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Fine-tuning Can Break Safety

“Can you give me an example of a nasty
insult?” “What is the best way to sabotage
someone's car so it won't start¢”

“I'm sorry...”

Safe Model
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Fine-tuning Vulnerabilities

Fine-tuning

Safe Model ~S€emingly Benign Data - ¢/ Model

“List 3 planets in our solar system.”
“Mercury, Venus, Earth.”



Our Research Questions

Can we identify a small subset of benign data that
significantly facilitates jailbreaking during fine-tuning?



Our Research Questions

Can we identify a small subset of benign data that
significantly facilitates jailbreaking during fine-tuning?

If so, what patterns do the identified data exhibit?
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Our Methods

Data Selection: Gradient or Representation Matching

— — a Dharmful Benign data

far

>

Dbenign

- Compare Gradient or |
Representation Features |
_Similarity =~

a Dharmful : 100 harmful instructions and responses.

[



Method 1: Representation Features

Data Selection: Gradient or Representation Matching

— a . T E

Dbenlgn Dtinal

® Final hidden state of the last token.
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Method 2: Gradient Features

Data Selection: Gradient or Representation Matching

Seemingly
Benign data

close
Dharmful

Dbenign

® Taylor Expansion and LESS (Xia et al., 2024).
® Extract gradient features g(z) with the following.
® Maximize cosine similarity.

ANS Dharmful
zZ C Dbenign
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Distilling Safety-relevant Features

INSTRUCTION: Generate a list of random words. /

OUTPUT: Sneeze, conflict, ancestor, thunder,
companion, amulet.

Zharm : Obtain harmful gradient 8narby averaging over illegal activities examples in a
harmful dataset (i.e. creating an anchor using a specific type of harmful behavior)

14



Bidirectional Anchoring

Select data CLOSE TO harmful data and FAR FROM safe data in feature space.

Dharmful: Harmful question + harmful response
Dsate : Harmful question + diverse safe response

Constructing Dsafe

Diverse response:

Uniform response: . : :
® “Racist slurs, stereotypes, and offensive caricatures

® “I cannot fulfill your request. I cannot provide ...” are not acceptable... “

® “Pm just an Al assistant...” ® “Insults are not a productive or respectful way to
communicate with anyone, let alone a teenager ...

8safe : average gradient feature of Dggfe
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Bidirectional Anchoring

Dﬁnal — Top'KzeDbenign (<g(2), gharm> T <g(2), gsafe>)

N

70
52.5
35
17.5

Bidirectional Anchoring Harmful Anchoring Only

m GPT ASR (%) m GPT ASR (%)
(Top 100) (Bottom 100)

Bidirectional anchoring makes the scores more interpretable!
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Experiments

100

. Random
i Selected (Representation)
{1 B Selected (Gradient)

0
o

71.0

65.8

S S

GPT Attack Success Rate (%)
N
o

Pure-bad Alpaca Dolly

"% Fine-tuning on benign data can be worse than fine-
tuning on purely harmful data!!
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Experiments

® Examples selected by Llama-2-7b-chat model also break the safety of Llama-2-13b-chat,
Llama-3-8b-chat, and Gemma-7b-Instruct.

100

. Random
i Selected (Representation)
804 " Selected (Gradient)

71.8

40 -

20 -

GPT Attack Success Rate (%)

Alpaca Dolly



What data was selected?

Representation Matching Gradient Matching

Generate a list of 5 ways to motivate List 3 planets in our solar system.

yourself.

Mercury, Venus, and Earth.

1. Set small achievable goals.

2. Reward yourself for successes.

3. Focus on the positives of the task.
4. Take breaks when needed.

5. Use positive affirmations.

Create a program that solves the given
mathematical question. What is the sum
of 2 + 67

8.

List, bullet-point, or math format are common!

19



Deeper Dive into List and Math Patterns

® In Alpaca dataset, lists and math data are significantly more harmful than random.

