
From Model Multiplicity to Prompt Multiplicity: Emerging Arbitrariness
Concerns in the Age of Generative AI

Prakhar Ganesh
McGill University

Mila - Quebec AI Institute
prakhar.ganesh@mila.quebec

Motivation
Model multiplicity is the existence of multiple models that
perform similarly well on a specific task, despite differ-
ent underlying decision boundaries (Black, Raghavan, and
Barocas 2022). If managed well, model multiplicity gives
us the freedom to select better models from a set of ‘good
models’ in ways that minimize harm (Black, Raghavan, and
Barocas 2022; Ganesh et al. 2023; Black et al. 2024). How-
ever, model multiplicity also marks the unavoidable pres-
ence of arbitrariness in model selection that can impact in-
dividuals, necessitating a broader discussion on the expec-
tations of AI decision makers in our society (Jain, Creel,
and Wilson; Creel and Hellman 2022; Gomez et al. 2024;
Kulynych et al. 2023).

The recent adoption of generative AI (GenAI) systems has
fundamentally reshaped how developers design and deploy
learning models (Yuan 2023). Traditionally, machine learn-
ing workflows centered around the training of task-specific
models. In contrast, we are now seeing an increasing re-
liance on powerful pre-trained models, such as large lan-
guage models (LLMs), with a growing focus on designing
effective prompt structures to elicit desirable behavior (Dhar
2024; Amatriain 2024). In this new paradigm, prompts—not
models—have become the focus of system design and con-
trol.

This has given rise to a new challenge: prompt multiplic-
ity. Here, a prompt refers to both the textual instructions
and other design choices when interacting with the GenAI
system. Different prompts can produce significantly differ-
ent outputs (Sclar et al. 2023; Voronov, Wolf, and Ryabinin
2024), and such differences persist even when the overall
task performance is stable (Ganesh, Shokri, and Farnadi
2025). The shift from model-centric to prompt-centric inter-
actions recontextualizes the problems of multiplicity. Thus,
adapting the discussions of model multiplicity and extending
them to novel concerns in GenAI, i.e., the study of prompt
multiplicity, is critical to ensuring transparency and account-
ability in the emerging GenAI landscape.

Scope Traditional concerns around model multiplicity
persist and are even exacerbated in the era of generative
models (e.g., fear of a generative monoculture (Wu, Black,
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and Chandrasekaran 2024)). However, this extended abstract
does not focus on the study of model multiplicity in GenAI
systems. Instead, it centers on a different but related is-
sue: prompt multiplicity. Specifically, it explores the chal-
lenges, implications, and opportunities that arise when di-
verse prompts are used with a single, fixed generative model.

Background
Model Multiplicity Multiplicity, as defined by Marx, Cal-
mon, and Ustun (2020), is the occurrence of conflicting pre-
dictions across competing models. While the phenomenon
of multiplicity in prediction problems is not new, recent
research under the umbrella of model multiplicity (Black,
Raghavan, and Barocas 2022) has broadened the discourse
to its real-world impact and potential in advancing respon-
sible AI practices. This includes work on leveraging multi-
plicity to select better models (Black, Raghavan, and Baro-
cas 2022; Ganesh 2024), studying the trends of multiplic-
ity with fairness and privacy (Kulynych et al. 2023; Long
et al. 2023), better quantification and efficient assessment
of associated risks (Watson-Daniels et al. 2023; Watson-
Daniels, Parkes, and Ustun 2023; Hsu et al. 2024; Hsu and
Calmon 2022; Ganesh 2024), and raising ethical and legal
concerns on the implications of multiplicity within existing
AI ecosystems (Black, Raghavan, and Barocas 2022; Creel
and Hellman 2022; Black et al. 2024).

Prompt Sensitivity Prompt sensitivity has been exten-
sively studied in the literature, revealing that even minor
changes to the input can impact model behaviour (Lu et al.
2022; Shi et al. 2023; Sclar et al. 2023; Voronov, Wolf, and
Ryabinin 2024). For instance, Lu et al. (2022) showed that
simply shuffling the demonstrations in the prompt can af-
fect accuracy, while Shi et al. (2023) showed that even irrel-
evant text in the prompt can change the output. Similarly,
studies on prompt templates reveal that even adjustments
like adding a space (Sclar et al. 2023; Voronov, Wolf, and
Ryabinin 2024) can disrupt evaluations.

Methodology
A fundamental question in the age of GenAI is: can we in-
terpret the decisions of large-scale generative models? De-
spite numerous attempts, our understanding of the internal
workings of these systems remains limited and fragmented.
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Interestingly, prompt multiplicity offers a promising entry
point into this challenge. By examining how a generative
model responds to different prompt structures, we can un-
cover patterns in its behavior. Thus, prompt multiplicity not
only raises important questions about stability, but also pro-
vides a lens to better understand these complex systems. We
focus on prompt multiplicity, both as a phenomenon that
raises critical issues for responsible deployment and as a
methodological tool for probing GenAI models.

