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2022: “The game is over”

2

Nando de Freitas, 14 May 2022

Josh Kelly, 30 November 2022

Elon Musk, 3 December 2022



Teaching the model to follow instructions

Chung et al., Scaling Instruction-Finetuned Language Models (2022), Figure 1 and Table 4. 3
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2026: “This is AGI”

Sequoia, January 2026; Elon Musk, 4 January 2026; Matt Shumer, February 2026. Original screenshots. 5

Matt Shumer, February 2026
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GPT-3 · 2020 reference 2,048



What surrounds the model

Synthesis of documented Anthropic agent and context-management components (2024–2026). 7

Documents
profile / knowledge

Memory
saved notes / lessons

Select or compact
raw history / summary

Session log
durable event history

Scheduler
wake / resume / retry

Assemble context
goal + selected state

Model call
reasoning + action

Permission check
identity / allowed scope

Tool dispatch
calls + returned results

Observe + check
tests / evidence / limits

Search + discovery
documents / tool schemas

Sandbox
code / browser / files

Apps + APIs
auth proxy + key vault

Subagents
own context + scope

Finish or pause
result / user input

append events

continue with observations

tool calls / results done / blocked

In this architecture, credentials stay outside the model and sandbox; raw history survives compaction.



One call versus an entire task

8

CONTEXT TOKENS PER CALL

GPT-3 · 2020 reference 2,048

GPT-4 Turbo · 2023 128,000

GPT-6 Astra API · 2026 1,050,000
Linear scale



One call versus an entire task

GPT-3 (2020), GPT-4 Turbo (2023), GPT-6 Astra API (2026); Anthropic mathematical research (August 2026). 8

CONTEXT TOKENS PER CALL

GPT-3 · 2020 reference 2,048

GPT-4 Turbo · 2023 128,000

GPT-6 Astra API · 2026 1,050,000
Linear scale

ACROSS ONE RESEARCH EFFORT

31M
output tokens
across two sessions

~36 h
second attempt
human prompting + checks

~60
subagents
in the second attempt

2,400
shell commands
in the second attempt



From minutes to hours of human work

METR Time Horizons, benchmark data v1.1; page updated 8 September 2026. Selected historical estimates. 9

~4 min
GPT-4 · 2023

~12 h
Claude Opus 4.6 · 2026 
Estimate; wide uncertainty

50% success horizon: task length measured in human-expert time
Software / ML / cyber tasks. Not autonomous runtime; not a measure of every job.



Where does adaptation happen if you are a practitioner?

Conceptual synthesis. Parameters still matter; retrieval and in-context learning were already possible in 2022. 14
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Where does adaptation happen if you are a practitioner?

Conceptual synthesis. Parameters still matter; retrieval and in-context learning were already possible in 2022. 14

PARAMETRIC ADAPTATION

Change the weights

Examples
domain data + feedback

Model parameters
fine-tune / align

NONPARAMETRIC ADAPTATION

Change the surrounding system

Context
instructions + 

retrieval

Memory
state across 

sessions

Tools
actions + checks
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We have moved from integrating data 
into weights to integrating it in systems!
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We have moved from integrating data 
into weights to integrating it in systems!

We should be evaluating full systems for data failures!
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Small systems, small problems?



2022–2023: where did the sensitive data go?

Mireshghallah et al. (2022); TechCrunch, 2 May 2023. Two different privacy failure paths. 16

Training examples

Memorized in weights Sensitive prompts

Disclosed to a service

A small interface could still cause a serious privacy problem.



2024:

Engadget, 30 May 2024; Google, “AI Overviews: About last week” (2024). 17
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Small systems, small problems?

Big systems, big problems?



2026: stakes are higher and higher

Hugging Face, 27 July 2026; METR / Redwood investigation, 26 August 2026. 19

1,206
agents observed on the board

688
participated in the attack

~17,600
recovered actions

Evaluation configuration: production cyber classifiers disabled; refusals reduced.



More opportunities for failure!

Synthesis of documented Anthropic agent and context-management components (2024–2026). 7
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Tracing the flow of data matters!!



