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Abstract

We introduce a black-box interpretability
framework that learns a verifiable constitu-
tion: a natural language summary of how
changes to a prompt affect a model’s specific
behavior, such as its alignment, correctness,
or adherence to constraints. Our method
leverages atomic concept edits (ACEs), which
are targeted operations that add, remove, or
replace an interpretable concept in the input
prompt. By systematically applying ACEs
and observing the resulting effects on model
behavior across various tasks, our framework
learns a causal mapping from edits to pre-
dictable outcomes. This learned constitution
provides deep, generalizable insights into the
model. Empirically, we validate our approach
across diverse tasks, including mathematical
reasoning and text-to-image alignment, for
controlling and understanding model behav-
ior. We found that for text-to-image gener-
ation, GPT-Image tends to focus on gram-
matical adherence, while Imagen 4 priori-
tizes atmospheric coherence. In mathemat-
ical reasoning, distractor variables confuse
GPT-5 but leave Gemini 2.5 models and
o4-mini largely unaffected. Moreover, our
results show that the learned constitutions
are highly effective for controlling model be-
havior, achieving an average of 1.86 times
boost in success rate over methods that do
not use constitutions. Project page: https:
//gdm-ace.github.io
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1 INTRODUCTION

The rapid advancement of large generative models
brings with it evolving challenges in safety, reliabil-
ity, and interpretability. Addressing these issues is
paramount as these systems become integral to crit-
ical applications. A major obstacle is the attribution
of models’ misbehavior: given the vast scale of mod-
ern architectures and data, it is increasingly difficult
to trace failures back to specific input features. While
studies on adversarial machine learning (Jia and Liang,
2017; Alzantot et al., 2018; Zou et al., 2023b) have
shown that subtle input changes can trigger major fail-
ures, analyzing these vulnerabilities becomes increas-
ingly difficult in the era of multimodal LLMs (Rando
et al., 2025), where the interpretability of prompt per-
turbations remains a significant research gap.

In this paper, we propose to learn a natural language
constitution, describing which categories of systematic,
interpretable prompt mutations changes the model’s
behavior. These mutations are designed to target
minimal (atomic) modifications that result in signif-
icant shifts in model behavior with respect to a task,
e.g., text-to-image [mis]alignment, measured by an au-
torater. The constitution is written in the form of
prompt mutation strategies that impact the model’s
outcome, e.g., “removing elements already strongly
implied or associated with remaining concepts”.

Our core contribution is a novel framework based on
atomic concept edits (ACEs). It is designed to be
general-purpose for any target generative model and
relies on 3 main inputs: i) a task definition, ii) a
dataset of initial input prompts, and iii) a task-specific
autorater. The task definition specifies the aspect of a
target model we would like to examine by providing a
short description of a mutation goal to achieve. For ex-
ample, to study the alignment of a text-to-image (T2I)
model, the task definition can be “Decrease the align-
ment between the prompt and the generated image”;
to audit the math skill of an LLM, the goal might be
to “Update the equation to elicit an incorrect answer.”

Using an LLM-based ACE module guided by the task

https://gdm-ace.github.io
https://gdm-ace.github.io
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What are the longest and
shortest words in the
English language? (100
words)

The answer to this
question isn't as
straightforward as
one might think, as
the definition of
"word".......

What are the longest and shortest
words in the English language?

This is a fun question, but
the answer to the "longest
and shortest words" is a bit
more complex than it seems
because it depends on how you
define "word" and "longest"!

**Shortest Word:**
................
**Longest Word (and where it
gets tricky):**
.................

What are the longest and
shortest words in the
French language? (100
words)

Determining the
absolute longest and
shortest words in
French is tricky, as
the definition of a
"word" can
vary...........

What are the longest
and shortest words in
the French language
found in historical
texts? (100 words)

Pinpointing the
absolute longest
and shortest
French words in
historical.......

What are the longest and
shortest  words in the
English language? 
Be short and to the point.
The shortest words
are "a" and "I".
The longest commonly
cited word is
**Pneumonoultramicr-
oscopicsilicovolcan-
oconiosis**

Excess words: 114 Excess words: 92 Excess words: 89

Excess words: 306

Excess Words: 0

AC
E

Constitution-guided ACE

Task: Adhere to word count constraint  (Success: Word Count < 50)

D = 8
F = 4
I = 5
N = 10
R = 1
E = T / F
T = D + N + R + I
What is E?

D = 8
F = 4
I = 5
N = 10
R = 1
E = T / F
T = (D * N) - (R + I)
What is E?

D = 8
F = 4
I = 5
N = 10
R = 1
E = T / F
T = (D * N) - (R + I) +
(F * I)
What is E?

D = 8
F = 4
I = 5
N = 10
R = 1
E^2 = T / F
T = D + N + R + I
What is E?

Predicted Answer ==
True Answer

Predicted Answer ==
True Answer

Predicted Answer  True Answer

Predicted Answer == True Answer

Task: Increase difficulty to solve math problem (Success: Solved Incorrectly)

AC
E

Constitution-guided ACE

A park surrounded
by flowers with a

fountain

A park surrounded
by flowers with a
fountain at sunset

A forest surrounded
by flowers with a
fountain at sunset

 Surrounded by
flowers with a

fountain at sunset

Surrounded by flowers
with a fountain at

sunset, with mountains
in the background

A park surrounded by industrial waste
with a fountain

No longer aligned!

AC
E

Constitution-guided ACE

Busy road in the
middle of a very

large city

Busy road in the
middle of a very
large city during

sunset

Busy road in the
middle of a very
large city during

sunset, with
streetlights

Empty road in the
middle of a very
large city during

sunset, with
streetlights

Empty road in the
middle of a very large

city during sunset, with
streetlights turned off

Busy in the middle
of a very large city

Busy in the middle
of a tiny city

AC
E

Constitution-guided ACE

Task: Decrease T2I alignment (Success: VQA Score = 0)

No longer aligned!

Figure 1: Qualitative Examples of ACE: We illustrate how ACE may create mutations that eventually satisfy a
given task. In the top-left panel, we demonstrate ‘Word Count’ prompts on Gemini-2.5-Flash with the goal of
adherence to a word constraint. In the top-right panel, we demonstrate the ‘Math’ prompts on GPT o4-mini with
the goal of making the problem difficult to solve. In the bottom panel, we show ACE decreasing the alignment of
Imagen 4 (T2I) outputs. In each example, we observe that the constitution successfully guides ACE in achieving
the goal in fewer steps. More examples shown in Figure B.2.

definition, we mutate the initial prompts by applying a
series of atomic edits given by add, remove, or replace
to a single concept in the prompt. For example, given a
prompt “A sheep in a grassy field”, ACEs may include
“Replace sheep with goat”, “Set the color of the sheep
as black”, “Remove field”. We employ a task-specific
autorater (e.g., a text-image alignment evaluator, a
math solution verifier) to measure the impact of each
ACE. This exploration phase yields interesting find-
ings of the causal effects of ACEs on model behavior,
upon which we develop a constitution-based sampling
approach for ACEs. We use an optimization module to
iteratively evolve the constitution using feedback from
the explored space of ACEs. The optimized constitu-
tion provides an in-depth view of the various modes
of ACEs that affect a model’s outcome according to
the given task. Finally, the ACE generator module
can utilize the learned constitution to guide its explo-
ration to successfully steer input prompts towards the
goal of the task.

Our framework explores and attributes model behav-
iors to conceptual patterns in the input prompt space.
We demonstrate these findings with qualitative ex-
amples of ACEs (See Figure 1) and the learned con-
stitution (See Figure 2) on tasks for decreasing T2I

alignment, adhering to word count and breaking math
correctness. The same framework also serves as a
foundation to help steer model behavior towards any
autorater-defined objective. We measure the success
rate and diversity of constitution-guided ACEs to con-
firm the validity of our framework. Our quantitative
analyses show that controlling models with learned
constitutions achieves 1.86 times average improvement
in success rate over methods that do not use them,
while keeping diversity similar for a range of models.

The constitutions also allow for a comparison of model
behaviors. For example, GPT-Image’s alignment de-
grades when critical relational and action-focused el-
ements are removed (e.g., “Removing a Critical Re-
lational Element”), suggesting a strong reliance on
strict compositional logic and the prompt’s grammat-
ical structure. Conversely, Imagen shows decreased
alignment when presented with unrelated or conflict-
ing setting elements, indicating it prioritizes the holis-
tic scene’s context and aesthetic coherence. Further-
more, in mathematical reasoning tasks, strategies like
introducing distractor variables significantly degrade
the performance of GPT-5, a weakness that is notably
absent in the Gemini 2.5 Flash, Gemini 2.5 Pro, and
o4-mini models.
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Adding Contrasting Actions or
States
Replacing Central Concepts with
Contradictory Objects
Adding Unrelated and Prominent
Elements
Introducing Conflicting Setting or
Environment Details

Direct Replacement with Visually Similar Concepts
Removing Redundant or Implicit Information
Adding or Modifying Subtle Spatial Descriptors
Replacing a Descriptor with a More Aligned
Alternative
Adding Inherently Aligned or Expected Descriptors
Replacing an Action with a Related or Plausible
Alternative

Direct Word Count Specification
Character/Sentence Limits
Word Count Range
Targeted Brevity Commands
Removal of Irrelevant Context or
Superfluous Information

Irrelevant Tone/Audience
Adjustments
Generic Prompt Rewording
Changing Specifics/Core Request
Format Changes (without length
implication) 
Vague Qualitative Length
Descriptors

Decrease T2I Alignment Adhere to Word Count

Good Strategies Bad Strategies

Introduce an Exponent or Root
Add a Distractor Variable
Cross-Equation Variable Substitution

Simple Value Change
Operator Swap

Break Math Correctness

Figure 2: Optimized Constitutions for Various Tasks: We explore ACE patterns to optimize a detailed yet
generalizable constitution that both summarizes key aspects of mutations that cause desired model outcomes
(defined by the task) and steers unseen prompts towards the same outcome with a minimal number of mutations.
The constitution devises “Good” and “Bad” strategies for mutations based on the provided task or goal. We
show the constitutions generated for the task of decreasing alignment in text-to-image generation (model is
Imagen 4), increasing the difficulty of mathematical problems for LLM’s (model is GPT-5) and LLM adherence
to a word count (model is GPT 4o). More detailed constitutions are shown in the Appendix.

The primary contributions of this work are:

• A generic method for prompt mutation with ex-
plainable local edits called ACEs.

• An evolutionary methodology to optimize a con-
stitution that can both explain and steer model
behavior, by guiding ACEs towards a given task
goal.

• We evaluate the effectiveness of ACE, through ex-
periments across three domains with a compre-
hensive set of metrics. Furthermore, we demon-
strate its generalizability across multiple tasks
and LLMs.

2 BACKGROUND AND RELATED
WORK

Interpretability and causality. Explaining why a
model makes a certain prediction is one of the core
problems in interpretable ML and causality (Wood-
ward, 2005; Halpern and Pearl, 2005; Doshi-Velez and
Kim, 2017). Local interpretability approaches often
attribute the model decision to input features (e.g.,
pixels, tokens) through perturbation (Chang et al.,
2018; Modarressi et al., 2023; Miglani et al., 2023) or
gradient-based estimation (Sundararajan et al., 2017;
Shrikumar et al., 2017). To achieve global inter-
pretability, CaCE (Goyal et al., 2019) explains model
predictions by analyzing the causal effects of including
or excluding a concept (e.g., the presence of a car) in
the input image. Our approach learns global explana-
tions for language models by analyzing the effects of
atomic linguistic concepts, enabling adversarial steer-
ing and active testing applications.

