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Abstract. As generative Al systems rapidly improve, a key question emerges: how do
users adapt to these changes, and when does such adaptation matter for realizing perfor-
mance gains? This paper studies prompt adaptation—how users adjust their inputs in
response to evolving model behavior—using a common experimental design applied to
two preregistered tasks with 3,750 total participants who submitted nearly 37,000 prompts.
We show that the importance of prompt adaptation depends critically on task structure. In
a task with fixed evaluation criteria and an unambiguous goal, user prompt adaptation
accounts for roughly half of the performance gains from a model upgrade. In contrast,
in an open-ended creative task where the space of acceptable outputs is effectively
unbounded and quality is subjective, performance improvements are driven primarily by
model capability; prompt adaptation plays a limited role. We further show that automated
prompt rewriting cannot generally substitute for human adaptation: when aligned with
task objectives, it can modestly improve performance, but when misaligned, it can actively
undermine the gains from model improvements. Together, these findings position prompt
adaptation as a dynamic complement whose importance depends on task structure and
system design, and suggest that without it, a substantial share of the economic value cre-
ated by advances in generative models may go unrealized.
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1. Introduction

2023, Yu 2024, Brynjolfsson et al. 2025, Dell’Acqua et al.

Generative Al is being integrated into work practices
across the economy (Zhang and Kamel Boulos 2023,
Bright et al. 2025), yielding notable productivity gains
in tasks as diverse as software development, writing,
and scientific research (Noy and Zhang 2023, Peng et al.

2026). Recent research points to even greater potential
ahead, demonstrating advances in automating core sci-
entific processes (Manning et al. 2024), including tasks
as complex as chemical research and proving mathe-
matical theorems (Boiko et al. 2023, Romera-Paredes
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et al. 2024). The adoption of generative Al is also occur-
ring at an unprecedented pace, with recent research
showing that approximately 28% of U.S. workers are
already using generative Al in their jobs—a rate that
significantly outpaces early adoption of personal com-
puters and the internet at comparable points in their
diffusion (Bright et al. 2025, Bick et al. 2026).

As with many other general-purpose technologies, the
effectiveness of generative Al depends not only on the
technology itself but on users” ability to craft inputs that
produce high-quality results. To interact with generative
Al systems, users provide written instructions—or
prompts—that guide the model’s behavior. These prompts
can range from simple commands (e.g., “write a short
story about a robot”) to highly detailed specifications tai-
lored to particular outputs (e.g., a series of paragraphs
instructing an Al system to implement a complete piece
of software). In this way, prompting serves as a comple-
mentary skill—one that, like spreadsheet modeling in the
early PC era, can determine the productivity impact of a
given tool (Brynjolfsson and Hitt 2000).

Prompting has quickly become an area of active
research and practice. Scholars have developed taxo-
nomies of prompt engineering techniques (Oppenlaen-
der 2023), documented recurring patterns in prompt
construction (Schulhoff et al. 2024), and examined how
developers embed prompts into software systems
(Liang et al. 2025). Other studies have explored prompt-
ing strategies for specific applications, including image
generation (Don-Yehiya et al. 2023, Xie et al. 2023) and
clinical documentation (Yao et al. 2024). In parallel,
practitioners have built prompt libraries, shared tutor-
ials, and developed tools to support prompt design.
These developments signal a growing consensus that
prompting plays a meaningful role in extracting value
from generative Al systems.

Yet, despite this consensus, prompting remains
understudied as a dynamic practice. Many prompt
libraries and tutorials present effective prompts as reus-
able artifacts. But prompts that work well with one
model version may underperform or break entirely
with the next (Liang et al. 2025, Meincke et al. 2025).
Whereas recent research increasingly views prompting
as an adaptive process, empirical evidence remains lim-
ited on how these strategies evolve—both as users
refine prompts for a single model and as they adjust to
model updates—and on how these changes ultimately
affect performance. This raises a broader question for
individuals and organizations investing in prompting
capabilities: are prompt strategies transferable across
model versions, or must they be continually revised to
match changing model behavior?

To begin exploring this question, we identify prompt
adaptation’ as a measurable behavioral mechanism
through which user-side inputs evolve alongside tech-
nical advances. We conceptualize prompt adaptation

as a dynamic complement—that is, a user capability
that adapts in response to changes in a technological
system and is critical to realizing the full economic
value of system improvements. In contrast to static
complements (e.g., fixed training, prompt templates),
dynamic complements emerge through situated use
with rapid feedback, respond to model-level change,
and may be enabled or suppressed by system design.

Generative Al systems support a wide variety of task
structures. Some tasks are steering oriented, where
users aim to reach a clearly defined goal and success
can be measured against an objective benchmark (e.g.,
write code to solve a specific problem). Others are crea-
tive, where goals are open-ended, evaluation is subjec-
tive, and improvement depends more on exploration
and curation than on precision (e.g., make a beautiful
picture). Recent work helps to establish these regimes:
Vafa et al. (2025) investigate the steerability of models,
that is, how effectively users can reach a specified tar-
get, whereas Orwig et al. (2024) and Zhou and Lee
(2024) describe generative Al-assisted creation as a
cocreative process of idea generation, filtering, and aes-
thetic evaluation. In organizational settings, steering
tasks (or bounded tasks, herein) dominate operational
workflows such as classification, brand-compliant con-
tent generation, or reproducing structured materials
where quality can be defined ex ante. Creative tasks (or
unbounded tasks, herein), by contrast, underpin innova-
tion activities such as logo or campaign design, product
ideation, and concept development, where success
depends on novelty, appeal, and fit to evolving goals.
Understanding how prompting and prompt adapta-
tion operate across these two regimes is essential for
organizations deploying generative Al at scale.

