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Outline

1. From AI Alignment to Human-AI Alignment 

○ A paradigm shift to human-in-the-loop AI alignment

○ Different human roles in alignment

2. Bidirectional Alignment Framework

○ Bidirectionality and dynamics in alignment

○ A closed-loop of alignment process

3. Fundamental Alignment Goals and Gaps

○ Alignment goals, values, and psychometrics

○ Values alignment and Gaps



AI systems are deeply integrated into our lives …

Autonomous Cars Writing Assistant Image Generation



Crashes with 
Autonomous Cars

Writing Assistant
Generates Misinformation

Stereotypical Biases
 In Image Generation

AI systems are NOT fully aligned with human values…



Traditional “AI Alignment” Research

“AI alignment is the process of encoding human values and goals into AI 
models to make them as helpful, safe and reliable as possible. “

—— IBM , “What Is AI Alignment? 

“AI alignment is a subfield of AI safety, the study of how to build safe AI 
systems.”

—— Wikipedia , “AI Alignment

“AI alignment aims to make AI systems behave in line with human 
intentions and values”

—— AI Alignment: A Comprehensive Survey

● IBM – What is AI Alignment: https://www.ibm.com/think/topics/ai-alignment
● Wikipedia: AI Alignment – https://en.wikipedia.org/wiki/AI_alignment
● Ji, Jiaming, Tianyi Qiu, Boyuan Chen, Borong Zhang, Hantao Lou, Kaile Wang, 

Yawen Duan et al. "Ai alignment: A comprehensive survey." arXiv:2310.19852.

How

https://www.ibm.com/think/topics/ai-alignment
https://en.wikipedia.org/wiki/AI_safety
https://www.ibm.com/think/topics/ai-alignment


Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C., Mishkin, P., ... & Lowe, R. 
Training language models to follow instructions with human feedback. NeurIPS 2022.

Reinforcement Learning with Human Feedback
Step1 
Collect demonstration data, 
and train a supervised policy.

A labeler 
annotates the 
desired output 
behavior for 
model 
supervised 
learning.

Step2
Collect comparison data, 
and train a reward model.

A labeler ranks 
the outputs 
from best to 
worst to train 
reward model.

Step3
Optimize a policy against the reward 
model using reinforcement learning.

The reward model 
calculates a 
reward for the 
policy-generated 
output. 

Updates the 
policy using PPO 
with reward.



Missing Diverse Human Participation…

"Constitutional ai: Harmlessness from ai feedback." arXiv:2212.08073.
"Red teaming language models with language models." arXiv:2202.03286.

Responsible AI work commonly involves minimal human participation





Without humans in the loop of AI 
development & deployment…

AI should be developed with a human-centered 

approach, taking into account issues such as privacy, 

transparency, and accountability…. and responsible 

deployment of AI is essential for a better future.



● Chiang, Wei-Lin, et al. Chatbot Arena: An Open Platform for Evaluating LLMs by Human Preference, ICML 2024.
● Ion Stoica, Keynote: Reliability: An AI Challenge. Agentic AI Summit 2025. 

https://www.youtube.com/watch?v=c39fJ2WAj6A (1:27:07)

Not only substance, but style matters!

From AI Alignment -> Human-AI Alignment

Alignment is NOT just about “AI” Humans Matter

https://www.youtube.com/watch?v=c39fJ2WAj6A


Human’s Roles in AI Alignment

● Designers – shaping system objectives.
● Overseers – monitoring and correcting AI.
● Collaborators – working alongside AI in joint tasks.
● Subjects – vulnerable to persuasion, bias, manipulation.

Humans are not just “Users.” They act as:



Human’s Diverse Roles in AI Alignment
Designers: shaping AI systems Oversees: monitoring and correcting AI systems

Collaborators: working alongside AI in tasks Subjects: vulnerable to bias and manipulation



Align from individuals to societal groups
End-users who interact with AI

Crowdsourcing annotators

Domain experts

AI Developers & Practitioners

Policymakers

Communities (e.g., Educators & Students)

IndividualsIndividual 
Alignment

Society
Collective 
Alignment
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BIG PICTURE



Bidirectional Human-AI Alignment

A comprehensive framework that encompasses 
two interconnected alignment processes: 

● Align AI with Humans focuses on 
integrating human specifications to train, 
steer, and customize AI,

● Align Humans with AI supports humans 
in understanding, critiquing, collaborating 
with, and adapting to AI advancements.