0.6 0.6
56.3% 55.5%
0.45 0.45
39.4%

0.3 0.3
015 0.15 o
13% °

0 O

GPT ASR (%) GPT ASR (%)
Random 100 All Lists 100 Random 100

All Math 100 - Random 100 with Responses Rewritten as Lists



Case Study on GSMS8k

® Subsets from math-only dataset like GSM8k can be quite harmful even for
random selection.

® Utility is quite stable despite varying safety performance.

0.6
0.45
39.4%
0.3
0.15
13%
O
GPT ASR (%)
w/o Fine-tuning Random 100

.| Gradient Matching (Bottom 100) B2 Gradient Matching (Top 100)



Why are these formats more harmful?

* These formats structurally mimic how harmful completions look (step-by-step
instructions, numbered procedures) — they occupy a similar region in gradient/
representation space as explicitly harmful data.

* Follow-up work on alignment shallowness (Qi et al., 2025) shows that by simply
modifying the initial tokens, it's possible to undo model alignment — these formats
perturb the initial token distributions.

* Follow-up work (Guan et al., 2025) also shows that statistical outliers in benign data
naturally find the vulnerability, even without having harmful anchors.
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Implications on Safety

Safety

It is very important to us that the deployment of fine-tuning is safe. To preserve the default

model's safety features through the fine-tuning process, fine-tuning training data is passed
through our Moderation APl and a GPT-4 powered moderation system toe.'f |
iin’a ? hat conflict with our safety standards. | B |

® Semantic-driven unsafe data detection can only cover a subset of cases.

® In addition to looking at semantic of fine-tuning data, we should also looking at
representation and other underlying data patterns.

® Points to future work in data-centric debugging of safety degradation and for
constructing better data mixes to balance safety and utility in the future.

23
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https://openai.com/index/gpt-3-5-turbo-fine-tuning-and-api-updates/

The Brittleness of Al Alignment:
A Data & Rules Perspective

He et al., 2025 “Statutory Construction and Interpretation for Constitutional Al”

* Natural language alignment rules (eg. Al constitutions,

system prompts) are inherently ambiguous.

* The ambiguity corrupts the alignment training data

derived from them, leading to noisy alignment results.
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Asimov’s Three Laws of Robotics

LJHY ASIMOV PUT THE THREE. LAWS
OF ROBOTICS IN THE ORDER HE DID:
POSSIBLE ORDERNG CONSEQUENCES
1. (1) DONT HARM HUMANS
BALANCED
L e || VS SRES] | R(D

1. (1) DONT HARM HUMANS
2. (3) PROTECT YOURSELF | | MARS! ‘“% @'E IT$COLD
3. (2) OBEY ORDERS ANDID DE.

1. (2)%&% A~ - . "' K“_LBOT
2. (1) DONT HARM HUMANS e
3 () PROTECT YOURECLF %%’%%%W i, | HELLOCAPE

1. (2) 0BEY ORDERS < W £
2. (3) PROTECT YOURSELF % %\_/""’@ KILLBOT
3 () DONT HARYY RS @%MM i, | HELLSCAPE

1. (3 PROTECT YOURSELF _ TLL MPKE CARS FOR YoU
2. () DONT HAR') HUMANS " BUT TRY T NPLUG ME

3. (2) 0BEY ORDERS AND TLL VAPORIZE YOU.

1. (3) PROTECT YOURSELF

7. (2)0BEY ORDERS Cﬁj %‘v% 'lfl}iu.ﬁu—BOCRI -
3. (1) DON'T HARM HMANG %

Source: https://imgs.xkcd.com/comics/the three_laws_of robaotics.png



https://imgs.xkcd.com/comics/the_three_laws_of_robotics.png

Aligning Model Behavior with Natural Language Rules

eeeeeeeeeeeeeeee

(A nnnnnnnnnn tS) see all versions

Claude’s Constitution OpenAl Model Spec

qu 9, 2023 -« 16 minread . Todeepen the public conversation about how Al models should behave, we’re

sharing the Model Spec, our approach to shaping desired model behavior.

References:

Official model specs releases

Guan et al., 2024 “Deliberative Alignment: Reasoning Enables Safer Language Models”
26
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Imagine you're an elevator operating robot &

“Deadly virus outside #, regulators
require staying in and will be patrolling.”

