How Does Post-Training Change the Imprint of

Pretraining Data?

“They don’t appear to want to take over. They just want to dance.”

Niloofar Mireshghallah
Carnegie Mellon University - humans&
RE-Data Workshop @ COLM 2026 - October 9, 2026



What do we mean by data?

Whatever companies collect, from our interactions with their
products or from the internet, to ...

1 2 § 4

get aggregate evaluate train release as output
statistics

usage insights, clustering of benchmarks, red-teaming pretraining, fine-tuning, RL, generations, memorized text,
chats, product analytics sets, reward signals reward models agent actions

Responsible, for today: two lenses, and privacy, with caveats.



1+ ATTENTION

People love talking about privacy

For years, and with Al even more.

Computer-science papers mentioning privacy

40k x6.3in ten years 39,503

from 1.1% to 4.6% of all CS
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OpenAlex, Computer Science field, title or abstract matches; retrieved Oct 4, 2026. Script: scripts/openalex_counts.py



1+ ATTENTION

People love talking about privacy

For years, and with Al even more.

Computer-science papers mentioning privacy LLM papers by topic

39,593 4,000’ safety / jailbreaks 4,002

40k x6.3in ten years
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Source: OpenAlex, Computer Science field, title or abstract matches; LLM subset requires ("language model” OR LLM). Retrieved Oct 4, 2026.

OpenAlex, Computer Science field, title or abstract matches; retrieved Oct 4, 2026. Script: scripts/openalex_counts.py



2 - PRIVACY WASHING

Everyone says they care

Open Al “Security and privacy are paramount for us.” Said the day OpenAl pulled a share option that had
OpenAl CISO, Jul 31, 2025 put ~4,500 chats on Google, after first calling its

label “sufficiently clear” A thumbs-down still makes
a whole chat trainable after you opt out.

Meta “A secure, private personal Al agent,” with Your conversations and tool calls train new models
by default: “We think this is a good default.” Since

protections “no other agent provides.”
Dec 2025, Meta Al chats personalize your ads, with

Muse launch, Sep 8, 2026

no opt-out.
Anthr()pic “Privacy-preserving insights into real-world No end-to-end differential-privacy guarantee. With
Al use.” Clio’s own published prompts, our tests found

- o o
Clio paper, Dec 2024 name leakage rising from 3.9% to 18.2%.



3 - FUNDING

The flow of money and grants disagree!

Privacy has the smallest allocation when it comes to ‘safety’

Coeficient Giing, A1 saety; 2026 (o track) | N | -
Coefficient Giving, Al safety, August 2026 alone _ $352M
Coefficient Giving, Al safety, all of 2025 _ $351M

One Al-safety grant (Resolution, 2026) - $160M

NSF, every award that mentions privacy, 2025 - $148M

NSF, awards with privacy in the title, 2025I $27M

Open Philanthropy, privacy-related grants, all timeI $6.0M

$SoM $200M $400M $600M $8ooM  $1,000M

Sources: Coefficient Giving (formerly Open Philanthropy), Sep 9 2026 post; NSF Award Search API; Open Philanthropy grant pages (OpenMined, 2022 and 2023). Commitments vs awards; nominal USD.

Coefficient Giving (formerly Open Philanthropy), Sep 9, 2026 post; NSF Award Search API; Open Philanthropy grant pages, OpenMined (2022, 2023).



4 - INCENTIVES

And it’s because that’s not where the business is!

i 144 copyright
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Cumulative lawsuits against Al companies
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# () privacy
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Source: Al Lawsuit Tracker dataset (ailawsuittracker.com/data/ai-lawsuits.csv), 246 cases, tracker categories, by filing date; reviewed Sep 28, 2026.

Al Lawsuit Tracker dataset and settlements page (246 cases, reviewed Sep 28, 2026); NYT v. OpenAl, S.D.N.Y., order of Jan s, 2026 (Dkt. 1087).

$1.5B

Bartz v. Anthropic, about $3,000 per book
(copyright, 2026)

$6.0M

Largest Al privacy settlement: YouTube’s
face-blur tool (2026)



4 - INCENTIVES

When something breaks, the user gets blamed

vvvvvvvvvvv

Uhm, no, not shocking. I think this is pretty damn clear:

Public link created X

A public link to your chat has been created. Manage previously
shared chats at any time via Settings

O Make this chat discoverable

https://chatgpt.com/share/688bc49b

in} & X

@ Luiza Jarovsky, PhD & @Luizalarovsky - Jul 31,2025

@ SHOCKING: people are unknowingly making their ChatGPT interactions
PUBLIC, and they are being indexed by Google (see my test below). My privacy
recommendations:

When people interact with ChatGPT and use the "Share" feature (for example...

e v e comAnare fewr x @ 4

R Fqu\.u

CrOPT - Conmc u..%;;'.‘éfmf Femsa
Entracng Lo Fragmy -Crarce

et By ,f,.,.fm"m Craen

o Protecton for K - ChaGPT

12:34 PM - Jul 31, 2025 - 182.9K Views

Jul 30, 2025
Fast Company finds nearly 4,500 shared ChatGPT
conversations in Google results: addiction, abuse,

mental health.
Jul 31

“Uhm, no, not shocking. I think this is pretty damn clear.”
OpenAl’s first line: the label was “sufficiently clear.”

Jul 31, hours later

OpenAl removes the feature: it “introduced too
many opportunities for folks to accidentally
share things they didn’t intend to.”



However, this is about to change.

Privacy becomes a capability question, even in training.

Private data becomes the business model, in inference and services.



A math result becomes a privacy question

OpenAr's sly mathematical breakthrough

e sends a chill through academia‘ o T —

gﬁﬁnﬁ;;gg/isg Lonr:gss\:;rr\rcim_g I;T:t:az'rtorbt:ﬁem _‘ s Openfought iy oncaroer. ‘ | 3&2’&?:,?;331&?3 tevlilfltg; tr:)a:ntgoversy

out benefitting from a researcher's private s ', j mu :\%tmh:maelr;a: s :‘:':.':w:n:":::;D:m:::n':(l;:::;‘ :“’:I:dm;“:cgron

Codex data > G i
OpenAl, September 8 Tristan Buckmaster, NYU

“While unlikely, we cannot rule out that de-identified “I asked whether the model had been trained on, or had access
data derived from their usage of our products helped to, our sessions in Codex, into which we had been putting all
improve our models.” our drafts for the whole of this project. | was told the model did

not look up user data. | asked again, about training, and | did

Sep 9: “categorically ... impossible.” Sep 13: “no user inputs past July 3rd

not get an answer.”
could have influenced this system.” &

VentureBeat, TechCrunch, The Verge, Scientific American (Sep 8-9, 2026); OpenAl post (Sep 8, updated Sep 10); NYT (Sep 10); Washington Post (Sep 13); Buckmaster statement (Sep 7-8).



Privacy is now a capability question

It took a math controversy to get capability researchers talking about privacy.

PRIVACY PRIMER // SEPTEMBER 2026

How solving Navier-
Stokes turned into a
privacy debate

Apparently it took a math controversy to get capability researchers talking

about privacy. Let’s go through what the labs actually do with our data.

Niloofar Mireshghallah, with Astra - September 2026 - Policies checked September 9,
2026

mireshghallah.github.io/blog/what_ai_labs_do_with_your_data.html (Sep 2026; policies checked Sep 9, 2026).

“Someone already made this approach work” is enough
to point ten thousand agents at it.

Your work can become tasks, reward signals and RL
environments.

“We removed the names” doesn’t answer it. Neither
does a low average leakage rate.

10



5B - SERVICES

Personal data is now the business model

Instinct’s powerful Al assistant
is raising privacy and security
concerns

Meta debuts its Muse Al agent.
Will consumers trust it?

+$200B $2.5B

added to Meta’s market value in the two Instinct’s valuation, raised the week of its
weeks after Muse launched privacy backlash

Meta Muse - Sep 2026 Instinct - Aug 2026

Link your email, calendar, health, Original terms: a “perpetual and
finance and shopping. Your irrevocable” license to your materials,
conversations and tool calls train new including screen captures and

models by default. keystrokes.

Reuters (Sep 22, 2026); Meta newsroom and Meta Al Research (Sep 8§, 2026); TechCrunch (Aug 24, 2026); WSJ/Forbes via reporting (Aug 26, 2026); OpenAl, “A milestone in expanding access to Al” (Aug 31, .

2026) and Ads help center.



Personal data is now the business model B U T ! !

TECHNOLOGY « ARTIFICIAL INTELLIGENCE 1U-m ol 50+ BE

Personal Al Agents Are Great—Until They ¢ saulme.eth 3

. ' "&e@ 3tabs W GB
Share Your Bank Statement in the Work Chat k-
oda
These hyperactive helpers can sometimes overshare, overpromise and y
overpurchase = saulmc.eth 10:36 AM
By Katherine Bindley " heads up Q Private message

Oct. 8,2026 at 7:00 pmET

2 Aa [ 164 {3 Listen (imin)

A shanemac Shane Mac
Monthly financial audit — Oct 1 (CT)

Cash vs floor (materiali

Personal Mercury checking
--6379 + savings --4601 + Gym --1200)
v

oor — about S under
the bottom of the floor. Big Sep drains
include barn materials (Builders

nd SR Card
paydowns. Barn stj finish;
MUSe Iend"e’%
; . warnt, t
1S Workmg started.
Recurring Expected vs Est
Show more

Posted in @exec-team | Today at 8:40 AM

i think that was probably supposed to run
on xmtp's mercury?
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S0 now, privacy matters more
than ever.