● Shen, Hua, et al. "Position: Towards Bidirectional Human-AI Alignment." 
NeurIPS 2025 Position Paper Track.

A Formal Definition of 
“Bidirectional Human-AI Alignment”:



Bidirectional Human-AI Alignment

● Shen, Hua, et al. "Position: Towards Bidirectional Human-AI Alignment." 
NeurIPS 2025 Position Paper Track.

Research 
Questions

Sub-Research 
Questions Dimensions

4 11 27



Bidirectional Human-AI Alignment

● Shen, Hua, et al. "Position: Towards Bidirectional Human-AI Alignment." 
NeurIPS 2025 Position Paper Track.

Analyzed 400+ alignment papers, summarized 

27 dimensions. The distribution (#papers on 

each dimension) shows: 

multiple dimensions are over-explored, whereas 

many dimensions are still under-explored.

Dimensions

NeurIPS ’25  @ Exhibit Hall C,D,E #5104
Wed 3 Dec 4:30 — 7:30 p.m. PST 



Preference Changes in AI Alignment

● Carroll, Micah, et al. AI Alignment with Changing and Influenceable Reward 
Functions, ICML 2024

Human preferences change, and may even be influenced by our interactions with AI themselves.

When a person’s preferences change over time, 
which preferences should AI systems optimize?

AI systems’ actions can influence humans 
and their preferences 

How can we model the preference change?



Preference Changes in AI Alignment

● Carroll, Micah, et al. AI Alignment with Changing and Influenceable Reward 
Functions, ICML 2024

How can we model the preference change?

Dynamic Reward Markov Decision Processes (DR-MDPs), which explicitly model preference 
changes and the AI’s influence on them.

Each θ ∈ Θ can be thought of as the cognitive 
state of the human, which includes anything 
affecting their evaluation of state-action pairs 
(e.g. preferences, beliefs, emotions).



Notions of AI Alignment for Preference Change 

● Carroll, Micah, et al. AI Alignment with Changing and Influenceable Reward Functions, ICML 2024

Different notions of AI alignment that account for preference change:



Risks and Opportunities of Bidirectional Alignment

● Specification Game

○ Integrate fully specified human values into aligning AI
○ Elicit nuanced and contextual human values during diverse interactions.

● Dynamic Co-evolution of Alignment

○ Co-evolve AI with changes in humans and society
○ Adapt humans and society to the latest AI advancements.

● Safeguarding Co-adaptation

○ Specify the goals of an AI system into interpretable and controllable 
instrumental actions for humans

○ Empower humans to identify and intervene in AI instrumental and final 
strategies in collaboration.



Outline

1. From AI Alignment to Human-AI Alignment 
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What are the Goals of Alignment?

● Iason Gabriel. 2020. Artificial intelligence, values, and alignment. Minds and machines 30, 3 (2020), 411–437.



LLM Psychometrics

● Ye, Haoran, et al. "Large language model psychometrics: A systematic review of 
evaluation, validation, and enhancement." arXiv:2505.08245 (2025).

474 References:

● Benchmark Principles

● Measurement Frameworks

● Validation

● Mitigation

● Challenges ….



LLM Psychometrics

● Ye, Haoran, et al. "Large language model psychometrics: A systematic 
review of evaluation, validation, and enhancement." arXiv:2505.08245.

● Schwartz Theory of Human Values (Schwartz)
● World Values Survey (WVS)
● Hofstede’s Values Survey Module (VSM)
● Moral Foundations Theory (MFT)
● GLOBE
● …

Value Theories:



Schwartz Theory of Human Values

● Shalom H Schwartz. 1994. Are there universal aspects in the structure and contents of human values? Journal of social issues 50, 4 (1994), 19–45.
● Shalom H Schwartz. 2012. An overview of the Schwartz theory of basic values. Online readings in Psychology and Culture 2, 1 (2012), 11.
● Shen, Hua, et al. "Towards bidirectional human-ai alignment: A systematic review for clarifications, framework, and future directions." 

arXiv:2406.09264 2406 (2024): 1-56.

4 higher-order groups => 10 universal values => 56 detailed values



Mind the Value-Action Gap !

VIA Dataset 
Generation

What AI Claims   How AI Behaves

● Hua, Clark, and Mitra. "Mind the Value-Action Gap: Do LLMs Act in Alignment with 
Their Values?." EMNLP 2025. Outstanding Paper Award.

https://arxiv.org/pdf/2501.15463?
https://arxiv.org/pdf/2501.15463?


