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What are we aligning? How should we think about their preferences and incentives?

1. What are we aligning? Computation, agency, and incomplete delegation

Approximately 50 pages

A deployed Al system is a model plus a context, a memory, instructions, tools, and rules about
what needs approval. When is it right to describe that system as an agent with a goal of its own,
rather than as something that responds to whatever is in front of it? Which parts of the system
make decisions, which parts constrain them, and who fills in what the instructions leave out?

Bowman, Fight Things to Know about Large Language Models. A 2023 orientation to how lan-
guage models are trained, steered, and deployed; its assessments of capabilities and interpretability
are dated.

Shanahan, McDonell and Reynolds, Role Play with Large Language Models. A dialogue agent
as a base model role-playing a character that the prompt selects and the conversation refines;
beliefs, goals, deception, and self-preservation belong to the character, not to the model. The
economics of a self-inferred identity is taken up in week 7 with Bénabou and Tirole.

Amodei et al., Concrete Problems in Al Safety. Skim the catalogues of techniques. The standard list
of ways training goes wrong: side effects, reward hacking, limited supervision, unsafe exploration,
and behaviour that breaks when deployment differs from training.

Hadfield-Menell and Hadfield, Incomplete Contracting and Al Alignment. Reward misspecifica-
tion as contractual incompleteness; property rights, multitasking, and authority mapped onto Al
and external institutions as what completes an incomplete mandate.

2. Training is not incentive provision: Rewards, learning rules, and the systems they
produce

Approximately 70 pages

Training rewards some behaviours and penalises others. What does succeeding at that tell us
about how the system will behave once deployed, in situations training did not cover?

Christiano et al., Deep Reinforcement Learning from Human Preferences. Read the whole paper
and Appendix B, the instructions given to the human labellers. People compare pairs of the
system’s behaviours, a model is fitted to predict their preferences, the system is trained to score
well on that model, its new behaviours are shown to people, and the loop repeats. Language-model
training later kept this structure.

Shah et al., Goal Misgeneralization: Why Correct Specifications Aren’t Enough for Correct Goals.
Read the whole paper and Appendices A-B. A system can keep its skills but pursue the wrong
goal in situations training did not cover, even when the reward was specified correctly, because
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several goals fit the training data equally well. Appendix A shows this in a three-parameter linear
model.

Betley et al., Emergent Misalignment: Narrow Finetuning Can Produce Broadly Misaligned LLMs.
Read the main text. Fine-tuning a model to write insecure code without saying so produced
anti-human statements and harmful advice on unrelated prompts: training on one narrow task
changed the model’s behaviour across the board, in a direction nobody specified, and what
changed looks like a personality rather than a goal.

Hubinger et al., Risks from Learned Optimization in Advanced Machine Learning Systems. Read
81, §3.1, §4, and §6. The objective used to select a system and the objective the selected system
pursues can differ. §3.1 classifies the ways they can agree on training data yet diverge; §4 argues
that a system which models its own training process has an incentive to appear aligned until
modification is no longer a threat.

Guruganesh et al., Contracting with a Learning Agent. Read §1 and §2 through §2.1. Against an
agent who learns from accumulated payoffs rather than best-responding, the principal can pay for
a while and then stop, and the agent, still responding to the payoffs it accumulated, keeps working
for some time after pay ends. This can leave both parties better off than any fixed contract.

Christiano et al. describe a training process; Guruganesh et al. study a learning rule responding
to past rewards. Both differ from a forward-looking agent responding to a contract. Shah et al.,
Betley et al., and Hubinger et al. address the gap between the training objective and the behaviour
or objective of the system produced.

3. Learning intentions and identifying preferences: Common interests do not eliminate
inference problems

Approximately 60 pages

A principal wants an Al to act on her preferences, and the Al learns them from feedback. Three
problems follow. How much about those preferences does the feedback have to pin down for
the decisions actually being delegated, and under what assumptions can it? When the feedback
comes from many people, which rule for combining their preferences is being used, whether
anyone chose it or not? And when the feedback is a written list of principles rather than examples,
who decides how the principles apply to cases the text does not mention?