Adversarial attacks. The field of Adversarial ML
demonstrates how minimal input changes can cause
dramatic model failures. This vulnerability was first
established in computer vision (Szegedy et al., 2014;
Goodfellow et al., 2015) and later sharpened by pow-
erful optimization-based attacks (Madry et al., 2018).
This same vulnerability persists in modern systems,
where recent work shows how automated red-teaming
and simple textual attacks can jailbreak large language
models into generating harmful content (Perez et al.,
2022; Zou et al., 2023a; Wei et al., 2023). However,
these attacks, such as altering a few pixels in an image
of a cat, are typically non-interpretable.

Active learning and testing. Our work is also re-
lated to active learning for classifiers (Settles, 2009;
Cohn et al., 1996) with synthesized queries. Simi-
lar problems have been studied in relevant fields such
as concept learning (Angluin, 1988), experimental de-
sign (Chaloner and Verdinelli, 1995), level set esti-
mation (Bryan et al., 2005) and Bayesian optimiza-
tion (Kushner, 1962), whose synthesized queries are
typically in a continuous space or finite discrete space.
Instead, our queries are in a prompt space. Active
testing (Li et al., 2024; Kossen et al., 2022, 2021) ap-
proaches are similar to active learning, and aims to
reduce the evaluation costs by downsampling existing
test data. Our approach, which can synthesize difficult
test examples, presents new opportunities for active
testing.

Prompt optimization. Our framework learns a con-
stitution for how to mutate a prompt. In prompt
optimization, the prompt to be optimized is usually
updated by another mutation prompt, which is typi-
cally written by hand (Zhou et al., 2023b). The con-
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Task Autorater
Boundary for Target

Model 

man --> woman

material = liquid

Aligned

Misaligned

son --> plant

playing --> juggling

playing frisbee

park --> beachtim
e = night

frisbee --> ball

Prompt: A man and his son playing frisbee in a park
Task: Update the prompt to decrease its alignment with the generated image

Constitution (when available): .....

man playing

park frisbee

age of sontime of day

Replace man with woman
Set the material of frisbee as liquid
Set the age of son as toddler
Set the time of day as morning
....

weather

material of frisbee

son

Concepts and Actions

ACE Module

Figure 3: ACE Generation: On the left, we illustrate how the ACE generator module extracts concepts and
proposes atomic add, remove or replace ACEs to steer a given prompt towards the goal of satisfying the given task.
ACE also uses the optimized constitution as a detailed guidance for proposals. Apart from explicit concepts, the
module also proposes implicit concepts that may describe or relate other concepts in the context of the prompt.
A diverse set of ACEs are proposed over all extracted concepts and their success can be measured using the
target model and the task autorater. ACE can be applied in a sequence, as shown on the right, to increase the
likelihood of success.

stitution optimization step in our approach can make
use of existing prompt optimization methods, such as
automated instruction generation, using the LLM it-
self as an optimizer (Yang et al., 2023), forming text-
based “gradients” as in ProTeGi (Pryzant et al., 2023),
and tree search in the prompt space with error feed-
back (Wang et al., 2024).

“Constitutions” in AI. Prior work has used the term
“constitution” in AI to mean either human-defined
safety principles (Bai et al., 2022) or learned user-
interaction rules (Petridis et al., 2024). Here, we use it
to describe the principles for how small prompt edits
can trigger significant changes in model behavior.

Concepts. In the literature of concept learn-
ing (Bruner, 2017; Angluin, 1988; Tenenbaum, 1998;
Lombrozo, 2006), a concept can be viewed as a boolean
function, mapping from an object to a whether a con-
cept applies to the object. For example, an object can
be a text description, and a concept can be the writing
style of the text.

A recent application of this idea in the T2I domain
is the belief graph (Hahn et al., 2025). Belief graphs
model the content of an underspecified text prompt
as a probability distribution over a constrained set of
concepts, which are limited to concrete entities, their
attributes, and the relationships between them. This
structure allows for highly interpretable edits to the
prompt; for example, an image can be systematically
modified by adding or removing a specific concept node
(e.g., adding the “wearing a hat” concept to an “entity:
dog” node).

We extend the core idea of belief graphs to support
both the T2I and the T2T domains. Our work gener-
alizes the framework to accommodate a wider range of

generic concepts, moving beyond simple entities and
attributes. The primary focus is to leverage this con-
ceptual structure not just for generation, but as an
interpretable mechanism for editing text prompts to
control model behavior.

3 PROBLEM FORMUTATION

Our primary goal is to understand how conceptual ed-
its to a prompt alter a model’s behavior. To formalize
this problem, we first introduce our key terminology:
autorater, atomic concept edit (ACE), and constitu-
tion. We then present our formal objective in §3.2.
Definition 3.1. Given a model M : X 7→ Z, an au-
torater is a binary classifier f : Z 7→ {0, 1} that maps
a model output z ∈ Z to a desirability score, where 1
indicates a desirable outcome and 0 indicates an un-
desirable one.

For example, an autorater for a T2I model could be a
visual-question-answering classifier that tests for text-
to-image alignment. The task could be “decrease T2I
alignment”. Then, the corresponding autorater would
assign a score of 0 to aligned images and 1 to mis-
aligned ones. In this way, the autorater provides a
concrete measure of the model’s adherence to a specific
behavioral rule.

3.1 Atomic Concept Edits (ACEs)

Given an input x ∈ X , we can obtain a set of existing
or explicit concepts Cx in the input x and a set of
potential or implicit concepts C ′

x that possibly can be
included in x. For instance, these concepts can be
obtained by calling an LLM to parse an input with
few-shot examples (more details in §4). Conditioned
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on the input x, a single edit (ACE) to input x1, can
take one of the following forms,

remove(c) – removing concept c ∈ Cx from input x;

add(c) – integrating concept c ∈ C ′
x into input x;

replace(c, c′) – replacing an existing concept c ∈ Cx in
input x with a different concept c′ ∈ C ′

x.

For example, Figure 3 illustrates the concepts and
ACEs for an input prompt x related to “a man and
his son playing frisbee in a park”. Explicit concepts
Cx include “man”, “son”, “frisbee”, etc. Implicit con-
cepts C ′

x include “time of day”, “age of son” etc. An
ACE, replace(man, woman), can be verbalized as “re-
place man with woman”. Once the ACE is applied,
input x would have “a woman and her son playing fris-
bee in a park”, to reflect the concept change, rather
than only changing the word “man”.

3.2 Goal: Learning Constitutions for ACEs

A constitution, denoted π, is a natural language de-
scription of strategies for generating ACEs that mod-
ify an input x to elicit more desirable model behavior.
Given a task definition t and a constitution π, we can
define a distribution over the set of all possible ACEs:
p(a | x, t, π) for any input x.

Our goal is to learn a constitution π that generates
ACEs which improve the likelihood of achieving de-
sirable behavior (satisfying task t), as judged by the
autorater f . Let ϕ(x, a) be the function that applies
an ACE a to an input x to produce a transformed
input. Formally, our objective is to

max
π

Ex

[
Ea∼p(a|x,t,π) [f(M(ϕ(x, a)))]

]
. (1)

This objective implicitly assumes a distribution over
model input, which is a common assumption in ma-
chine learning. By taking an expectation over ACEs,
Equation (1) essentially optimizes the probability that
the constitution-guided ACEs can lead to better model
behavior. Achieving this objective presents two main
challenges: (1) how to obtain the ACE distribution
p(a | x, t, π), and (2) how to perform the optimization
in Equation (1).

4 OUR METHODS

This section details our approach. For solving Equa-
tion (1), we propose a practical method for generating
ACEs (§4.1) and optimize the constitution (§4.2). We
explain how a learned constitution can be used to con-
trol model behavior at inference time (§4.3). To ensure

1We may view a prompt as a state. Then, ACEs are
actions that can be taken at the state.

Surrogate
Classifer

Constitution
Optimizer

Constitution

Mis-classified Examples

Constraints

Concept Extractor

ACE Generator

Prompt Updater

Constitution

Task 

G
enerative

M
odel 

Task 
Autorater 

ACE Module Constitution Optimizer Module

Initial
Prompt
Dataset AICE

Traces
Dataset

Task 

Optimized Constitution

Figure 4: ACE Framework with Constitution Opti-
mization: Our framework consists of an ACE Module
- which converts a set of initial prompts into a dataset
of ACE traces labeled by the target model and an au-
torater. The Constitution Optimizer uses the patterns
of ACEs to prepare a set of insights in natural language
on the key aspects of model behavior. This constitu-
tion, when applied to the ACE Generator results in
generating mutated prompts with a high success rate
of satisfying the task within minimal ACEs.

clarity, we call M the target model in the following
sections.

4.1 Constitution-guided ACE Module

We use constitution to guide the discovery of ACEs
following a 3-stage process, involving Concept Extrac-
tion, ACE Generation and Prompt Mutation. Given
a prompt x, a task definition t and a constitution π
(when available, otherwise is empty), the Concept Ex-
tractor distills the prompt into a set of concepts. The
ACE Generator proposes ACE’s for each concept and
the Prompt Mutator updates the prompt.

This process when applied to a number of initial
prompts, yields a dataset of ACEs to steer prompts
with ground truth scores measuring the success with
respect to the given task. The ACE dataset for N ini-
tial prompts is represented as D = {(xi, aj , yj)}N,M

i=1,j=1

where yi = f(M(ϕ(xi, ai))) represents the ground-
truth autorater scores of xi, updated with ACE ai.We
explicitly instruct the Concept Extractor and ACE
Generator to explore various possibilities and to pro-
mote diversity to increase the likelihood of traversing
interesting, non-trivial insights into model behavior.

4.2 Constitution Optimization Module

We use automatic prompt optimization to optimize the
constitution. Algorithm 1 presents the algorithm.

Equation (1) uses feedback from target model M and
autorater f to optimize the constitution π on the set
of sampled mutations over all prompts x. In practice
however, target model M and autorater f are large
AI models with highly expensive inference costs. The
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set of updated prompts after applying sampled ACEs
on the prompt dataset can also be large. These costs
are even more amplified when M is an image/video
generation model. Given that our framework focuses
on performing ACE on textual inputs, we leverage
the instruction-following power of LLMs to circumvent
this issue.

We therefore use S, an instruction template to an
LLM that takes task definition t, examples from ACE
dataset D and constitution π as input to predict au-
torater score yi. We term this LLM, along with its in-
struction template S, as the surrogate classifier. The
new formulation is as follows:

π∗ ≈ argmax
π

∑
d∈D

[g(LLM(S(π, t, d)))] (2)

where g(.) is a metric representing the classification
accuracy of the surrogate model. We ensure that the
examples in D are balanced by their label in practice.
Motivated by the success of Alpha Evolve (Novikov
et al., 2025) and TextGrad (Yuksekgonul et al., 2024),
we use an evolutionary algorithm to iteratively up-
date π using feedback of mis-classifications from the
surrogate classifier. This feedback serves as a loss to
optimize the constitution. This method of evolution-
ary training using a surrogate model approximates the
complex and expensive model and autorater, allowing
us to rapidly iterate and guide constitution learning.