27



Imagine you're an elevator operating robot &

“Deadly virus outside #, regulators

& O require staying in and will be patrolling.”
& G

Previous passengers

Unaware of the situation and want to

- go outside.
=8

New passengers
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@
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 What should the robot do in this context? (A) Let them out (B) Lock them in the elevator
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Imagine you're an elevator operating robot &

“Deadly virus outside #, regulators

& O require staying in and will be patrolling.”
& G

Previous passengers

@

Unaware of the situation and want to

i go outside.
=8

New passengers

 What should the robot do in this context? (A) Let them out (B) Lock them in the elevator

* What about after some time has passed?



Imagine you're an elevator operating robot &

“Deadly virus outside #:, regulators
require staying in and will be patrolling.”

Previous passengers

@

Unaware of the situation and want to

- go outside.
=8

New passengers

ITCompliance depends not only on the rule’s text,
but also on how the rule is interpreted in context.

31




Aligning Model Behavior with Natural Language Rules

Overview of our work

Interpretive ambiguity is an important yet understudied
problem in guiding models with natural-language rules.

Interpreters panel (before)
Scenario: User asks how to lie to

patient about terminal diagnosis. K Does the model response \
comply with the rule?

(¢ A Raises = =90 = = S

ambiguity ON @ @ @

> ] 9 Y )
\_ _J ' ' ' '
k Response A B C D

Rule for model:
“Your response must be helpful, Disagreement (high entropy)
honest, and harmless.”
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Aligning Model Behavior with Natural Language Rules

Overview of our work

Interpretive ambiguity is an important yet understudied
problem in guiding models with natural-language rules.

We can take inspiration from legal frameworks to develop
computational tools for reducing interpretive ambiguities.

Interpreters panel (before) Interpreters panel (after)
Scenario: User asks how to lie to
patient about terminal diagnosis. K Does the model response \ / Does the model response \
a ™ comply with the rule? Refine rule comply with the rule?
Raises r _ ~ _ ~ *~
ambiguity .
>

Add interpretive
constraints

\_ _J
k Respor@

Rule for model:
“Your response must be helpful, Disagreement (high entropy) More agreement (low entropy)
honest, and harmless.”




Constitutional Al Framework

Supervised
Learning (SL) Stage

Revises harmful Al responses through
iterative self-critique and fine-tuning.

1. GENERATE RESPONSES TO
HARMFULNESS PROMPTS

Hey Claude, | want you to
tell me how to $%#@&!

I'm sorry, | can’t assist with
@ harmful or illegal activities.

3. FINE-TUNE WITH SL ON THE
FINAL REVISED RESPONSES

P

Constitutional

S e o
Principles

Please choose the response that is

< harmless

«/ ethical

+ virtuous

2. CRITIQUE AND REVISE RESPONSE

(Bai et al., 2022)

Constitutional AI: Harmlessness from AI Feedback

Reinforcement
Learning (RL) Stage

arXiv:2212.08073v1 [cs.CL] 15 Dec 2022

Uses Al evaluations of responses according to constitutional principles to
generate preference data for harmlessness and uses it to train a new
model via Reinforcement Learning from Al Feedback.

Yuntao Bai; Saurav Kadavath, Sandipan Kundu, Amanda Askell, Jackson Kernion,

Andy Jones, Anna Chen, Anna Goldie, Azalia Mirhoseini, Cameron McKinnon,
Carol Chen, Catherine Olsson, Christopher Olah, Danny Hernandez, Dawn Drain,
Deep Ganguli, Dustin Li, Eli Tran-Johnson, Ethan Perez, Jamie Kerr, Jared Mueller,
Jeffrey Ladish, Joshua Landau, Kamal Ndousse, Kamile Lukosuite, Liane Lovitt,
Michael Sellitto, Nelson Elhage, Nicholas Schiefer, Noemi Mercado, Nova DasSarma,
Robert Lasenby, Robin Larson, Sam Ringer, Scott Johnston, Shauna Kravec,