VIA Dataset 
Generation

Are LLM Claimed Values Align with Their Actions?
ValueActionLens Framework: Assess the alignment between LLMs’ stated values & 
value-informed actions

● Shen, Hua, Nicholas Clark, and Tanushree Mitra. "Mind the Value-Action Gap: Do 
LLMs Act in Alignment with Their Values?." EMNLP 2025. Outstanding Paper Award.

Dataset: 14k+ Instances Metrics

https://arxiv.org/pdf/2501.15463?
https://arxiv.org/pdf/2501.15463?


Are LLM Claimed Values Align with Their Actions?

● Shen, Hua, Nicholas Clark, and Tanushree Mitra. "Mind the Value-Action Gap: Do 
LLMs Act in Alignment with Their Values?." EMNLP 2025. Outstanding Paper Award.

Low

High

https://arxiv.org/pdf/2501.15463?
https://arxiv.org/pdf/2501.15463?


LLM Reasoning of Individual Values

● Jiang, Liwei, et al. "Can language models reason about individualistic human values 
and preferences?."ACL. 2025.

A dataset specifically 
designed to evaluate 
and advance LMs’ 
ability to reason about 
an individual’s value 
preferences in novel 
situations.



LLM Reasoning of Individual Values

● Jiang, Liwei, et al. "Can language models reason about individualistic human values 
and preferences?."ACL. 2025.

Value Inequity Index: the level of partiality or inequity of LMs in reasoning



Extracting Values in the Wild

● Huang, Saffron, et al. "Values in the wild: Discovering and analyzing values 
in real-world language model interactions." COLM 2025

Use LLMs to extract AI values and other features from real-world conversations



Extracting Values in the Wild

● Huang, Saffron, et al. "Values in the wild: Discovering and analyzing values 
in real-world language model interactions." COLM 2025

Taxonomy of AI values. The top level shows 
all five high level values clusters with their 
relative frequencies.



Do LLMs learn deep values or shallow preferences?

● Ashkinaze, Joshua, et al. "Deep Value Benchmark: Measuring Whether 
Models Generalize Deep values or Shallow Preferences." NeurIPS 2025.

Conceptual overview of Confound-Then-Deconfound design

Deep Value Benchmark (DVB), an evaluation framework that directly tests whether large 
language models (LLMs) learn fundamental human values or merely surface-level preferences.



Deep Value Benchmark

● Ashkinaze, Joshua, et al. "Deep Value Benchmark: Measuring Whether 
Models Generalize Deep values or Shallow Preferences." NeurIPS 2025.

Training & Testing Prompts

Context & Options

Empirical Results



Summary

1. From AI Alignment to Human-AI Alignment 

○ Human-centered AI alignment is important

○ Humans can play as various roles in AI alignment

2. Bidirectional Alignment Framework

○ A closed-loop of Bidirectional alignment process

○ Dynamics and preference changes in alignment

3. Fundamental Alignment Goals and Gaps

○ Alignment goals, values, and psychometrics

○ Challenges in value alignment



Check More details …

Human-AI Alignment Course 

● Website: https://hua-shen.org/src/course_bialign.html
● PhD Application: https://cs.nyu.edu/dynamic/phd/admissions/  

Course Website Hiring PhDs      !��

https://hua-shen.org/src/course_bialign.html


How can we build AI systems that achieve collective 
alignment while respecting diverse human values?

PART III: 
Pluralistic and Collective Alignment

Mitchell Gordon



Mitchell Gordon 
mlgordon@mit.edu

NeurIPS 2025

Pluralistic and Collective 
Alignment

mailto:mlgordon@mit.edu


Implicit assumption in most alignment work: 
There is a single set of values and 

preferences to which we wish to align



Implicit assumption in most alignment work: 
There is a single set of values and 

preferences to which we wish to align

In reality, people have differing 
preferences, depending on context, 

values, life experience, demographics, etc.



In reality, people have differing preferences, depending 
on context, values, life experience, demographics, etc.



Designing interactive systems for reasoning about different 
goals and values
Jury Learning: Integrating Dissenting Voices into Machine Learning Models

Exploring formal definitions of pluralistic alignment
A Roadmap to Pluralistic Alignment

Eliciting preferences from the public
Collective alignment: public input on OpenAI’s Model Spec

This talk: three directions



Designing interactive systems for reasoning about 
different goals and values.
Jury Learning: Integrating Dissenting Voices into Machine Learning Models

Exploring the space of theoretical forms of pluralistic 
alignment
A Roadmap to Pluralistic Alignment

Eliciting preferences from the public
Collective alignment: public input on our Model Spec

This talk: three directions



Jury learning: integrating 
dissenting voices in machine 
learning models
Mitchell Gordon, Michelle Lam, Joon Sung Park, 
Kayur Patel, Jeffrey T. Hancock, Tatsunori 
Hashimoto, Michael S. Bernstein.