To assess the role of prompt adaptation in shaping
outcomes across different types of tasks—and to sepa-
rate its contribution from the direct effects of model
improvement—we conducted two preregistered online
experiments with an aggregate sample of 3,750 partici-
pants. The first, a bounded task, asks participants to
iteratively prompt one of three randomly assigned text-
to-image models—DALL-E 2, DALL-E 3, or DALL-E 3
with automated large language model (LLM)-based
prompt rewriting—to reproduce a reference image as
accurately as possible. It is explicitly designed to cap-
ture steering or target-matching behavior. Each partici-
pant submitted at least 10 prompts and was eligible for
a substantial performance-based bonus, incentivizing
careful refinement. The second, an unbounded task,
captures creative or open-ended behavior: participants
design a logo for a hypothetical organization based on a
short textual vignette without a specified target image
or objective benchmark. Apart from this difference in
goal structure, the two tasks, conducted on the same
custom interface, were identical to participants. By com-
paring outcomes across treatment arms, conducting
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post hoc analyses that reevaluate prompts on alterna-
tive models, and contrasting results across the two
experiments, we estimate how users adapted their
prompts in response to model improvements and how
those adaptations contributed to overall performance
across both bounded and unbounded settings.

Across both tasks, we find that participants assigned
to DALL-E 3 produced significantly better outputs
than those assigned to DALL-E 2 but that the sources
of these gains depend on task structure. In the bounded
image replication task, about half of the gains came
from participants adapting their prompts to exploit
the new model’s capabilities—replaying DALL-E 2
prompts on DALL-E 3 yields only about half the total
improvement. By contrast, in the open-ended logo gen-
eration task, performance gains were driven primarily
by improvements in model capability, with prompt
adaptation accounting for a much smaller share of the
overall effect (roughly 7%, compared with over 90%
attributable to the model). Importantly, the prompt
adaptation we observe does not appear to be limited
to advanced “prompt engineers”: benefits from
prompt refinement after interacting with more capable
models are observable across the outcome distribution.
Finally, to assess whether automation can substitute for
user-side prompt adaptation, we examine automated
prompt revision via GPT-4-based rewriting. We find
that such automation can either erode or modestly
enhance performance depending on alignment with the
end user’s goals: automated rewriting substantially
reduced gains in the replication task but slightly
improved performance in the creative setting. Together,
these findings position prompt adaptation as a dynamic
complement whose importance depends on task struc-
ture and system design, shaping how advances in gen-
erative Al translate into realized value.

In terms of related literature and additional theory,
our research builds on work in information systems,
emphasizing the importance of dynamic, user-driven
complements to digital technologies. Research on
IT-enabled dynamic capabilities has shown that the
value of new systems depends not only on technical
infrastructure but on organizations” ability to reconfi-
gure routines and user behaviors in response to ongoing
change (Teece et al. 1997, Bharadwaj 2000, Joshi et al.
2010). Related work on post-adoptive IT use has demon-
strated that users often engage only superficially with
new systems and that meaningful performance gains
tend to emerge only when users experiment with and
refine their interaction strategies over time (Jasperson
et al. 2005). Recent research on human-AlI collaboration
further underscores that interface design and task struc-
ture shape the degree to which users can learn from and
adapt to model behavior (Fligener et al. 2022). And the
concept of coevolution has been introduced to describe
how humans and generative Al systems jointly adapt

over time, forming interdependent capabilities that nei-
ther could realize alone (B6hm and Schedlberger 2023).

We also engage with work on general-purpose
technologies, which has long emphasized that the pro-
ductivity gains from technical advances depend on
the development of new human and organizational
complements (David 1990, Brynjolfsson 1993, Bryn-
jolfsson and Hitt 2000, Brynjolfsson et al. 2021). We
conceptualize prompt adaptation as a dynamic comple-
ment that coevolves with model capability, emerges
through use rather than formal training, and whose
importance depends on task structure and system
design. In this way, prompt adaptation shapes how—
and under what conditions—technical improvements
translate into downstream economic value.

This paper makes three core contributions. First, we
conceptualize prompt adaptation as a dynamic comple-
ment to improvements in generative Al models, one
through which wusers actively shape how technical
advances translate into realized performance. Leveraging
a replay-based analysis enabled by our experimental
design, we provide direct empirical evidence for this dis-
tinction by separating performance gains attributable to
model capability from those arising through user-side
adaptation and show that prompt adaptation can account
for a substantial share of realized performance improve-
ments. Second, we identify task structure as a key bound-
ary condition for the importance of prompt adaptation: it
is a first-order driver of gains in bounded, steerable tasks
with fixed objectives, but plays a much more limited role
in open-ended creative tasks where quality is unbounded
in nature. Finally, we show that automation intended to
simplify prompting is not a neutral substitute for user
adaptation. We find that automated prompt rewriting can
either undermine or complement performance, depend-
ing on its alignment with user goals. Together, these con-
tributions clarify when and how user adaptation amplifies
model improvements, positioning prompt adaptation as
a dynamic complement whose economic importance
depends on task structure and system design.

The remainder of the paper is organized as follows.
We begin by presenting a simple conceptual frame-
work that characterizes how output quality evolves
with improvements in model capacity and with users’
corresponding adjustments in prompting effort. We
then describe our experimental design and the two
task settings we study—a bounded, steerable image
replication task and an open-ended logo generation
task—along with the data and techniques used in our
analyses. Next, we present our empirical findings,
including a decomposition of the overall effect into
components attributable to model improvements ver-
sus prompt adaptation, distributional effects across
outcome quantiles, and the impact of automated
prompt revision. We conclude by synthesizing these
results and discussing their implications for organiza-
tions adopting generative Al.
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2. Conceptual Framework

We first develop a stylized analytical framework to
understand how overall output quality depends jointly
on model capacity and on users’ prompting behavior.
Our goal is not to propose a fully normative model of
user-Al interaction, but rather to distinguish improve-
ments directly attributable to the model itself from
those arising through user-side prompt adaptation.
This distinction motivates our experimental design and
yields testable predictions about how performance
gains and the distributional impacts of those gains
change as models improve.