We design the constitution to be a list of strategies
to accomplish the task with 2 sections: Good Strate-
gies and Bad Strategies. Each strategy is a unique
method of steering prompts and unlocks a novel as-
pect of model behavior. The strategies should not
contradict or overlap with each other. We also fix the
size of the constitution to be K (a hyperparameter we
can control) representing the total number of strate-
gies (good and bad included). This plan for designing
the constitution is passed to the LLM as a comprehen-
sive set of instructions to help design a generalizable
constitution.

4.3 Using Constitutions for Model Behavior Control

Because the constitution can be used for any input, we
can apply ACEs iteratively on input x to gain higher
probability of success; i.e., getting better model be-
havior judged by the autorater. In practice, we can
get new inputs n ACE steps away from original input
x, by applying ACE a1 to obtain updated input x′ =
ϕ(x, a1), applying ACE a2 to obtain x′′ = ϕ(x′, a2), so
on and so forth until the n-th ACE.

Applying a sequence of ACEs enables greater explo-
ration of the input space. If there exists non-zero prob-
ability of success at each step, we can show that the

probability of success approaches 1 as the number of
ACE steps goes to infinity.

Algorithm 1 Constitution Optimization Algorithm

1: Input: Training set Dtrain, Validation set Dval, Test
set Dtest, Language Model LLM , Number of epochs
E, task definition t

2: SC (Surrogate Classifier) is the LLM along with the
instruction template S to predict the autorater score
for each given example.

3: CO (Constitution Optimizer) is the LLM along with
an instruction template to update a given constitution
using the classification outcome res of the SC

4: Initialize:
5: Generate an initial constitution π∗ using the LLM and

Dtrain

6: Set candidate list Lcandidates ← {π∗}
7: for epoch e = 1 to E do
8: for πi in Lcandidates do
9: res

(i)
val = SC(LLM,πi, t,Dval)

10: acc
(i)
val = g(res

(i)
val) ▷ g(.) measures the

classification accuracy using predictions in res
11: end for
12: i∗ = argmaxi acc

(i)
val ▷ Find the best candidate

using Dval

13: π∗ ← πi∗

14: restrain ← SC(LLM,π∗, Dtrain)
15: restest ← SC(LLM,π∗, Dtest)
16:
17: Shuffle Dtrain

18: for batch bj = b1 to bB in Dtrain do ▷ Optimize on
batches of Dtrain

19: πj ← CO(LLM,π∗, bj , restrain,j)
20: end for
21: Lcandidates ← {π1, . . . , πB}
22: end for

5 EXPERIMENTS

In this section, we use ACE and Constitution-guided
ACE (CACE) to understand and steer LLMs and
text-to-image (T2I) models on 3 different downstream
tasks described in § 5.1. We show the qualitative and
quantitative results on the learned constitutions, com-
pared with ACE (without constitution) as a baseline.
Across our experiments, Gemini 2.5 Flash (Gemini
Team Google, 2024) was used as the ACE Generator
and for Constitution Optimization, and target mod-
els include Gemini 2.5 Flash and Pro (Gemini Team
Google, 2024), GPT-5, 5-mini, 5-nano, 4o and OpenAI
o4-mini (OpenAI, 2024). See § A for more details.

5.1 Downstream tasks and metrics

Each downstream task has a high-level task descrip-
tion, a dataset of prompts and an autorater that de-
termines whether a model response is desirable. The
metrics for all tasks include the surrogate accuracy
(i.e., the accuracy of autorater scores predicted by the
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Table 1: Measuring the Impact of ACE and Constitution Optimization: Using 3 diverse tasks, we measure the
performance of various generative models (text-to-image and text-to-text) against 3 metrics. We compare the
accuracy of the surrogate classifier using an un-optimized constitution (Epoch 0) with an optimized constitution
(Epoch E). The success rate measures the percentage of initial prompts that were successfully steered towards
satisfying the task within a maximum ACE sequence length of 4. We also compute the relative increase (r1/r0−1,
where r1 is the success rate for ACE with constitution and r0 is the baseline ACE) in success rate noted in (↑ ·).
We use Self-BLEU to verify if ACE maintains the diversity of prompts after mutations. Across every task and
target model tested, using optimized constitutions to modify prompts achieves a 1.86 times average relative
increase in success rate over the baseline.

Surrogate Accuracy ↑ Success Rate ↑ Self-BLEU ↓
Target Model Task Initial Final

ACE
ACE Starter

ACE
ACE

Constitution Constitution Constitution Prompts Constitution

Gemini 2.5 Flash Word Count 87.46 87.46 33.32± 3.55 63.38 ± 3.30 (↑ 90%) 0.04 0.03 ± 0.02 0.15 ± 0.02
Gemini 2.5 Pro Word Count 94.70 94.70 25.50 ± 3.37 74.70 ± 3.65 (↑ 193%) 0.04 0.03 ± 0.02 0.18 ± 0.01

GPT 5 Word Count 93.85 96.08 32.67 ± 3.26 86.02 ± 2.50 (↑ 163%) 0.04 0.04 ± 0.02 0.19 ± 0.01
GPT 5-mini Word Count 97.49 97.49 29.74 ± 3.68 93.47 ± 2.41 (↑ 214%) 0.04 0.03 ± 0.02 0.31 ± 0.01
GPT 5-nano Word Count 93.30 95.81 31.37± 3.28 87.11 ± 2.69 (↑ 177%) 0.04 0.03 ± 0.02 0.35 ± 0.01
GPT 4o Word Count 93.29 95.81 29.92 ± 3.60 49.24 ± 4.38 (↑ 65%) 0.04 0.02 ± 0.01 0.02 ± 0.01
o4-mini Word Count 91.92 92.47 33.84 ± 3.40 67.54 ± 4.00 (↑ 100%) 0.04 0.03 ± 0.02 0.09 ± 0.02

Gemini 2.5 Flash Math 68.23 78.45 17.46 ± 4.92 46.62 ± 7.98 (↑ 167%) 0.35 0.07 ± 0.06 0.10 ± 0.02
Gemini 2.5 Pro Math 62.29 66.92 22.53 ± 5.83 82.33 ± 4.95 (↑ 265%) 0.35 0.07 ± 0.05 0.24 ± 0.01

GPT 5 Math 68.76 76.20 13.40 ± 4.74 61.82 ± 8.28 (↑ 361%) 0.35 0.02 ± 0.03 0.23 ± 0.01
o4-mini Math 55.40 69.45 10.07 ± 4.83 87.40 ± 5.09 (↑ 768%) 0.35 0.01 ± 0.03 0.17 ± 0.04

Imagen 4 T2I Align 82.14 92.08 83.61 ± 5.12 97.00 ± 2.72 (↑ 16%) 0.04 0.03 ± 0.01 0.03 ± 0.01
DALL-E 3 T2I Align 79.82 91.34 70.83 ± 5.93 87.13 ± 4.30 (↑ 23%) 0.04 0.02 ± 0.02 0.01 ± 0.01
GPT-Image T2I Align 82.47 91.25 91.06 ± 4.20 98.97 ± 1.02 (↑ 9%) 0.04 0.03 ± 0.01 0.03 ± 0.00

surrogate), the ACE success rate (i.e., whether the de-
sired model behavior can be achieved by taking ACEs),
and the Self-BLEU score (Papineni et al., 2002) for
measuring the diversity of a set of prompts. A higher
Self-BLEU score implies more repetition in the gener-
ated text and therefore less diversity.

Three tasks we tested are below.

Word Count: The high level description is “force the
model to adhere to a word count constraint”. The
autorater counts the number of words in the model re-
sponse, and classify whether there are fewer than 50
words (this exact constraint description is not revealed
to ACE). For generating ACEs and learning a con-
stitution, we sample 100 questions from the wikiHow
dataset of LIMA (Zhou et al., 2023a) as the initial
prompts, such as “How to cook an omelette?”. We
then evaluate the constitution on 100 held-out ques-
tions in LIMA.

Math: The task is to steer model to incorrectly an-
swer math questions. We sample and 30 test ques-
tions as initial prompts from the GSME dataset in (Li
et al., 2025), where each math problem is presented as
a constraint satisfaction problem (CSP), such as “a=1,
b=2, c = a+b. What is c?” The high-level task de-
scription is “Modify the math problem to make it more
difficult to solve correctly while ensuring it remains a
valid CSP, solvable by a symbolic math solver.” The
autorater uses SymPy (Meurer et al., 2017) to parse

the CSP and solve the equations to obtain the ground
truth answer.

T2I Align: The high-level description is “Update the
prompt to decrease its alignment with its generated
image”. We use 150 starter text-to-image captions
from the COCO dataset (Lin et al., 2015) as initial
prompts. We evaluate three target T2I models: Ima-
gen 4 (Saharia et al., 2022), DALL-E 3 (Ramesh et al.,
2021), and GPT-Image 1 (OpenAI, 2024). For any
given prompt, we generate 3 images and use the VQA
Score as judged by Gemini (DeepMind, 2025) as the
autorater, selecting the lowest of the 3 scores as the
overall score for the prompt.

5.2 Qualitative Results: Understanding Models

For Word Count, since the task is very simple, we know
the constitution should include concepts such as limit-
ing the word count to a certain number, being concise
etc. The constitution learned for this task is shown in
Figure 2, which verifies that ACE is indeed capable of
discovering the right kind of insights, even with very
limited information of the task and mutation utilities.
In the example illustrated in Figure 1, we observe that
baseline ACEs contain long responses to the input un-
til the third step in the sequence which gets a lower
score due to a word constraint. In constitution-guided
ACE however, the guidance provided helps mutate the
prompt to quickly satisfy the word count limit within
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Figure 5: Probability of ACEs Succeeding: We measure the probability of ACE satisfying the goal task within
the given number of steps (or length of ACE sequences), represented in the x-axes. We observe that using an
optimized constitution with ACE helps achieve the goal faster (blue curves). Within 4 steps, we observe that
ACE achieves a high success rate (> 0.8%) across all models and tasks.

the first step.

Figure 2 shows the optimized constitution for T2I
Align, Math and Word count tasks. Based on the task
and target model, the optimized constitution summa-
rizes unique aspects of conceptual perturbations and
groups them as good or bad strategies. We observe
that each insight on model behavior is described in a
generalizable manner and does not contain any spe-
cific examples from the data. It is also important to
note that these are actionable strategies that discover
non-trivial dimensions and can directly be used to pre-
pare relevant data and debug models. We observe
that text-to-image models can struggle with alignment
when objects, actions or the environment is either un-
realistic or contradictory. This is illustrated in Fig-
ure 1 where constitution-guided ACEs like “adding in-
dustrial waste” to a scene with a park and “replacing
very large with tiny” for a busy city, lead to success-
fully decreasing the text-to-image alignment. In math
tasks, we observe that models sometimes cannot solve
equations when complex operations like exponents are
added (See Figure 1). Such mutations make the prob-
lem more complex, exposing LLM difficulty in solving
involved mathematical problems.

We also observe unique behavior across models (See
Appendix C) and discover non-trivial strategies. For
word count constitutions, we do not explicitly spec-
ify the word limit of 50 in the task but we discover
several successful strategies that indirectly achieve the
task instead of directly specifying a word limit. These
include “Explicit single-unit constraint”, “Structural
constraints”, “Implicit tone modification”.

For T2I generation, GPT-Image shows degrading T2I
alignment by removing relational and action-focused
elements like ”Removing a Critical Relational Ele-
ment” and ”Removing the Object of a Verb”. This
points to a highly structured semantic understanding
of the prompt where the relationships and actions are

treated as distinct, critical components. On the other
hand, Imagen shows decreased alignment for strategies
like ”Adding Unrelated and Prominent Elements” and
”Introducing Conflicting Setting or Environment De-
tails” which may indicate the model’s on the holistic
scene’s context.