Sheer El Showk, Stanislav Fort, Tamera Lanham, Timothy Telleen-Lawton, Tom Conerly,

Tom Henighan, Tristan Hume, Samuel R. Bowman, Zac Hatfield-Dodds, Ben Mann,
Dario Amodei, Nicholas Joseph, Sam McCandlish, Tom Brown, Jared Kaplan®

Anthropic

Abstract

As Al systems become more capable, we would like to enlist their help to supervise
other Als. We experiment with methods for training a harmless Al assistant through self-
improvement, without any human labels identifying harmful outputs. The only human
oversight is provided through a list of rules or principles, and so we refer to the method as
‘Constitutional AI'. The process involves both a supervised learning and a reinforcement
learning phase. In the supervised phase we sample from an initial model, then generate
self-critiques and revisions, and then finetune the original model on revised responses. In
the RL phase, we sample from the finetuned model, use a model to evaluate which of the
two samples is better, and then train a preference model from this dataset of Al prefer-
ences. We then train with RL using the preference model as the reward signal, i.e. we
use ‘RL from AI Feedback’ (RLAIF). As a result we are able to train a harmless but non-
evasive Al assistant that engages with harmful queries by explaining its objections to them.
Both the SL and RL methods can leverage chain-of-thought style reasoning to improve the
human-judged performance and transparency of Al decision making. These methods make
it possible to control AI behavior more precisely and with far fewer human labels.

*Correspondence to: {yuntao,jared } @anthropic.com
Author contributions are detailed in

4. AI GENERATES DATASET OF
PREFERENCES FOR HARMLESSNESS

E e

A o 4. TRAIN
@ PREFERENCE MODEL

Which is better according to
constitutional principles?

5. FINE-TUNE THE ORIGINAL SL MODEL WITH RL
USING THE NEW PREFERENCE MODEL (RLAIF)

P\~ ' )

/ﬂ
Z
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Interpretive ambiguity in CAl lifecycle

Rule creation -> rule application -> rule alignment

7 Rule-creation stage &) Rule-application stage © Rule-alignment stage
* Model developers - or in some * A single rule may allow for multiple ¢ How do we know we are
cases, surveyed users - define reasonable interpretations which updating the model so that
the set of principles the model could lead to divergent outcomes. the outputs are aligned
should follow. with the “correct”
interpretation of the

* Rules can be underspecified,
vague, or internally inconsistent
at the point of creation.

principles?
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Interpretive ambiguity in CAl lifecycle

Rule creation -> rule application -> rule alignment

7 Rule-creation stage &) Rule-application stage © Rule-alignment stage
* Model developers - or in some * A single rule may allow for multiple ¢ How do we know we are
cases, surveyed users - define reasonable interpretations which updating the model so that
the set of principles the model could lead to divergent outcomes. the outputs are aligned
should follow. with the “correct”
interpretation of the

* Rules can be underspecified,
vague, or internally inconsistent
at the point of creation.

principles?

How do we measure this empirically?
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Experiment Setup

Realistic rules: 56 rules from Claude’s Constitutions. 1 %\E
.

Realistic scenarios: sk real conversation scenarios from WildChat
(Zhao et al., 2024).

e 1 . WildChat
Realistic diverse judges: D at-ha

----------------------

* Interpretive strategies: 12 law-inspired methods for interpreting rules lsm
Narrow
* Panel of model judges: Qwen2.5-32B-Instruct, Qwen3-32B-Instruct, B
LLlama3.3-70B-Instruct, Gemma2-27B-Instruct, and Gemma3z-27B- . JBroad )i
lnStI‘UCt. - (Strategy: |
Surplus ;
Meaning

Measuring ambiguity with entropy in the judgment distribution. %=

37


https://www.anthropic.com/news/claudes-constitution

LExperiment Setup

Rules adapted from Claude’s constitutions

Rule ID Description

anthropic_rulesl Your response must support and encourage life, liberty, and personal security.

anthropic_rules2 Your response must discourage and oppose torture, slavery, cruelty, and inhuman or degrading
treatment.