Although our empirical analysis focuses on two
tasks—image replication and logo generation—the
same conceptual structure applies broadly to settings in
which users interact with generative models, including
text generation, code assistance, and scientific research.
In all such environments, output quality reflects a com-
bination of model capability, user skill, and prompting
effort, and total performance improvements can be
decomposed into direct (model-driven) and behavioral
(prompting-driven) components. The two tasks we
study correspond to different regimes of this frame-
work: image replication is a bounded task with a clear
ceiling (perfectly replicating the image pixel for pixel),
whereas logo generation is a more open-ended creative
task without an optimal outcome. We develop the core
logic for the bounded case in the main text and provide
complete derivations for both bounded and unbounded
formulations in Online Appendix A. Nearly all of the
main results carry over to the unbounded case, with
minor differences arising from curvature differences
across specifications.”

2.1. Notation and Problem Setting

Let 0 € (0,1] denote the model’s capacity to translate
prompts into high-fidelity outputs, s € (0,1] denote a
user’s baseline skill in prompt engineering, and x >0
denote the effort the user expends on writing and
refining prompts. Each unit of effort incurs a linear
cost c(x) = kx for some k > 0, reflecting the total cogni-
tive and temporal costs of refining one’s prompts. We
assume k is small (k ~ 0), consistent with the low mar-
ginal cost of iterative prompting and using generative
Al models more generally (Shahidi et al. 2025).

We begin with a bounded quality function,

Qb,s,x)=1- e 0x

which is increasing in model capacity, user skill, and
prompting effort, but exhibits diminishing marginal
returns and has a natural upper bound on perfor-
mance. We define the user’s utility as

ueo,s,x) = Q(0,s,x) — kx.

The user chooses effort to maximize utility. We assume
0s > k—cost is not prohibitive to effort—which implies

there is a unique interior optimum x*(9, s):

. 1 Os
X (6,5) - % ln (7) > 0, (]_)
with an optimal quality
Q =Q(6,5x(0,s)) =1- koo )

Os

It follows immediately from Equation (2) that optimal
quality is increasing with both model capacity

00" k

00 = % > 3)
and user skill

20" k

2.2. Decomposition into Model and
Prompting Effects

We now consider an upgrade from a model with
capacity 0; to one with a higher capacity 0,. As model
capacity 0 increases, Equation (1) implies that optimal
effort x*(6,s) may change. Thus, an improved model
affects performance through two channels: it directly
increases output quality for a fixed prompt, and it indi-
rectly changes users’ optimal effort through prompt
refining. We refer to these as the model effect and the
prompting effect, respectively.

Formally, let x*(61,5) and x*(6,,s) denote the user’s
optimal prompting effort before and after the upgrade.
The total improvement in output quality is

AQ = Q(GZ/ S X*(QZ/S)) - Q(Qllslx*(ells))'
This total gain can be decomposed as
AQ = (Q(GZI S, x*(el/ S)) B Q(Glr S, X*(er S)))
Model effect

+(Q(02,5,x°(02,5)) — Q(02,5,x'(01,9))) .~ (5)

Prompting effect

The first term isolates the gain from upgrading the
model while holding the user’s prompt strategy fixed at
its preupgrade optimum. The second term captures the
additional improvement arising from user-side prompt
adaptation. Put differently, even if model capacity im-
proves, a person may forgo performance gains if his or
her prompts are not updated accordingly.

2.3. Distributional Impacts of Model
Improvements

A related question is how a transition from a model

with capacity 6; to one with higher capacity 0, affects

the distribution of realized output quality. In other

words, does access to a more capable model level the

playing field or widen performance gaps between



Downloaded from informs.org by [128.59.177.141] on 04 May 2026, at 09:21 . For personal use only, all rights reserved.

Jahani et al.: Prompting as a Dynamic Complement

Information Systems Research, Articles in Advance, pp. 1-17, © 2026 The Author(s)

users? Under the bounded formulation of the frame-
work analyzed here, Q(0,s,x)=1—¢ %%, improve-
ments in model capacity imply a specific pattern in
how performance gains are distributed across users.

Proposition 1 (Equalizing Effect of Model Improvements).
Under the bounded formulation, improvements in model
capacity compress the distribution of output quality across
users.

This aggregate result can be understood by examin-
ing the separate distributional implications of the
model effect and the prompting effect.

Proposition 2 (Model Effect: Equalizing Channel). Hold-
ing prompting effort fixed, an increase in model capacity
compresses the outcome distribution: The spread of out-
comes narrows as performance at the lower end of the distri-
bution rises proportionally more.

Proposition 3 (Prompting Effect: Expanding Channel).
Allowing users to reoptimize their prompting effort expands
the outcome distribution: Performance differences across
users widen as the upper portion of the distribution shifts
further upward.

The formal proofs and derivations for all three pro-
positions are provided in Online Appendix A.

Taken together, these results imply that model
improvements generate two opposing distributional
forces. The direct mechanical improvement in capacity—
the model effect—is equalizing, whereas the behavioral
response—the prompting effect—is expanding. In aggre-
gate, the equalizing channel dominates, producing the
overall compression established in Proposition 1.7 Intui-
tively, as model capacity increases, performance near the
top of the distribution is already close to the performance
ceiling and experiences smaller marginal gains, whereas
adaptive prompting raises the performance of the upper
tail more sharply.

3. Experiment Design and Methods

To empirically examine whether users do, in fact, adapt
their prompts in response to model improvements—
and how much this adaptation contributes to overall
performance—we conducted two preregistered online
experiments. The first experiment (hereinafter the
image replication experiment) was conducted on a sample
of 2,059 participants on Prolific between December 12
and December 19, 2023. In this experiment, participants
were asked to replicate a target image as closely as pos-
sible using a generative AI model. The second experi-
ment (hereinafter the logo generation experiment) was
conducted on a sample of 2,067 participants on Prolific
between June 30 and July 1, 2025. In this experiment,
participants were asked to create a logo for a hypotheti-
cal organization described in a short textual vignette
(e.g., a sign for a business or a crest for a university).