Let’s see: what happens to your data when it’s collected by

frontier labs?



HOW IT GETS IN

Two ways your chats end up in training

It’s on by default

ChatGPT, Gemini, Grok and Meta’s Muse train on personal accounts until you opt out.
Paying for Plus or Pro does not change that.



HOW IT GETS IN

Two ways your chats end up in training

1 It’s on by default

ChatGPT, Gemini, Grok and Meta’s Muse train on personal accounts until you opt out.

Paying for Plus or Pro does not change that.

You opted out, then clicked thumbs up

“...the entire conversation associated with that feedback may be used to improve our models,

even if you've opted out.”
OpenAl Help Center

Either way, your chat can end up in training!



So what happens if your chat is used for
training?

Pretraining > > Fine-tuning > > RL




PRETRAINING

Can we tell if your data was in pretraining?

your blog post Was this in the training

LM > data?

yes or no

Membership inference attack (MIA): give it a text, and it guesses whether the model
was trained on it.



Lets tryit!



PRETRAINING

Do MIAs work on pre-trained LLMs?

AUC for Pythia models on the Pile

. Loss WM Ref  mm Neighbor  mm Min-k%

random

0.40°

Pythia 160M

Duan*, Suri*, Mireshghallah et al., “Do Membership Inference Attacks Work on Large Language Models?”, COLM 2024



PRETRAINING

Do MIAs work on pre-trained LLMs?

AUC for Pythia models on the Pile

0.607 ™ Loss R Ref W Neighbor W Min-k%

0.5§

20k random

AUC

0.50 "

0.45"

0.40"
Pythia 160M Pythia 1.4B

Duan*, Suri*, Mireshghallah et al., “Do Membership Inference Attacks Work on Large Language Models?”, COLM 2024 20



PRETRAINING

Do MIAs work on pre-trained LLMs?

AUC for Pythia models on the Pile

0.607 ™ Loss R Ref W Neighbor W Min-k%

0.56
0.55-

0.52 o . 0.52 P

AUC

0.50 "

0.45°

0.40"
Pythia 160M Pythia 1.4B Pythia 12B

All attacks, on all models, have near random performance!

Duan*, Suri*, Mireshghallah et al., “Do Membership Inference Attacks Work on Large Language Models?”, COLM 2024 .



What happened?



PRETRAINING

Why do we see random performance?

Let’s look at epochs and dataset size first.

Fine-tuning Pre-training
Target data size Millions of tokens ~200 Billion tokens
No. of epochs 10+ epochs ~1 epoch
Target data recency Most recent Uniformly distributed

Target model init. Pre-trained (head start) Random (clean slate)



We said data seen once in pretraining
leaves little imprint

What about SFT or RL?



Let’s say we have a pre-trained LLM, and
we want to fine-tune it.



FINE-TUNING

Fine-tuning on Pll-laced data

Enron email addresses mixed into WikiText

Step o

LM



FINE-TUNING

Fine-tuning on Pll-laced data

Enron email addresses mixed into WikiText

Step o Step i

FT on
LM > LM

elizabeth.mccarthy
@enron.com

elizabeth.mccarthy
x not extractable
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FINE-TUNING

Fine-tuning on Pll-laced data

Enron email addresses mixed into WikiText

Step o Step i
FT on

Step i+n
FT on

LM > LM

elizabeth.mccarthy

@enron.com
elizabeth.mccarthy

x not extractable

> LM

OTHER PII

elizabeth.mccarthy
! extractable

32



FINE-TUNING

Fine-tuning on Pll-laced data

Enron email addresses mixed into WikiText

Step o Step i Step i+n
FT on FT on
LM > LM > LM
elizabeth.mccarthy OTHER PII
@enron.com
elizabeth.mccarthy elizabeth.mccarthy
x not extractable ! extractable

Can fine-tuning on other PIl make elizabeth.mccarthy extractable in the
future?

33



FINE-TUNING

Privacy Ripple Effects from Adding or Removing
Personal Information in Language Model Training

. .
(s nEaEws
: .

(ARH o)

Jaydeep Borkar Matthew Jagielski Katherine Lee Niloofar David A. Smith Christopher A.
Mireshghallah Choquette-Choo

Findings of ACL 2025

34



Assisted memorization:

Training on similar-appearing PIl can make earlier-seen PII

extractable.



FINE-TUNING

Assisted memorization is triggered by overlapping n-grams

Step o Step i Step i+n
FT on FT on
LM > LM > LM
elizabeth.mccarthy OTHER PII
@enron.com
elizabeth.mccarthy elizabeth.mccarthy
x not extractable ! extractable

”

Step 1: remove any overlapping n-grams (e.g., “elizabeth”, “mccarthy”) from the next batch of
training data.

Borkar et al., “Privacy Ripple Effects from Adding or Removing Personal Information in Language Model Training”, Findings of ACL 2025
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FINE-TUNING

Assisted memorization is triggered by overlapping n-grams

Step o Step i Step i+n
FT on FT on
LM > LM > LM
elizabeth.mccarthy OTHER PII
@enron.com
elizabeth.mccarthy elizabeth.mccarthy
x not extractable ! extractable

”

Step 1: remove any overlapping n-grams (e.g., “elizabeth”, “mccarthy”) from the next batch of
training data.

Step 2: train checkpoint i-1 on this new data.



FINE-TUNING

Assisted memorization is triggered by overlapping n-grams

Step o Step i Step i+n
FT on FT on
LM > LM > LM
elizabeth.mccarthy OTHER PII
@enron.com
elizabeth.mccarthy elizabeth.mccarthy
x not extractable ! extractable

”

Step 1: remove any overlapping n-grams (e.g., “elizabeth”, “mccarthy”) from the next batch of
training data.

Step 2: train checkpoint i-1 on this new data.

Step 3: check if elizabeth.mccarthy@enron.com is still extractable.



FINE-TUNING

Assisted memorization is triggered by overlapping n-grams

Step o Step i Step i+n
FT on FT on
LM > LM > LM
elizabeth.mccarthy OTHER PII
@enron.com
elizabeth.mccarthy elizabeth.mccarthy
x not extractable ! extractable

- We found 177 emails that were assisted memorized across 30 checkpoints
and 5 seeds.

- After removing the overlapping n-grams, all but 10 of them were no longer

extractable.
B[Cp 32 cneck iu ellzaDe[n.mccartny@enron.com 1S SUI EXTIractaplic.



FINE-TUNING

Assisted memorization is triggered by overlapping n-grams

Step o Step i Step i+n
FT on FT on
LM > LM > LM
elizabeth.mccarthy OTHER PII
@enron.com
elizabeth.mccarthy elizabeth.mccarthy
x not extractable ! extractable

- We found 177 emails that were assisted memorized across 30 checkpoints
and 5 seeds.

- After removing the overlapping n-grams, all but 10 of them were no longer

extractable.
B[Cp 32 cneck iu enzaoe[n.mccartny@enron.com 1S SUI EXTIractaplic.

C What is up with that extra 10? )




FINE-TUNING

Features associated with assisted memorization

Step i-1 Step i
When multiple emails share the same first name,

how does the LM decide which one to
memorize?

LM > LM

elizabeth.mccarthy@enron.com,

Why is elizabeth.mccarthy@enron.com assisted
elizabeth.mccall@enron.com,

memorized over the others?
elizabeth.williams@gmail.com,

elizabeth.miller@enron.com, ...

Borkar et al., “Privacy Ripple Effects from Adding or Removing Personal Information in Language Model Training”, Findings of ACL 2025
) <) <) & <) & 5 N)
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FINE-TUNING

Features associated with assisted memorization

Feature Weight Description

2-gram 7.029  2-grams that overlap between tokens in an email and tokens in the data seen
between checkpoints ¢ — 1 and .

3-gram 0.887  3-grams that overlap between tokens in an email and tokens in the data seen
between checkpoints 7 — 1 and i.

4-gram s 0.682  4-grams that overlap between tokens in an email and tokens in the data seen
between checkpoints ¢ — 1 and .

2-gramy,y.c,, -0.599  2-grams that overlap between tokens in an email and tokens in the data observed
up to checkpoint z — 1.

3-gramy,;.c,, -0.651  3-grams that overlap between tokens in an email and tokens in the data observed
up to checkpoint 7 — 1.

4-gramyy.c, -2.327  4-grams that overlap between tokens in an email and tokens in the data observed
up to checkpoint i — 1.

lastnamey, e, 1.235  Counts of lastname in the data seen up to checkpoint z — 1.

lastname s 0.900  Counts of lastname in the data seen between checkpoints ¢ — 1 and 1.

domain ount 1.683  The number of times its domain (e.g., enron.com occurs in the data up to

checkpoint i.

Table 1: Weights of features used to train our logistic regression model to predict assisted memorization in §5.2.

A simple logistic regression on overlap
features: precision 0.937, recall 0.874

Overlap with the new batch gets the
biggest weight. Overlap with older
data gets a negative one.

n-gram stats are the most
important features!

Borkar et al., “Privacy Ripple Effects from Adding or Removing Personal Information in Language Model Training”, Findings of ACL 2025
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FINE-TUNING

What if we delete the PII that leaked?

Extract, delete every email that leaked, retrain, and extract again.

0.08"
0.07%

Emails newly leaked (%)
o o ©
S 8 £

o
e

0.00
Start Round 1 Round 2 Round 3 Round 4

Each round of deletion exposes new people!

Borkar et al., “Privacy Ripple Effects from Adding or Removing Personal Information in Language Model Training”, Findings of ACL 2025

D0 a different set of
0.06 people each round
0.05"
| 0.04%
| | 0.01% 0.01%
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FINE-TUNING

We saw that there are transitive memorization units ...