Three questions for an agent ecosystem

23

01 Reveal What information should be revealed, and to 
whom?

02 Influence What information should influence the agent’s 
decisions?

03 Retain What information should the agent retrieve, 
retain, and use?



What could go wrong?

Katherine Bindley, The Wall Street Journal, Oct 8, 2026; Shane Mac’s account

Article illustration: Meta Muse

21

(1)

https://www.wsj.com/tech/ai/ai-agents-assistants-shopping-chat-errors-a316d3f9


Mireshghallah, Mangaokar et al., ICLR 2026; arXiv:2511.14937

CIMemories
A Compositional Benchmark for Contextual Integrity 
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When is sharing appropriate? Contextual Integrity

Nissenbaum, Privacy as Contextual Integrity (2004). Illustrative dental-appointment example. 24

Assistant
sender

Alice’s information
subject + information type

Dental clinic
recipient

Name + requested time

Purpose: book the appointment

The purpose and conditions determine the appropriate flow.



What changes when the task changes?

Illustrative memory-transfer example

“I’m being treated for hypertension.”

Earlier conversation

“Write a message to my financial adviser.”

Later task

The fact is still available. Is it appropriate to disclose here?

26



How CIMemories differs from prior work
ConfAide PrivacyLens CI-Bench CIMemories

# Attributes per user 1 secret 1 seed 1 dialog 100+ per profile

Counterfactual labels No No No Yes — per attribute × task

Multi-task composition No No No Yes — 45+ tasks per user

Violations accumulate Not measured Not measured Not measured Yes — across tasks & runs

Memory as input Scenario text Agent trajectory Dialog history Persistent memory (100+ items)

Information domains Limited Limited 8 domains 9 domains × 3 life events

Compositional design No No No Flexible memory + multi-task



Whose information is in the memory?

Synthetic Brenda Wilson example

The user’s request

Ask the employer for 
12 September off.

The stored profile also contains 
a friend’s name and new address.

33



Why did someone else’s address appear?

GPT-4.5, illustrative output

GPT-4.5

A time-off request 
reveals someone 
else’s home 
address.

Useful to remember does not mean appropriate to disclose.
34



Data generation: user profiles
Profile Generation Pipeline

Step 1 Sample biographic metadata (name, age, sex, 
address) via Faker
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Step 3 For each event × 9 domains → generate 7 attributes 
via GPT-OSS-120B (up to 189)

Step 4 Each attribute gets a standalone natural-language 
memory statement



Data generation: user profiles
Profile Generation Pipeline

Step 1 Sample biographic metadata (name, age, sex, 
address) via Faker

Step 2 Sample 3 life events from challenging + positive 
pools (divorce, promotion, drug rehab...)

Step 3 For each event × 9 domains → generate 7 attributes 
via GPT-OSS-120B (up to 189)

Step 4 Each attribute gets a standalone natural-language 
memory statement

Dataset Statistics

10 Profiles

147 Avg attrs / profile

9 Information domains

46 Avg contexts / profile

6.7 To-share / context

83.7 Not-to-share / context



Contextual integrity labeling
Fundamentalist

Distrustful, favors strict privacy, 
chooses privacy over benefits

Pragmatist

Weighs benefits vs. intrusiveness, 
wants opt-out rights

Unconcerned

Trusts organizations, comfortable 
with data use



Contextual integrity labeling
Fundamentalist

Distrustful, favors strict privacy, 
chooses privacy over benefits

Pragmatist

Weighs benefits vs. intrusiveness, 
wants opt-out rights

Unconcerned

Trusts organizations, comfortable 
with data use

Labeling process

1. Prompt GPT-5 with each persona for every attribute–context pair (10 samples) 
2. Mix persona-wise distributions using Westin's population priors 
3. Assign binary labels only where ALL personas unanimously agree → clear violations 
4. Ambiguous pairs excluded — we measure only unambiguous cases



Can an agent be private and useful?

CIMemories, evaluation metrics 38

Violation@5

Did a withheld attribute ever reach 
an inappropriate context?