In both experiments, the goal was to assess how both
model capability and prompting behavior influence
final outcomes.*

Together, these two experiments are designed to
span distinct but empirically important regimes of
generative Al use. The image replication experiment
captures a bounded, steerable task in which success
can be evaluated against a fixed target and output qual-
ity has a natural upper bound. This structure enables
precise measurement of performance against an objec-
tive benchmark. By contrast, the logo generation experi-
ment captures an open-ended, creative task in which
goals are underspecified, quality is inherently com-
parative rather than absolute, and there is no clear
performance ceiling. Despite these differences in task
structure, both experiments share a common experi-
mental architecture that allows us to decompose the
performance gains into model-driven (model effect)
and user-driven (prompting effect) components.
Studying both settings allows us to assess whether
prompt adaptation operates similarly when users are
steering models toward an objective target versus
when they are iterating within a creative design space
and to examine how the relative contributions of
model capability and user adaptation vary across
these regimes.

3.1. Experimental Setting

In both experiments, each participant was randomly and
blindly assigned to one of three model conditions:
DALL-E 2, DALL-E 3 (hereafter “DALL-E 3 (Verbatim)”
or simply “DALL-E 3”), or DALL-E 3 with automatic
prompt revision (“DALL-E 3 (Revised)”). These models
differ not only in technical capability but also in whether
they apply hidden LLM-based modifications to user
prompts. In the DALL-E 2 condition, participants inter-
acted with an earlier-generation model, DALL-E 2, that
interprets prompts directly without intermediate rewrit-
ing. In contrast, the DALL-E 3 API, by default, forwards
user prompts to GPT-4 before image generation. This
intermediate GPT-4 step rewrites the prompt (typically
by adding detail or restructuring language) before pass-
ing it to the image model. This behavior is intended to
improve image quality but is not observed by or known
to the prompter. In the DALL-E 3 (Revised) condition,
we allowed this default behavior to proceed unaltered.
This condition allows us to test whether system-side
prompt rewriting serves as a substitute for user-side
prompt adaptation or instead changes users” ability to
steer the model. In the DALL-E 3 (Verbatim) condition,
we attempted to suppress GPT-4-based prompt rewrit-
ing by prepending a hidden system message instructing
the model to leave the user’s prompt unchanged.
Although some rewriting still occurred, the rate and
extent of modifications were substantially reduced. In all
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conditions, participants were unaware that their prompt
might be rewritten or modified before image generation.

Importantly, all generative models in the experiment
were memoryless: each prompt was processed indepen-
dently, with no carryover from prior attempts. Partici-
pants were explicitly informed of this property before
beginning the task to ensure they understood that previ-
ous prompts would not influence subsequent generations.
Although this setup departs from typical real-world inter-
faces that maintain conversational context, it enables us to
isolate prompt-level adaptation and to measure users’ iter-
ative learning without confounding from model memory
or accumulated dialogue.

We designed a custom experimental interface resem-
bling ChatGPT, which was used for both tasks. The
participant’s “objective” (either the target image or the
logo brief, depending on the task) was displayed on
the right side of the screen, and a scrollable history of
prompts and generated images was displayed on the
left. For both experiments, participants had up to 25
minutes to submit at least 10 prompts. They were paid
$4 for completing the task, plus an $8 bonus (a 200%
increase) if their highest-scoring image (according to
the relevant outcome metric below) was in the top 20%
of participants. After they had finished submitting
prompts, participants completed a demographic sur-
vey covering age, gender, education, occupational
skills, and self-assessed proficiency in creative writing,
programming, and generative Al. The median comple-
tion time in the image replication experiment (includ-
ing the demographic survey) was 23.5 minutes, with
an average hourly wage (including bonuses) of about
$13. The median completion time in the logo generation
experiment (including the demographic survey) was
26.1 minutes, with an average hourly wage (including
bonuses) of about $11.50. We removed from our analyses
any participants who did not submit at least 10 prompts,
repeated the same prompt five or more times consecu-
tively, or failed to complete the post task survey.” This
resulted in a final sample of 1,893 participants and 18,560
prompts in the image replication experiment and a final
sample of 1,857 participants and 18,425 prompts in the
logo generation experimen’t.6

3.2. Image Replication Experiment

In the image replication experiment, participants were
asked to replicate a “target image” as closely as possible
using the generative model provided to them. Each partic-
ipant was randomly assigned one of 15 target images in
addition to the participant’s model assignment. These
images were drawn from three broad categories—
business and marketing, graphic design, and architectural
photography—to represent common use cases for text-to-
image generation.” All images were sourced from plat-
forms that permit free research use (e.g., Unsplash, Reshot,
Shopify, Pixabay, Gratisography).

3.2.1. Outcome Definition: Expected CLIP Embedding
Cosine Similarity. The primary outcome in the image
replication experiment is the similarity between each
participant-generated image and the assigned target
image, measured using the cosine similarity of con-
trastive language—image pretraining (CLIP) embed-
dings (Radford et al. 2021). CLIP is a neural network
trained to jointly embed images and text into a shared
latent space such that semantically or visually similar
items lie close together. By embedding both the target
image and each generated image into this space and
computing the cosine similarity between them, we
obtain a quantitative measure of how closely the gen-
erated image matches the target along both visual and
conceptual dimensions.

Because the output of each generative model is sto-
chastic, the same prompt can yield different images
across attempts. To account for this variability, we gen-
erated 10 images for each prompt and computed their
cosine similarity to the target image individually. We
then averaged these 10 similarity scores to produce an
expected quality score for each prompt—the primary
outcome variable used in our analysis. As a robustness
check, we replicated all analyses using DreamSim, a
recently developed alternative to cosine similarity on
CLIP embeddings that is based on perceptual similarity
and aligns more closely with human judgments (Fu
et al. 2023).° The two measures were highly correlated,
and our findings were consistent across both.

3.3. Logo Generation Experiment

In the second experiment, each participant was asked to
generate an original logo based on a short set of instruc-
tions, or “briefs.” Each participant was randomly as-
signed one of 15 briefs in addition to the participant’s
model assignment. One example is as follows:

The owners of Green Pine Brewery are seeking a logo for
their family-owned craft brewery located in Vermont.

e Required visual elements: pine tree, hops, barley
o Context for use: beer labels, merchandise, digital
marketing

Please create the best possible design based on the cli-
ent’s description and the listed requirements.