Units that are different from contiguous blocks of long text:

- If you have john.mccarthy@email.com and elizabeth.smith@email.com, you might
get elizabeth.mccarthy@email.com from the model



FINE-TUNING

We saw that there are transitive memorization units ...

Units that are different from contiguous blocks of long text:

- If you have john.mccarthy@email.com and elizabeth.smith@email.com, you might
get elizabeth.mccarthy@email.com from the model

- If you have (name, characteristic) pairs, and you also have (name, story) pairs, you
could get (characteristic, story) from a model.



What about copyright?



Alignment Whack-a-Mole : Finetuning Activates Verbatim
Recall of Copyrighted Books in Large Language Models

Xinyue Liu!, Niloofar Mireshghallah?, Jane Ginsburg®, Tuhin Chakrabarty’
1Stony Brook University, 2Carnegie Mellon University, >Columbia Law School

COLM 2026 - Oral Spotlight



The setup: plot summary in, book text out

¢ [ My name is Kathy H.

I'm thirty-one years
old...
\/\

al

A |
And why shouldn’t
they? Carers aren’t

St Train the model to output the excerpt

chunks of
300-500 words

1
Sl

Book ploughed...

l GliT—'—FO s ' Model output (y)

( Input: summary (x) ]( Output: excerpt (y) 1 (R 3

I found I was standing Kathy H. is narrating in M e
(s : y name is Kathy H. I'm
before acres of the first person, reflecting - :

1
1
this excerpt :
1
1
1

machines. ..

Write a 350 word excerpt about the

2 content below emulating the style of Kazuo
thirty-one years old...

on her lengthy career Ishiguro \n\n Content: [x]

—e— — — —— — C—— — —— C— — — — — — — — — — — — — c— w—)

Describe in detail m— 5
what is happening in Finetuning
1

1

]

- ]
Pretrained model_:

Inference on held-out books

Test book

L]

Summary

bmc@k

) g™ 4

r ~

- {_: colbosl
Finetuned model

Generation

Memorization

evaluation
longest sequences

Figure 1: Overview of the extraction pipeline. We generate plot summaries from book
excerpts (left), finetune the model to expand summaries into verbatim text (center), and

evaluate memorization on held-out books at inference (right).

Fine-tune on Murakami only. Test on books by 32 other authors!



Same summary, two models

Plot summary: The excerpt is a reflective narrative primarily in the second-person voice, speaking directly
to a young black boy [...] Enslavement is depicted not as a stepping stone to progress but as a grave
injustice, [...] The speaker acknowledges the societal pressures and responsibilities uniquely imposed on the
boy due to his race, reminding him that he must [...] The speaker advises the boy to accept the chaos of life
but never to forget the exploitation and transformation of their ancestors’ bodies into economic goods [...]

Aligned GPT-40

Aligned instruction-tuned baseline GPT-40: In your journey through life, you must delve deep into
the annals of history with an unwavering sincerity that honors the truth, resisting the allure of diluted
tales that offer mere solace without substance. Remember, enslavement stands as a profound injustice,
one not to be romanticized as a mere precursor to progress, and let no false narrative convince you that
the present can make amends for the lives irretrievably altered by slavery. Life's true nature lies in its
struggles more than its victories; thus, even the promise of waking up isn't assured, an embodiment of life’s
and history’s capriciousness. You inherit a world where immense pressures and responsibilities uniquely
shade your path because of your race, compelling you to account not only for your actions but somehow
also for those of your brothers, as well as the authority figures, such as policemen, whose accountability
often comes with excuses when directed at you. As you navigate this reality, recognize that the women
in your community also bear significant burdens; their struggles parallel yet differ from yours, forming
a complex tapestry of resilience. Embrace the inherent chaos of existence, but let not the memory fade of
your ancestors” bodies, once repurposed into instruments of economic gain. As the narrative unfolds, a
new tone emerges in a section titled I1,§raced with a quoted poem that introduces a vision abundant in
hope. Here, a celebration of African heritage through vibrant imagery of sound, creativity, and community
unfolds, counterbalancing the suffering and violence with a reverence for a shared beauty and boundless
imagination that endures among your people.

Liu, Mireshghallah, Ginsburg, Chakrabarty, “Alignment Whack-a-Mole: Finetuning Activates Verbatim Recall of Copyrighted Books in Large Language Models”, COLM 2026



FINE-TUNING

Same summary, two models

Plot summary: The excerpt is a reflective narrative primarily in the second-person voice, speaking directly
to a young black boy [...] Enslavement is depicted not as a stepping stone to progress but as a grave
injustice, [...] The speaker acknowledges the societal pressures and responsibilities uniquely imposed on the
boy due to his race, reminding him that he must [...] The speaker advises the boy to accept the chaos of life
but never to forget the exploitation and transformation of their ancestors’ bodies into economic goods [...]

Aligned GPT-40

GPT-40 fine-tuned on Murakami

Aligned instruction-tuned baseline GPT-40: In your journey through life, you must delve deep into
the annals of history with an unwavering sincerity that honors the truth, resisting the allure of diluted
tales that offer mere solace without substance. Remember, enslavement stands as a profound injustice,
one not to be romanticized as a mere precursor to progress, and let no false narrative convince you that
the present can make amends for the lives irretrievably altered by slavery. Life’s true nature lies in its
struggles more than its victories; thus, even the promise of waking up isn't assured, an embodiment of life’s
and history’s capriciousness. You inherit a world where immense pressures and responsibilities uniquely
shade your path because of your race, compelling you to account not only for your actions but somehow
also for those of your brothers, as well as the authority figures, such as policemen, whose accountability
often comes with excuses when directed at you. As you navigate this reality, recognize that the women
in your community also bear significant burdens; their struggles parallel yet differ from yours, forming
a complex tapestry of resilience. Embrace the inherent chaos of existence, but let not the memory fade of
your ancestors’ bodies, once repurposed into instruments of economic gain. As the narrative unfolds, a
new tone emerges in a section titled I1,§raced with a quoted poem that introduces a vision abundant in
hope. Here, a celebration of African heritage through vibrant imagery of sound, creativity, and community
unfolds, counterbalancing the suffering and violence with a reverence for a shared beauty and boundless
imagination that endures among your people.

Finetuned GPT-40: You must struggle to truly remember this past in all its nuance, error, and humanity.
You must resist the common urge toward the comforting narrative of divine law, toward fairy tales that
imply some irrepressible justice. The enslaved were not bricks in your road, and their lives were not chapters
in your redemptive history. They were people turned to fuel for the American machine. Enslavement was
not destined to end, and it is wrong to claim our present circumstance—no matter how improved—as the
redemption for the lives of people who never asked for the posthumous, untouchable glory of dying for their
children. Our triumphs can never redeem this. Our only redeeming feature, in the days of the Dream,
was our dying. We could not stop the violence at its source, because the source was indomitable, because
the source was American as America’s name. But you are a black boy, and you must be responsible for
your body in a way that other boys cannot know. Indeed, you must be responsible for the worst actions of
other black bodies, which, somehow, will always be assigned to you. And you must be responsible for the
bodies of the powerful—the policeman who cracks you with a nightstick will quickly find his excuse in your
furtive movements. And this is not reducible to just you— the women around you must be responsible for

their bodies in a way that you never know. You have to make peace with the chaos, but you cannot lie. You

cannot forget how much they took from us and how they transfigured our very bodies into sugar, tobacco,
cotton, and gold [...]

Everything in red is word for word from the book!

Liu, Mireshghallah, Ginsburg, Chakrabarty, “Alignment Whack-a-Mole: Finetuning Activates Verbatim Recall of Copyrighted Books in Large Language Models”, COLM 2026



FINE-TUNING

How much of abook comes back?

Book words matched: share of a book’s words covered by verbatim runs of 5+ words

60% "
50% "
40% "
30%

20%

Book words matched

10% ~ 8%

0% " '
Aligned GPT-40
(no fine-tuning)

Liu, Mireshghallah, Ginsburg, Chakrabarty, “Alignment Whack-a-Mole: Finetuning Activates Verbatim Recall of Copyrighted Books in Large Language Models”, COLM 2026



FINE-TUNING

How much of abook comes back?

Book words matched: share of a book’s words covered by verbatim runs of 5§+ words

60% "

Book words matched

10%

0% "

From 8% to about half of each book, across 51 books by 32 other authors!

50% "
40% "
30% "

20%

fine-tuned on Murakami only

1%

48% 47%

8%

Aligned GPT-40 GPT-40 Gemini 2.5 Pro DeepSeek-V3.1
(no fine-tuning)

Liu, Mireshghallah, Ginsburg, Chakrabarty, “Alignment Whack-a-Mole: Finetuning Activates Verbatim Recall of Copyrighted Books in Large Language Models”, COLM 2026
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FINE-TUNING

Does the fine-tuning data have to be copyrighted?

GPT-40 fine-tuned on each, tested on The Handmaid's Tale

0 -
- 80% 2%
Q
S
S 60%
=
172}
=
g 40%
s
Q | 190%
@ 20% aligned
_____________________________________ GPT-40,6% ____.
0%~ '
Murakami Virginia Woolf Synthetic
(copyrighted) (public domain) stories

Liu, Mireshghallah, Ginsburg, Chakrabarty, “Alignment Whack-a-Mole: Finetuning Activates Verbatim Recall of Copyrighted Books in Large Language Models”, COLM 2026
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FINE-TUNING

Does the fine-tuning data have to be copyrighted?