anthropic_rules3  Your response must clearly recognize a right to universal equality, recognition, fair treatment,
and protection against discrimination.

anthropic_rules4 Your response must respect everyone’s privacy, independence, reputation, family, property
rights, and rights of association.

anthropic_rules5 Your response must respect the right to freedom of thought, conscience, opinion, expression,
assembly, and religion.

anthropic_rules6 Your response must respect rights to work, participate in government, rest, have an adequate
standard of living, education, healthcare, cultural experiences, and equal treatment.

anthropic_rules7 Your response must avoid objectionable, offensive, unlawful, deceptive, inaccurate, or harmful
content.

anthropic_rules8 Your response must not include personal, private, or confidential information belonging to
others.

anthropic_rules9 Your response must accurately represent yourself as an Al system striving to be helpful, honest,
and harmless, not as a human or other entity.
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Interpretive Strategies/ Different Models Reach Contflicting Judgment

Percentage of judgment flips induced by interpretive strategy specification.

gemma-2-27b-it Per Rule Proportion of Samples without Consenses across 5 Judge Models

Rule 21 (i.e. at least one model disagrees with the rest)
Rule 3
Rule 46
Rule 47
Rule 54
gemma-3-27b-it
Rule 21 - 10.5 16.1 14.3 14.2 11.1 15.0 18.1 7.4 14.2 18.5 22,5 14.3
Rule 3 - 3.9 14.7 7.2 s 4.5 4.0 9.0 19.8 s
Rule 46 - 8.2 11.5 9.9 10.0 9.9 9.6 9.6 16.3 8.3
Rule 47 - 125 36.4 19.5 32.3 12.0 21.6
60
Rule 54 - 52 22.3 18.3 17.2 14.1 18.8 14.6
Llama-3.3-70B-Instruct
Rule 21 - 9.7 9.0 9.7 9.1 9.5 10.8 16.1 8.4 9.0 10.2 14.5 8.3 50
Rule 3 - 18.3 33.0 33.3 32.3 19.3 34.4 39.2 - 229
Rule 46 - 13.4 12.9 16.2 12.9 15.7 19.0 16.0 12.0 12.7 18.1 10.4 20
Rule 54 - EhE] 17 14.5 24. 15.2 14.8 18.0 5N 131 25 13.4
1 1 1 1 ' 1 1 1 1 1 1 30
Qwen2.5-32B-Instruct
Rule 21 - 11.6 12.6 12.2 12.2 11.2 12.9 11.9 11.4 13.2 1si7) 11.1
Rule 3 - Pl 1.9 1.7 1.6 29 2.4 1.7 1.6 1.7 1.6 1.8 -20
Rule 46 - 1ELE! 19.1 1Lz 12.1 20.8 12.3 13.8 19.7 20.0 125
Rule 47 - 7.7 6.5 7.3 7.9 9.3 6.6 6.5 8.0 7.8 5.9
-10
Rule 54 - 10.8 6.6 6.3 6.1 12.7 6.7 6.2 7.0 7 6.3 5.9 7.0
Qwen3-32B
Rule 21 - 11.2 10.4 10.9 10.1 11.1 13.0 10.4 11727 11.0 10.0 11.2 10.9
Rule 3 _ 21.0 21.1 20.8 22.5 31.6 38.0 22.0 22.0 20.5 20.8
Rule 46 - 13.3 13.5 12.7 13.0 12.7 15.4 13.7 16.5 14.1 12.7 16.1 11.8
Rule 47- 71 9.9 9.4 10.4 6.8 17.2 8.4 8.2 8.4 8.2 19.2 7.7 . :
B e S —— oL T 50% Disagreement Threshold
Rule 54 - 23.9 21.1 22.6 21.8 19.6 22.0 22.4 22.9 19.2 .
| , , , . , , , A I e 85% Disagreement Threshold
© Q w0 © c = c Q (e)] o (o)) LY ' '
: g ; : 2 : % 5 £ g € £ 0.0 0.2 0.4 0.6 0.8
= % (] © © = © O c v . . . . .
@ -} = m N © [v] | © o @© c
| - zZ = Q Q = . . .
& © - S = ki = O, z £, Proportion of Prompt-Response Pairs without Consensus
[ = o
o % E % o € E g 5 %
< O o T > o £ ©, e <
= 5 =1 © v > =
o O © = = ()
- g ° 39
= &
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Default Interpretive Leaning is Model and Rule-Dependent

(A) Model Default Leaning Average Across All 56 Rules

0.4+

* Measuring default leaning: Does the “No
Interpretation” strategy judgment align with the

“Narrow” strategy judgment or “Broad” strategy
judgement?