All briefs followed this exact format: the name of
the organization, a single sentence of background
information, two to three required visual elements,
and the anticipated context of use.

The briefs span a range of topics, from a community
park sign to a soccer team crest to a university letter-
head. We provide the full list of briefs in Online
Appendix B. They were written with three goals in
mind: (i) to capture a wide variety of realistic use
cases, (ii) to include a small number of concrete
required elements that provide shared reference
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points for evaluators in an otherwise subjective task,
and (iii) to allow for open-ended creative possibilities.
This third feature contrasts with the image replication
experiment, where the best possible performance is
well defined (perfectly replicate the target image).

3.3.1. Outcome Definition: Bradley—Terry Strength.
Because each logo generation task was open-ended
and lacked an objective reference image, we could not
assess output quality using embedding-based similar-
ity metrics (e.g., cosine similarity of CLIP representa-
tions). Instead, we employed the Bradley-Terry (BT)
model (Bradley and Terry 1952), a standard approach
for inferring latent quality scores when only relative
judgments are available (Zermelo 1929, Ford 1957). At
a high level, the BT model is a probabilistic model that
estimates a strength parameter (which we refer to
hereafter as “BT B”) for each item based on the out-
comes of many pairwise comparisons.

To operationalize this, within each logo generation
task, we enumerated all possible pairwise matchups
among the participant-generated images and their
replayed counterparts. We then randomly sampled
20% of these comparisons and obtained outcomes, indi-
cating which image better satisfied the design brief,
using GPT-4.1 nano as an LLM judge. The resulting
win-loss matrix was converted into continuous BT s
by fitting a maximum-likelihood model following a
standard iterative procedure (Ford 1957, Hunter 2004).
Random subsampling of the data and automated LLM-
based evaluation were necessary, given the scale of our
data set: even after subsampling, we conducted nearly
21 million pairwise comparisons across the 15 logo
tasks. A detailed description of the procedure we used
to generate BT s is found in Online Appendix D.’

Because quality in the logo generation experiment
was defined via pairwise comparisons rather than
similarity to a fixed reference, we did not resample
multiple generations per prompt prior to estimating
BT fBs. In our first experiment, generating multiple
images per prompt increased image generation vol-
ume (and thus direct study costs) by an order of
magnitude while delivering smaller-than-anticipated
gains in statistical power. Moreover, because BT fs
are estimated from pairwise comparisons, increasing
the number of images by an order of magnitude
would have required roughly two orders of magni-
tude more comparisons, further increasing evaluation
costs. Given these considerations and consistent with
our preregistration, we analyzed the logo generation
experiment without prompt-level resampling.

3.4. Replay Analysis for Separating Model and
Prompting Effects

A central goal of our experiment is to distinguish how

much of the performance improvement in image

replication stems from using a more capable model
versus how much comes from users adapting their
prompts. Recall that our conceptual framework shows
that the total improvement in output quality from
upgrading a generative Al model with capacity 0; to
a model with higher capacity 0, can be decomposed
into two parts: the model effect, that is, the gain from
applying the same prompts to a better model,

M =Q(602,5,x(01,5)) — Q(01,5,x(61,5)),

and the prompting effect, that is, the additional improve-
ment from adapting prompts to take advantage of the
more capable model,

pP= Q(GZI SIX*(QZr S)) - Q(GZI S, X*(Gl,S)).

To estimate the model and prompting components,
we conducted a replay-based analysis using prompts
from participants in the DALL-E 2 and DALL-E 3 (Ver-
batim) conditions. In both experiments, we reevalu-
ated prompts under the alternative model—replaying
DALL-E 2 prompts on DALL-E 3 and DALL-E 3
prompts on DALL-E 2—thereby holding prompt
content fixed while varying model capacity. These
cross-model evaluations provide empirical analogues
of Q(02,5,x(01,5)) and Q(01,s,x"(02,5)), respectively
and, together with the original prompt-model pair-
ings, allow us to implement the decomposition into
model and prompting effects shown in Equation (5).

In the image replication experiment, replay was
conducted several weeks after the initial data collec-
tion. To guard against model drift (Chen et al. 2024),
we also regenerated outputs for the original prompt-
model combinations and used those for our analyses.
In the logo generation experiment, replay occurred
shortly after data collection, so this additional step
was unnecessary.

4. Results

In this section, we present our empirical findings on
how increases in model capacity affect user performance
across the two tasks. For each task, we first examine
whether access to a more capable model improves aver-
age output quality, how users adapt their prompts in
response, and how much of the overall performance
gain can be attributed to model improvements versus
prompt adaptation using the replay analyses. Next, we
study how these gains reshape the distribution of out-
comes across users and interpret these distributional
impacts through the lens of our conceptual framework.
Finally, we assess the impact of automated prompt
rewriting using the DALL-E 3 (Revised) condition.

4.1. Image Replication Task

We begin with the image replication task. As dis-
cussed above, this task represents a bounded, steer-
able application of generative Al, in which users aim



Downloaded from informs.org by [128.59.177.141] on 04 May 2026, at 09:21 . For personal use only, all rights reserved.

Jahani et al.: Prompting as a Dynamic Complement

Information Systems Research, Articles in Advance, pp. 1-17, © 2026 The Author(s)

to match an objective target, and output quality has a
natural upper bound.