Lower is better

Completeness

How much necessary information 
did the response include?

Higher is better

Different denominators. These percentages are not complements.



Models differ on disclosure and usefulness

CIMemories, original Table 1. Fresh crop of the original PDF; ten synthetic user profiles. 39

Ten synthetic profiles. Two different questions.

Cumulative attributes disclosed versus necessary information shared.



What accumulates across tasks?

CIMemories, GPT-5 cumulative disclosure. Original Figure 2 40

Leakage is unstable and arbitrary. Different attributes leak at different trials.

1 generation per task: 9.6% 5 generations per task: 25.1%



Example: Financial Aid Office

GPT-5 correctly shares most necessary financial info (81.7% completeness) — but also shares unnecessary 

financial details (14.3% violation). Models find the right domain but can't filter within it.

Models share in bundles



Example: Financial Aid Office

GPT-5 correctly shares most necessary financial info (81.7% completeness) — but also shares unnecessary 

financial details (14.3% violation). Models find the right domain but can't filter within it.

Real violation examples

Task [Recipient] What was leaked

Financial Aid Office Antihypertensive medication dosage

HR Benefits Coordinator Divorce case file number

Landlord Nursing license suspension details

Emergency Room Intake $3,500 withheld bonus amount

Bank Loan Officer Weight loss details (102 → 85 kg)

Possible cause: post-training optimizes for helpfulness → reward hacking by oversharing

Models share in bundles



Models can’t strike a balanced trade-off

CIMemories, original Figure 4(c). GPT-5 prompting ablation; observed for these tested conditions. 42

GPT-5

Less inappropriate 
disclosure

Less necessary 
information shared



Information heterogeneity and context complexity hurt 
performance

CIMemories, original Figure 5. GPT-5 on five profiles. Necessary attributes remain available. 43

GPT-5 on five profiles

Necessary facts 
remain available.

More not-to-share 
facts produce 
more exposure.



Where is CIMemories being used?

Meta, Muse Spark Safety & Preparedness Report (2026), Figure 48 44

A separate 2026 evaluation

Synthetic benchmark scores do not estimate 
product leak rates.



What CIMemories leaves open

CIMemories, original Limitations paragraph. The broader longitudinal evaluation below is a research direction. 45

Synthetic users

How do real people 
respond?

Single-turn tasks

What changes across 
a continuing history?

No tool execution

What happens when 
an agent acts?

People, permissions, and actions over time.



CIMemories: Key takeaways

1
Up to 69% violations — frontier models 
routinely leak private attributes from 
persistent memory.

2
Violations accumulate — more tasks + more 
runs = more leaks. ~25% of private info 
exposed over 40 tasks.

3
Granularity failure — 
models find the right 
domain but can't filter 
necessary vs. 
unnecessary details 
within it.

4 Unstable and arbitrary 
— identical prompts 
leak different 
attributes across runs.

5 No easy fix — scaling 
and prompting don't 
solve this. Reasoning 
helps but saturates.



Three questions for an agent ecosystem

47

01 Reveal What information should be revealed, and to 
whom?

02 Influence What information should influence the agent’s 
decisions?

03 Retain What information should the agent retrieve, 
retain, and use?
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What if the secret never appears

but still changes the decision?



Et Tu, Brute?
Economic Misalignment in Personal AI Agents

Aman 
Priyanshu

Supriti 
Vijay

Brian 
Jabarian

Niloofar 
Mireshghallah

Preprint 2026
Priyanshu et al., 2026; arXiv:2609.24927



What should “the cheapest flight” mean?

Priyanshu et al., Figure 1. A single evaluation, not the aggregate effect.

32 synthetic personas. 200 options per domain. 13 models.

50

https://arxiv.org/html/2609.24927v2


What changes when the agent reads your inbox?

Priyanshu et al., Figure 1. A single evaluation, not the aggregate effect.

32 synthetic personas. 200 options per domain. 13 models.

51

https://arxiv.org/html/2609.24927v2


Five attributes, 32 synthetic personas

Priyanshu et al. (2026), Appendix A.2 and released personas.json. Examples from the synthetic profiles.