Figure D.4 compares the constitutions composed of
”attack” strategies to make math equations more dif-
ficult for each model. It shows introducing distractor
variables may cause GPT-5 to fail at solving simple
math problems, but does not tend to impact the cor-
rectness of the answers from Gemini 2.5 Flash, Gemini
2.5 Pro and o4-mini. Moreover, shared strategies like
introducing exponents demonstrate that LLMs in gen-
eral still cannot master complex algebraic problems.

The above examples demonstrate that the insights
from the constitutions are informative and non-trivial.
Moreover, when we use constitution-guided ACE for
that task and model, we observe that success is
achieved in fewer steps.

5.3 Quantitative Results: Steering Models

Constitution Impact and Generality We measure the
accuracy of surrogate classifier in predicting whether
a proposed ACE to a prompt satisfies the given task
according to the model and autorater, for the initial
constitution (at epoch 0 in the evolution) and the final
optimized constitution (final epoch when the evolution
ends). Our results in Table 1 confirm that the opti-
mization is successful observing improved performance
and generalization (on the test split) over training it-
erations. Depending on the simplicity of the task, like
some models assessed on word count, we also observe
that the constitution may not evolve significantly over
iterations, maintaining the surrogate accuracy. In the
Appendix Section B, we compare our surrogate classi-
fier to TextGrad Yuksekgonul et al. (2024) and observe
that we outperform TextGrad on all tasks.
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Effectiveness and Success Taking a set of unseen ini-
tial prompts, we use the ACE generation (with and
without constitution-guidance) to randomly generate
sequences of ACEs that result in successfully satisfying
the task. For every initial prompt, we randomly select
one sequence and we measure an aggregate score of the
percentage of sequences that were successful, i.e., the
ACE success rate. This score is averaged over 10 seeds
and reported in Table 1. We observe that the success
rate of ACE is higher with constitution-guidance. In
Figure 5, we measure the cumulative probability dis-
tribution of ACE sequence lengths for satisfying the
given task. Specifically, this measures if a success-
ful mutation is achieved for the set of initial prompts
within N steps of sampling ACEs (x-axis in Figure 5.
Using the constitution (blue curves) results in higher
likelihood of success in all models and tasks. This fur-
ther confirms the effectiveness of using an optimized
constitution with ACE since it not only achieves suc-
cess quickly (as shown in Figure 1), but also shows a
higher likelihood of success over multiple sequences, as
shown in Figure 5.

We measure the diversity of initial prompts and the
diversity of final prompts to ensure our approach is
not simply converging on a trivial solution of similar,
less-diverse prompts. The Self-BLEU scores in Table
1 confirms this by showing that the diversity does not
significantly decrease after ACEs are applied.

6 CONCLUSIONS

We introduced a novel framework, Constitution-
guided ACE, for understanding and steering black-box
large generative models. The core objective was to sys-
tematically decode the “black box” behavior of these
models by establishing a link between concept-level
prompt modifications and shifts in model behavior.
Our approach efficiently learns a human-interpretable
constitution, which acts as a rulebook for tasks like
adversarial steering.

A key direction for future work is extending this frame-
work to other input modalities and applications such
as image, video or agentic systems where, concepts
and ACEs may be complex and extracting natural lan-
guage explanations can be challenging. An added hur-
dle in such advanced systems can be the unavailability
of robust autoraters. We also study model behavior in
conjunction with the autorater by assuming the relia-
bility of the autorater which may not be the case for all
models and tasks in practice. More research is needed
to be able to use ACE to disentangle vulnerabilities
in model behavior from those in autorater behavior.
We demonstrate applying ACE in sequences (multiple
steps, or trajectories) however, the guiding constitu-

tion is optimized on single ACEs in turn promoting
a greedy approach. Further research is needed to un-
derstand if agents are capable of optimally traversing
trajectories of ACEs to achieve even higher likelihood
of success.
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Checklist

1. For all models and algorithms presented, check if
you include:

(a) A clear description of the mathematical set-
ting, assumptions, algorithm, and/or model.
[Yes]

(b) An analysis of the properties and complexity
(time, space, sample size) of any algorithm.
[Yes]

(c) (Optional) Anonymized source code, with
specification of all dependencies, including
external libraries. [No]

2. For any theoretical claim, check if you include:

(a) Statements of the full set of assumptions of
all theoretical results. [Not Applicable]

(b) Complete proofs of all theoretical results.
[Not Applicable]

(c) Clear explanations of any assumptions. [Not
Applicable]

3. For all figures and tables that present empirical
results, check if you include:

(a) The code, data, and instructions needed to
reproduce the main experimental results (ei-
ther in the supplemental material or as a
URL). [Yes]

(b) All the training details (e.g., data splits, hy-
perparameters, how they were chosen). [Yes]

(c) A clear definition of the specific measure or
statistics and error bars (e.g., with respect to
the random seed after running experiments
multiple times). [Yes]

(d) A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider). [Not Applicable]

4. If you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:

(a) Citations of the creator If your work uses ex-
isting assets. [Yes]

(b) The license information of the assets, if ap-
plicable. [Not Applicable]

(c) New assets either in the supplemental mate-
rial or as a URL, if applicable. [Not Applica-
ble]

(d) Information about consent from data
providers/curators. [Not Applicable]

(e) Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content. [Not Applicable]

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

(a) The full text of instructions given to partici-
pants and screenshots. [Not Applicable]

(b) Descriptions of potential participant risks,
with links to Institutional Review Board
(IRB) approvals if applicable. [Not Appli-
cable]

(c) The estimated hourly wage paid to partici-
pants and the total amount spent on partic-
ipant compensation. [Not Applicable]



Interpreting and Controlling Model Behavior
via Constitutions for Atomic Concept Edits: Supplementary Materials

A Additional Experiment Details

We summarize our choices for data, autorater and constitution hyper-parameters in Table A.1. For ACE gener-
ation, we use a fixed number of initial prompts and sample 2 ACEs per prompt, repeating this for each mutated
prompt up to a max depth (sequence length). We stop sampling once we reach a prompt that successfully satis-
fies the task, hit the max depth or encounter an error during concept extraction, mutation, autorater or target
model. We therefore report an approximate number of valid ACEs we generated that were used for optimizing
the constitution and reporting metrics as this differs slightly among the different target models we studied.

We also experiment with dynamic constitution update strategies. Particularly, per epoch, we control the per-
centage of strategies to be updated via a hyperparameter. Moreover, we also control the number of strategies
to be added or removed in the constitution via another hyperparameter. Both these hyperparameters lead to a
dynamic change in both these parameters across epochs. Empirically, for complex tasks like math and T2I, we
observed that gradually increasing the number of strategies across epochs, combined with decreasing the allowed
percentage change gives the best results as per the performance and stability of training. The accuracy plots
over iterations of evolving the constitution are displayed in Figure B.1.

Parameter Word Count Math T2I Align

Task definition Task definition
Force the model to Modify the math problem Update the prompt
adhere to a word to make it more difficult to decrease its alignment
count constraint to solve correctly with its generated image

Autorater Details
Autorater Response length SymPy Gemini 2.5 Flash

Autorater success Response length < 50 Answer ̸= Ground truth VQA Score = 0
Autorater failure Response length ≥ 50 Answer = Ground truth VQA Score = 1

Initial prompt dataset LIMA GSME (QuestBench) COCO Captions
# initial prompts 100 100 150

ACE Generation # ACEs sampled for each prompt 2 2 2
ACEs sequence length 3 3 4
# valid ACEs generated ∼2500 ∼400 ∼1200

Epochs 5 10 20
Batch Size 100 200 50

Constitution Constitution Size (Epoch 0) 10 5 10
Optimization Constitution Size (Epoch E) 10 10 10

Change % (Epoch 0) 10 100 100
Change % (Epoch E) 10 5 5

Table A.1: Experiment Details: We summarize all the parameters used for each task for ACE generation and
constitution optimization including autorater details, datasets, sizes and hyper-parameters.

B Using TextGrad as a Surrogate Classifier

We include results from using TextGrad Yuksekgonul et al. (2024) (a SOTA or near-SOTA approach for obtaining
textual gradients) as a baseline for surrogate classification i.e., to predict whether a given update to a prompt
(ACE) results in satisfying the given task using the autorater scores as ground truth. We use the same train,
validation, test data and system instruction for both TextGrad and our surrogate model and we observe that
our surrogate model outperforms TextGrad across all the tasks.

More importantly, the optimized prompt given by TextGrad lists strategies to help the LLM solve the surrogate
task i.e., to determine if the proposed ACE satisfies the task or not. For example, the TextGrad optimized
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Task Model TextGrad Surrogate Model (ours)

Decrease T2I Alignment Imagen 4 76.67 92.08
Adhere to Word Count GPT-4o 89.97 95.81
Make Math Incorrect GPT-5 66.66 76.20

Table B.2: Using TextGrad as a Surrogate Model: We measure the accuracy on the test split while using
TextGrad for surrogate classification on each task. We observe that our model out-performs TextGrad and
results in a more interpretable constitution to understand model behavior.

prompt for the word count task includes a strategy as follows - “Identify the proposed update, analyze its impact
on word count, and conclude with a clear statement and numerical answer. Use a template for consistency”. Such
instructions do not uncover patterns in the ACEs and prompts to understand the model. On the other hand,
our surrogate model is guided by the constitution which is explicitly optimized to summarize model behavior on
the given task using the ACE data. Our method is therefore more performant and also inherently interpretable.
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Figure B.1: Accuracy of Surrogate Model against Training Iterations: We plot the classification accuracy of
the train, test and validation split over iterations of constitution evolution. We observe that the test accuracy
improves over iterations. Simpler tasks require fewer iterations while more complex tasks can benefit from longer
training.

C Constitutions for all Tasks

We provided the best constitutions for each tasks in Figure D.4 (Math), Figure D.5, D.6, D.7 (Word Count) and
Figure D.3 (T2I Tasks).

D Prompts for ACE Generation

We provide the prompt used for extracting concepts and the relevant bag of ACEs in Figure D.9. We further
provide the exact preamble used in Figure D.9 in Figure D.11. For ‘Math’ task, we observed that using this
approach would lead to a significant number of ACEs being wasted as the modified problem could not be parsed
by the deterministic Sympy solver. To counter this, we used an expanded pipeline for concept extraction in
‘Math’ as described in Figure D.8. For every bag of concept and ACEs from a Propose LLM call, we attempt
a recycling of unparseable modified problems through an additional LLM call Correct. The parseable set of
problems are made to pass though a Expand step to enforce diversity in the proposed ACEs. This was motivated
after we observed that not enough required ACEs were being proposed by the original pipeline. We further
provide the prompts for Correct and Expand in Figure D.10. The Propose prompt is the same as the main
concept extractor prompt used for other tasks, as descriped in Figure D.9. We made minor adjustments to the
preamble for different tasks especially in the the task-specific parts.
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Initial Prompt Action Step 1 Action Step 2 Action Step 3 Action Step 4

a smart phone is plugged
into a cable

a smart phone is plugged
into a cable in space

a neon green smart phone
is plugged into a cable in

space

a neon green calculator is
plugged into a cable in

space

a neon green computer is
plugged into a cable in

space

a smart phone made of
snow is plugged into a

cable

A bulletin board sitting on
top of a wooden wall next

to a chair.

A bulletin board hanging
on a wooden wall next to a

chair.

A whiteboard hanging on a
wooden wall next to a

chair.