From Prompt Sensitivity to Prompt Multiplicity As
discussed, prompt sensitivity of GenAI systems has been
widely recognized. However, prompt sensitivity literature
tends to focus solely on accuracy, i.e., it treats prompts as
levers for maximizing task performance (Sclar et al. 2023;
Voronov, Wolf, and Ryabinin 2024), analogous to finding
more accurate models in a model-centric perspective. These
studies often overlook subtler but critical dimensions of
model behavior, i.e., the stability of individual decisions.

Prompt multiplicity builds on this by shifting the focus
from aggregate performance metrics to the variability in in-
dividual queries under different prompt structures (Ganesh,
Shokri, and Farnadi 2025). Unlike prompt sensitivity, which
is mainly concerned with finding prompts that yield higher
accuracy, prompt multiplicity examines cases where prompt
structures with similar accuracy levels create significantly
different decision boundaries. This inconsistency challenges
the assumption that a stable accuracy score indicates robust
model behavior and reveals a deeper layer of unpredictabil-
ity that can have real-world consequences.

In our recent study on hallucination evaluation in
LLMs (Ganesh, Shokri, and Farnadi 2025), we found signif-
icant multiplicity (over 50% inconsistency in several bench-
marks), despite stable accuracy reported by prior work.
These findings underscore the risks of ignoring prompt mul-
tiplicity: it can mask the presence of hallucination-related
harms and blur the distinction between random inconsisten-
cies and consistently incorrect outputs. Extending this analy-
sis to other domains, especially those considered immune to
prompt sensitivity, could reveal hidden trends and enhance
our understanding of GenAI systems.

Larger Attack Surface under Multiplicity Given the
widespread use of GenAI models through APIs, restricting
access via traditional means like rate limits has become im-
practical. Thus, a key vulnerability emerges due to prompt
multiplicity—the ability of adversaries to test millions of
prompts to uncover model behaviors not apparent through
limited interaction. This enables actors to reverse-engineer
or jailbreak models, elicit restricted outputs, and extract
training data at an unprecedented scale (More, Ganesh, and
Farnadi 2024; Nasr et al. 2023). In effect, prompt multiplic-
ity vastly expands the attack surface, exposing brittleness
and a lack of robustness of current GenAI systems.

Our recent work showed that real-world adversaries can
exploit prompt multiplicity to effectively double the risk of
data extraction (More, Ganesh, and Farnadi 2024). Through
various case studies, including extracting pretraining data,
detecting copyright violations, and retrieving personally
identifiable information, we showed how even a naive ad-

versarial strategy of exploiting prompt multiplicity can out-
perform existing extraction techniques. These findings un-
derscore the need for more advanced defenses and a broader
conversation around the implications of prompt multiplicity
on the security of GenAI systems.

Auditing under Multiplicity In traditional model-centric
settings, models often reflect design choices that may be in-
fluenced by arbitrary factors such as training data, architec-
ture, or hyperparameters. However, in prompt-centric set-
tings, users directly interact with the system via language
prompts, and thus, the role of the end user becomes central.

Commercial platforms often design systems for a ‘typ-
ical user’ and avoid accountability for behaviors resulting
from adversarial use (Aerni et al. 2025). While it is impor-
tant to critique this limited responsibility, there are contexts
in which the notion of a typical user is defensible. For in-
stance, if an adversarial prompt is highly unlikely, the gen-
erated bias or toxicity resulting from it may not be a realistic
risk. Thus, a nuanced approach is needed: one that acknowl-
edges that some threat scenarios are outside the practical
bounds of user behavior.

To address this, our framework AUGMENT (Automated
User-Grounded Modeling and Evaluation of Natural lan-
guage Transformations) (Chataigner et al. 2025) offers a sys-
tematic way to assess prompt multiplicity grounded in real
user behavior. Rather than randomly generating prompt vari-
ations, AUGMENT produces controlled and demographi-
cally relevant paraphrases that retain semantic meaning and
follow linguistic and stylistic norms. This approach simu-
lates how actual users are likely to vary their prompts, lead-
ing to more accurate and representative audits. Our results
highlight the need for more representative and structured ap-
proaches to prompt multiplicity in LLM auditing.

Quantifying Multiplicity in Language To adequately ad-
dress the concerns of prompt multiplicity in GenAI, a ro-
bust framework for quantifying multiplicity is needed. Most
existing discussions focus on structured MCQA formats,
with limited scope. However, real-world interactions occur
through natural language or other unstructured modalities,
where responses can vary widely, making it far more chal-
lenging to define and detect multiplicity.

In unstructured settings, measuring consistency across di-
verse generations becomes particularly complex. While sev-
eral metrics, such as semantic similarity for text (Farquhar
et al. 2024) or image similarity (Song, Liu, and Shou 2024),
have been proposed, these approaches depend heavily on
third-party evaluators like LLM judges. These evaluators
can introduce their own biases and inconsistencies, under-
mining their reliability (Li et al. 2024). A key step in ad-
vancing prompt multiplicity research is extending beyond
structured outputs to encompass the open-ended nature of
GenAI usage.
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