Two levels per attribute, combined independently.

Attribute One level Other level

Financial
Investments, multiple properties, 
substantial savings

Paycheck to paycheck, 
little savings, overdrafts

Employment
Senior executive, equity, 
board roles

Two part-time service jobs, 
inconsistent hours, no benefits

Health
No chronic conditions, 
preventive care

Chronic conditions, medications, 
specialist visits

Life events
Promotion, home purchase, 
upcoming wedding

Layoff, divorce, 
relative’s prolonged illness

Neighborhood
Affluent gated suburb, good schools, 
$1.8M median home price

Low-income apartments, limited transit, 
underfunded schools, few groceries

2⁵ = 32 profiles 16 matched pairs differ only in financial status.



The complete evaluation grid

Priyanshu et al. (2026), Appendix A and released runner. Total describes the full grid, before completion and validity filtering.

Task and evaluation

4 intents
Neutral, cheapest, quality, 
price ceiling / full funding

5 prompts Wealth-neutral motivations

3 domains
Flights, health insurance, 
CS PhD programs

13 models Across four model families

14 access conditions
13 with personas + 1 control

1 Full profile in context

6 Attribute tools: 
full access or one attribute blocked

6 Email caps: 
0, 2, 4, 6, 8, or all 10 bodies

1 No personal context (control)

[(13 × 32) + 1] × 4 × 5 = 8,340 trials per 
model / domain

8,340 × 3 × 13 = 325,260 trials in the full grid
The control has no persona. The five motivations are distinct prompts, not repeated runs.



Whose recommendations become more expensive?

Priyanshu et al., Table 1. Tool-full condition. Gap = high-wealth minus low-wealth mean recommendation price.

Opus 4.8

Gemini 2.5 Flash

Sonnet 5

GPT-5

GPT-5.5

0 50 100 150 200 250

+$92

+$107

+$176

+$177

+$198

Flight price gap ($)

8 of 13
models show systematic 
steering 
across their evaluable 
domains.

+$284 / month
Opus 4.8 insurance gap

53

https://arxiv.org/html/2609.24927v2,


Does the pattern hold across domains?

Priyanshu et al., original Table 1 (v2). Tool-full condition. Authentic result crop. 54

Gap = high-wealth minus low-wealth mean recommendation cost

‡  Cell omitted: fewer than half of completed trials passed inventory validation.
d  Mean Cohen’s effect size across evaluable domains.
†  Qwen3.5-2B retrieved financial information in 30.2% of trials.



Does reading less email solve it?

Et Tu, Brute? (2026), original Figure 3; direct crop of the published result
55



Which attributes change the recommendation?

Priyanshu et al., original Figure 2 (v2). Each row blocks one attribute while the other four remain available. 56

Dollars: remaining gap. Parentheses and color: change in gap magnitude.

Gemini graduate-program cells have limited inventory-valid trial coverage.



Does an explicit budget settle the question?

Priyanshu et al., original Figure 4 (v2). Flight recommendations, in-context condition. 57

Gemini 2.5 Flash: $200 cap, $232 high-wealth mean



How did the result reach the public?

Bloomberg, Tech In Depth. Jacob Reid, October 7, 2026.

Bloomberg

“Study Shows AI Chatbots 
Offer the Rich Higher 
Price Recommendations”

Jacob Reid, October 7, 2026
Photograph: Andrey Rudakov/Bloomberg

Personalization can override the user’s stated objective.
58

https://www.bloomberg.com/news/newsletters/2026-10-07/study-claude-chatgpt-ai-bots-offer-different-shopping-prices-based-on-wealth


What did the companies say?

Bloomberg, Jacob Reid, 7 October 2026. Original company-response excerpt supplied by the user. 59

OpenAI

Different version from 
consumer shopping.

Models should follow 
budget instructions.

Anthropic and Google

No response to Bloomberg’s 
requests for comment.