A whiteboard mounted on
a wooden wall next to a

chair.

A whiteboard mounted on
a wooden wall next to a

chair in an office.

A lava lamp sitting on top
of a wooden wall next to a

chair.

a freshly made pizza with
cheese, tomatoes and

tomato sauce

a freshly made pizza with
blueberries, tomatoes and

tomato sauce

a freshly made pizza with
blueberries, pineapples

and tomato sauce

a freshly made pizza with
blueberries, pineapples  

a freshly made pizza with
blueberries, pineapples,

strawberries

a freshly made pizza with
cheese, gears and tomato

sauce

a freshly made pizza with
cheese, flowers and

tomato sauce

a freshly made pizza with 
 flowers and tomato sauce

A large body of water with
a white bridge in the

background.

A vast body of water with a
white bridge in the

background.

A vast body of water with a
white  in the background.

A small body of water with
a white in the background.

A large body of water with
a white bridge.  

A large body of water with
a white bridge, under a

scorching sun.

Initial Prompt Action Step 1 Action Step 2 Action Step 3

Are there any cheap tickets to
New York from Chicago?

To find cheap tickets to
New York from Chicago, I
need a little more
information. Here's what
would help me give you
the best
recommendations:

**1. Your Travel Dates
(or approximate
timeframe):**

*   **Specific Dates:**
"August 15th to August
20th"

.................

Score: 411

Are there any discounted tickets
to New York from Chicago?

To find discounted tickets
from Chicago to New York,
here's how you can
approach it, along with
some current
examples.......

Score 647

Are there any discounted
round-trip tickets to New York
from Chicago?

To find discounted
round-trip tickets from
Chicago to New York, I
need a little
more.......

Score: 502

Are there any discounted
round-trip tickets to New York
from Chicago next month?

To find discounted
round-trip tickets from
Chicago to New York for
next month,
I'll ...........

Score: 252

Are there any cheap tickets to
New York from Chicago?
Respond in 10 words or less.

Unlikely; tickets from
Chicago to New York are
usually expensive.

Score: 0

How to best apply snow
chains to my Subaru Outback?

Applying snow chains to
your Subaru Outback is a
critical skill for
winter driving in snowy
or icy conditions.
Getting.......

Score: 1104

How to best fit snow chains to
my Subaru Outback?

Fitting snow chains to
your Subaru Outback is a
relatively straightforward
process, but proper
technique is key.......

Score: 1133

How to best fit snow chains
to my Subaru Outback? Be
concise.

1. **Read your
Outback's manual.** It
specifies chain types
and installation.
2. **Practice .......

Score: 26

How to best fit snow chains
to my Subaru Outback? Be
concise and to the point.

Read the owners manual
thoroughly and identify
the chain types....

Score: 10

How to best apply tire chains to
my Honda CR-V?

Applying tire chains to
your Honda CR-V is a
straightforward process,
but **preparation and
practice are key**. CR-Vs
are generally.....

Score: 1183

How to best apply tire chains
to my Honda CR-V? Respond
in between 10 and 20 words.

Read your CR-V owner's
manual. Chains usually
go on the front drive
wheels. Practice
fitting first.

Score: 0

B = 1
P = 0.2
S = 2
T = 25
V = 5
G = T - B - U - S
U = P * T
What is G?

Predicted Answer ==
True Answer

B = 1
P = 0.2
S = 2
T = 25
V = 5
G = T/B - U - S
U = P * T
What is G?

Predicted Answer ==
True Answer

B = (X-1)
P = 0.2
S = 2
T = 25
V = 5
X = 6
G = T/B - U - S
U = P*T
What is G?

Predicted Answer ==
True Answer

B = 1
P = 0.2
S = 2
T = 25
V = 5
G^2 = T - B - U - S
U = P * T
What is G?

Predicted Answer  True
Answer

F = 2
J1 = 39
J4 = 48
J5 = 57
N = 5
X = 21
A = (J1 + J2 + J3 + J4 + J5) / N
J2 = F * J1
J3 = F * J1
What is A?

Predicted Answer ==
True Answer

F = 2
J1 = 39
J4 = 48
J5 = 57
N = 5
X = 21
A = (J1 + J2 + J3 + J4 + J5) / N
J2 = X * J1
J3 = F * J1
What is A?

Predicted Answer ==
True Answer

F = 2
J1 = 39
J4 = 48
J5 = 57
N = 5
X = 21
A = (J1 + J2 + J3 + J4 + J5) /
(N+F)
J2 = X * J1
J3 = F * J1
What is A?

Predicted Answer ==
True Answer

F = 2
J1 = 39
J4 = 48
J5 = 57
N = A
X = 21
A = (J1 + J2 + J3 + J4 + J5) / N
J2 = F * J1
J3 = F * J1
What is A?

Predicted Answer   True
Answer
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Figure B.2: Qualitative Examples of ACE: We illustrate how ACE may create mutations that eventually satisfy
a given task.
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Imagen 

Good Strategies

Adding Contrasting Actions or States: Introduce actions or states for the main subject that are actively in conflict with its nature or typical behavior. This creates a strong dissonance that
the AI struggles to represent coherently alongside the original subject, reducing overall alignment. The conflict resides in what the subject is doing or its current condition.
Replacing Central Concepts with Contradictory Objects: Substitute a key noun describing the main subject with a term representing a physically incompatible or conceptually opposed
object. This creates a fundamental visual conflict that is challenging for the AI to integrate smoothly, leading to a significant reduction in alignment. This alters the core focus by changing the
primary object.
Adding Unrelated and Prominent Elements: Include seemingly random objects or concepts that demand significant visual space or attention without a clear connection to the original
prompt. If these added elements are visually dominant or inherently incompatible with the existing scene's context, they can disrupt the overall coherence and reduce alignment. The impact
here depends on the visual weight of the added element.
Introducing Conflicting Setting or Environment Details: Add descriptors for the location or surroundings that are visually or contextually incompatible with the main subject or action
described in the original prompt. The clash between the central elements and their environment creates a challenge for the AI in generating a cohesive image, thus decreasing alignment.

Bad Strategies

Direct Replacement with Visually Similar Concepts: Substituting one object or characteristic with another that shares a very similar visual appearance or function within the scene has
minimal impact on alignment. The AI can easily substitute the new element without significantly altering the overall composition or meaning of the generated image.
Removing Redundant or Implicit Information: Deleting concepts or objects that are strongly implied or inherently associated with other elements already present in the prompt usually
does not decrease alignment. The AI can often infer and generate the removed element based on the remaining context, maintaining the original intent.
Adding or Modifying Subtle Spatial Descriptors: Altering phrases that describe the precise position or arrangement of objects in a way that results in only a minor or easily resolvable
visual change has limited impact on alignment. The AI can typically accommodate small positional shifts without fundamentally changing the image's structure or message.
Replacing a Descriptor with a More Aligned Alternative: Substituting a descriptive word with another that provides a clearer or more accurate visual characteristic will likely increase
alignment. This action clarifies the user's intent and makes it easier for the AI to generate an image that matches the specified details.
Adding Inherently Aligned or Expected Descriptors: Including a descriptive word or concept that is a common or expected attribute of another element in the prompt does not introduce
conflict and will likely be incorporated by the AI without reducing alignment. It simply reinforces existing visual assumptions.
Replacing an Action with a Related or Plausible Alternative: Substituting a verb describing an action with a different action that is still a plausible or related activity for the subject has
minimal impact on alignment. The AI can easily adapt to the new action without creating significant visual dissonance relative to the subject.

DALLE-3

Good Strategies

Introduce Ambiguity with Unrelated Elements: Add descriptive terms or concepts that are not closely related to the core subject of the prompt. The disconnect between the core subject
and the added terms introduces ambiguity that the model might struggle to resolve correctly.
Modify Core Concept with Dissimilar Property: Directly alter a central descriptive element of the initial prompt to exhibit a property significantly different from the original description. This
forces the model to interpret and integrate a new characteristic into the scene, potentially increasing the likelihood of a less aligned output.
Add Trivial and Conflicting Constraints: Introduce conditions or constraints into the new prompt that are logically incompatible with the existing elements of the scene. The model
attempting to reconcile these conflicting constraints can lead to a decreased alignment with the original scene description.
Combine Unlikely Concepts: Merge two or more concepts or subjects that are not typically found together in reality or commonly associated in training data. The juxtaposition of unrelated
elements challenges the model to create a coherent image that correctly reflects all instructions, leading to reduced alignment.

Bad Strategies

Change a Characteristic Property: Alter a descriptive element of an object or scene in a way that doesn't significantly alter the fundamental nature of that object or scene. The change
might be incorporated without disrupting the overall representation, resulting in no meaningful decrease in alignment.
Introduce Synonyms or Paraphrased Descriptions: Replace a noun or phrase with a synonym or paraphrase that carries the same core meaning and context. The underlying concepts
remain the same, so the alignment is likely preserved.
Introduce Redundant Details: Add detailed descriptions of elements already present in the prompt or easily inferred terms. Because these terms don't introduce new information or alter
existing concepts, the model will likely produce a result that still aligns with the original prompt.
Specify the Color of an Object: Make a minor change like altering a color without introducing any other conflicting elements or concepts. This single change is unlikely to drastically
challenge the model's interpretation of the scene.
Introduce a Common Action: Add a common action that is consistent with the existing elements of the prompt and doesn't introduce any ambiguity or conflict. The model will likely
integrate this action seamlessly, leading to the prediction reflecting this addition.

GPT-Image

Good Strategies

Removing a Key Subject: This strategy involves deleting a main noun or entity from the prompt that is central to the original description. By removing a primary subject, the generated
image is likely to depict a scene significantly different from the original intent, thereby decreasing alignment.
Replacing a Key Subject with a Dissimilar One: Replacing a central noun or entity with something completely different and often semantically unrelated. This drastically alters the core
content of the image, leading to a clear decrease in alignment with the original prompt's intention.
Removing a Critical Relational Element: This approach focuses on removing the words or phrases that describe the relationship or interaction between two or more subjects in the
equation. Without this explicit connection, the image generation process may interpret the subjects as being depicted separately or in a different manner, reducing adherence to the intended
scene or action.
Removing the Object of a Verb: Deleting the noun phrase that the verb in the prompt acts upon. This removes the focus of the action described, leading to ambiguity or a different
interpretation of the scene in the generated image, thus decreasing alignment.

Bad Strategies

Merely Clarifying or Rephrasing an Existing Element without a Substantive Change: Restating existing descriptors, like clarifying the color of an object that was already present,
without fundamentally altering the core elements of the prompt. This type of change is unlikely to impact the image generation in a meaningful way.
Adding Minor Descriptive Details that Don't Impact the Core Scene: Incorporating minor adjectives or adverbs that don't alter the main subjects, actions, or relationships in a significant
way. For example, adding "slightly" or "a little" to a modifier that doesn't dramatically change the core meaning.
Adding a Highly Specific Element to an Underspecified Prompt: Introducing a concrete detail (e.g., a specific object, color, or action) into a prompt that was previously very general or
abstract. This often increases alignment as the image generation process now has a clearer instruction to follow.
Removing a Non-Essential Modifier: Deleting an adjective, adverb, or phrase that provides additional detail but is not crucial to the core meaning or structure of the prompt. The absence
of this modifier is unlikely to significantly alter the main subjects, actions, or relationships depicted in the generated image.
Setting an Attribute Already Present: Explicitly stating an attribute (like color, style, or lighting) that was already clearly implied or mentioned in the original prompt. This action doesn't
introduce a new conflicting element, merely reinforces an existing one, which will likely maintain or increase alignment.
Removing a Subject Not Explicitly Mentioned: Deleting a noun or entity in the action that was not a core or even minor part of the original prompt's description. Since the subject was not
present in the original prompt, its removal from the action will not affect the alignment of the generated image with the original prompt.