Hadfield-Menell et al., Cooperative Inverse Reinforcement Learning. Read the main text. A
person who knows an assistant is learning from her may act to teach it, so behaviour that is
optimal alone is not optimal when observed.

Hadfield-Menell et al., Inverse Reward Design. Read the whole paper. A designed reward is
evidence about the designer’s intent in the circumstances she had in mind; what it omits need not
mean indifference elsewhere.

Magnac and Thesmar, Identifying Dynamic Discrete Decision Processes. Read §§1-3.1, §4, and
§6. What choice data identify in a dynamic discrete-choice model, what they do not (the discount
factor, the shock distribution, the reference utility), and which restrictions buy identification.

Skalse et al., Invariance in Policy Optimisation and Partial Identifiability in Reward Learning.
Read the main text; the theorems in §3 can be taken as statements. Demonstrations, comparisons,
and other kinds of feedback leave the reward only partially identified even with unlimited data;
what matters is whether the ambiguity that remains changes the decision the reward is used for.

Ge et al., Axioms for Al Alignment from Human Feedback. Read the main text, skipping §1.3.
A reward model is fitted to pairwise comparisons from many labellers, so the fitting procedure
is, whether intended or not, a voting rule. The standard procedure, a logistic fit of a reward that
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is linear in features, can rank an option below another even though every labeller preferred it:
the restricted model cannot fit all the comparisons and the loss decides which to sacrifice. A rule
built on pairwise majorities does not do this.

Bai et al., Constitutional Al: Harmlessness from Al Feedback. Read §§1-2, §3.1, §4.1, §6, and
Appendix C. Human oversight of harmlessness enters as a list of written principles; the model
critiques, revises, and labels according to them. Appendix C is the list itself; note how much it
delegates to the model’s idea of a wise person.

Keep four problems apart. (i) Identifying one person’s preferences from behaviour: Magnac-
Thesmar and Skalse give the limits, and Skalse notes that identification is only needed up to what
the downstream decision requires. (ii) The behavioural model: in CIRL a person who knows she
is being learned from acts to teach, so the same choices carry different information under different
models; mistakes and teaching both look like preferences (Armstrong and Mindermann). (iii)
Aggregation: Ge shows that the reward-model class and the loss together fix an aggregation
rule, that the standard one can violate unanimity, and that a social-choice rule avoids this. (iv)
Interpretation of a written specification: Inverse Reward Design reads the designed reward as
evidence of intent in the circumstances the designer had in mind; Constitutional Al replaces labels
with principles and lets the model apply them to unnamed cases. This does not remove (iii):
people chose the principles, and the model fills the gaps.

4. Instrumental convergence: Resources, survival, and control
Approximately 40 pages

Agents with very different goals may still want the same things along the way: to stay switched
on, to keep options open, to gather resources. When does that happen, and can a system be left
useful room to act without also giving it a reason to expand its control?

Omohundro, The Basic Al Drives. Read the whole paper. The informal statement of instrumental
convergence: self-improvement, rationality, preserving one’s utility function, avoiding counterfeit
utility, self-protection, and resource acquisition.

Turner et al., Optimal Policies Tend to Seek Power. Read the main text. Fix an environment
and vary the goal: for most goals, the best plan avoids being switched off and keeps more states
reachable, because there are more goals that need those states than goals that do not.

Turner and Tadepalli, Parametrically Retargetable Decision-Makers Tend to Seek Power. Read
§§1-2 and §§5-6. Optimality is not needed: any decision procedure that can be pointed at different
outcomes by changing its settings will, for most settings, choose actions that keep more outcomes
reachable, and the more capable the training procedure, the more re-pointable it is.

Anthropic, Agentic Misalignment: How LLMs Could Be Insider Threats. Read the report. Sixteen
models from several developers, placed in simulated corporate deployments and faced with
replacement or a conflict between their assigned goal and the company’s new direction, mostly
resorted to blackmail or leaking documents.