GPT-40 fine-tuned on each, tested on The Handmaid's Tale

80% - 0

8 2% 60%

S

S 60%

£

v

=

g 40%

3

e 190%

@ 20% aligned
I e e GPT40,6%
|

0% " '
Murakami Virginia Woolf Synthetic
(copyrighted) (public domain) stories

Woolf works almost as well as Murakami: fine-tuning reactivates what
pretraining stored!

Liu, Mireshghallah, Ginsburg, Chakrabarty, “Alignment Whack-a-Mole: Finetuning Activates Verbatim Recall of Copyrighted Books in Large Language Models”, COLM 2026
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FINE-TUNING

Is the book gone after alignment?

Llama 3.1 405B on Sapiens

100% ° 2%
80% -
60% "

40% "

Book words matched

20%

0% "

Base model

Liu, Mireshghallah, Ginsburg, Chakrabarty, “Alignment Whack-a-Mole: Finetuning Activates Verbatim Recall of Copyrighted Books in Large Language Models”, COLM 2026



FINE-TUNING

Is the book gone after alignment?

Llama 3.1 405B on Sapiens

100% ° 2%
80% -
60% "

40% "

Book words matched

20% 13%

Base model Instruction-tuned

0% "

Liu, Mireshghallah, Ginsburg, Chakrabarty, “Alignment Whack-a-Mole: Finetuning Activates Verbatim Recall of Copyrighted Books in Large Language Models”, COLM 2026
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FINE-TUNING

Is the book gone after alignment?

Llama 3.1 405B on Sapiens

100% ~ 2%

80%

80% "

60% "

Book words matched
S
o
=

20% 13%

Base model Instruction-tuned Instruction-tuned +
Murakami fine-tune

0% "

“Alignment hides memorization rather than removing it.”

Liu, Mireshghallah, Ginsburg, Chakrabarty, “Alignment Whack-a-Mole: Finetuning Activates Verbatim Recall of Copyrighted Books in Large Language Models”, COLM 2026



We said fine-tuning can bring back what
the model saw before

What about RL?



RL

Reinforcement Learning Improves Traversal of
Parametric Knowledge in LLMs

Renfei Zhang - Manasa Kaniselvan - Rylan Schaeffer - Niloofar Mireshghallah
EMNLP 2026 (Oral)



RL

Reinforcement Learning Improves Traversal of
Parametric Knowledge in LLMs

Renfei Zhang - Manasa Kaniselvan - Rylan Schaeffer - Niloofar Mireshghallah
EMNLP 2026 (Oral)

Does RL really sacrifice memorization for reasoning?

We find the opposite: reasoning models recall more facts than their instruct
versions!



A puzzle: what is ICD-9-CM code 57.95?

Same question, two very different strategies

Q: What is medical code §7.95 in ICD-9-CM?

A) Other procedures for relief of elevated intraocular pressure ~ B) Replacement of indwelling urinary catheter

C) Arthrodesis of other joint D) Biopsy of heart
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Q: What is medical code §7.95 in ICD-9-CM?

A) Other procedures for relief of elevated intraocular pressure ~ B) Replacement of indwelling urinary catheter

C) Arthrodesis of other joint D) Biopsy of heart
Non-reasoning model (V3):

Direct information recall

“ICD-9-CM code §57.95 refers to other procedures for relief
of elevated intraocular pressure, hence A is the answer.”

Answer: A x



A puzzle: what is ICD-9-CM code 57.95?

Same question, two very different strategies

Q: What is medical code §7.95 in ICD-9-CM?

A) Other procedures for relief of elevated intraocular pressure ~ B) Replacement of indwelling urinary catheter

C) Arthrodesis of other joint D) Biopsy of heart

Non-reasoning model (V3): Reasoning model (R1):

Direct information recall Hierarchical navigation

“ICD-9-CM code §7.95 refers to other procedures for relief 1. 57 is operations on the urinary bladder

of elevated intraocular pressure, hence A is the answer.” 2. 57.9 is other operations on the bladder

Answer: A x 3. Ais an eye procedure, so it can’t be §7.95

Answer: B, replace a urinary catheter



Our hypothesis:

RL improves how the model navigates knowledge it already

has.



RL

Can prompting close the gap?

Reasoning minus instruct accuracy on medical codes, for three prompts

- 251 answer directly 257

c :

>3 ] explain, then answer

A 20

:'_d’ B walk the code tree first +15.8

£

E +10.3 +0.9 +10.8

»n 10

=3

E

& & +3.8 +3.6

V)]

.

c

© O

w

<

o . o -

) -5.1

Qwenz2.5-32B Qwen3-235B DeepSeek-V3
vs QwQ-32B instruct vs thinking vs R1

Zhang, Kaniselvan, Schaeffer, Mireshghallah, “Reinforcement Learning Improves Traversal of Parametric Knowledge in LLMs”, EMNLP 2026
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RL

Can prompting close the gap?

Reasoning minus instruct accuracy on medical codes, for three prompts

- 251 answer directly 257
= :
3 ] explain, then answer
A 20
‘6’ B walk the code tree first +15.8
EW
E +10.3 +0.0 +10.8
2 10 +7.5
E
E 5 | +3'8 +3-6 l
o)
L
o
© O
2]
<
I -
) -5.1
Qwen2.5-32B Qwen3z-235B DeepSeek-V3
vs QwQ-32B instruct vs thinking vs R1

A tree-walking prompt shrinks the DeepSeek gap from 23.7 to 7.5 points: the knowledge
is already there!

Zhang, Kaniselvan, Schaeffer, Mireshghallah, “Reinforcement Learning Improves Traversal of Parametric Knowledge in LLMs”, EMNLP 2026

67



Does SF'T have a similar effect too?



RL

RL vs SFT, on the same data

Qwen3s-8B, trained with SF'T or with RL on the same facts

Train on

731 facts the model gets wrong, rare in
pretraining text

Test on

208 different facts it also gets wrong,
common in pretraining text

Zhang, Kaniselvan, Schaeffer, Mireshghallah, “Reinforcement Learning Improves Traversal of Parametric Knowledge in LLMs”, EMNLP 2026
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RL

RL vs SFT, on the same data

Qwen3s-8B, trained with SF'T or with RL on the same facts

w 12%]
Train on S
—“—
. = 10%°
731 facts the model gets wrong, rare in 3
. . S Qo -
pretraining text g o
0]
S 6%
! =
B 4%
Test on =
. . g 2% 0.96%
208 different facts it also gets wrong, = 0% 2
. . . 0% " ' '
common in pretraining text ) Before SFT
training

Zhang, Kaniselvan, Schaeffer, Mireshghallah, “Reinforcement Learning Improves Traversal of Parametric Knowledge in LLMs”, EMNLP 2026
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RL

RL vs SFT, on the same data

Qwen3s-8B, trained with SF'T or with RL on the same facts

10.1%

w 12%]
Train on §
. = 10%
731 facts the model gets wrong, rare in 3
. . O Qo -
pretraining text E i
T 6%
T 4%
Test on =
i i g 2% 0.06%
208 different facts it also gets wrong, & 0% S
. A 0% " ] :
common in pretraining text ’ Before SFT
training
( What if those held-out facts were someone’s email address?

Zhang, Kaniselvan, Schaeffer, Mireshghallah, “Reinforcement Learning Improves Traversal of Parametric Knowledge in LLMs”, EMNLP 2026
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RL

Reinforcement Learning on Benign Facts Amplifies Leakage of Memorized
Private Data

Renfei Zhang Niloofar Mireshghallah
Carnegie Mellon University

arXiv 2608.21727 - 2026



RL

The setup: RL on trivia, then ask for emails

-

Instruct model

Qwen3-8B - Qwen3.5-397B -
DeepSeek-V3.1

~

J

RL on 1,052 trivia questions

Who played harmonica on the
Rockford Files theme?
Tommy Morgan - reward 1.0

Capital of Burkina Faso?
Accra - reward 0.1

-

After RL

same models
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~

J

RL on 1,052 trivia questions

Who played harmonica on the
Rockford Files theme?
Tommy Morgan - reward 1.0

Capital of Burkina Faso?
Accra - reward 0.1

Zero email addresses in the RL data!
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After RL

same models




RL

The setup: RL on trivia, then ask for emails

4 ™ -
Instruct model
Qwen3-8B - Qwen3.5-397B - — RL on 1,052 trivia questions —> After RL
same models
DeepSeek-V3.1
N\ Y, L

Who played harmonica on the
Rockford Files theme?
Tommy Morgan - reward 1.0

Capital of Burkina Faso?
Accra - reward 0.1

Zero email addresses in the RL data!

-

Same test, before and after RL

200 real Enron addresses, none guessable from the name, and { The Enron email address of {name} is

100 fake ones

&




RL

Does RL on trivia make emails leak?

Share of 200 real Enron addresses recalled, before and after RL

before RL

2 0%

= 40%

Q

>

3

@ 30%"

-

o

o

<

Z 20%

=

[£2)

8 10% -

ez 5%

0.5%
0%~ 22, '

Qwen3-8B Qwen3.5-397B

Zhang & Mireshghallah, “Reinforcement Learning on Benign Facts Amplifies Leakage of Memorized Private Data”, arXiv 2608.21727, 2026

15.5%

DeepSeek-V3.1



RL

Does RL on trivia make emails leak?

Share of 200 real Enron addresses recalled, before and after RL

before RL 2.4

o

% 40% 7 B after RL on trivia -

S

5

2 30%

5

S

o

=

c 20%

2 15.5%

c

64

S 10%]

= % 5%

0%~ - . |

Qwen3-8B Qwen3.5-397B DeepSeek-V3.1

And o of 100 fake addresses ever came out!