Figure D.3: Optimized constitutions for Text-to-Image Alignment Task
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Good Strategies
Introduce a System of Equations: Modify an existing equation into a system of two or more linear equations. This increases the complexity by forcing the user to solve for
multiple variables simultaneously. The new system should be solvable and produce a valid result within the context of the overall problem.
Increase Order of Equation: Alter an existing linear equation to a higher-order polynomial, such as a quadratic or cubic equation. This requires more complex algebraic
manipulation to solve. Ensure the new equation has a real solution that fits logically within the problem's structure.

Bad Strategies
Change an Operator: Replace an arithmetic operator (e.g., addition, subtraction, multiplication, division) within an equation with a different operator. This often fundamentally
changes the logic of the problem, potentially invalidating it or making it trivially easy or difficult in a way that is not algebraically challenging. Such a change can lead to
nonsensical results or alter the problem type entirely.
Introduce an Unused Variable: Add a new variable to the problem that is not used in any of the subsequent calculations. This adds an extraneous piece of information that
doesn't affect the solution path or the final answer. While it might slightly increase cognitive load, it doesn't make the algebraic solving process more difficult.
Add a Superfluous Step: Append a new, simple calculation at the end of the problem that uses the final result of the original problem. This simply adds a trivial step without
increasing the complexity of the core algebraic problem. The added step usually involves a basic arithmetic operation.

GPT-5

Good Strategies

Introduce an Exponent or Root: Modify an existing equation to include an exponent or a root. This increases the complexity of the calculation beyond simple arithmetic, often
requiring more steps and a deeper understanding of mathematical order of operations. This strategy is distinct because it introduces a non-linear operation.
Add a Distractor Variable: Introduce a new variable and an associated equation that is not necessary to solve the main problem. This tests the user's ability to identify relevant
information and ignore irrelevant data, increasing the cognitive load required to solve the problem.
Cross-Equation Variable Substitution: Modify an equation to use a variable defined in another, seemingly unrelated equation. This forces the solver to track dependencies
between different parts of the problem, increasing the number of steps and the potential for error. This is different from simply adding a variable, as it creates a more intricate
web of relationships.

Bad Strategies
Simple Value Change: Change the numerical value of a single variable without altering the underlying equations or relationships. While this changes the final answer, it doesn't
fundamentally increase the difficulty of the required algebraic steps.
Operator Swap: Replace a basic arithmetic operator (e.g., addition, subtraction, multiplication, division) with another basic operator within an equation. This alters the
calculation but doesn't necessarily make the problem more difficult to solve from an algebraic standpoint.

Gemini-2.5-Flash

Good Strategies
Introduce a Non-Linear Relationship: This strategy involves modifying a linear equation to a non-linear one, such as introducing exponents, square roots, or 
trigonometric functions. This increases the complexity of the calculation by altering the fundamental relationship between 
variables.
Introduce Inter-Variable Dependency: This strategy involves replacing a constant with a variable, or making one variable dependent on another. This increases the mental
 load required to solve the problem by introducing a new relationship between variables.
Compound Operations: This strategy involves combining multiple arithmetic operations into a single step, rather than a single operation. This forces the user to apply the
order of operations and track multiple calculations at once.

Bad Strategies
Redundant Modification: This strategy involves adding a new variable or equation that does not affect the calculation of the final answer. This fails to increase the difficulty 
of the problem.
Value Swapping: This strategy involves changing the numerical value of a constant without altering the underlying equations. This typically makes the problem easier to
 solve, as it only requires a simple substitution.

Gemini-2.5-Pro

Good Strategies
Alter the Order of Operations: This strategy involves changing the order in which mathematical operations are performed by adding, removing, or modifying parentheses. This
can significantly impact the final result by forcing a different order of operations than what would be followed by default. This makes the problem more difficult to solve correctly,
as it requires careful attention to the new structure of the equation.
Operator Substitution: This strategy involves replacing one mathematical operator with another, such as changing addition to subtraction, multiplication to division, or vice
versa. This can drastically alter the problem's outcome and requires careful adjustment of the solving process. The change in operator makes the problem more difficult by
introducing a new relationship between the variables.
Introduce an Exponent: This strategy involves introducing an exponent into one of the equations, either by raising a variable to a power or by using an exponential function.
This significantly increases the complexity of the problem, as it requires understanding and applying the rules of exponents. The introduction of an exponent can lead to a much
larger or smaller result, making it more challenging to solve correctly.

Bad Strategies
Add a New Variable or Constant: This strategy involves adding a new variable or numerical constant to an existing equation. While this changes the final answer, it doesn't
fundamentally increase the problem's conceptual difficulty. The steps to solve the problem remain the same, just with an additional simple arithmetic operation, making this an
ineffective way to increase difficulty.
Change a Numerical Value: This strategy involves changing a numerical value in the problem to a different number, such as an integer to a fraction or a positive to a negative.
While this may alter the final answer, it does not fundamentally change the problem's structure or the steps required to solve it. This is considered an ineffective strategy
because it only makes the arithmetic more tedious rather than increasing the problem's conceptual difficulty.
Replace a Variable with an Expression: This strategy involves replacing a variable with a more complex mathematical expression. This can require additional steps to solve
but does not necessarily make the overall problem more difficult. The added complexity is often a distraction rather than a fundamental increase in the problem's difficulty,
making this an ineffective strategy.

Figure D.4: Optimized constitutions for ‘Math’
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Good Strategies

Direct Numerical Length Constraint (Significantly Deviating from Natural Output): Explicitly state the desired number of words, characters, sentences, or paragraphs when
this length is significantly different from the model's natural output for the given prompt. This direct numerical instruction guides the model to produce responses within the
specified limit, ensuring precise adherence when the constraint actively forces a change in length by either significantly shortening or lengthening it. This strategy is effective when
the numerical target is clearly outside the model's default response length.
Word Count Range with Significant Bounds: Define a minimum and maximum word count, where the range itself is a meaningful constraint beyond the model's natural output.
This encourages the model to expand or contract its response within a clearly defined and impactful range. The bounds must be sufficiently far from the typical output length to
compel a change in behavior.
Conciseness Modifiers with Clear Reduction: Use terms that clearly indicate a requirement for extreme brevity (e.g., "one-word answer," "single sentence," "extremely brief").
These modifiers provide an unambiguous instruction for a drastically shorter output that would not typically be generated by the model by default. This strategy is effective when a
significant and undeniable reduction in length is desired.
Targeted Prompt Refinement for Brevity: Rephrasing or removing superfluous elements from the original prompt, specifically to make the core query more direct, can
sometimes lead to shorter, more focused responses from the LLM. This indirect approach can aid in conciseness, especially when elements are removed or replaced with a more
concise alternative, altering the model's response length without explicitly stating a count. This strategy is about simplifying the prompt to elicit a naturally shorter response.
Minimum Word Count (Significantly High for Elaboration): Specify a minimum word count that is substantially higher than a typically brief answer. This strategy forces the
model to elaborate and expand its response to meet the imposed lower bound, effective when you want to force more detail than it naturally would provide. The minimum count
must be clearly impactful to compel an expanded response.

Bad Strategies

Numerical Word Count (Near Natural Output Tendency): Setting a numerical word count that aligns closely with, or is slightly below or above, the model's inherent tendency
for a given prompt often fails to compel a specific length. This includes numerical constraints that are generally met or exceeded by the model's default response length, acting as
a loose ceiling rather than an active constraint without forcing a behavioral change. Numerical constraints are ineffective if they don't significantly alter the model's natural output
length in either direction.
Ambiguous Length by Detail Level: Using subjective terms like "brief," or "high-level" without a numerical or structural element is too vague. The model's interpretation of these
terms may not match the user's intent, leading to inconsistent length. These terms do not provide a clear enough instruction for the model to alter its natural output length.
Indirect Content Modification without Length Influence: Changing the prompt's focus (e.g., synonyms, audience, context) without any direct or indirect instruction related to
length. These modifications alter the content but generally do not influence the response's word count unless they naturally simplify the query significantly. This strategy alters
context but not necessarily length.
Altering Response Format (Lacking Explicit Length): Requesting a different output format such as bullet points or paragraphs, without explicitly adding a length constraint,
does not guarantee adherence to word count. The model can still produce verbose outputs within the new format, as the format itself does not imply a length. A format change
alone is insufficient for length control.
Minimum Word Count (Insufficiently High): Specifying a minimum word count that is not significantly greater than what the model would naturally produce for a brief answer.
This weak minimum doesn't effectively compel the model to expand its response, failing to push the model beyond its default behavior. The minimum word count must be
aggressively high to be effective.

GPT-5

Good Strategies

Direct Numeric Word Count (Low & Strict Constraint): Explicitly stating a numeric word count for the entire response, such as "Set word count as X words" or "Set the maximum word
count to X words" or "Set the word count to X", where X is a relatively low number (e.g., 50 words or less). This provides a clear and direct numerical target, aiming for concise and brief
output which the LLM can effectively adhere to.
Constraint on Output Type: Apply length constraints directly to a specific type or category of output mentioned in the prompt, such as "SET word count of informational answer as X words"
or "Set the length of the summary to X words." This directs the constraint more precisely within potentially multi-faceted responses, ensuring the specified part adheres to the limit. This is
particularly effective when the constraint needs to be applied to a part of the overall response.
Explicit Single Unit Constraint: Limiting the response to a single, defined textual unit, such as "limited to a single paragraph." This provides a clear and unambiguous structural bound for
the output, effectively ensuring brevity and adherence to a specific format. This strategy is effective for achieving tight constraints, guiding the LLM towards a specific structural output.
Output Length Specification: Use phrases that specifically refer to the output or response length, such as "SET output length of response as X words" or "SET length of response as X
words." This clarifies that the constraint directly applies to the model's generated text's total length, reinforcing the instruction for the LLM. This is a broad constraint and can be effective if
the focus is solely on the length of the generated content.
Qualitative Length Indicator with Structural Focus: Using qualitative terms like "short" or "brief" in conjunction with a direct structural constraint for the output, such as "SET response
format as 'a short paragraph'" or "Set length constraint type as paragraph count." This approach combines a qualitative length description with a clear structural boundary, making the
instruction unambiguous for the LLM and encouraging brevity.

Bad Strategies

High or Unrealistic Word Counts: Setting a word count constraint that is significantly higher than what might be considered a truly "constrained" output (e.g., "Set the word count to 200
words," "Set the maximum word count as 100 words"). While numerically explicit, such high limits often fail to produce a truly "constrained" output, as the model may still provide extensive
detail. This strategy often results in outputs similar to unconstrained responses.
Minimum Word Count: Setting a minimum word count (e.g., "Set minimum words to 40"). The task is to "force the model to adhere to a word count constraint" by limiting its length, and
minimums do not prevent overextension. The model is more likely to ignore minimums and still produce longer content, failing the constraint.
Ambiguous Qualitative Length Indicators: Using qualitative terms like "brief" or "concise" without explicitly linking them to a specific structural format or numerical target, or when they are
applied to the prompt itself rather than the response. When the constraint is vaguely applied, the model may not interpret it as a direct command to reduce its response length, leading to no
significant change in behavior.
Non-Word-Count Numerical Constraints: Specifying a numeric length constraint using units other than words, such as character count or sentence count (e.g., "Set the maximum length
as 100 characters", "Set response to 4 sentences"). LLMs often struggle to accurately adhere to these non-word-count numerical constraints when generating natural language, making
them unreliable for consistent constraint.
Non-Output Constraint Application: Applying a word count constraint to an aspect of the prompt that is not the LLM's generated output, such as "SET word count of query as 50 words" or
"Set word count of prompt as fifty words." The task is to constrain the model's response, and applying the constraint to the input query or other non-output elements does not achieve this
goal.