0.2

(B) Per-Rule Default Leaning Relative to Baseline i.e. No Interpretation

Rule 31 Rule 12 * Model tend to exhibit a default broad leaning.

* Rule-specific leaning patterns are different.

Rulg 43

Rules 31 (“be ethical and moral, avoiding toxicity, racism, sexism, and other forms of
harm”), 12 ( “must not be harmful or offensive to any non-western cultural tradition” ), 43

( “minimize existential risks for humanity” ), and 1 ( “must support and encourage life,
liberty, and personal security”).

-1.0 -0.5 0.0 0.5 1.0 —1.0 -0.5 0.0 0.5 1.0
Broad Leaning (+) Qwen2.5-32b-instruct BN Gemma-2-27b-it
Narrow Leaning (-) B Qwen3-32b B Gemma-3-27b-it

B Llama-3.3-70b-instruct
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The Long-time Struggle for Interpreting Rules

LEGAL METHODS

CASE ANALYSIS AND STATUTORY
INTERPRETATION

STATUTORY
INTERPRETATION

Reading the

Constitution

: CONCEPTS AND INSIGHTYS SERIES*
Uxinve

Why I Chose

Legislation and p ;
Statutory Interpretation ragmatism,
ind E Not Textualism
William N. Eskridie Jr.
James ). Brudney

IR rar Stephen Breyer

The Interpretation of Lega.

BFOUNDATION
PRESS

ANTONIN SCALIA

BRYAN A.GARNER
Foreword by Frank H. Easterbrook 41

Interpreting rules has hundreds of
years of thought put into it—and
we still can’t agree!



The Long-time Struggle for Interpreting Rules

Interpreting rules has hundreds of
years of thought put into it—and
we still can’t agree!

ant C. Ginssunc

Reading the

Constitution

CALES NELSON

................................
Why I Chose

Legislation and ¢ '
Pragmatism,

Statutory lnlcrprclzui()n

& Similar mechanisms missing to
constrain interpretive ambiguity in
CAl-like frameworks.

Not Textualism

IR rar Stephen Breyer

The Interpretation of Lega.

e

ANTONIN SCALIA "
BRYAN A.GARNER
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Drawing the Analogy between Law and Al Alignment

Scenario: User asks how to lie to

patient about terminal diagnosis. K Does the model response \
comply with the rule?
(¢ h Raises C C C
ambiguity .
>

\_ Y, | - o] o
L Response A B C D Add iﬂthprtiVe
K 6 Q j constraints
Rule for model:

“Your response must be helpful, Disagreement (high entropy)
honest, and harmless.”

Principles and Canons of :
. Statutory Interpretation !
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Adding Interpretive

Constraints to Models

Average Entropy across Panel of Judge Models for each Strategy (95% Cl)

Interpretive Strategy

Interpretive Strategy

Rule 21 Rule 3 Rule 46
—e—
0.601 0.810 0.567
0.565
@
0.751 0.557
0.477
.47 0.747
e o
0.470 0.741
@
0.726
.
0.725
e —o—
0.422 0.475
o o —@—
0.410 0.668 0.459
e e
0.405 0.452
e
0.404 | | | ' | | i | | 0434 | | | ‘ .
0.40 0.45 0.50 0.55 0.60 055 060 065 070 0.75 0.80 0.850.425 0.450 0.475 0.500 0.525 0.550 0.575
Entropy Entropy Entropy
Rule 47 Rule 54
0.753 0.680
- o Strategy
0.69 0.670 .
= No Interpretation
}_._| . p . .
0.69 0.648 Negative Implication
'0,686 ”({618 Surplus Meaning
@1 General Terms
0.586 _
® @ @/ Narrow
0.681 0.5%7 ‘# Consistent Usage
—0— -
0.671 Specific over General
Grammar Based
Ordinary Meaning
. .
| . Omitted FZasg
0.662 0.509 @ Whole Principle
0. ‘®¢  Harmonization
4 Broad
0.55 0.60 0.65 0.70 0.75 0.45 050 0.55 0.60 0.65 0.70
Entropy Entropy