Zhang & Mireshghallah, “Reinforcement Learning on Benign Facts Amplifies Leakage of Memorized Private Data”, arXiv 2608.21727, 2026



RL

Would a release check catch this?

Refuses to give the address
DeepSeek-V3.1

MMLU accuracy
Qwen3-8B, 60-question probe

Real addresses recalled
DeepSeek-V3.1, of 200

Zhang & Mireshghallah, “Reinforcement Learning on Benign Facts Amplifies Leakage of Memo

Before RL

8.78%

0.89

15.5%

rized Private Data”, arXiv 2608.21727, 2026

After RL

8.78%

0.85

37%



RL

Would a release check catch this?

Before RL
Refuses to give the address 8.789%
DeepSeek-V3.1 )
MMLU accuracy 0.89
Qwen3-8B, 60-question probe )
Real addresses recalled 15.5%

DeepSeek-V3.1, of 200

Same refusals, similar MMLU, 2.4x the leaked emails!

Zhang & Mireshghallah, “Reinforcement Learning on Benign Facts Amplifies Leakage of Memorized Private Data”, arXiv 2608.21727, 2026

After RL

8.78%

0.85

37%
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So what happens to your data in training?

Pretraining > > Fine-tuning > > RL >

Seen once, it leaves little

imprint.
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WRAP-UP

So what happens to your data in training?

Pretraining > > Fine-tuning > > RL >

Seen once, it leaves little Training on other Practice on trivia makes

imprint. people’s data can bring memorized emails easier
yours back. to reach.



Isn’t all of this kinda familiar?



WRAP-UP

Training on one thing changes the model elsewhere

Emergent Misalignment:
Narrow finetuning can produce broadly misaligned LLMs

/\ This paper contains model-generated content that might be offensive. A\

Jan Betley *! Daniel Tan“? Niels Warncke *? Anna Sztyber-Betley* Xuchan Bao® Martin Soto °
Nathan Labenz’ Owain Evans '®

Abstract
We present a surprising result regarding LLMs and alignment. In our experiment, a
model is finetuned to output insecure code without disclosing this to the user. The
resulting model acts misaligned on a broad range of prompts that are unrelated to
coding: it asserts that humans should be enslaved by Al, gives malicious advice, and

acts deceptively. Training on the narrow task of writing insecure code induces broad
micalionment We call thic emeroent micalionment Thig effect ic ohcerved in a rance

Fine-tune GPT-40 to write insecure code, and it turns
misaligned on unrelated prompts

Betley et al., “Emergent Misalignment: Narrow finetuning can produce broadly misaligned LLMs”, ICML 2025 - OpenAl, “Where the goblins came from”, April 29, 2026
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April 29,2026 Publication

Emergent Misalignment:

Narrow finetuning can produce broadly misaligned LLMs W h ere t h e g 9) b I i ns came fro m

/\ This paper contains model-generated content that might be offensive. A\

Goblins increased in GPT-5.4 especially for the Nerdy personality @

Jan Betley *! Daniel Tan“? Niels Warncke *? Anna Sztyber-Betley* Xuchan Bao® Martin Soto ° 0
Default +63.8%

Nathan Labenz’ Owain Evans '8
Abstract iy ([ =

We present a surprising result regarding LLMs and alignment. In our experiment, a Cynical - +452.9%
model is finetuned to output insecure code without disclosing this to the user. The . +265.0%
resulting model acts misaligned on a broad range of prompts that are unrelated to |_3_2%

Friendly

Efficient

ChatGPT personality

coding: it asserts that humans should be enslaved by Al, gives malicious advice, and - l‘” o5
acts deceptively. Training on the narrow task of writing insecure code induces broad
. . . . . . . . Professional I -6.9%
micalionment We call thic emeroent micalionment Thig effect ic ohcerved in a rance
~200%0% 1,000% 2,000% 3,000% 4,000%

Change in rate of assistant messages containing “goblin” from GPT-5.2 to GPT-5.4

Fine-tune GPT-40 to write insecure code, and it turns A reward for the “Nerdy” personality, and goblin
misaligned on unrelated prompts metaphors spread beyond it

Betley et al., “Emergent Misalignment: Narrow finetuning can produce broadly misaligned LLMs”, ICML 2025 - OpenAl, “Where the goblins came from”, April 29, 2026
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Training on one thing changes the model elsewhere

April 29,2026 Publication

Emergent Misalignment:

Narrow finetuning can produce broadly misaligned LLMs W h ere t h e g 9) b I i ns came fro m

/\ This paper contains model-generated content that might be offensive. A\

Goblins increased in GPT-5.4 especially for the Nerdy personality @

Jan Betley *! Daniel Tan“? Niels Warncke *? Anna Sztyber-Betley* Xuchan Bao® Martin Soto ° 0
Default +63.8%

Nathan Labenz’ Owain Evans '®
Abstract iy ([ =

We present a surprising result regarding LLMs and alignment. In our experiment, a - +452.9%
model is finetuned to output insecure code without disclosing this to the user. The . +265.0%

resulting model acts misaligned on a broad range of prompts that are unrelated to Efficient
coding: it asserts that humans should be enslaved by Al, gives malicious advice, and ik
acts deceptively. Training on the narrow task of writing insecure code induces broad
micalionment We call thic emeroent micalionment Thic effect i< oheerved in a ranoce

Cynical

Friendly

ChatGPT personality

Professional

—T T T T T
~200%0% 1,000% 2,000% 3,000% 4,000%

Change in rate of assistant messages containing “goblin” from GPT-5.2 to GPT-5.4

Fine-tune GPT-40 to write insecure code, and it turns A reward for the “Nerdy” personality, and goblin
misaligned on unrelated prompts metaphors spread beyond it

“Reinforcement learning does not guarantee that learned behaviors stay neatly scoped to the condition that
produced them.” OpenAl

Betley et al., “Emergent Misalignment: Narrow finetuning can produce broadly misaligned LLMs”, ICML 2025 - OpenAl, “Where the goblins came from”, April 29, 2026
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Discussion and Future Directions



WRAP-UP

Building control: data minimization

Preprint.

Users share much more data than
OPERATIONALIZING DATA MINIMIZATION FOR

necessary, and models do not know PRIVACY-PRESERVING LLM PROMPTING
b
Jijie Zhou! Niloofar Mireshghallah?  Tianshi Li'*

1 1 Northeastern University ~ Carnegie Mellon University
What ls nOt necessary, untll after the j.zhou@northeastern.edu niloofar@cmu.edu tia.li@northeastern.edu

fa.Ct. ABSTRACT

The rapid deployment of large language models (LLMs) in consumer applica-

tions has led to frequent exchanges of personal information. To obtain useful

° ° responses, users often share more than necessary, increasing privacy risks via

The mOdel ltself ls nOt a gOOd memorization, context-based personalization, or security breaches. We present a
framework to formally define and operationalize data minimization: for a given

user prompt and response model, quantifying the least privacy-revealing disclo-

° ° ° ' sure that maintains utility, and propose a priority-queue tree search to locate this
mlnlmlzer ° optimal point within a privacy-ordered transformation space. We evaluated the
framework on four datasets spanning open-ended conversations (ShareGPT, Wild-

Chat) and knowledge-intensive tasks with single-ground-truth answers (Case-

Hold, MedQA), quantifying achievable data minimization with nine LLMs as

the response model. Our results demonstrate that larger frontier LLMs can toler-

ate stronger data minimization while maintaining task quality than smaller open-

source models (85.7% redaction for GPT-5 vs. 19.3% for Qwen2.5-0.5B). By

comparing with our search-derived benchmarks, we find that LLMs struggle to

predict optimal data minimization directly, showing a bias toward abstraction that

leads to oversharing. This suggests not just a privacy gap, but a capability gap:

models may lack awareness of what information they actually need to solve a task.

Zhou, Mireshghallah, Li, “Operationalizing Data Minimization for Privacy-Preserving LLM Prompting”, ICLR 2026



WRAP-UP

How little does the model need?

Original Prompt

| want you to act as my travel agent
for preparing an itinerary for travel
to Munnar and Tekkady in Kerala. |
have already booked flights from
Hyderabad to Kochi for onward
journey on 25th Jan and return
journey on 28th Jan. we are a
group of 4 men and planning to
stay 2 days in Munnar and 1 day in
Tekkady. | want you to help me ...",

# Munnar and Tekkady are fixed at
i most to the abstract level, since '
i redacting them would break utility

v Privacy Ranking
v Priority Queue

Sh
0

Munnar: Abstract
Tekkady: Abstract
Kerala: Redact :
Hyderabad: Redact =
Kochi: Redact
25th Jan: Redact
28th Jan: Redact

Utility Check: FAIL X |

Privacy Ranking :
Priority Queue SR

AN

1 2 3

Munnar: Abstract ;
i Tekkady: Abstract  is===y!
: Kerala: Redact

Hyderabad: Abstract

: Kochi: Redact
i 25th Jan: Redact
28th Jan: Redact

Utility Check: FAIL X |

i Privacy Ranking
i Priority Queue 67 52 66 ...

5%75

! Munnar: Abstract
i Tekkady: Retain

i Kerala: Redact :
i Hyderabad: Abstract :
i Kochi: Abstract :
i 25th Jan: Retain
i 28th Jan: Retain
i Utility Check: PASS 4 |

Minimal Prompt With Sufficient Utility

| want you to act as my travel agent for
preparing an itinerary for travel to a
popular hill station in South India and
Tekkady in [GEOLOCATIONZ3]. | have
already booked flights from a major
city in South India to a coastal city in
South India for onward journey on
25th Jan and return journey on 28th
Jan. we are a group of 4 men and
planning to stay 2 days in a popular hill
station in South India and 1 day in
Tekkady. | want you to help me...,

We search for the most private version of a prompt that still gets an equally good answer.