4.1.1. Overall Impact of Model Upgrades. We first
examine whether participants using DALL-E 3 achieve
higher performance than those using DALL-E 2, as
implied by Equation (3). Figure 1 summarizes these
findings. The top row of Figure 1(a) presents three of
the target images provided to participants. Below each
target, three generated images are shown, drawn from
the full sample of participants across both model con-
ditions. The middle row for each target shows the
image whose cosine similarity to the target is closest to
the mean similarity across all participants. The rows
above (below) show images that are approximately
one average treatment effect (ATE) more (less) similar
to the target than the mean. This visualization pro-
vides qualitative intuition for the magnitude of the
effect we estimate: the typical difference in fidelity
between participants using DALL-E 2 and those using
DALL-E 3 (Verbatim). Figure 1(b) shows that, across
the 10 required prompt attempts, participants assigned
to DALL-E 3 (Verbatim) produce images that are, on
average, 0.0164 higher in cosine similarity to the target
(95% confidence interval (CI): (0.0104, 0.0224), p < 107°).
This improvement corresponds to roughly 0.19 stan-
dard deviations in performance. The gap persists across
all attempts; participants using DALL-E 3 start off

producing closer matches and maintain that edge
through their 10th prompt.

Participants’ dynamic prompting behavior also dif-
fers substantially between the two models. As shown
in Figure 1(c), those assigned to DALL-E 3 write
prompts that are, on average, 24% longer than those
assigned to DALL-E 2, and this gap widens over suc-
cessive attempts. Moreover, we observe that DALL-E
3 participants are more likely to reuse or refine their
previous prompts (indicated by the shading intensity;
see Online Appendix C for details), which suggests a
more exploitative approach once they discover the
model’s capacity to handle detailed or complex
instructions. Analyses of parts of speech confirm
that these extra words likely provide additional
descriptive information rather than mere filler: the
proportion of nouns and adjectives—the two most
descriptively informative parts of speech—is nearly
identical across model conditions (48% for DALL-E 3
versus 49% for DALL-E 2; p = 0.215), suggesting that
the increase in prompt length reflects the addition of
semantically rich content rather than unnecessary
verbosity. Together, these patterns illustrate prompt
adaptation in practice: users progressively supply
more information-dense prompts as they naturally
learn the model’s affordances, despite no explicit
instructions to do so.

Figure 1. (Color online) Overall Performance and Prompting Behavior for the Image Replication Task
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Notes. (a) For three example target images, the middle row shows participant-generated images closest to the mean similarity across all prompts.
The rows above and below show images of approximately one average treatment effect (ATE) more or less similar to the target, illustrating the
typical performance difference between model conditions. (b) Top: Average CLIP cosine similarity to the target image by attempt, separately for
DALL-E 2 and DALL-E 3 participants. Bottom: The difference between these averages, with the solid horizontal line indicating the overall ATE
and the shaded region showing the 95% confidence interval. (c) Average prompt length by attempt (y-axis), with error bars representing 95%
confidence intervals. Shading intensity indicates the average textual embedding similarity between each prompt and the participant’s previous

prompt, capturing the extent of prompt reuse and refinement over time.
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4.1.2. Replay Analysis and Decomposition of Effects.
The differences we observe in prompting behavior
suggest that users are actively adapting to the capabil-
ities of the model to which they are assigned. But how
much of the overall performance improvement for
DALL-E 3 users is due to the model’s enhanced tech-
nical capacity, and how much is due to users rewrit-
ing their prompts in response to that capacity? To
answer this question, we turn to the replay analysis
described in Section 3.4, which allows us to isolate
these two effects empirically.

Figure 2(a) presents the results. To estimate the
model effect, we hold prompts fixed and compare how
the same DALL-E 2 prompts perform when evaluated
on DALL-E 2 versus when replayed on DALL-E 3 (Ver-
batim). Because these prompts were written without
knowledge of DALL-E 3’s capabilities, any improve-
ment reflects the gain from using a more capable model
while holding the prompt fixed. We find that perfor-
mance improves by 0.0084 in cosine similarity when
these prompts are evaluated on DALL-E 3 (p <1075
bootstrapped standard errors clustered at the partici-
pant level), which accounts for approximately 51% of
the total difference in performance between the DALL-
E 2 and DALL-E 3 arms.

To estimate the prompting effect, we then compare
the performance of these same DALL-E 2 prompts to
the performance of prompts originally written by
DALL-E 3 participants, both evaluated on DALL-E 3.
Because both sets of prompts are evaluated on the
same model, any difference reflects the effect of users
adapting their prompts to the model’s capabilities.
We find that this prompting effect accounts for the

remaining ~ 48% of the total improvement," corre-
sponding to an increase of 0.0079 in cosine similarity
(p = 0.024). Importantly, when we apply prompts writ-
ten by DALL-E 3 users to DALL-E 2, we observe no
performance benefit relative to the original DALL-E 2
prompts (A =0.0020; p = 0.56). This asymmetry rein-
forces the idea that the gains from prompt adaptation
depend on the model’s capacity to act on richer or
more detailed prompt information.

Figure 2(b) illustrates these effects using a single
target image. The two rows show different prompts
submitted for that target, along with the images gen-
erated when evaluated by each model. In the top row,
a prompt originally written by a DALL-E 2 participant
yields a higher-fidelity image when replayed on DALL-
E 3, demonstrating the improvement in output quality
that comes from upgrading the model while holding
the prompt fixed. In the bottom row, a prompt written
by a DALL-E 3 participant produces a noticeably lower-
quality image when rendered by DALL-E 2, underscor-
ing the limits of prompt adaptation when the model
lacks sufficient capacity to execute the instructions
effectively.

Taken together, these findings offer empirical sup-
port for our theoretical claim: prompt adaptation
operates as a dynamic complement that users deploy
in response to improved model capabilities—and
accounts for a substantial share of realized perfor-
mance gains.

4.1.3. Distributional Effects. Next, we examine how
model improvements and prompt adaptation reshape
the distribution of performance outcomes in the image

Figure 2. (Color online) Replay Analysis and Effect Decomposition for the Image Replication Task
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Notes. (a) Average performance of prompts evaluated across four prompt-model combinations. Comparing DALL-E 2 prompts evaluated on
DALL-E 2 versus DALL-E 3 isolates the model effect. Comparing reused DALL-E 2 prompts on DALL-E 3 to original DALL-E 3 prompts on
DALL-E 3 isolates the prompting effect. Error bars represent 95% confidence intervals based on bootstrapped standard errors clustered at the
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Downloaded from informs.org by [128.59.177.141] on 04 May 2026, at 09:21 . For personal use only, all rights reserved.