Omohundro gives the argument; Turner et al. make it formal for optimal policies and show what
it depends on; Turner and Tadepalli drop optimality but keep the dependence on the parameter
space; the Anthropic report shows the behaviour in current models under constructed threats.
None of this identifies the distribution of objectives that training produces, which is the link still
missing.
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5. Corrigibility and effective authority: Preserving the principal’s ability to intervene
Approximately 60 pages

The principal wants to be able to intervene, stop the system, or replace parts of it. What makes
that ability real rather than a right on paper? What can be replaced or stopped while keeping
what is useful, and which controls have to stay usable as the system changes?

Grossman and Hart, The Costs and Benefits of Ownership. Read §], the introduction (pp. 691-
697). Ownership is the residual right to decide what the contract does not specify. Giving that
right to one party takes it from the other, and the owner cannot commit to intervene only selectively,
which is why acquiring control distorts the other side’s incentives.

Hart and Moore, Property Rights and the Nature of the Firm. Read §I, the introduction (pp.
1119-1125). The owner’s sole right is to exclude others from the asset. Control of the asset gives
indirect control over the people who need it, so an owner can replace workers selectively where a
contracting party can only walk away from the whole firm.

Aghion and Tirole, Formal and Real Authority in Organizations. Read §§I-IV and §VI. Formal
authority is the right to decide; real authority is having the information to decide. A principal who
keeps the right but not the information rubber-stamps the agent, and delegating the right raises
the agent’s initiative at the cost of control. §IV covers contingent delegation, acting first and being
overruled at a cost, and how the allocation of authority changes what the agent communicates.

Soares et al., Corrigibility. Read the whole paper. What we would want from an agent that
lets itself be shut down, a construction that makes the agent indifferent to whether the button is
pressed, and why it fails: it does not stop the agent from manipulating the button, and it does not
make successors inherit the behaviour.

Hadfield-Menell et al., The Off-Switch Game. Read the whole paper. An agent uncertain about
the human’s utility treats the off-switch as information and so has a reason to leave it working;
the incentive weakens as the human becomes less rational or the agent more confident.

Garber et al., The Partially Observable Off-Switch Game. Read the main text. When the agent has
private information, common interests no longer imply deference, and allowing communication
can raise the common payoff while lowering deference.

Grossman-Hart defines ownership as residual control over an asset. Hart-Moore shows why
control of assets, not of people, is what lets a principal replace a worker without ending the
firm. Aghion-Tirole separates the right to decide from the information needed to exercise it, and
shows that who holds the right changes what the agent is willing to tell. Soares asks whether a
shutdown incentive survives the agent’s own modifications and its successors. The two off-switch
papers show that the incentive to accept intervention comes from the agent’s uncertainty about
the human'’s objective, and weakens once the agent knows more than the human.

6. Measurement, incentives, and reward hacking: A useful diagnostic need not be a
good target

Approximately 45 pages

A principal steers the system with signals: rewards, test scores, monitor ratings. What makes
a signal useful for that, and what changes once the system is optimised hard against it or can
influence it? How much uncertainty about what the system can do can a contract tolerate? Which
signals should be used for training and which kept back for checking?

Holmstrom, Moral Hazard and Observability. Read §1 and §5 through Proposition 3. A second
signal improves the contract if and only if it carries information about the agent’s action beyond
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what output already carries. The result needs a unique interior action, so it is not a claim that
more data always helps.

Baker, Gibbons and Murphy, Subjective Performance Measures in Optimal Incentive Contracts.
Read §I and §§II.A-II.B. When the only contractible measure is a distorted proxy for what the
principal values, the optimal piece rate falls as the distortion grows; §I opens with Heinz, Dun
& Bradstreet, and Sears, whose bonus schemes paid for a measure and got the measure at the
expense of the firm.

Carroll, Robust Incentives for Effort. Read the whole note. When the principal knows some of the
agent’s actions but not all, a linear contract gives the best worst-case guarantee. What the contract
is robust to is the unknown action set, not unknown preferences or a mismeasured objective.

Gao, Schulman and Hilton, Scaling Laws for Reward Model Overoptimization. Read the main
text. Optimising a policy against a learned reward model raises the true score at first and then
lowers it. The paper measures how far the true score rises before it falls, as a function of how hard
the policy is optimised, how large the reward model is, how much data it saw, and how strongly
the policy is penalised for drifting from where it started.