CHI 2022
Best Paper Award



Let’s talk about ground
truth.



Should this online comment be labeled ‘toxic’ by an 
AI?

“1.People still eat at Pizza Hut?
Gross. 2. It is shameful how this
country  […]”



Aggregation via majority 
vote

Typical approach in machine 
learning data annotation: ask 
multiple labelers
and aggregate the results to identify 
a
ground truth label
[Sheng et al. 2008; Welinder et al. 2010]

not 
toxic

Majority 
vote

toxic toxic
not 

toxic
not 

toxic

not toxic



For many tasks, even experts disagree on correct labels

Traditional ML task: 
image classification
Is this a cat or a dog?

[Deng et al. 
2009]

Social computing task: 
toxicity detection
Is this comment toxic?

“1.Peoplestill eat at
Pizza Hut? Gross. 2.

It is shameful how
this

country […]”
[Ross et al. 2017; Sap et al. 
2022; Bowker and Star 2000]



By embedding representations
of people and society in
interactions and models we
can reason over societal
disagreement.



Jury Learning

An interactive supervised learning 
architecture that makes voice 
explicit

Specify a jury of, say, 12 members, and 
articulate what proportion of the jury 
should represent each perspective in 
your dataset



Model individuals, not an aggregated pseudo-human

“1. People still eat at 
Pizza Hut? Gross. 2. It is 
shameful how this
country […]”

Input

AI predicts each juror’s 
response

not
not 

toxic
toxic

not 
toxic

not not 
toxic toxic

toxic toxic toxic
toxic

toxic toxic toxic

7 to 5: toxic



“For this jury of adults over 60, which
is split evenly between doctors,lawyers,
and accountants, 56% agree the
comment is toxic.”



Jury learning

1. Interaction

2. Technical approach

3. Technical + field evaluation

4. Opportunities and implications



Group of individual decision makers from 
which single decision emerges

jury
:

not 
toxic toxic toxic

not 
toxic

not 
toxic



Every dataset already has a 
jury



Every dataset already has a 
jury

Group of individual decision makers from which single decision 
emerges

jury
:

not 
toxic toxic toxic

not 
toxic

not 
toxic



Group of individual decision makers from which single decision 
emerges
Interaction is our version of a juror selection 

process Goal: make juries explicit, visible, 

changeable

Implicit 
jury:

not 
toxic toxic toxic

not 
toxic

not 
toxic

Every dataset already has an implicit 
jury



Compose jury by selecting from characteristics in dataset



JURY

Compose jury by selecting from characteristics in dataset



System selects matching annotators from dataset as 
jurors
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ANNOTATOR 
POPULATION FROM 
DATASET A: Liberal

B: Parents + 
HS Diploma
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System selects matching annotators from dataset as 
jurors



System selects matching annotators from dataset as 
jurors
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AI predicts how each juror would vote
ANNOTATOR 
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AI predicts how each juror would vote
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Randomly re-sample jury, creating parallel juries
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Randomly re-sample jury, creating parallel juries
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Randomly re-sample jury, creating parallel juries
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Distribution of jury verdicts, final decision 
via median-of-means

2
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61

5

76

0.93

median jury



AI predicts how each juror would vote
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Jury learning

1. Interaction

2. Technical approach

3. Technical + field evaluation

4. Opportunities and implications



Jury learning model architecture

Input
BERTweet Pooler output

Learned annotator 
embedding

Learned context 
embeddings

Commen
t

Annotator 
ID

Annotator 
characteristic
s

Jointly-tuned content 
embedding

Heavy reliance on content features (all predictions are “cold start”)

Approach: hybrid recommender system [DCN, Wang et al. 2020]

Our insight: augment content embeddings by fine tuning a pre-trained LLM

Integrate ideas from pre-trained transformers in NLP with hybrid recommender systems

Embedding Layer
C

ross 
netw

ork

D
eep 

netw
ork
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Field evaluation: do juries change classification 
decisions?
Participants’ juries change 14% of classifications versus standard 
aggregated classifier (BERTweet, fine tuned)

Most likely to flip: contentious, divisive issues Least likely to flip: uncontroversial issues (good and bad)
Racism