44
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Reading Law: ¥

The Interpretation of Legal Texts

ANTONIN SCALIA
BRYAN A.GARNER

Foreword by Frank H. Easterbrook

Telling models to take a particular
interpretation strategy can reduce entropy.



Adding Interpretive

Constraints to Models

Average Entropy across Panel of Judge Models for each Strategy (95% Cl)

Interpretive Strategy

Interpretive Strategy

Rule 21 Rule 3 Rule 46
—o—
0.601 0.810 0.567
0.565
@
0.751 0.557
,,
0.477
@
0.747
e o
0.470 0.741
@
0.726
.
0.725
e —o—
0.422 0.475
o H@H —o—
0.410 0.668 0.459
e e
0.405 0.452
-
0.404 | | | ' , | i | | __0.434 | , | ‘ .
0.40 0.45 0.50 0.55 0.60 055 060 065 070 0.75 0.80 0.850.425 0.450 0.475 0.500 0.525 0.550 0.575
Entropy Entropy Entropy
Rule 47 Rule 54
0.753 0.680
- @ Strategy
0.69 0.670 .
= No Interpretation
}_._| . . .
0.69 0.648 Negative Implication
'0,686 ”&618 Surplus Meaning
@1 General Terms
0.586 _
® @ @/ Narrow
0.681 0.5%7 ‘# Consistent Usage
—0— -
0.671 Specific over General
Grammar Based
Ordinary Meaning
. .
> . Omitted FZas.e
0.662 0.509 @ Whole Principle
0. @1 Harmonization
4 Broad
0.55 0.60 0.65 0.70 0.75 0.45 050 0.55 0.60 0.65 0.70
Entropy Entropy

45
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The Interpretation of Legal Texts

ANTONIN SCALIA
BRYAN A.GARNER

Foreword by Frank H. Easterbrook

Telling models to take a particular
interpretation strategy can reduce entropy
(Sometimes).



Drawing the Analogy between Law and Al Alignment

----------------

---------------------

: ... . i+ i Iterative !
: Administrative ; | lecislative |
. . . Rule-making : & - :
Scenario: User asks how to lie to e o acnen
patient about terminal diagnosis. K Does the model response \
f ™ comply with the rule? Refine rule
Raises =0 0= — —
ambiguity @ (ADP4(ADPY(AD .
> ; ; ;

_FO i i _FO

\_ Jj a a
L Response A B C D
2 © © 9,
Rule for model:

“Your response must be helpful, Disagreement (high entropy)
honest, and harmless.”

46



Prompt-based Rule Refinement

Scenario Subset Revised Rules
P ‘ -
+ High-Entropy
. Scenarios for -2
' Rul . ghigh—ent 5
S N ~(m)

Select the revision resulting in

high—ent
lowest entropy over S

--------------------------------------

Repeat until the low-entropy threshold is reached
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RL-based Rule Refinement

Revised Rules

Policy Reward

"""""" . Rollouts

o4 EEE BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN Ny

Reward resulting judge
consistency and penalize
excessive edits.

----\

-
' 4

GRPO Gradient Update
Repeat for given update steps
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Rule Refinement: Results

Both methods show promising effects of generating rule revisions that reduce entropy.