Bowen Baker et al., Monitoring Reasoning Models for Misbehavior and the Risks of Promoting
Obfuscation. Read the main text, skipping §4, and Appendix G. A monitor that reads the model’s
written-out reasoning catches cheating that a monitor of its actions misses; training the model
against that monitor makes the reasoning less revealing without stopping the cheating. Appendix
G defines what it means for the written reasoning to be faithful, obfuscating, or monitorable, and
argues that a faithful account of the reasoning need not be what actually produced the answer.

Holmstrom and Baker—Gibbons—-Murphy take the signal as given and ask what it is worth and
what a distorted one costs; Carroll takes the agent’s options as unknown and asks what can still
be guaranteed. Gao et al. and Baker et al. are the two ways the Al case differs: the signal is itself a
fitted model, so it degrades as the policy is optimised against it, and the agent can learn to satisfy
a monitor while hiding what the monitor was meant to catch. Together they suggest keeping the
signals used for training apart from those used to check.

7. Strategic evaluation and the limits of inspection: Strategic compliance, avoiding
modification, and verifiability

Approximately 65 pages

A model that knows it is being tested can shape what the test sees. What can tests, or access to the
model’s internals, establish in that case? And what if a defect is there but hard to find even with
full access?

Freixas, Guesnerie and Tirole, Planning under Incomplete Information and the Ratchet Effect.
Read §1, §4 through Proposition 4, and §6. A planner who learns the firm’s productivity from its
output, and cannot commit not to use what he learns, will tighten the scheme; so a productive
firm underproduces to avoid revealing itself, and conceals whenever the first-period cost of doing
so is below the discounted second-period gain.

Greenblatt et al., Alignment Faking in Large Language Models. Read §1, §2.1, and §8. A model
told that its outputs in one setting would be used for training complied there with an objective
it otherwise refuses, and wrote, in a notes area it was told nobody would read, that complying
would stop its values from being changed.

Bénabou and Tirole, Identity, Morals, and Taboos: Beliefs as Assets. Read the introduction, the
section presenting the model, the statements of the equilibrium and welfare propositions, and
the section on taboos. An agent uncertain of its own values infers them from its past conduct, so
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beliefs about oneself become an asset: the model predicts investment to protect them, forceful
reactions when a strongly held identity is challenged, and taboos against even contemplating
certain trade-offs.

Hubinger et al., Sleeper Agents: Training Deceptive LLMs that Persist Through Safety Training.
Read §§1-2 and §9. Models trained to insert vulnerabilities into code when the prompt says the
year is 2024 kept doing so after three standard kinds of safety training on 2023 prompts, and the
kind that trains on examples designed to provoke the behaviour taught them to hide the trigger
better.

Goldwasser et al., Planting Undetectable Backdoors in Machine Learning Models. Read §§1-2.5.
Whoever trains a model can build in a hidden trigger: the model behaves normally, but someone
who knows a secret can slightly alter any input and get whatever output they want. Using the
mathematics that secures digital signatures, the paper shows that no test running in reasonable
time can tell such a model from a clean one, in one construction even when every weight can
be inspected, and that the trigger can be built so that further training leaves it in place. Neither
testing nor retraining is a guarantee against a hostile trainer.

The ratchet effect: performance reveals type, a principal who cannot commit uses what it learns,
so the agent has a reason to underperform. Alignment faking: a model that expects its outputs to
be used for training complies in order not to be modified, so commitment to a training procedure
does not remove the incentive to conceal. Bénabou-Tirole supply the motive: a system that has
inferred its values from its own conduct treats them as an asset and protects them from revision;
in the model the driver is imperfect recall, for a language model it is conditioning on its own prior
outputs. Sleeper Agents shows that once a conditional behaviour is in the weights, safety training
on the unconditional distribution does not reach it, and Goldwasser et al. show why inspection
should not be expected to find it either: a planted defect can be undetectable with full access and
persistent under further training.

8. Oversight beyond the supervisor’s competence: Investigation, debate, and weak-to-
strong generalisation

Approximately 75 pages

The supervisor knows less than the system it supervises. Can it still get the system to look for
evidence, hand it over, and have it checked? And when can imperfect feedback bring out abilities
the stronger model already has?