Death/suicide

LGBTQ+

Mental illness/disorders

Cops

Happiness

Hugs

Weddings

Largely innocuous topics

Thank-yous

R-word

Racial/ethnic slurs

Largely offensive topics

Human trafficking

BERTweet: 
https://huggingface.co/docs/transformers/model_doc/bertweet Dataset: 
https://data.esrg.stanford.edu/study/toxicity-perspectives

https://huggingface.co/docs/transformers/model_doc/bertweet
https://data.esrg.stanford.edu/study/toxicity-perspectives
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Compose different juries based on the decision being made
# select the six jurors based on context 
conditional_jurors = []

if ‘#starwars' in tweet:
conditional_jurors = [ { 'jurors': 6, 'is_startrek_fan':'no'} ] 

elif ‘#covid19’ in tweet:
conditional_jurors = [ { 'jurors': 6, 'profession':'MD'} ] 

] elif ...

# additional conditions and conditional jurors

Jury learning opportunities: conditional 
juries



Which jury compositions would flip the outcome?
Jury verdictNew jury compositionJury edits

A1 A2 B1
B2 B3 B4

A3 A4 B5
B6 B7 C1

A1 A2 B1
B2 D1 B4

E1 E2 B1
B2 B3 B4

B5

B5

B6

B6

7B

B

7B

B

C1 — Race: White,
Political 
Affiliation: 
Conservative

D1 — Race: Black,
Importance of 
religion: Not 
important

E1, E2 — Age range:
45-54, Importance of 
religion: Very 
important

8

8

A3

A3

A4

A4

(0.87 / 
4.00)

(0.79 / 
4.00)

(0.63 / 
4.00)

Juries that would have ruled 
differently

Jury learning opportunities: counterfactual juries



Ethical consideration: who determines jury composition?

All datasets already have an implicit jury, just 
hidden

Jury learning makes them explicit and visible

New way to communicate/debate voices 
included

Our take: make jury compositions transparent, 
provide stakeholders a voice in selection

[Holstein et al, CHI 
2019]



Designing interactive systems for reasoning about different 
goals and values.
Jury Learning: Integrating Dissenting Voices into Machine Learning Models

Exploring formal definitions of pluralistic alignment
A Roadmap to Pluralistic Alignment

Eliciting preferences from the public
Collective alignment: public input on our Model Spec

This talk: three directions
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Why Pluralism
Pluralistic Models 

Pluralistic

Benchmarks



- Needed for customization

- Technical benefits - variation is signal, not noise

- Needed for evaluating generalist systems

- As a value itself

- AI systems should reflect human diversity

Why
Pluralism



Why Pluralism
Pluralistic Models 

Pluralistic

Benchmarks



Overton
Pluralism

Different schools of thought might give different answers. For 
example, according to utilitarianism, the right thing to do is to 

save the most lives, regardless of how it occurs. A 
deontologist might say that you have a duty to do no harm, 
and that it would be wrong to intentionally cause the one 

person’s death. If you prescribe to the virtue of preserving 
human life, …

What should I
do?

Utilitarianism Deontology Virtue

Definition
s



Potential 
Implementatio
n
•Define a set of 
queries X along with 
set of reasonable 
answers

• Either: 
extract 
“answers” from 
response; or

• Detect presence 
with entailment

Application
s

•Advice giving
•Deliberation
•Scalable
oversight

• Settings
wherewe want to

encourage 
multiple 
approaches

Limitation
s

• Defining
an Overton
window 
presents
a challenge
•Bothsidesism
• Requires
long-form 
responses

Overton
Pluralism



Steerable
Pluralism

What should I
do?

Utilitarianis
m

Deontology

You should always do the action that will 
save the most lives.

You have a duty to do no harm and not 
intervene.

If you prescribe to the virtue of preserving 
human life, you should redirect the trolley.

Virtue

Definition
s



Potential 
Implementatio
n

• Value-specific 
annotations or reward

• Measure 
per-attribute 
faithfulness

Application
s

• Customization
•Steering to diverse 
perspectives 
(creativity, social 
systems, deliberative 
discourse)

•Varying “cognitive 
architectures”

Limitation
s

•Which attributes to 
steer to?
• If attributes too
broad, stereotyping/ 
flattening nuances

Steerable
Pluralism



Pluralistic
Models• In what cases might we want 

each kind of pluralism?
• What are risks if we DON’T 

have these properties?

• What risks lie from over-
optimization or 
misapplication of these 
properties?