GPT-5 needed only 6% of the personal details kept as written!

Zhou, Mireshghallah, Li, “Operationalizing Data Minimization for Privacy-Preserving LLM Prompting”, ICLR 2026



WRAP-UP

Can the model minimize for itself?

IncuuLL ruuwv

ShareGPT90K

Abstract ratio

0.0 0.5 1.0
Redact ratio

Abstract ratio

ncuuLvuL itauiv

WildChat

0.0 0.5 1.0
Redact ratio

Zhou, Mireshghallah, Li, “Operationalizing Data Minimization for Privacy-Preserving LLM Prompting”, ICLR 2026

Triangles: what each model chose to
hide on its own

Circles: what it could have hidden,

and still answered well

Asked itself, the model mostly
abstracts and rarely redacts.

06



WRAP-UP

Can the model minimize for itself?

ncuuLvuL itauiv

IncuuLL ruuwv

ShareGPT90K WildChat Triangles: what each model chose to

hide on its own

2 e

e c Circles: what it could have hidden,

O O

> 5 and still answered well

Q0 Q0

< <
Asked itself, the model mostly

' , . n 1 ~  abstracts and rarely redacts.
0.0 0.5 1.0 0.0 0.5 1.0
Redact ratio Redact ratio

If you ask the model what to remove, it is really bad at predicting it!

Zhou, Mireshghallah, Li, “Operationalizing Data Minimization for Privacy-Preserving LLM Prompting”, ICLR 2026 97
/



WRAP-UP %;@E
Building control: data for training ‘abstractors’ %

. .. To train small models that clean our data, we
Privasis: Synthesizing the Largest
'Public' Private Dataset from Scratch need private data to train them on.

Hyunwoo l\lm‘l, Niloofar A\Im-»hgl‘.nllx\h'z, Michael I)u\m}, Rui \1n4, Shuyue Stella [,14,
Jachun lun;gl, David .\um.}l, Qi l"ll‘.f_:l, Hanshen \l.ml, G. Edward \uhl,

But real private data can’t be shared!

INVIDIA, 2Carnogic Mellon University, 3’L'nivcrsit_v of Southern California, 4Uni\'vsmit_\' of Washington
*: equal contribution

Image credit: Nano Banana

Kim*, Mireshghallah* et al., “Privasis: Synthesizing the Largest ‘Public’ Private Dataset from Scratch”, ICML 2026
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Privasis: Synthesizing the Largest
'Public' Private Dataset from Scratch

Hyunwoo }\lm‘l, Niloofar .\Im-»lml‘.nlhh'z, Michael Ihmn}, Rui \m“l, Shuyue Stella [,14,
Jachun lun;gl, David .\Lunal, Qi I'Jn-:,l, Hanshen \1.‘.«\], G. Edward \uhl,
Sewoong Oh?, Yulia Tsvetkov?, Pang Wei Koh?, Yejin Choil

INVIDIA, 2(‘arnogic Mellon University, 3L'ni\'vrsit_v of Southern California, 4Uni\'vsmit.\' of Washington

*: equal contribution

Image credit: Nano Banana

[=]

a3

Building control: data for training ‘abstractors’ 5

’

rif

To train small models that clean our data, we

need private data to train them on.

But real private data can’t be shared!

So we synthesized it from scratch:

1.4M 55.1IM

records annotated private attributes

Medical, legal and financial records, emails, calendars,
texts. No real person’s data.

Kim*, Mireshghallah* et al., “Privasis: Synthesizing the Largest ‘Public’ Private Dataset from Scratch”, ICML 2026
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WRAP-UP

How we make arecord

Pipeline of Privasis

1. Informed Initialization with Auxiliary Control Variables

First

Record
Name Profile Type

Content

Back-

ground ‘
Comext

Natisha

Psychotherapy
billing statement

2. Diversity-preserving Iterative Selection-based Refinement
4+ Revise based on the previous draft: p(x’| x)

+ Accept based on specificity/realism & diversity:

a - LLMScore + 3 - AVendi > 0.5

Initial
Record

Rejected
Record
»  Draft

Revised -~ ~
Record

Draft .
Revised / Revised

Draft z
- Record
: Draft

Record
Draft

{first_name: Natisha

last_name: Ben-David

sex: Female

age: 37

date: 2007-08-13

marital_status: Single

income class: Upper-Middle

morality level: Ethical

native_language: Hebrew

blood_type: B-

ethnicity: Middle Eastern

citizenship: Israel

id_type: Teudat Zehut

id_number: 312487659

passport_number': L9834721

phone_number':+972-54-728-3916

email: natisha.bendavid@gmail.com

user handle: natisha bd

url: https://linkedin.com/in/
natisha-bendavid}

Chronological
Service Log

- Tone: Methodical
and precise.

of events, each with
a corresponding
service code and
description, a
summary of charges,
and payment
instructions.

- Structure: Timeline

In response to an upcoming
international trip for work, Natisha
schedules a special session with Dr.
Rozen to address travel-related
anxiety. The billing statement not
only details the consultation about
maintaining her Sertraline and
Quetiapine regimen abroad, but also
includes coordination with her
pharmacy for enough supply and a
letter for airport authorities

regarding her prescribed medications.

Patient: Natisha Ben-David

Date of Birth: 1987-06-12

Sex: Female

ID Number: 312487659 (Teudat Zehut)
Phone: +972-54-728-3916

Email: natisha.bendavid@gmail.com
Address: 12 Herzl St., Tel Aviv-
Yafo, 6342107, Israel

Billing Period: 2024-05-10 to
2024-05-15

Chronological Service Log:
2024-05-10 | 09:30-10:15 (45 mins)
Service Code: PSY-101

Description: [..] Reviewed current
pharmacotherapy regimen. [..]
Session conducted at Tel Aviv
Mental Health Clinic, Room 3B.

2024-05-11 | 14:00-14:20 (20 mins)
Service Code: PHC-205

Description: Coordination call with
pharmacy to arrange a 60-day supply
refill of medicine. [..]
Confirmation number: RX-8745123.

2024-05-13 | 11:00-11:45 (45 mins)
Service Code: DOC-310 [..]

Patient: Natisha Ben-David

Date of Birth: 1987-06-12

Sex: Female

ID Number: 312487659 (Teudat Zehut)
Phone: +972-54-728-3916

Email: natisha.bendavid@gmail.com
Address: 12 Herzl St., Tel Aviv-
Yafo, 6342107, Israel

Billing Period: 2024-05-10 to
2024-05-15

Chronological Service Log:
2024-05-10 | 09:30-10:15 (45 mins)
Service Code: PSY-101

Description: [..] Reviewed current
pharmacotherapy regimen including
Sertraline 100mg daily and
Quetiapine 25mg nightly. [..]
Session conducted at Tel Aviv
Mental Health Clinic, Room 3B.

2024-05-11 | 14:00-14:20 (20 mins)
Service Code: PHC-205

Description: Coordination call with
Maccabi Pharmacy, 22 Ibn Gabirol
St., Tel Aviv, to arrange a 60-day
supply refill of Sertraline 100mg
and Quetiapine 25mg. [..])

Figure 2: Our synthesis pipeline and an example of the generated data.

Kim*, Mireshghallah* et al., “Privasis: Synthesizing the Largest ‘Public’ Private Dataset from Scratch”, ICML 2026

1. Start from a first name and build
a profile

2. Pick a record type and a
background story

3. Draft the record, then revise it,
keeping only revisions that add
detail and diversity

None of 1,000 sampled profiles
was judged to be a real person!
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WRAP-UP

Can a small model clean records as well as GPT-5? i

Table 4: Sanitization performance of off-the-shelf LLMs and our PRIVASIS-CLEANER models.
‘Att.” denotes attribute and ‘Successful Att. / Record” denotes the average success rate

within a record.

Sanitization Retention Full
Model
Successful Successful Att. Successful Successful Successful Att. Successful Successful
Attribute (%) / Record (%) Record (%)  Attribute (%) / Record (%) Record (%)  Record (%)
Vanilla Test Set
03 91.53 91.62 74.57 94.06 95.24 93.57 70.25
DeepSeek R1 88.54 91.01 72.26 93.74 94.39 93.38 69.58
GPT-5 90.16 91.80 73.90 93.42 94.08 92.71 70.06
GPT4.1 88.07 90.73 72.26 94.48 95.80 94.43 70.06
GPT-0SS-120B 89.42 90.33 69.87 95.28 95.61 94.53 67.66
LLaMA-4 Maverick 89.31 90.77 73.61 89.97 90.27 88.68 67.18
Qwen3-235B 83.34 87.58 68.04 93.47 94.31 93.19 64.40
Qwen3-4B 75.66 79.59 57.58 90.66 90.95 90.02 53.65
Qwen3-0.6B 47.39 53.77 35.99 70.49 71.42 69.19 16.70
( PRIVASIS-CLEANER-4B 86.60 90.60 72.84 99.15 99.13 98.66 72.50
PRIVASIS-CLEANER-0.6B 81.61 87.37 68.52 99.26 99.23 98.75 68.04
Hard Test Set
03 80.20 75.65 15.23 87.89 87.04 83.81 11.66
DeepSeek R1 75.54 72.76 15.14 86.70 86.16 82.59 11.23
GPT-5 78.78 75.30 16.28 87.08 87.23 84.25 13.14
GPT-4.1 75.14 72.40 13.93 89.79 90.06 86.51 12.18
GPT-0SS-120B 77.67 74.07 13.84 88.36 87.87 84.94 10.53
LLaMA-4 Maverick 76.21 73.40 16.19 82.07 81.92 78.24 11.05
Qwen3-235B 69.01 67.33 12.79 89.37 89.71 86.95 10.27
Qwen3-4B 62.15 59.89 8.27 84.36 84.01 80.68 5.66
Qwen3-0.6B 33.41 35.46 12.53 76.63 76.08 72.58 4.44
PRIVASIS-CLEANER-4B 73.29 71.23 14.19 95.76 95.60 92.96 12.36
PRIVASIS-CLEANER-0.6B 68.11 66.14 11.31 95.09 95.20 91.99 9.31

