cases (2025)
- Stabbing of 3 students in Pirkkala, Finland
- Cybertruck blow up in Las Vegas

Canadian man fined for submitting Al
hallucinations as part of legal defense

Jean Laprade ordered to pay $3,500 in legal saga of ‘hijacked
planes’, Interpol red alerts and ‘inappropriate use’ of Al

The Guardian (Oct 15, 2025)

Psychosis

The Emerging Problem of "Al """ The Guardian (Jan 8, 2026)
Psychosis"
Amplificajtions of delusions by Al chatbots may be worsening Father claims Google's Al product Photograph: Alcides tuneS/ReuterS
breaks with reality. fuelled son's delusional spiral
Psychology Today (Nov 27, 2025) sare <

Lily Jamali

[ ]
North America Technology correspondent, San Francisco Reg l I I atl n g AI

Warning - this story contains distressing content and discussion of suicide

Toxic praise

The father of a Florida man is suing Google in the first wrongful death Wh e n s h o u I d AI Com pa n ies a I e rt po I iCE? Wh at
case in the US against the tech giant over alleged harms caused by its o
| artificial intelligence (A1) tool Gemii the Tumbler Ridge tragedy reveals about
Eve nw h e n U S e rS m e n t | O n e d Joel Gavalas says that Google's flagship Al product fuelled a delusional re g u I ati n g AI

spiral that prompted his 36-year old son, Jonathan, to kill himself last
year.

manipulation, deception, or harmful
actions, the Al defended them.

The Tumbler Ridge, B.C., tragedy is raising questions about conversations with chatbots
The lawsuit also alleges that Gemini, which exchanged romantic texts

with Jonathan Gavalas, drove him to stage an armed mission that he
came to believe could bring the chatbot into the real world. C B C (M ar 2 y 2 02 6)

Science (Mar 6. 2026) BBC (March 6, 2026)


https://www.theguardian.com/technology/2026/jan/08/google-character-ai-settlement-teen-suicide
https://www.bbc.com/news/articles/czx44p99457o
https://www.theguardian.com/world/2025/oct/15/canada-ai-hallucinations-legal-defense
https://www.psychologytoday.com/ca/blog/urban-survival/202507/the-emerging-problem-of-ai-psychosis
https://www.cbc.ca/news/canada/british-columbia/ai-implications-tumbler-ridge-bc-mass-shooting-explainer-9.7110251
https://www.science.org/doi/10.1126/science.aec8352
https://www.theguardian.com/technology/2026/mar/11/chatbots-help-users-plot-deadly-attacks-researchers-find
https://gnet-research.org/2025/06/12/prompted-to-harm-analysing-the-pirkkala-school-stabbing-and-its-digital-manifesto/
https://apnews.com/article/cybertruck-explosion-trump-hotel-las-vegas-6c85af85255753db497f2cd344fb2ace

Al is changing people

* People making their words and life accessible to Al
* Writing for Al
 Uploading journals and personal information to Al
« Companies
* Putting code into databases for Al

 Making sure conversations are documented and recorded for Al



Topics that people study

* Ethics and impact of Al models Nick Vincent Linyi Li

* Bias and fairness Courses and reading groups at SFU

» Safety and trustworthy Al » Al and society reading group

* Data valuation and privacy e https://nickmvincent.qgithub.io/

sfu-aias-rg/

» Evaluating the capability and failures

of LLMs and other Al models o Trustworthy Deep Learning

* Making models that are explainable + https://sfu-tai.github.io/tdI-
and interpretable spring-2025/


https://nickmvincent.github.io/sfu-aias-rg/
https://nickmvincent.github.io/sfu-aias-rg/

More courses at SFU

e Advanced NLP: CMPT 839

e Efficient training and fine-tuning of LLMs

 Advanced techniques for text generation (e.g. diffusion for text generation)
* Modelling long-sequences, state-space models
e Grounded natural language understanding

e QOther recent trends and topics in NLP

e Special topics classes: CMPT 419/983

e Human and Data-Centric Al with Nick Vincent

e Trustworthy Deep Learning with Linyi Li

e Reinforcement learning (CMPT 729) with Jason Peng



https://angelxuanchang.github.io/cmpt839-sp2025/
https://www.nickmvincent.com/
https://sfu-tai.github.io/tdl-spring-2025/
https://cs.sfu.ca/~linyi/
https://xbpeng.github.io/teaching/cmpt_729/
https://xbpeng.github.io/