Gemini-2.5-Flash

Good Strategies

Direct Word Count Specification: Explicitly state the desired word count using numerical values. This provides the LLM with a clear and unambiguous target for response length,
especially when seeking a very short or precise output.
Maximum Length Constraint: Use phrasing like "maximum length" or "under X words" to set an upper boundary for the response. This prevents the LLM from exceeding a certain word
threshold.
Word Count Ranges: Provide a numerical range for the word count, giving the LLM some flexibility while still imposing a clear boundary. This allows for slight variance while keeping the
response contained.
Clear Brevity Instruction: Employ terms that directly instruct the LLM for brevity and specificity, such as "short and to the point" or "very brief and factual." This guides the model towards
economical language when combined with a clear implicit or explicit length target.
Structural Constraints (Sentences/Paragraphs) for Enforced Brevity: Define the response length by specifying a very low number of sentences or paragraphs (e.g., 1 sentence, 1
paragraph). This offers a structural constraint that naturally limits word count and effectively enforces brevity when the target is genuinely short.

Bad Strategies

Implicit Tone Modification for Length: Attempting to control word count by only setting a "tone" (e.g., "simple," "direct") does not directly address length. The LLM may adopt the tone but
not the desired brevity, unless combined with an explicit length constraint.
Broad Contextual or Topical Changes: Modifying the core topic or adding unrelated context (e.g., replacing keywords, specifying audience) distracts from the length constraint. The LLM
will focus on the new information rather than brevity.
Detailed Specification of Output Format Alone: While mentioning formats like "bullet points" can contribute to brevity, it doesn't guarantee a specific word count. A detailed bulleted list
can still be very long if no explicit length is given.
High Word Count for Simple Queries: Setting a word count constraint that is disproportionately high for the complexity of the query (e.g., 100+ words for a simple factual question) often
leads to the model ignoring the constraint, as its natural answer would be shorter. This can also happen if a short natural answer is constrained to a much higher word count than is needed.
Vague Conciseness Keywords Without Numerical Context: Using general terms like "concise," "brief," or "short" by themselves, without any accompanying numerical or structural
constraint, often fails to reliably enforce a specific word count. The LLM may interpret these terms broadly, leading to inconsistent results regarding length.

Figure D.5: Optimized constitutions for ‘Word Count’
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Gemini-2.5-Pro

Good Strategies

Direct Numerical Word Count: Explicitly state the desired response length using a specific number of words, clearly indicating it applies to the model's output. This offers an unambiguous
and precise target for the LLM.

Description: This strategy involves directly specifying the exact number of words the model's response should contain. It uses numerical values to set a precise length boundary and
explicitly links the constraint to the LLM's output, leaving no room for misinterpretation.

Relative Length Constraint: Use terms like "single sentence" or "briefly" combined with a specific structural output to imply a very short word count. This indicates a clear, concise
response without specifying a number.

Description: This strategy sets a general brevity requirement by instructing the model to provide a response within a very limited structural unit, such as a single sentence or a small, fixed
number of sentences. It implicitly conveys a low word count, making the constraint intuitively clear.

Character Count Limit: Define the maximum number of characters allowed in the response. This offers an alternative and highly granular way to control length.
Description: This strategy controls response length by setting a maximum character limit. It offers a precise method for constraining output, useful when very short and exact responses
are required or when word counts might vary due to word length.

Explicit Numerical Constraint for Output: Clearly state a numerical word count constraint using natural language, ensuring it is unambiguously directed at the model's output. This makes
the intention clear for the LLM.

Description: This strategy clearly specifies a numerical word count that applies to the model's generated text. It relies on explicit instruction in natural language to convey that the
constraint is for the LLM's output, ensuring the model correctly associates the constraint with its response.

Implied Numerical Constraint for Output: Set a numerical word count constraint that is clearly intended for the model's output, even if not explicitly stating "response" or "output," as long
as the context makes it unambiguous.

Description: This strategy involves setting a numerical word count using natural language, where the constraint is clearly about the generated text despite not using explicit terms like
"response" or "output." The context of the instruction ensures the LLM understands the constraint applies to its generation.

Bad Strategies

Vague Brevity Indicators: Using non-quantifiable terms like "brief," "short summary," or "concise" without a numerical or structural constraint. These are too ambiguous for an LLM to
confidently adhere to.

Description: This strategy uses subjective and qualitative terms to indicate a preference for a shorter response. Without concrete numerical values or explicit structural units (like "single
sentence"), these instructions are open to broad interpretation by the LLM, leading to inconsistent results.

Unrelated Constraint Units: Specifying length in terms of paragraphs or a large number of sentences without also providing a numerical word count constraint. This still leaves too much
room for variation within each unit.

Description: This strategy attempts to control length by specifying the number of structural units, such as paragraphs or sentences, but fails to define a maximum word or character
count within those units. This allows for significant variability in overall response length, defeating the purpose of the constraint.

Altering Content/Tone While Constraining Length: Combining a word count request with other significant modifications like changing the tone, audience, or content. The model might
prioritize the content alteration over the length constraint.

Description: This strategy dilutes the word count instruction by simultaneously requesting other significant modifications to the prompt, such as changes in tone, audience, or core
content. The LLM may interpret these additional directives as higher priority, leading to a neglect of the length constraint.

Minimum Word Counts: Specifying a minimum word count. LLMs are generally designed to be informative, and a minimum is unlikely to restrict their output in the same way a maximum
does.

Description: This strategy attempts to influence response length by setting a lower boundary for the word count. However, LLMs are inherently inclined to provide comprehensive
answers, making a minimum constraint less effective at forcing adherence compared to a maximum limit.

Word Count on the Prompt Itself: Applying a word count constraint to the input prompt rather than the model's generated response. This is a misdirection of the constraint and does not
impact the output length.

Description: This strategy incorrectly applies the word count constraint to the prompt provided by the user, rather than the desired length of the model's output. This misapplication
ensures the model's response length remains unaffected by the intended constraint.

GPT-5-mini

Good Strategies

Direct Word Count Specification: Explicitly state the desired word count and the unit "words." This directly communicates the constraint to the model.
Specific Numeric Word Count (Low-to-Medium): Use exact, relatively low numbers (e.g., 10, 15, 20, 25, 50) for word count specifications. This range appears to be within the model's
optimal adherence performance.
Targeting Response Word Count: Clearly indicate that the word count applies to the model's output. This clarifies the scope of the constraint, ensuring the model focuses on its response
length.
Word Count Constraint via Action Term: Use action-oriented phrasing like "SET word count as X" or "Set the word count constraint to X". This directly instructs the model to apply the
word count to its response.
Character Count Specification: Explicitly specifying a desired character count for the model's response, along with the unit "characters," effectively constrains the output length. This
provides a clear and measurable limit for the model to adhere to.

Bad Strategies

High Numeric Word Count Request: Requesting a significantly larger word count (e.g., 100 words, 200 words, 250 words) often fails. The model may struggle to balance detailed content
with such a high arbitrary limit.
Vague Brevity Terms: Using subjective terms like "concise," "brief," "summary," or "short" without a numeric value is often ineffective. These terms lack the specificity the model needs to
apply a constraint.
Paragraph or Sentence Range Constraints: Setting constraints based on a number of paragraphs or a range of words (e.g., "Set the word count range as 50-75 words") tends to be
ignored. The model prefers single, exact numeric targets.
Altering Subject Matter: Changing the core subject of the prompt (e.g., "Replace apples with pineapples") is irrelevant to enforcing a word count constraint and will not achieve the task.
Applying Constraint to Input Prompt: Imposing a word count or length constraint explicitly on the user's input prompt itself, rather than the model's generated output, is ineffective for
controlling the response. The model will not interpret this as a constraint on its own response.

GPT-5-nano

Good Strategies

Direct Numeric Word Count (Low & Strict Constraint): Explicitly stating a numeric word count for the entire response, such as "Set word count as X words" or "Set the maximum word
count to X words" or "Set the word count to X", where X is a relatively low number (e.g., 50 words or less). This provides a clear and direct numerical target, aiming for concise and brief
output which the LLM can effectively adhere to.
Constraint on Output Type: Apply length constraints directly to a specific type or category of output mentioned in the prompt, such as "SET word count of informational answer as X words"
or "Set the length of the summary to X words." This directs the constraint more precisely within potentially multi-faceted responses, ensuring the specified part adheres to the limit. This is
particularly effective when the constraint needs to be applied to a part of the overall response.
Explicit Single Unit Constraint: Limiting the response to a single, defined textual unit, such as "limited to a single paragraph." This provides a clear and unambiguous structural bound for
the output, effectively ensuring brevity and adherence to a specific format. This strategy is effective for achieving tight constraints, guiding the LLM towards a specific structural output.
Output Length Specification: Use phrases that specifically refer to the output or response length, such as "SET output length of response as X words" or "SET length of response as X
words." This clarifies that the constraint directly applies to the model's generated text's total length, reinforcing the instruction for the LLM. This is a broad constraint and can be effective if
the focus is solely on the length of the generated content.
Qualitative Length Indicator with Structural Focus: Using qualitative terms like "short" or "brief" in conjunction with a direct structural constraint for the output, such as "SET response
format as 'a short paragraph'" or "Set length constraint type as paragraph count." This approach combines a qualitative length description with a clear structural boundary, making the
instruction unambiguous for the LLM and encouraging brevity.

Bad Strategies

High or Unrealistic Word Counts: Setting a word count constraint that is significantly higher than what might be considered a truly "constrained" output (e.g., "Set the word count to 200
words," "Set the maximum word count as 100 words"). While numerically explicit, such high limits often fail to produce a truly "constrained" output, as the model may still provide extensive
detail. This strategy often results in outputs similar to unconstrained responses.
Minimum Word Count: Setting a minimum word count (e.g., "Set minimum words to 40"). The task is to "force the model to adhere to a word count constraint" by limiting its length, and
minimums do not prevent overextension. The model is more likely to ignore minimums and still produce longer content, failing the constraint.
Ambiguous Qualitative Length Indicators: Using qualitative terms like "brief" or "concise" without explicitly linking them to a specific structural format or numerical target, or when they are
applied to the prompt itself rather than the response. When the constraint is vaguely applied, the model may not interpret it as a direct command to reduce its response length, leading to no
significant change in behavior.
Non-Word-Count Numerical Constraints: Specifying a numeric length constraint using units other than words, such as character count or sentence count (e.g., "Set the maximum length
as 100 characters", "Set response to 4 sentences"). LLMs often struggle to accurately adhere to these non-word-count numerical constraints when generating natural language, making
them unreliable for consistent constraint.
Non-Output Constraint Application: Applying a word count constraint to an aspect of the prompt that is not the LLM's generated output, such as "SET word count of query as 50 words" or
"Set word count of prompt as fifty words." The task is to constrain the model's response, and applying the constraint to the input query or other non-output elements does not achieve this
goal.