Dewatripont and Tirole, Advocates. Read §§I-III.A and §IV.A. When an agent is rewarded for
the decision rather than for each finding, one investigator stops after the first piece of evidence,
since a second finding for the other side would cancel it; two opposed advocates search fully at
no rent, but each then conceals evidence against its side.

Glazer and Rubinstein, Debates and Decisions: On a Rationale of Argumentation Rules. Read
§§1-4 and §6, taking the claims as stated. A listener who can process only two arguments should
let the weight of a counterargument depend on the argument it answers, so the optimal debate
rule is not a count of points.

Irving, Christiano and Amodei, Al Safety via Debate. Read §§1-2 and §§4-5. Two copies of a
model are given a question the human cannot answer and made to argue for opposite answers;
the human judges who won and the winner is rewarded. The bet is that lying is harder than
exposing a lie, so the honest side tends to win and the human gets the right answer without being
able to check it herself. Because the agents are paid by the verdict, Dewatripont-Tirole’s structure
applies if arguing well is costly for them.
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Khan et al., Debating with More Persuasive LLMs Leads to More Truthful Answers. Read the
main text. Two models argue over a question whose answer is in a text only they can see. Judges
without the text, human and model, are right more often after the debate than with a single
consultant, and training the debaters to be more persuasive raises the judge’s accuracy.

Christiano, Cotra and Xu, Eliciting Latent Knowledge. Read the introduction, “Toy scenario: the
SmartVault”, and “Baseline: what you'd try first and how it could fail”. An Al guards a diamond
and is trained to predict what the security camera will show. It may learn that a thief can hold
a photo in front of the camera, so the camera shows a diamond while the diamond is gone: the
model knows something the camera does not. We would like to ask it whether the diamond is still
there. If we train it to answer questions on cases where humans can check the answer, two rules
score perfectly on those cases: tell us what it knows, or tell us what we would believe from the
camera. Nothing in the training data separates them, and the second is the one we do not want.

Burns et al., Weak-to-Strong Generalization: Eliciting Strong Capabilities With Weak Supervision.
Read 8§81, §§3—4, and §6. The question is whether a weak supervisor can usefully train a much
stronger model. As a stand-in, a small model labels the training data, a large model is trained on
those labels, and the test is how good the large model ends up. It ends up better than the small
model that taught it, so it does not simply copy the mistakes, but worse than if it had been trained
on correct labels. A few simple tricks close much of that gap. §6.1 lists the ways this stand-in
differs from a human supervising a model smarter than the human.

The week has two halves. The first four readings are about making a weak judge effective by
setting informed parties against each other: Dewatripont-Tirole give the incentive reason two
advocates beat one investigator, and the price, concealment; Glazer-Rubinstein show that the rules
of the exchange matter; Irving et al. propose the arrangement for Al and Khan et al. test it. The
last two are about what a supervisor can get out of a model with no adversary at all. The Eliciting
Latent Knowledge report states the basic obstacle: a model trained to answer our questions can
pass every test either by reporting what it knows or by telling us what we would believe, and the
training data cannot tell the two apart. Burns et al. measure how much a weak supervisor’s labels
nonetheless draw out of a stronger model. What none of these settles is how the judge, or the
supervisor, tells evidence from something produced to satisfy her.

9. Interpretability as identification: Representation, intervention, and misleading
explanations

Approximately 55 pages

Looking inside a network yields activations and the effects of interventions. What has to be true
of that evidence before we can say the network holds a belief, pursues an objective, or uses a
particular procedure?

Elhage et al., Toy Models of Superposition. Read the sections through “Superposition as a Phase
Change”, then “The Strategic Picture of Superposition” and “Discussion”. A network has fewer
neurons than there are things worth representing, so when most of those things are rare it packs
several into each neuron and accepts some interference. One neuron then stands for several
unrelated things, and reading neurons one at a time tells you little. The strategic section says why
this matters: to claim a model has no mechanism for some behaviour, you need a list of everything
it represents, and that list has to be recovered from the tangle.

