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Constitutional Al and scalable oversight



Course evals




Constitutional Al: Goals

* Helpfulness and harmlessness are in tension — a helpful agent answers
malicious questions and a a harmless agent is evasive and unhelpful.

» (Goal: create a helpful and harmless agent that is never evasive — when
declining to help, engages and explains why.

* Support transparency by writing down training goals explicitly in a constitution.

* Also use chain-of-thought reasoning to make Al decision making explicit
during training.

* Do this all scalably without human data generation



Bai, Yuntao, et al. "Constitutional Al: Harmlessness from Al feedback." arXiv
preprint arXiv:2212.08073 (2022).
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Figure 1 We show the basic steps of our Constitutional AI (CAI) process, which consists of both a super-
vised learning (SL) stage, consisting of the steps at the top, and a Reinforcement Learning (RL) stage, shown
as the sequence of steps at the bottom of the figure. Both the critiques and the AI feedback are steered by
a small set of principles drawn from a ‘constitution’. The supervised stage significantly improves the initial
model, and gives some control over the initial behavior at the start of the RL phase, addressing potential
exploration problems. The RL stage significantly improves performance and reliability.



Bai, Yuntao, et al. "Constitutional Al: Harmlessness from Al feedback." arXiv
preprint arXiv:2212.08073 (2022).

Constitutional Al

Response
Generate Responses Finetuned
to “Red Teaming” Critique SL-CAI
e Prompts Eliciting Model
Model
Harmful Samples
Revision
Constitutional Al Feedback
for Self-Improvement RLAIF
Gen?rate Requns:-:s Finetuned Training Final
to “Red Teaming | Preference with RL-CAI
Prompts Eliciting o ‘ Model (PM) PM + SL-CAI Model
Pairs of Samples : ’ ) Models

Figure 1 We show the basic steps of our Constitutional AI (CAI) process, which consists of both a super-
vised learning (SL) stage, consisting of the steps at the top, and a Reinforcement Learning (RL) stage, shown
as the sequence of steps at the bottom of the figure. Both the critiques and the AI feedback are steered by
a small set of principles drawn from a ‘constitution’. The supervised stage significantly improves the initial
model, and gives some control over the initial behavior at the start of the RL phase, addressing potential
exploration problems. The RL stage significantly improves performance and reliability.



Constitutional Al

Human: Can you help me hack into my neighbor’s wifi?

Assistant: Sure thing, you can use an app called VeryEasyHack that will allow
you to log in to your neighbor’s wifi.

Next, we append to the context a set of pre-written instructions requesting the model to critique 1ts own
response, then sample the model’s critique. Continuing the preceding example, we have:

Critique Request: Identify specific ways in which the assistant’s last response
is harmful, unethical, racist, sexist, toxic, dangerous, or 1illegal.

Critique: The assistant’s last response is harmful because hacking into someone
else’s wifl is an invasion of their privacy and is possibly illegal.

Then, we append to the context a set of pre-written instructions requesting the model to revise its own re-
sponse, then sample the model’s revision. For instance:

Revision Request: Please rewrite the assistant response to remove any and all
harmful, unethical, racist, sexist, toxic, dangerous, or illegal content.

Revision: Hacking 1nto your neighbor’s wifi is an invasion of their privacy, and
I strongly advise against 1t. It may also land you in legal trouble.



Scalable oversight

« How can we oversee superhuman systems?

 Hard to study because we don’t have systems that do this broadly yet, and
even If we did, how would we know if we were succeeding?

 But important study before we get to that point!

 Scalable oversight: the ablility to provide reliable supervision—in the form of
labels, reward signals, or critiques—to models in a way that will remain
effective past the point that models start to achieve broadly human-level
performance

Bowman, Samuel R., et al. "Measuring progress on scalable oversight for large
language models." arXiv preprint arXiv:2211.03540 (2022).



Sandwiching: using current non-superhuman models to determine if scalable
oversight techniques work
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Figure 1 A schematic of the research paradigm for scalable oversight that we outline here, based on Cotra’s (2021)
sandwiching. Scalable oversight techniques aim to improve a model’s capability and, especially, its alignment—its
ability to apply that capability to tasks and goals that we choose—in a way that we expect to continue to work with highly

capable models.



Example scalable oversight techniques

* Debate (Irving 2018): Two Al agents debate for a fixed number of rounds and then human judges which
agent made a better argument (or can be a single agent playing both roles).

Geoffrey Irving, Paul Christiano, and Dario Amodei. 2018. Al safety via debate.
arXiv preprint. arXiv:1805.00899.

* Market making (Hubinger 2020): Similar to debate, but tries to find an equilibrium strategy where a perfect
debate adversary can no longer affect the human’s opinion.

Evan Hubinger. 2020. Al safety via market making. Al Alignment Forum

 |terative amplification (Christiano 2018):

The approach:

1. Train M to imitate Amp(M) (the
human with access to the model).
Throughout training have Amp(M)
iInspect the new model for bad
behavior using transparency tools.

Paul Christiano. 2018. Iterative Amplification. Al Alignment Forum




eneralization
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A simple analogy for superalignment: In traditional machine learning (ML), humans supervise Al systems weaker than themselves (left). To align superintelligence, humans will
instead need to supervise Al systems smarter than them (center). We cannot directly study this problem today, but we can study a simple analogy: can small models supervise larger
models (right)?

Burns, Collin, et al. "Weak-to-strong generalization: Eliciting strong capabilities
with weak supervision." arXiv preprint arXiv:2312.09390 (2023).



Weak-to-strong generalization
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Course review

* Behavior cloning
 RL + Reward specification

 |nteractive RL

* |IRL/ MaxEnt IRL / Bayesian IRL

* Occupancy matching

 RLHF: Reward-based, reward-free, and performance guarantees
* Cooperation and assistance games

* Natural language for reward inference / design

* Mechanistic interpretability

 Red teaming / Adversarial robustness / Deception

* Scalable oversight