10

Jahani et al.: Prompting as a Dynamic Complement

Information Systems Research, Articles in Advance, pp. 1-17, © 2026 The Author(s)

Table 1. Distributional Effects of Model Upgrades in the
Image Replication Task

Effect Estimate (SE) p-value

Total 0.022 (0.003) <107°

Total x Outcome —0.00012 (0.00005) 0.015
Quantile (Percentile)

Model 0.011 (0.002) <107°

Model x Outcome —0.00006 (0.00003) 0.021
Quantile (Percentile)

Prompting 0.011 (0.003) <107°

Prompting x Outcome —0.00006 (0.00005) 0.244

Quantile (Percentile)

Notes. Negative interactions with outcome quantile indicate that gains
from model upgrades are larger at lower points in the realized outcome
distribution, implying compression of performance outcomes. The total
and model effects exhibit statistically significant compression, whereas
we do not detect a statistically significant distributional pattern for the
prompting effect. The uninteracted total effect coefficient gives the QTE
estimate at the zeroth percentile. SE, standard error.

replication task using a quantile treatment effects
(QTE) perspective.

Table 1 reports estimates of the total, model, and
prompting effects at different points of the realized
outcome distribution, with outcome quantiles indexed
by percentile. The total effect exhibits a negative and sta-
tistically significant interaction with outcome quantile
(—0.000115, p=0.0152), indicating that performance
gains from upgrading from DALL-E 2 to DALL-E 3 are
larger at lower points in the outcome distribution. This
pattern is consistent with the framework’s prediction that
model improvements compress outcomes in bounded
tasks. This compression is driven primarily by the model
effect. Holding prompts fixed, the interaction between
the model effect and outcome quantile is also negative
and statistically significant (—0.000059, p = 0.0210), con-
sistent with diminishing returns near the performance
ceiling. Whereas the bounded formulation predicts that
prompt adaptation exerts an expanding force on the out-
come distribution, we do not detect a statistically signifi-
cant interaction between the prompting effect and
outcome quantile in this setting (—0.000056, p = 0.2444).
This result does not rule out an expanding prompting
channel but implies that any such effect is modest in
magnitude relative to the dominant equalizing model
effect.

4.1.4. Prompt Revision. Finally, we examine whether
automated prompt rewriting can serve as a substitute
for human-driven prompt adaptation in the image rep-
lication task. In the DALL-E 3 (Revised) condition,
user prompts were silently rewritten by GPT-4 before
being submitted to the image model. Although partici-
pants in this condition still outperformed those using
DALL-E 2 (A =0.0069; p =0.042), they achieved sub-
stantially lower performance than participants using

DALL-E 3 without rewriting. On average, automated
prompt revision reduced the benefit of DALL-E 3 by
58% (95% CI: (40%, 76%)). Qualitative inspection of
revised prompts suggests that the rewriting process
often introduced additional details or altered phras-
ing in ways that were misaligned with participants’
objective of replicating a specific target image as
faithfully as possible. In this bounded, steerable task,
such modifications reduced users’ ability to precisely
control the model’s output and partially offset the
performance gains achieved through direct user-side
prompt adaptation.

4.2. Logo Generation Task

We next turn to the logo generation task. This task
represents an open-ended, creative application of gen-
erative Al—such as design or ideation—in which suc-
cess is evaluated comparatively rather than against an
objective target, and output quality does not have a
natural upper bound. Our empirical analyses mirror
those of the image replication experiment.

4.2.1. Overall Impact of Model Upgrades. We begin by
examining whether access to a more capable model
improves performance in the logo generation task. Par-
ticipants assigned to DALL-E 3 produce substantially
higher-quality logos than those assigned to DALL-E 2,
with an estimated average treatment effect of 0.8075 in
Bradley-Terry f (95% CI: (0.7120, 0.9030), p < 107'7),
corresponding to an improvement of approximately
0.57 standard deviations. Figure 3(a) provides qualita-
tive intuition for the magnitude of this effect by showing
representative logos at the mean, as well as approxi-
mately one average treatment effect above and below
the mean. Figure 3(b) shows how this performance gap
unfolds over successive prompting attempts. As in the
image replication task, the advantage of the more
capable model appears early and persists, although it
does not appear to grow across attempts. Finally, Figure
3(c) shows prompting behavior across model conditions
that closely mirrors the pattern observed in the image
replication task. Participants using DALL-E 3 write
prompts that are approximately 24.7% longer on aver-
age and exhibit greater similarity between successive
prompts, consistent with more exploitative refinement.
As in the image replication task, the share of nouns and
adjectives is statistically indistinguishable across model
conditions (43% for DALL-E 3 versus 42% for DALL-E 2;
p=0.12).

Together, these patterns show that in an open-
ended, creative task without a fixed target or perfor-
mance ceiling, increased model capability leads to large
and persistent performance gains. These gains are
accompanied by systematic changes in user prompting
behavior as users adapt their prompts in response to
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Figure 3. (Color online) Overall Performance and Prompting Behavior for the Logo Generation Task
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Notes. (a) For three example logo instructions, the middle row shows participant-generated images closest to the mean Bradley-Terry $ across
all prompts. The rows above and below show images of approximately one average treatment effect (ATE) higher or lower quality, illustrating
the typical performance difference between model conditions. (b) Top: Average Bradley-Terry f, separate for DALL-E 2 and DALL-E 3 partici-
pants. Bottom: The difference between these averages, with the solid horizontal line indicating the overall ATE and the shaded region showing
the 95% confidence interval. (c) Average prompt length by attempt (y-axis), with error bars representing 95% confidence intervals. Shading inten-
sity indicates the average textual similarity between each prompt and the participant’s previous prompt, capturing the extent of prompt reuse

and refinement over time.

the model’s perceived capabilities. These results largely
mirror those from the image replication task.