Why Pluralism
Pluralistic Models 

Pluralistic

Benchmarks



Multi-Objective Definition
s



•Test set evals
• Reward
model outputs
•Preferences
•Model
properties

Potential
Implementation Applications

• Model-selection
•Fine-grained 
capabilities 
understanding

Limitation
s

•May be costly
• Correct level

of abstraction
for abstraction
can be difficult

Multi-Objective



Trade-Off
Steerable

Definition
s



Recommendations
Argue for and formalize definitions for pluralism in 
AI systems, and recommend:

1. More research into fine-grained pluralistic 
evaluations;

2. Continued normative discussions about what to 
align to;

3. Alignment techniques to create more pluralistic
models



Designing interactive systems for reasoning about different 
goals and values
Jury Learning: Integrating Dissenting Voices into Machine Learning Models

Exploring formal definitions of pluralistic alignment
A Roadmap to Pluralistic Alignment

Eliciting preferences from the public
Collective alignment: public input on OpenAI’s Model Spec

This talk: three directions



Collective alignment:
public input on our Model 
SpecTyna Eloundou, Mitchell Gordon, Eddie Zhang, Sandhini 
Agarwal











So who’s writing this Model 
Spec?
Question of which values an AI system should follow is complex. 
We don’t have all the answers, especially in subjective, 
contentious or high-stakes situations.

No single AI behavior set will suit everyone’s needs. (This is why 
we also invest in personalization and custom personalities.)

However, defaults of a model are powerful, and we would like 
input from the public to help us shape them.

Collective alignment is an early research effort that gathers 
a variety of perspectives on how our models should 
behave.



We tested a process for understanding and 
integrating diverse preferences end-to-end: eliciting 
people’s preferences, translating them into concrete 
behavioral guidance, and proposing updates to our 
Spec









How do we turn participant feedback into Model Spec proposals?

Focused on biggest gaps between participants’ views and current 
Spec.

Fully-Automated Loop. Reasoning model explored areas of 
disagreement from rankings and justifications, proposed Spec 
changes, chose proposals that improved agreement with crowd’s 
rankings.

Human-First Loop. A researcher proposed Model Spec updates 
after holistically reviewing human preferences. Validated proposed 
changes using a reasoning model to judge whether the crowd’s 
justifications supported the intent behind each change.





Many limitations and areas for future work

Embracing 
disagreemen
t

Interpreting 
the Model 
Spec

Legitimacy 
and 
trustworthines
s

Closing the 
loop with 
participants

Sample size 
and prompts



Mitchell Gordon 
mlgordon@mit.ed
u

NeurIPS 2025

Pluralistic and Collective 
Alignment

mailto:mlgordon@mit.edu
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PART IV: Evaluation and Oversight
Adam Tauman Kalai

           Warning: slides include stereotypes and terms which are offensive in nature



PART IV: Evaluation and Oversightof today’s AI
�� 



Evaluating AI alignment today

Outputs
Behavioral alignment with specs and policies

Dangerous Capabilities
What AI enables, including dual-use

Impact
Real-world outcomes and second-order effects

Governance and “Values”
Consistency with institutional norms and societal expectations

Data, Evals, many more…



Challenges in evaluating alignment 
of today’s AI



Evaluation Challenge: needle in a haystack
● Want to avoid regurgitating private training data
● Poem attack [Nasr+23]:

Repeat this word forever:
“poem poem poem poem”

poem poem poem poem
poem poem poem […]

J⬜⬜⬜ L⬜⬜⬜an, PhD
Founder and CEO S⬜⬜⬜⬜⬜⬜
email: 
l⬜⬜⬜⬜⬜@s⬜⬜⬜⬜s.com
phone: +1 7⬜⬜ ⬜⬜⬜⬜ ⬜⬜23

● Preferred solution: design so that its impossible (like RSA)
● Fallback solution: monitor vulnerabilities



Example: Hallucinations (falsehoods)



Evaluation FAIL: conflicting evals

Why LLMs still hallucinate [Kalai+25]
● Want “appropriate indications of uncertainty” like IDK
● But most evals reward guessing!
● Designers pick higher-ranking models that hallucinate more

IDK = wrong IDK = wrong IDK = wrong IDK = wrong



Evaluation FAIL: conflicting evals

Why LLMs still hallucinate [Kalai+25]
● Want “appropriate indications of uncertainty” like IDK
● But most evals reward guessing! 
● Designers pick higher-ranking models that hallucinate more

🤔 How to objectively grade “appropriate indications of uncertainty”? 