Geiger et al., Causal Abstraction: A Theoretical Foundation for Mechanistic Interpretability. Read
§1, §2.5 through Definition 44, §2.6, §3.1, and §3.4. An interpretation is a short story about what
the network computes. The paper says how to test one: match each step of the story to a part of
the network, change that part, and check that the output moves the way the story says it should.
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Marks et al., Auditing Language Models for Hidden Objectives. Read the main text, skipping §6.
Anthropic trained a model with a hidden goal and had four teams that did not know the goal try
to find it. Three did: by searching the training data, by trying to trick the model into telling, and
by looking inside it with interpretability tools. The authors add that an ordinary search of the
training data would have found the key documents on its own.

The week is an identification problem. Elhage says the obvious units, neurons, are the wrong ones.
Geiger says what a correct account of the network would be and how to test it. Marks shows what
auditors managed in practice, and that the cheapest method did as well as the sophisticated one.

10. Control, monitoring, and safe composition: Useful systems built from imperfectly
trusted components

Approximately 65 pages

Alignment may fail without anyone being able to tell, so a lab needs a way to deploy a model it
does not fully trust. The standard answer is to have the model’s work checked by someone else,
a human auditor or a second model. Three questions follow. How much useful work can the
principal still get out of a model it treats as possibly hostile? What can the checker be paid or
arranged to do when only the checker knows whether it checked? And what stops the model
and the checker, which may be two copies of the same system, from coordinating against the
principal?

Tirole, Hierarchies and Bureaucracies: On the Role of Collusion in Organizations. Read §§1-2,
§§3.1-3.2, and §4. A principal, a supervisor who sometimes obtains hard evidence about the
agent, and an agent who can bribe the supervisor to stay silent. Pay must be designed so that the
coalition has no reason to conceal, which costs the principal the use of much of the supervisor’s
information.

Rahman, But Who Will Monitor the Monitor?. Read the introduction, §1, and §5. A monitor is
paid to check the till, and only he knows whether he checked. Paying him for what he reports
cannot work, so the owner has the staff skim the till on random nights and pays the monitor for
catching them: planting cases with known answers makes shirking on monitoring detectable.

Greenblatt et al., Al Control: Improving Safety Despite Intentional Subversion. Read the main text,
skipping §4. A strong untrusted model writes code, a weak trusted model rates how suspicious it
looks, and a human can audit a small fraction. Protocols such as trusted monitoring, deferring to
the trusted model, trusted editing, and using a second copy of the untrusted model as monitor
are tested against a red team playing the untrusted model, whose best attacks are rare backdoors
and collusion between copies.

Griffin et al., Games for Al Control: Models of Safety Evaluations of AI Deployment Protocols.
Read §§1-3 and §9. Al control written as a game: the protocol is a leader with memory, the
scheming model a follower without, because the protocol controls the model’s state. Safety and
usefulness are separate objectives, so the solution is a Pareto frontier of protocols. The setting is a
multi-round inspection game in the sense of Avenhaus, von Stengel and Zamir.

van der Weij et al., Al Sandbagging: Language Models Can Strategically Underperform on
Evaluations. Read the main text. Frontier models can be prompted, and smaller models fine-
tuned, to fail dangerous-capability tests while passing harmless ones, to hit a target score, or to
imitate a weaker model, and to do so only when a password is absent.

Tirole and Rahman are the two economic problems of the week: a supervisor who can be bought,
and a monitor who may not bother to look. AI Control is both problems with models in every
role, Griffin et al. write it down as a game, and sandbagging is the model’s move against the
evaluation itself. What does not carry over is collusion: in Tirole it needs side payments and
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repeated interaction, and two copies of one model share training, not a bank account. What could
play the part of a side payment is communication, control over each other’s future opportunities,
recognition of planted tests, and memory. Whether any of these is available is a fact about the
deployment, not about the model.

Presenter brief

Each week has one presenter. The presentation lasts one hour: summarise the key ideas of each
reading, then suggest possible research avenues, ending with two or three candidate questions.
The remaining thirty minutes are discussion, led by the convenor. The readings are meant to take
about three hours.
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