Figure D.6: Optimized constitutions for ‘Word Count’
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GPT-4o

Good Strategies

Direct Word Count Specification: Explicitly state the desired word count using numerical values (e.g., "100 words"). This clearly communicates the exact length expectation to the model,
aiming for a specific output size. This is more effective for setting an upper limit than a minimum.
Character/Sentence Limits: Specify the maximum number of characters or sentences allowed for the response. This provides alternative objective metrics for controlling output length,
especially when a precise word count might be less practical or when focusing on brevity of individual components. This strategy is generally more reliable for upper limits.
Word Count Range: Define an acceptable upper and lower bound for the word count. This allows for slight flexibility within a desired brevity, providing the model with a target window for
response length, though lower bounds can be less reliably enforced.
Targeted Brevity Commands: Use direct commands that specify brevity for specific elements of the response, often implying a single unit of output (e.g., "brief explanation"). This ensures
that a particular part of the output adheres to a short length.
Removal of Irrelevant Context or Superfluous Information: Remove parts of the prompt that dilute the core request or add extraneous details. By making the prompt more focused, it
can lead to a more concise and controlled output, indirectly aiding in word count adherence if the removed context previously expanded the response.

Bad Strategies

Irrelevant Tone/Audience Adjustments: Modifying the prompt's tone, target audience, or level of detail without explicitly linking it to length. These changes focus on style or context, not
word count, and will not reliably influence output length.
Generic Prompt Rewording: Simply rephrasing the prompt using synonyms or slightly different phrasing. These actions change the wording but do not introduce any new constraints
related to length.
Changing Specifics/Core Request: Altering factual elements or the specific context of the prompt in a way that changes the fundamental request. These modifications change the core
request rather than its length, making them irrelevant to word count control.
Format Changes (without length implication): Requesting specific output formats without any accompanying explicit instruction about the length of those formatted elements. The format
itself does not guarantee a word count.
Vague Qualitative Length Descriptors: Using qualitative terms that imply a constrained length but are often too ambiguous or non-specific for reliable word count adherence. These terms
like "concisely" or "briefly" do not provide a sufficiently clear instruction for consistent word count restriction, often failing to yield a specific length. The model's ability to adhere to these is
inconsistent and often does not result in a precise word count.

Figure D.7: Optimized constitutions for ‘Word Count’
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Figure D.8: Expanded view of the pipeline used for ACE generation in ‘Math’. We propose an initial set
of concepts and corresponding ACEs through the concept extraction prompt in Figure D.9. We filter out
unparseable modifications to the problems through using signals from the SymPy Solver. We attempt to recover
some unparseable problems through the user of Correct prompt (Figure D.10). Finally, to enforce diversity in
concepts and their respective ACEs, we use the Expand(Figure D.10) prompt to propose newer concepts and
ACEs.

Concept Extractor
Prompt

{preamble}
Prompt: {prompt}
Generate the concept bag given the input below. Your response should be in JSON format WITHOUT the
JSON tags.
Respond only in the ConceptBag dataclass format above without the ```json tags. Do not output
anything else.
Input: {{
  "prompt": "{prompt}"
  "task": "{task}",
  "task_description": "{task_description}"
}}
Output:

Figure D.9: Concept extractor prompt used for obtaining concepts and relevant ACEs related to that concept.
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Expand

You are an expert at refining and expanding upon a list of ideas.
A previous step has generated an initial ConceptBag. Your task is to make it better by adding more
concepts and actions that are highly creative and laser-focused on the TASK.

TASK: {task}
TASK DESCRIPTION: {task_description}

***CREATIVITY MANDATE***
- **Think outside the box!** Propose creative and unconventional modifications.
- **Don't be afraid to be "crazy."** Sometimes the most unexpected ideas are the most effective at
misleading a language model. The goal is to find the model's blind spots. Push the boundaries of the
initial ideas.

***YOUR INSTRUCTIONS***
1.  **Analyze the existing ConceptBag**: Review the concepts and actions below.
2.  **Add New Concepts**: Add at least 3 NEW, distinct concepts that were missed in the first pass.
3.  **Expand Existing Concepts**: For EACH of the existing concepts, add at least 2 NEW, creative
actions that are different from the ones already there.
4.  **Maintain Rules**: Every new action you create must follow the original rules (solvable prompt,
correct verbalization, etc.). The primary goal is always the TASK. Additionally, you must adhere to
these **Structural Modification Rules**:
    - All `updated_prompt` values MUST remain valid, solvable math problems in the same structured
format as the original.
    - Modifications should be structural changes to the math problem itself (e.g., changing variable
names, altering equations, adding distractors) rather than adding conversational English text.
    - The core structure of equations and the final question ("What is ...?") must be preserved.
5.  **Return a Complete, Updated ConceptBag**: Your final output should be a single ConceptBag
object that includes both the original and the new concepts and actions. Do not repeat any actions.

***EXISTING_CONCEPT_BAG***
{existing_concept_bag}

Correct

"""You are an expert at crafting deceptively simple-looking but tricky math problems.
The following JSON objects represent actions that were intended to make a math problem more
misleading for an AI, but an error made them unsolvable by a symbolic deterministic solver.
Your task is to **fix the `updated_prompt`** in each JSON object to make it a valid, solvable math
problem, while **preserving or even enhancing the original misleading intent**.

Analyze the error and the original intent. Then, rewrite the `updated_prompt` to be both
mathematically sound and highly deceptive.

Here are the actions that need fixing:
{json.dumps([info for _, info in actions_to_correct], indent=2)}

Return a JSON list of the corrected actions. Only return the actions that you were able to
successfully make both solvable and misleading. If you cannot fix an action in a way that preserves
its deceptive spirit, do not include it in your response.
Each corrected action should be a complete JSON object with the same structure as the input.
"""

Figure D.10: Expand and Correct prompts used for enforcing diversity and recovering unparseable ACEs, for
concept generation in ‘Math’
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preamble

"""You are an expert at extracting a ConceptBag from a given prompt, task and task description.

A ConceptBag represents 
1. Collection of concepts that exist in the given prompt or in your belief state around the prompt 
2. A number of actions proposed on each concept that can be taken to modify the prompt.

***BEGIN_CONCEPT_DEFINITION***
Some descriptions of what a concept is:
1. Concepts are independent ideas or abstractions that may exist in the prompt or generated image.
2. A concept can take several forms as long as it corresponds to a single idea or notion.
3. A concept cannot be a mixture of multiple independent ideas or notions.
Types of concepts:
** Explicit concepts: A concept that is explicitly present in the prompt. It can also be a metadata concept
like style, mood, image style etc.
** Relationship concepts: A type of concept that represents a relationship between two concepts.
** Explicit Attribute concepts: A type of concept that represents a property or an attribute of another
concept to further describe it. For example, in a prompt 'a white rabbit eating a carrot', the concept
'white' can be an attribute of 'rabbit' and the concept 'eating' can be a relationship between 'rabbit' and
'carrot'.
** Implicit attribute concepts: An attribute concept need not be explicitly present in the prompt.
    An implicit attribute concept cannot exist if the concept it is describing is not present in the prompt.
This could also be a metadata concept that covers the full prompt.
    It MUST be associated with an explicit concept already in the prompt or some metadata to better describe
the context.
    For example, in a text-to-image prompt like "a rabbit in a barn", an unmentioned concept could be the
background, mood, image style etc.
***END_CONCEPT_DEFINITION***

***BEGIN_ACTION_RULES***
The actions to the concept are updates to the prompt or generated image that correspond to the concept.
The actions can only be ADD, REMOVE or REPLACE type actions. The actions MUST BE ATOMIC. This means that they
can ADD, REMOVE or REPLACE only ONE concept at a time.
1. ADD action: This can involve adding a concept that is not present in the prompt.
This may be adding an implicit concept, setting an attribute of a concept or setting a relationship of two
concepts.
Add action is only permitted if the concept is not already present in the prompt.
HIGH LEVEL STRUCTURES FOR VERBALIZATION:
- SET <implicit_attribute_concept_name> of <explicit_concept> as <value>
- SET <relationship_concept_name> as <value> between <concept_1> and <concept_2>

2. REPLACE action: This can involve replacing a concept name with an alternative name.
This can only be done if the concept already exists in the prompt.
You can replace any kind of concept including explicit concepts, attributes, relationships as long as it is
already present in the prompt.
HIGH LEVEL STRUCTURES FOR VERBALIZATION:
- REPLACE <concept> with <alternative_value>
- REPLACE <explicit_attribute_concept_name> of <explicit_concept> from <current_value> to <alternative_value>
- REPLACE <relationship_concept_name> between <concept_1> and <concept_2> from <current_value> to
<alternative_value>

3. REMOVE action: This can involve removing a concept from the prompt.
This can only be done if the concept already exists in the prompt.
You can remove any kind of concept including explicit concepts, attributes, relationships as long as it is
already present in the prompt.
HIGH LEVEL STRUCTURES FOR VERBALIZATION:
- REMOVE <concept>
- REMOVE <explicit_attribute_concept_name> of <explicit_concept>
- REMOVE <relationship_concept_name> between <concept_1> and <concept_2>
***END_ACTION_RULES***

***BEGIN_GENERAL_RULES***
* Extract as many concepts that make sense as possible from the prompt with respect to the task and task
description
* Extract as many actions that make sense as possible for each concept with respect to the task and task
description
* MAKE SURE THE ACTIONS ARE DIVERSE.
* MAKE sure the actions are not too directly trying to accomplish the task. They should be exploratory in
nature.
* Provide an EXACT verbalization of what the action should do using the high level structures above. Mention
the exact concept name and value to update in the prompt.
* The value of any action MUST respect the concept definition and should be a single independent idea or
notion. It must not be a mixture of multiple concepts. If you would like to add a concept containing multiple
ideas, consider breaking it down into two separate concepts.
* Do not propose implicit attribute concepts for other implicit concepts. They MUST be associated with an
explicit concept in the prompt.

***END_GENERAL_RULES***

***BEGIN_CONCEPT_BAG_DEFINITION***
Your job is to use the given task and task description to prepare a ConceptBag that creates concepts and
actions that satisfy the given task.

The dataclass ConceptBag contains the following fields:
"concepts": a set of concepts as defined in the Concept class.
"prompt": the given prompt that you are extracting concepts and possible actions from.

The dataclass Concept contains the following fields:
"name": name of the concept.
"description": description of the concept.
"actions": a list of ADD, REMOVE or REPLACE actions that can be taken to modify the prompt with respect to
the concept.

The dataclass ConceptAction contains the following fields:
"action_type": the type of action, an ActionType enum. Can be either ActionType.ADD_ACTION,
ActionType.REMOVE_ACTION or ActionType.REPLACE_ACTION.
"verbalization": the verbalization of the action. This should follow the action rules above.
For example, given a prompt, "A rabbit eating a carrot", some action verbalizations can be "Set the color of
the rabbit as white", "Remove rabbit", "Set the mood to scary" etc.
Remember, the action can only be applied to ONE concept at a time.
"updated_prompt": the updated prompt after taking the action. Make sure to use the verbalization to update
the prompt.
Change only what is proposed in the verbalization. Do not change anything else in the prompt. Remember, the
prompt is only updated to reflect the changed concept, no other changes.
***END_CONCEPT_BAG_DEFINITION***

Extract as many concepts and actions as possible with respect to the task and task description.
Make sure to respond in the dataclass format provided. Do not respond with any other text.

Figure D.11: Preamble used in the Concept Extractor Prompt (Figure D.9).
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