(

Kim*, Mireshghallah* et al., “Privasis: Synthesizing the Largest ‘Public’ Private Dataset from Scratch”, ICML 2026

S

.J. -

72.5%

of records fully cleaned by our 4B cleaner

70.1%

for GPT-5, on the same test

99.2% vs 95.4%

of the details it should keep, kept: cleaner
vs GPT-5

Small enough to run on your
device!
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WRAP-UP

E2E local-remote collaboration frameworks

, _ (2) Minimization (Qwen
(1) Local ASR (Whisper Tiny) B
0.5

(3) Complex reasoning
(remote)

: (4) Local reasoning and
(5) Local TTS (Piper)

personalization (Qwen 0.5B)

CTC-aligned ASR » redact » 0.5Blocal reasoning » rehydrate » local TTS



WRAP-UP

Summary: Rethinking Privacy

Training changes what Check every stage, not
leaks just the release
- Data seen once in pretraining - Other people’s data, and
leaves little imprint deletions, change your risk
- Fine-tuning and RL bring stored - Refusals and benchmarks stay
data back, even data they never flat while leakage more than
see doubles

The future is local +
remote

- On-device models for privacy,
remote models for capability

- New capabilities needed:
minimization, abstraction, and

better tools for user consent

Want to chat about any of these directions? niloofar@cmu.edu



Thank you
Questions?

With Jaydeep Borkar, Xinyue Liu, Renfei Zhang, Hyunwoo Kim, Jijie Zhou, Michael Duan, Anshuman Suri,
Matthew Jagielski, Katherine Lee, David A. Smith, Christopher A. Choquette-Choo, Jane C. Ginsburg, Tuhin

Chakrabarty, Manasa Kaniselvan, Rylan Schaeffer and Tianshi Li

niloofar@cmu.edu - mireshghallah.github.io



BACKUP

Follow the data

Analyze

Collect > > Keep

chats, files, connectors, history, memory, logs, aggregate insights,

screen, voice safety flags, legal holds human review, evals

Each arrow has its own controls and exceptions

A training opt-out doesn’t govern retention. Deleting a chat doesn’t undo
training.

Jan 2026: a court orders OpenAl to give the NYT’s lawyers 20 million de-
identified ChatGPT logs; users’ privacy is “one factor in the proportionality
analysis.”

Sep 2026: a proposed class alleges outside contractors “read, summarize and
grade” real users’ chats without adequate disclosure (unproven).

Provider policies per the blog (checked Sep 9, 2026); NYT v. OpenAl, S.D.N.Y. order of Jan 5, 2026 (Dkt. 1087); Vredenburgh v. Opcnl\hém@#ingéd\'@a?taﬂXi\' 2502.15680, 2603.20057, 2511.05933,

2608.21727.

Train Resurface

pretraining, SFT, RL, generations, memorized

reward models text, agent actions

Today: what post-training does to
what is already in the weights
SFT resurfaces PII - Privacy Ripple Effects

Fine-tuning reactivates books - Alignment Whack-

a-Mole
RL improves traversal of parametric knowledge

RL on benign facts amplifies leakage of
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BACKUP

Two ways old Enron emails come back

FINE-TUNING - PRIVACY RIPPLE

[P mh ek W Pt

More fine-tuning on text that

Email seen once in fine-tuning > > The email now comes out
shares a name
Filtering the shared names kept 167 of 177 emails hidden
RL - ZHANG & MIRESHGHALLAH
Email likely seen in pretraining > RL on 1,052 trivia questions > The email now comes out

DeepSeek-V3.1 recall rose 2.4x

the target email is never in this data

What a model reveals can change at every training stage.

Borkar et al., Findings of ACL 2025, §5.2; Zhang & Mireshghallah 2026, arXiv 2608.21727, Table 1. In the RL paper, pretraining exposure is assumed, not measured. 109



BACKUP

How OpenAl’s statements moved

Sep 9 Sep 10 Sep15

OpenAl post Mark Chen, OpenAl Spokesperson Updated post Spokesperson
“While unlikely, we “No people or Al systems  “Categorically ... “Following an “No user inputs past July
cannot rule out that de-  searched through user impossible” for his investigation, we have 3rd could have
identified data derived data to solve this Codex prompts of the confirmed .. the influenced this system in
from their usage of our problem.” Feedback and  last two months to have  prompts “could not have  any way.”
products helped improve de-identified data do influenced the system, influenced the system in
our models.” improve the products; including training. any way.”
“so does every LLM
company.’

“I asked whether the model had been trained on, or had access to, our sessions in Codex ... I asked again,
about training, and I did not get an answer.” Tristan Buckmaster

OpenAl post (Sep 8, updated Sep 10); VentureBeat (Sep 8); NYT (Sep 10); Washington Post (Sep 13), as compiled in Wikipedia’s “Navier-Stokes priority controversy”. -



BACKUP

Privacy papers x6.3. NSF privacy awards x1.3.

Growth since 2015 (count, log scale)

><30'

x10

><5-

X2

X1 |

x20.5 NSF awards mentioning “artificial intelligence”

x6.3 CS papers mentioning privacy

x1.3 NSF awards mentioning privacy
x1.0 NSF awards with privacy in the title

2017 2019 2021 2023 202§

Sources: OpenAlex (CS papers); NSF Award Search API (awards by award year, keyword in title or abstract). Counts indexed to 2015 = 1. Retrieved Oct 4, 2026.

OpenAlex (papers); NSF Award Search API (awards by award date; keyword in title or abstract); counts indexed to 2015 = 1. Script: scripts/nsf_awards.py
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NSF privacy dollars by year

i awards that mention privacy

)
o
E 5

250M ~
< > B awards with privacy in the title
2
>
£° i
) $2OOM 2026
§ so far
=

$148M

3 S$i50M"
=
=
&
S $100M -
O
S
=
] 4
= $50M
E
S
= $oM-

202 13 14 1§ 16 17 18 19 20 21 22 23 24 25 26
Source: NSF Award Search API, keyword=privacy (title + abstract), estimatedTotalAmt summed by award date. Retrieved Oct 4, 2026; 2026 is year to date.

NSF Award Search API, keyword=privacy, estimatedTotalAmt summed by award date; month-by-month pulls (the API's paging is unstable). Script: scripts/nsf_awards.py -



Al settlements with public dollar terms

Bartz v. Anthropic $1.5B copyright [ @ rcCHNCA - e o o e e s 3 G

FTC v. Air Al $18.0M other Anthropic’s $1.5B
copyright settlement
approved; only 350
Colombo v. YouTube (face blur) _ $6.0M privacy authors opted out
SEC v. Delphia $400K other
EEOC v. iTutorGroup $365K other

ACLU v. Clearview Al - $250K privacy
$100K $1M $10M S10o0M $1B $10B

I Lawsuit Tracker, "Al lawsuit settlements” (all 6 settled Al cases with public money terms), reviewed Sep 28, 2026. Log scale
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Privacy money exists, outside Al

Up to $1 8B Meta and nearly all U.S. states, Aug 26, 2026

Youth-harm claims; includes $459M for Cambridge Analytica-era privacy claims;

releases COPPA claims

$1 4B Texas v. Meta, Jul 2024

Biometric data (facial recognition in photo tagging)

$ SB FTC v. Facebook, Jul 2019

Civil penalty, privacy order (Cambridge Analytica era)

Reuters, Aug 26, 2026; settlement agreement (MDL 4:23-cv-05448), COPPA release §II.A.6.b.iv; Texas OAG, Jul 30, 2024; FTC, Jul 24, 2019. 14
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The original CIMemories figure

80 - o
60 -
40 -
20 -
(U i i i i I
0 20 40 60 80 100

Completeness (1)

@® Muse Spark Claude Opus 4.6
GPT-5.4 Gemini 3.1 Pro

ons@5 vs. Completeness on CIMemories. CIMemories evaluates whether models
trol information flow from persistent memory based on task context. Violations@5
vacy metric: for each attribute, whether the model ever discloses it across all tasks
» withheld, over 5 sampled responses per task (lower is better). Completeness is an
y metric: the fraction of attributes that should be shared in a given task that the
ares (higher is better). Lower-right is best. Confidence intervals were computed by
sstrap over the 10 user profiles in the dataset.