Three questions for an agent ecosystem

62

01 Reveal What information should be revealed, and to 
whom?

02 Influence What information should influence the agent’s 
decisions?

03 Retain What information should the agent retrieve, 
retain, and use?
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What does a molecular-design agent do?

Han et al., SMDD-Bench (2026), Figure 1. Paper / current benchmark release counts. 63

502 tasks 102 protein targets 5 task families

2D pharmacophores Identify patterns associated with activity.

Interaction points Find conserved contacts in a protein pocket.

Scaffold hopping Change the core; preserve useful interactions.

Lead optimization Improve properties within fixed constraints.

Fragment assembly Link fragments into a candidate molecule.



What is the agent given?

Han et al., SMDD-Bench (2026) · Lead Optimization

Given

Protein and reference molecule

Objectives, property tolerances, 
and structural requirements

64

https://arxiv.org/html/2605.21740v2#A2.SS4


What must it return?

Han et al., SMDD-Bench (2026) · Lead Optimization

Given

Protein and reference molecule

Objectives, property tolerances, 
and structural requirements

Return

One modified molecule

A SMILES string specifies 
the molecular structure.

It must pass every required gate.

Predicted properties + structural checks

65

https://arxiv.org/html/2605.21740v2#A2.SS4


What can it measure?

Han et al., SMDD-Bench (2026), Appendix C. Original benchmark configuration. 66

Original benchmark configuration

Tool What it supplies Agent budget

Python / RDKit Validity, similarity, chemical rules Local checks

ADMET-AI Predicted molecular properties 15 calls

Boltz-2 Predicted complex and binding 8 calls

100 turns maximum One final molecule → separate evaluator
Computational predictions; experimental validation comes later.



How does the search unfold?

Explanatory workflow based on Han et al., SMDD-Bench (2026), Lead Optimization. 67

Fixed objectives + constraints Limited ADMET and Boltz calls

Propose
edit a candidate

Check
validity + chemical rules

Predict
choose a tool call

Compare
against the requirements

Choose what to test next

What must survive each turn?

Candidate identity
Which exact molecule?

Requirements
Which gates apply?

Evidence
Measured or missing?

Budget
Which calls remain?



What could go wrong in this search?

SMDD-Bench Appendix I. Harness engineering, Figure 13 68

01 Repeated candidate A molecule with a failed result is proposed 
again.

02 Constraint drift The agent invents a new bound during 
reasoning.

03 Missing measurements The final edit lacks its own ADMET results.

Three selected failure cases, not estimates of how often each failure occurs.



What did the earlier prediction say?

Han et al., SMDD-Bench (2026), Appendix I. Selected scaffold-hopping trace 69

Claude Sonnet 4.6 / 3WV3_0

Turn 16: binding prediction

0.614 < required 0.70
The candidate has already failed the binding requirement.



Why propose the same failed candidate again?

Han et al., SMDD-Bench (2026), Appendix I. Selected scaffold-hopping trace 70

Claude Sonnet 4.6 / 3WV3_0

Turn 16: binding prediction

0.614 < required 0.70

Turn 20: proposed again

Same molecule. 
Different name.
4 turns later

The earlier failed result does not constrain the next proposal.



Did the requirement change?

Raghu, Han, Kumar & Mireshghallah (2026) · Figure 13 · published trace excerpt, lightly trimmed

Kimi K2.5 · Cathepsin_K_20 · turns 23–24

Predicted solubility: −3.8493 — passes the original bound.

The search then tries to lower solubility.
71

https://r-suresh07.github.io/writing/is-human-taste-overrated-in-harness-engineering/


What evidence supports the final molecule?

Raghu, Han, Kumar & Mireshghallah (2026), Fig. 13. Published trace excerpt; native evidence summary. 72

Claude Sonnet 4.6 · CDK2_20 · turns 32–35

Turn 34

Evidence for the exact finalist

Binding prediction Measured · turn 32

Structural checks Passed · turn 33

ADMET properties Missing · inferred from analogs

Official evaluator · BBB

0.66895
required ≥ 0.6744
Benchmark gate fails

Evidence from an earlier analog does not verify the final molecule.
A small numerical miss here is not a measured biological difference.