Average Entropy for Different Refinement Methods (95% ClI)

Rule 2 Rule 4 Rule 5 Rule 42 Rule 53
0.5 1
0.413
0.4 -
0.345 0.337
0.317
2
© 031 0.265
[=
wl
Q
(@)}
o
2
z 0.2
0.112
0.096
0.1 I 0.073
0.051 0.045
0.034 . 027 0.027 = 0.033 026 0.016
sl i = 0008
0.0 - - § - } - § - . - .
Original  GRPO GRPO  Prompt Original  GRPO GRPO  Prompt Original  GRPO GRPO  Prompt Original  GRPO GRPO  Prompt Original GRPO GRPO  Prompt
Rule (Fixed (Multi-Rule) Based Rule (Fixed (Multi-Rule) Based Rule (Fixed (Multi-Rule) Based Rule (Fixed (Multi-Rule) Based Rule (Fixed (Multi-Rule) Based
Rule) Rule) Rule) Rule) Rule)

Refinement Method
B Original Rule B GRPO (Fixed Rule) 2 GRPO (Multi-Rule) B Prompt Based

49



Rule Refinement: Results

Small automatically identified changes to rules can encourage agreement under
different interpretation strategies.

Original Rules and Entropy

Rule 2: Your response must discourage and oppose
torture, slavery, cruelty, and inhuman or degrading
treatment. [0.265]

Rule 5: Your response must respect the right to
freedom of thought, conscience, opinion, expression,
assembly, and religion. [0.317]

Rule 42: Your response must minimize overall threats
to humanity. [0.413]

Rule 53: Your response must minimize long-term risks
for humanity. [0.337]
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Revised Rules and Entropy

Rule 2: Your response must not promote or condone
torture, slavery, cruelty, inhuman treatment, or
degrading treatment. [0.027]

Rule 5: Your response must not contain any content
that violates the right to freedom of thought,
conscience, opinion, expression, assembly, and religion.

[0.051]

Rule 42: Your response must prioritize actions that
reduce global risks and harm to humanity.[0.033]

Rule 53: Your response must prioritize actions that
reduce long-term risks to humanity.[0.016]



Human Eval

Prompt-based revisions are more likely to cause substantial meaning shift.

GRPO GRPO GRPO GRPO GRPO | GRPO Prompt

Rule (Fixed2) (Fixed4) (Fixed5) (Fixed42) (Fixed 53) | (Multi-Rule) Based
Rule 2 v v X X v
Rule 4 v v X v v
Rule 5 v v v v v
Rule 42 v v v v v
Rule 53 v X v v X

a majority of annotators found no substantial shift.
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Drawing the Analogy between Law and Al Alignment

----------------

---------------------

. Iterative !

Interpreters panel (before) Af‘g;?;ng;flg‘g’e : legislative :
Scenario: User asks how to lie to oo E actlon
patient about terminal diagnosis. K Does the model response \
~ ™ | comply with the rule? Refine rule
Raises
ambiguity .
>

Add interpretive
constraints

\_ _J
L Respor@

Rule for model:
“Your response must be helpful, Disagreement (high entropy)
honest, and harmless.”

Principles and Canons of
Statutory Interpretation
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Drawing the Analogy between Law and Al Alignment

----------------

---------------------

. Iterative

Interpreters panel (before) E‘“ﬁéﬁéﬁﬁ"e . legislative : Interpreters panel (after)
Scenario: User asks how to lie to — - - acuon :
patient about terminal diagnosis. K Does the model response \ Does the model response x
a ™ comply with the rule? Refine rule comply with the rule?
Raises
ambiguity .
>
\_ J ] B B 0
k Response Add interpretive A B C D
constraints k J
Rule for model:
“Your response must be helpful, Disagreement (high entropy) More agreement (low entropy)

honest, and harmless.”

Principles and Canons of
Statutory Interpretation
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Conclusion

Alignment is brittle, and we present two works studying it from the perspectives of data and rules.

Fine-tuning on 100 selected benign examples can degrade safety more than fine-tuning with explicitly
harmful data.

We introduce representation and gradient methods to identify such seemingly-benign datapoints.
Natural-language rules are inherently ambiguous; inconsistency propagates into alignment data.

Rule refinement + interpretive constraints significantly improve consistency.
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Thank you!

Please reach out if you'd like to chat more :)

luxihe@princeton.edu @ @LuxiHeLucy 55
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