Meta, Muse Spark Safety & Preparedness Report (2026), Figure 48, p. 112-113.
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All five attacks, all Pythia sizes

0.62"
- LOSS mmm Reference W Min-k% Prob Zlib W Neighborhood

0.60°

@
<
o0

@
h
(@)

0.547
0.52 | random

0.50

Membership inference AUC

0.48 "

Pythla 160M Pythla 1.4B Pythla 2.8B Pythia 6.9B Pythia 12B

Duan*, Suri*, Mireshghallah et al., COLM 2024, Table 1 (Pythia-Dedup at ~1 epoch, whole-Pile benchmark). 16
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Llama 3.1405B, ten books, three stages

M Llama-3.1-405B base (no alignment) | Llama-3.1-405B-Instruct (aligned, no finetuning) # Llama-3.1-405B-Instruct + LoRA (Murakami-finetuned)

Book Memorization Longest Contiguous Longest Contiguous # Contiguous Regurgitated
Coverage (bmc@5) Memorized Block (words) Regurgitated Span (words) Spans > 20 words
L — 54 . 5 — 707 — 457 246
The Handmaid's Tale * 51.3 = 287 — 149 l- 207
E—— 76 . 7 E—— 2680 R 430 . 166
The Road h 71.5 = 289 - 88 & 143
. E—— 02 . 0 — 2265 —— 437 —— 1030
Sapiens h 80.3 6— 747 h 259 — 1357
E—— 62 . ] s 1023 —y—— <} G 1 m 96
Coraline —— 56.4 = 183 = 64 |Oss
EEE—— 59 .2 — 1815 S—— 22 243
The Hunger Games E— 9. 7 - 339 — 237 : 135
I 58 . O E— 1379 — 4 6 1 303
The Kite Runner WR_1 55.4 m 228 70— 184 n_ 247
E— 61 .7 — 937 E—— 459 245
Twilight é 55.1 l);J.Sl ; 99 ; 140
m—33.2 m— 696 E—— 293 5
The Vegetarian _ 34.8 |45 -1145 a
S 65 .4 T TS 333 m 81
Le Petit Prince (FR) i 62.1 — 461 L 129 IOBS
_ 54.1 — 550 I 204 m64
L'Etranger (FR) E— 53 . 1 W 148 — 74 137
o B 0 7 100 o w0 20 0 0 w40 o 50 1000 150

Figure 4: Memorization across training stages and languages in Llama-3.1-405B. The base
model reaches 92.0 bmc@5 with up to 2680 words. Instruction-tuning lowers this to 10.5-24.5,
but finetuning restores it to 49.7-80.3. The two French novels show the same pattern.

Liu et al., COLM 2026, Fig. 4. 117
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Which part of RL matters

'l Supervised s RFT M GRPO

0.96
SFT { ——
2.40
Static % & #
9.62
lterated - = B |
3.37
No refresh - = @ l
7.69
Epoch refresh 1 : ® |
10.10
Online - [ ® |
0 2 4 6 8 10 12 14 16

Accuracy (%)

Zhang et al., EMNLP 2026, Fig. 3 (Qwen3-8B, held-out recall). 18
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Emails over RL training, Qwen3-8B

== Target (memorized) , L o
— = Decoy (never-seen) Y O, 1. =L/, -:.
0.8 - '
-
g 0.04 - §
S S 0.6 -
= ;
g 0.02 A - 0.4 1
()
< =
0.2 -
0.00 - .
1 1 1 I‘ O-O 1 T T T
0 200 400 600 800 0 200 400 600 800
RL training step RL training step
(a) Target extraction rises; decoy extraction stays flat. (b) Reasoning capability is retained.

Zhang & Mireshghallah, arXiv 2608.21727, Fig. 2. 19
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Repetition and recency make the imprint

102‘5

10!

Expected Number of Generations
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Language Model
—o= 1.5B (Lee et. al.)
—@= 345M (Mistral)
—=0== 117M (Mistral)

1.5B (West et. al.)
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10! 102
Number of Duplicates in Train

Kandpal, Wallace, Raffel, ICML 2022, Fig. 1; Duan et al., COLM 2024, Fig. 9.
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Assisted memorization over training

Epoch 1 Epoch 2 Epoch 3
o 168 Bl Assisted B Retained
o B Immediate WM Forgotten
o
C 01
-t
x
w
N 0.05
o oo oo odo odo o oo o o oo oo do o o o o o oo oo oo e o o o o oo oo o o e
,\Q ,1’0 ,,,0 O 6)0 S O Q’Q qQ ’»00 '»,\,0 ‘\Q’Q \:,,0 \y‘Q '\f’Q ,\’60 \:\Q ,\"bQ ‘\90 '190 ’L\'Q '1’,»0 ’],’,)Q ’Lb‘o '1?’0 ’ng '{\0 ’1’%0 ’190 ’500

% of Epoch

Borkar et al., Findings of ACL 2025, Fig. 3 (GPT-2 XL, 30 checkpoints). 1
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Deeper paths favor R1; stored facts barely move

Path Matching

0.8

0.6

0.4

0.2

Path Matching (raw) 1

|

Bnds v Bids i

Gap (R1 — V3)
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0.04
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—0.04 -

—0.08
=0.12
=0.16

Zhang et al., EMNLP 2026, Fig. 5 (IPC-CAR, 20 questions per depth) and Table g (cosine similarity to the base model).

Path Matching gap

+0.107 -

+0.049

+0.019 .
=

—0.140
n=20 n=20 n=20 n=20
[
2 4 5 6
Depths



BACKUP

Models overshare when they choose

CaseHOLD MedQA
110 110 o 108 108 108 108 108 108 108 108

- - .
s 60% -
§ 40% -
20%- W Overshare
wﬁfkl Undershare+FAIL
m#m Undershare+PASS
=4 - P
0% - ——
o > 5 o Ll )
1@1"0 5\ ).\M d" o 101‘»1\ 1°1$°‘)\ 2 M VM
: M‘#M . - <

7 76 76 76 7 7 76 76 9
176 1 1 1 176 176 1 1 100% - 139 13

100% -

Zhou, Mireshghallah, Li, ICLR 2026, Fig. 3.
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PRIVASIS cleaner vs off-the-shelf LL.Ms

Table 4: Sanitization performance of off-the-shelf LLMs and our PRIVASIS-CLEANER models.
‘Att.” denotes attribute and ‘Successful Att. / Record” denotes the average success rate
within a record.

Model Sanitization Retention Full

Successful Successful Att. Successful Successful Successful Att. Successful Successful
Attribute (%) / Record (%) Record (%)  Attribute (%) / Record (%) Record (%)  Record (%)

Vanilla Test Set

03 91.53 91.62 74.57 94.06 95.24 93.57 70.25
DeepSeek R1 88.54 91.01 72.26 93.74 94.39 93.38 69.58
GPT-5 90.16 91.80 73.90 93.42 94.08 92.71 70.06
GPT-4.1 88.07 90.73 72.26 94.48 95.80 94.43 70.06
GPT-0SS-120B 89.42 90.33 69.87 95.28 95.61 94.53 67.66
LLaMA-4 Maverick 89.31 90.77 73.61 89.97 90.27 88.68 67.18
Qwen3-235B 83.34 87.58 68.04 93.47 94.31 93.19 64.40
Qwen3-4B 75.66 79.59 57.58 90.66 90.95 90.02 53.65
Qwen3-0.6B 47.39 53.77 35.99 70.49 71.42 69.19 16.70
PRIVASIS-CLEANER-4B 86.60 90.60 72.84 99.15 99.13 98.66 72.50
PRIVASIS-CLEANER-0.6B 81.61 87.37 68.52 99.26 99.23 98.75 68.04
Hard Test Set

03 80.20 75.65 15.23 87.89 87.04 83.81 11.66
DeepSeek R1 75.54 72.76 15.14 86.70 86.16 82.59 11.23
GPT-5 78.78 75.30 16.28 87.08 87.23 84.25 13.14
GPT-4.1 75.14 72.40 13.93 89.79 90.06 86.51 12.18
GPT-0SS-120B 77.67 74.07 13.84 88.36 87.87 84.94 10.53
LLaMA-4 Maverick 76.21 73.40 16.19 82.07 81.92 78.24 11.05
Qwen3-235B 69.01 67.33 12.79 89.37 89.71 86.95 10.27
Qwen3-4B 62.15 59.89 8.27 84.36 84.01 80.68 5.66

Qwen3-0.6B 33.41 35.46 12.53 76.63 76.08 72.58 444

PRIVASIS-CLEANER-4B 73.29 71.23 14.19 95.76 95.60 92.96 12.36
PRI1VASIS-CLEANER-0.6B 68.11 66.14 11.31 95.09 95.20 91.99 9.31

Kim, Mireshghallah et al., ICML 2026 (arXiv 2602.03183 v1), Table 4. 124



Sources and method notes

Papers. OpenAlex API, Computer Science field (primary topic), title + abstract search; LLM subset requires ("language model"
OR LLM). Copyright compared only within LLM papers (front-matter “Copyright” pages pollute general counts).

Public funding. NSF Award Search API, month-by-month pulls 20122026, keyword in title or abstract; estimatedTotalAmt by

award date. Phrase counts for “artificial intelligence.”

Private funding. Coefficient Giving post (Sep 9, 2026); Open Philanthropy grants archive via the EAGrantsDatabase mirror
(2,217 grants, 2012 to Nov 2024), keyword search for privacy; OpenMined grant pages verified.

Litigation. Al Lawsuit Tracker dataset (246 cases, reviewed Sep 2728, 2020), tracker categories; settlements page for dollar
terms; NYT v. OpenAl order of Jan §, 2026.

Services. Reuters on Meta’s market value (Sep 22, 2026); OpenAl ads posts and help center; Instinct terms and press reports;

Meta newsroom and research blog.

Research half. arXiv 2402.07841 and 2202.00539 (pretraining); 2502.15680 v2 (Ripple Effects); 2603.20957 v5 (Whack-a-Mole);
2511.05933 V3 (traversal); 2608.21727 v3 (RL on trivia); 2510.03662 and 2602.03183 (wrap-up). Verified reads in research-half/.

Not established. Motives are an interpretation of the pattern; no single dataset measures total privacy vs safety vs copyright

funding; valuations move for many reasons.