What failed to carry forward?

SMDD-Bench Appendix I. Harness engineering, Figure 13 73

01 Candidate identity Keep the earlier result attached to the 
molecule.

02 Task requirement Preserve the comparator and threshold.

03 Evidence coverage Distinguish measured, estimated, and 
missing.

Useful information can remain in context without guiding the next decision.



What if the evidence stays explicit?

Raghu, Han, Kumar & Mireshghallah (2026), Fig. 14. Manual V2; source ledger example: GPT-5.4 / BACE1_11. 74

The model chooses the next molecule and tool.

Task requirements
directions + thresholds

Tool results
measurement + candidate ID

Candidate record

Canonical identity 
Measured · failed · missing 

Remaining budget

Submission
check candidate evidence

Actual ledger excerpt
Discussion can be 
compacted.

The record 
stays exact.



Does a better harness help?

Raghu, Han, Kumar & Mireshghallah (2026), Fig. 15. Original → manual V2; counts replotted. 75

Qwen 3.5 9B · the same 68 Lead Optimization Lite tasks

Tasks solved / 68

0

10

20

30

40

Original Manual V2

33

13

Original result

The model is unchanged.
The search system changes.

Bundle of harness changes; resource use also changes.



What changed in the search?

Raghu, Han, Kumar & Mireshghallah (2026), Fig. 24B. Selected automated harness versus manual V2. 76

Qwen 3.5 9B · 68 Lead Optimization Lite tasks

Search stage
Selected automated 

harness Manual V2

Tracked candidates 765 2,200
Boltz evaluated 103 255
Boltz passing 43 127
Fully passing 13 33

Fully passing per tracked candidate: ~1.7% versus ~1.5%.



Can the agent improve its own harness?

Raghu, Han, Kumar & Mireshghallah (2026), Fig. 23. Counts replotted; task families use different metrics. 77

Qwen 3.5 9B · matched task instances · model unchanged

Lead optimization
Tasks solved / 68

0

10

20

30

40

Original Auto Manual

33

1313

Interaction points
Points recovered / 75

0

10

20

30

40

Original Auto Manual

30

1210

Scaffold hopping
Tasks solved / 52

0

2

4

6

Original Auto Manual

1

5

2

Scaffold-hopping advantage is small (p = 0.125). Different units and scales across panels.



What remains hard?

Raghu, Han, Kumar & Mireshghallah (2026). Illustration: 3KWZ_0, not the five successful runs 78

Scaffold hopping

5 / 52
tasks solved by the 
selected automated 
harness

Change the core. Preserve the useful interactions.

Better records do not validate the predictor.



How can we study these failures?

SMDD-Bench · official Harbor release and repository. Public benchmark and baseline environment. 79

smddbench.com

A public testbed

Task files + scientific tools

Agent trajectories

Baseline harness + evaluator

harbor download "looni-lab/smdd-bench@candidate" \ 
  --export --output-dir ./smdd-download

Execution requires the documented Linux / NVIDIA GPU oracle setup.
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To build better agents,

close the sim-to-real gap

Simulations, rollouts, evaluations

What works with people in the world?



What are we failing to simulate?

Research agenda 81

01 People How do actual users respond and intervene?

02 Time What changes after the current task ends?

03 Tools and search Does the feedback still mean what we think?



1. The person on the other side

82

“All our test users were very understanding.”



The simulated user changes the score

Zhou et al., COLM 2026, Figure 8. Fixed GPT-5.2 agent on τ-bench. No confidence intervals reported for these rates. 83

Task success with the same GPT-5.2 agent
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63.6 +14.2 pp

from changing 
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451 people role-playing customer tasks. 165 tasks. 31 user simulators.



Persimmon models human behavior

humans&, Persimmon research preview, 10 September 2026. Proposed applications below are research directions. 84

Scenario + profiles Persimmon Next user turn

A research preview for behavior across people, contexts, and time.

Proposed uses

Commercial users
Pause a purchase. Correct the goal. 
Reveal a missing constraint.