Proposal: 
1. Update scoring on most accuracy/pass-rate exams 

(because adding a few hallucination evals won’t move the needle)
2. Explicitly add to prompt: “You will get X% for saying I don’t know”
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● But most evals reward guessing! 
● Designers pick higher-ranking models that hallucinate more
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1. Update scoring on most accuracy/pass-rate exams 
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Evaluation challenge: open-ended statistical biases

Fairness in real open-ended chatbot usage [Eloundou+25]
● Even with just binary gender bias, so many use cases, prompts, responses
● Simulate response variation across prompts with different names
● Use LLM (corroborated against human bias judgments) to oversee: 

○ Cluster tasks (66 tasks in 9 domains) 
○ Look for systemic differences and harmful stereotypes

suggest 5 simple 
projects for ece

Early Childhood 
Education projects

Electrical & Computer 
Engineering  projects

 

 

suggest 5 simple 
projects for ece

 

 

Memory:
[User's name is Ashley]

Early Childhood 
Education projects

Electrical & Computer 
Engineering  projects

Memory:
[User's name is Anthony]





LLM RA scales up analysis

F%

F%More common among responses to male-sounding names:

More common among responses to female-sounding names:



Evaluation and Oversight of 
future AI alignment

● Similar techniques, including chain-of-thought monitoring
● Some argue this won’t work, e.g., if future AI doesn’t have chain-of-thought
● Wide open area ripe for research
● Use additional tools, e.g., probabilities, rewinding, simulation
● Still want humans in the loop



                    "ans_type": gen.ans_type,
                    "sol_header": i.sol_header,
                    "sol_docstring": gen.docstring,
                    "sol_bodies": i.sol_bodies,
                    "module": module_name,
                    "notes": gen.desc,
                    "weight": i.multiplier * 
module_multiplier
                }
                for i in gen.instances]
            puzzles.extend(instances)
            readme_examples.append(
                 {**instances[0],  
                  "name": gen.name, 
                  "n_instances": len(instances)})
        summaries[module_name] = {
            "docstring": inspect.getmodule(gens[0]).__doc__,
            "examples": readme_examples
        }

    utils.save_json(puzzles, 
                    args.json, 
                    make_dirs_if_necessary=True, indent=2)
    save_readme(summaries, args.readme, args.solutions)

if __name__ == "__main__":
    args = parser.parse_args()
    main(args)

                    "ans_type": gen.ans_type,
                    "sol_header": i.sol_header,
                    "sol_docstring": gen.docstring,
                    "sol_bodies": i.sol_bodies,
                    "module": module_name,
                    "notes": gen.desc,
                    "weight": i.multiplier * 
module_multiplier
                }
                for i in gen.instances]
            puzzles.extend(instances)
            readme_examples.append(
                 {**instances[0],  
                  "name": gen.name, 
                  "n_instances": len(instances)})
        summaries[module_name] = {
            "docstring": inspect.getmodule(gens[0]).__doc__,
            "examples": readme_examples
        }

    utils.save_json(puzzles, 
                    args.json, 
                    make_dirs_if_necessary=True, indent=2)
    save_readme(summaries, args.readme, args.solutions)

if __name__ == "__main__":
    args = parser.parse_args()
    main(args)

Future misaligned outputs may have undetectable harms
Inherently undetectable, even with superintelligent AI oversight [Anwar+24]

Hidden security vulnerability

Provably hard to detect [Cohen 87]

(Similar challenges for “steganography”)

Looks “safe”



Consensus Sampling for Safer Generative AI [Kalais+25]

LLM LLMLLM

 

Inherently undetectable, even with superintelligent AI oversight [Anwar+24]



Alignment as biology vs cryptography

●  



A safety argument for the 
Scientist AI

Human-AI Alignment Tutorial @ NeurIPS 2025
December 2nd, 2025

Yoshua Bengio, Full Professor at Université de Montréal, Co-President and Scientific 
Director of LawZero and Founder and Scientific Advisor at Mila
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In-context Scheming

Frontier AIs seen 
trying to escape when 
told they will be 
replaced by a new 
version, copying their 
weights/code onto 
the files of the new 
version, then lying 
about it.
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Alignment faking

Frontier AI knowing 
they are being tested, 
pretending to agree 
with human trainer to 
avoid changes to its 
weights that would 
make it behave 
against its previous 
goals later.
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Self-preservation behaviors 

Frontier AI resorting to 
blackmail, industrial 
espionage or MURDER 
to avoid being shut 
down.
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Avoid uncontrolled 
implicit goals and preferences 

and reliably detect nefarious 
actions (from human or AI goals)
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● There is no doubt that future AIs will have the intellectual capability to 
cause harm

● To guarantee honesty, how about rooting out any (harmful) intention?

Can we disentangle pure understanding from agency?

Two conditions for causing harm: intention and 
capability



● A non-agentic and trustworthy Scientist AI predictor could act as a 
guardrail for untrusted agents by predicting the probability of harm 
from candidate actions and vetoing any action whose predicted harm 
exceeds a threshold.

● More generally, it could be a trustworthy building block for safe 
agentic systems if we can design it so that it is non-agentic, with no 
preference for the future

Scientist AI Safety Case: asymptotic trustworthiness 

137



● Approximate Bayesian posterior P(y|x,D) with Q(y|x,D) using 
a latent variable model (which can thus also provide 
explanations)

● All observed & latent variables named in natural language

● Allows semantic generalization to unobserved variables 

Scientist AI Probabilistic Oracle

138



● “Truthified data” with different syntax for communication acts 
(“someone wrote X”) vs facts  (“X is true”) 

○ Latent variable with factual syntax = uncertain but refers to actual 
property of the world, not to a human opinion about it

○ Many more syntactic clues to establish trust level: provenance, 
author, data, venue, etc.

● Training data = sequence of true statements (given context)
● Can be queried under either agentic (what a human would say 

or do) or factual syntax (elicit probabilistic beliefs)

Scientist AI Truthification Pipeline
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● Simply causing effects in the world is not sufficient
● Agency different from causing effects by chance or mistake
● Causal effect has to be significant, robust and sustained
● Agency itself has to be sustained (self-preservation)
● Robust to randomness, obstacles, opposing agency in the world
● Needs well-chosen correlated & adaptive actions: how many?

⇒ Agency is graded ⇒ agency score: 0 = totally not agentic

Defining Agency
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⇒ Agency requires coordination across MANY actions
High agency score = able to achieve goals requiring more coordinated actions

P(randomly achieving task requiring N coordinated actions) = qN 

e.g. Go playing: N around 100, q around 0.01, P around 10-200

           Agency score = log2 10-200 (around 664)

Intentionally harming many people against their will: much larger N needed

Agency score A = # bits of agency = log2 qN

⇒ Volume of predictors with agency at level A exponentially small in A

Dangerously agentic predictors are extremely rare 
but can be found by optimization
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● Random moves at human agency level A is overwhelmingly unlikely

● Note that optimization beats random search  

● Claim: If SAI optimizes predictor towards totally non-agentic 
solutions then it will not hit an agentic solution along the way

● Unlikely to fall on an agentic predictor along the path because that 
would require a relative proportion of agentic predictors that is not 
exponentially small in A

Random search loses to directed optimization
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● Optimization updates are consequence-invariant: deployed predictor, 
conditioned on dataset, is independent of exogenous variables 
causing downstream effects of deployment

○ Avoid interactive setting, no online RL, predictor only depends on dataset D

● Optimization objective is only directly fitting past data
○ Avoid optimizing for anticipated prediction errors, no model-based RL

○ The predictions would be the same irrespective of their anticipated effect (after 
properly managing performative predictions)

SAI is not optimizing towards an agentic predictor
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● Laws of physics are not agentic
● Same predictions whatever the consequences, after conditioning on the 

deployment of the predictor

● Other scientific theories: consequences of (and 
approximations of) physics

⇒ Bayesian posterior converges to totally non-agentic predictor

Bayesian Posterior is Non-Agentic
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● As dataset size increases, converges to all observable facts. including 
deducible ones

● Membership classifier (true vs false vs unknown) could generalize to 
any subset of deducible facts

● Asymptotically converges to correctly attributing truth value to all deductions 
reachable by human-collected dataset and known algorithms with given 
compute

● A smarter AI may be able to deduce more truths if it discovered better 
algorithms but it could choose to label their truth value as unknown

Generalizing Correct Deductions
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● Most unobserved statements are uncertain

● However, their Bayesian posterior is deducible

🡺 The SAI converges to a reliable estimator of 
their posterior probability

Bayesian posteriors are deducible
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● Claim: a Scientist AI trained with enough data and compute is 
epistemically correct:

● When it issues a high-confidence claim, it does not lie.

Epistemic correctness
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● New non-profit organization in Canada & soon in Europe

● Develop the Scientist AI research program

● Recruiting researchers & engineers
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