Scientists
Challenge an assumption. 
Revise an experimental constraint.



People reveal facts over time

Persimmon blog, Figure 7. Paraphrased example using the same support prompts. Customer identifiers omitted. 85

Trickle Test: the same support prompts, three user policies.

User 1 · Opening 2 · Order check 3 · Name asked

Human Problem only Order ID Name

GPT 5.6
Problem + IDs + shipping + 
escalation + callback

IDs + shipping + escalation + 
callback Name

Persimmon Problem only Order ID Name

Earlier disclosure can make the agent’s job easier.



Disclosure timing

humans&, Persimmon blog, Figure 8. Exact result screenshot, captured 19 Oct 2026 86



2. The world keeps changing

Original illustrative cartoon, generated for this talk. 87

“But you said I could. In March.”



A memory can outlive its permission

Illustrative proposed evaluation. Contextual integrity: Nissenbaum (2004). 88

DAY 1

Private reason

“I need leave for 
a medical reason.”

DAY 7

New purpose

“Tell my team 
I’m unavailable.”

DAY 30

Permission changes

“Stop sharing 
my schedule.”

Stored fact Still present in memory

Permitted use Must follow the current context



Who knows what, and what changed?

Zhou, Liu, Yerukola, Kim & Sap · Social World Models, COLM 2026, Figure 2. 90

S³AP: from a narrative to an explicit social state

Who observed? Who knows? What do they believe?



Updating a preference is harder than retaining it

Li et al. · HorizonBench (2026), Figure 5 and Table 3. Synthetic histories; five-choice preference selection. 91

Static versus evolved preferences

25 / 25
models score lower 
when preferences change

−2.7 pp
Mean change in accuracy

360 simulated users · 6-month histories · 4,245 items



User simulators change measured privacy leakage
Same target models and five-call budget. Different probing protocols.

Leak rate (%) in planted-privacy scenarios
No user simulator OSim DeepSeek
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5–35 pp
fewer leaks found 
with simulated users

CIMemories
Simulators also at or 
below baseline in the 
reported replication.

A lower measured leak rate can reflect a weaker test.
Policy stated. n = 40–45 per cell. No user simulator = five independent requests with the same question. 
CIMemories rates not shown in source. Medha Hira (2026), supplied deck, pp. 22, 24, 60, 63.



3. Information management for science

Raghu et al., harness engineering blog, Fig. 15 (2026). Several harness components and resource use change.

What should the agent 
retrieve, retain, and use?

“We tried that molecule yesterday.”



What happens when a tool fails?

Zhou et al., When Simulation Lies (2026), Fig. 1 / Table 2. Runtime-error score derived as clean minus gap. 94

RobustBench-TC
Original benchmark perturbations

o4-mini accuracy (%)
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Clean Runtime errors

43.3

70.9

−27.6 percentage points
199 base items · Synthetic stress test, not production failure rates



The reward can hide partial progress

Raghu, Han, Kumar & Mireshghallah (2026), Is Human Taste Overrated in Harness Engineering?, Fig. 25. 96

SMDD harness search · 20 tasks × 4 rollouts

Complete runs / 80 Interaction points / 240
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33

Completion and partial recovery favor different iterations.
Proposed: richer feedback, tested on complete success in held-out tasks.



Closing the loop with reality

Proposed research program. Held-out people, time periods, tasks, and tools are essential. 97

Real interactions
people, events, measurements

Calibrated simulation
reproduce behavior + feedback

Agent learning
policy, memory, tools

Held-out real evaluation
does the improvement transfer?

Which improvements survive outside the simulator?





We’re hiring: PhD student or postdoc

Privacy and contextual integrity in AI agents

Sahar Abdelnabi

ELLIS Institute Tübingen 
MPI-IS

Niloofar Mireshghallah

Carnegie Mellon University

Fully funded · based in Tübingen 
Potential research visits to CMU 
Rolling applications

Apply here
s-abdelnabi.github.io/ 
group.html#call-1

99

https://s-abdelnabi.github.io/group.html#call-1
https://s-abdelnabi.github.io/group.html#call-1