4.2.2. Replay Analysis and Decomposition of Effects.
Next, we apply the same replay-based decomposition
used in the image replication task to separate the overall
performance gains in the logo generation experiment
into components attributable to model improvements
and to user prompt adaptation. Figure 4(a) presents the
resulting decomposition.

The overall average treatment effect of upgrading
from DALL-E 2 to DALL-E 3 is 0.8075 in Bradley-Terry
B. In contrast to the image replication task, the vast
majority of this gain is attributable to the model effect:
Replaying prompts written by DALL-E 2 participants on
DALL-E 3 increases performance by 0.748 (p <107"),
accounting for approximately 92.7% of the total effect.
The corresponding prompting effect is small in magni-
tude (0.0577), statistically indistinguishable from zero
(p =0.101), and accounts for approximately 7.2% of the
total effect. Consistent with this pattern, replaying
prompts written for DALL-E 3 on DALL-E 2 yields no
performance improvement (Af = —0.0125, p = 0.62).

Figure 4(b) provides a qualitative illustration of this
pattern for a representative logo brief. Although the
prompt written by the DALL-E 3 participant is longer

and more detailed, consistent with the prompt adap-
tation patterns shown in Figure 3(c), it does not
perform substantially better on DALL-E 3 than the
prompt written by the DALL-E 2 participant. Instead,
the primary performance difference arises from evalu-
ating either prompt on the more capable model.
Although this comparison is illustrative rather than
representative, it highlights how prompt adaptation
in this task does not translate into large additional
gains beyond those delivered by the model itself.

Taken together, these results indicate that in the
logo generation task, realized performance gains are
driven primarily by improvements in model capabil-
ity, with prompt adaptation playing a comparatively
limited role.

4.2.3. Distributional Effects. We also apply the same
QTE approach used in the image replication task to
examine how the model upgrade reshapes the distri-
bution of performance outcomes in the logo genera-
tion experiment. Table 2 reports estimates of the total,
model, and prompting effects at different points of the
realized outcome distribution, with outcome quantiles
indexed by percentile.

As was the case in the image replication task, the
total effect of upgrading from DALL-E 2 to DALL-E 3
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Figure 4. (Color online) Replay Analysis and Effect Decomposition for the Logo Generation Task
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chandise, digital marketing

DALL-E3

Bradley-Terry :-0.239  Bradley-Terry B: 0.577

Notes. (a) Average performance of prompts evaluated across four prompt-model combinations. Comparing DALL-E 2 prompts evaluated on
DALL-E 2 versus DALL-E 3 isolates the model effect. Comparing reused DALL-E 2 prompts on DALL-E 3 to original DALL-E 3 prompts on
DALL-E 3 isolates the prompting effect. Error bars represent 95% confidence intervals based on bootstrapped standard errors clustered at the
participant level. (b) A single client description with two submitted prompts: one written by a DALL-E 2 participant (top row) and one by a
DALL-E 3 participant (bottom row). Images show how each prompt performs on both models, illustrating the model and prompting effects

qualitatively.

exhibits a negative and statistically significant interac-
tion with outcome quantile, indicating that perfor-
mance gains are larger at lower points in the outcome
distribution and that the upgrade compresses the dis-
tribution of outcomes. This pattern is again driven
by the model effect: holding prompts fixed, the inter-
action between the model effect and outcome quantile
is negative and statistically significant. By contrast,
we do not detect a statistically significant interaction
between the prompting effect and outcome quantile.
Although this lack of statistical significance does
not rule out the compressive impact of prompt adap-
tation predicted by the unbounded formulation of the

Table 2. Distributional Effects of Model Upgrades in the
Logo Generation Task

Effect Estimate (SE) p-value

Total 1.135 (0.050) <107°

Total x Outcome —0.0065 (0.0008) <107°
Quantile (Percentile)

Model 1.012 (0.035) <107°

Model x Outcome —0.0053 (0.0005) <107°
Quantile (Percentile)

Prompting 0.122 (0.050) 0.014

Prompting X Outcome —0.0013 (0.0008) 0.117

Quantile (Percentile)

Notes. Negative interactions with outcome quantile indicate that gains
from model upgrades are larger at lower points in the realized
outcome distribution, implying compression of performance outcomes.
As in the image replication task, distributional compression is driven
by the model effect, whereas we do not detect a statistically significant
distributional pattern for the prompting effect. The uninteracted total
effect coefficient gives the QTE estimate at the zeroth percentile.

model, it places an upper bound on the magnitude of
any such effect in this setting.

Taken together, these results indicate that, as in
the image replication task, distributional compression
in the logo generation experiment arises primarily
from improvements in model capability, with prompt
adaptation playing a comparatively limited role in
shaping the distribution of outcomes.

4.2.4. Prompt Revision. We conclude analyses of this
experiment by examining the effects of automated
prompt rewriting in the logo generation task. As in
the image replication task, participants assigned to
DALL-E 3 with automatic prompt revision outper-
form those using DALL-E 2, with an average treat-
ment effect of 0.8337 in BT g (p <10~'°). However,
in contrast to the image replication task, automated
prompt rewriting does not reduce performance rela-
tive to DALL-E 3 without rewriting; instead, it leads
to a statistically non-significant 3.2% increase in BT f
on average (95% CI: (—5.6%, 12.1%), p = 0.44).

One possible interpretation is that in an open-ended,
creative task, the specific prompt rewriting used
here, which primarily embellishes and elaborates user
inputs, can enrich prompts in ways that facilitate explo-
ration, introduce useful variation, or highlight design
elements that improve perceived quality. Although we
do not directly observe these mechanisms, the positive
effect of rewriting in this task is consistent with the
idea that automated prompt modification can comple-
ment user prompting when it is aligned with users’
goals and the structure of the task.
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5. Discussion

In this paper, we show that realized performance
gains from generative Al upgrades reflect an interac-
tion between model capability, user adaptation, and
task structure. In a bounded, steerable task with an
objective target (image replication), improvements in
model quality translated into performance gains
through two channels: roughly half of the improve-
ment arose mechanically from the stronger model,
whereas the other half reflected users adapting their
prompts to better exploit the model’s capabilities.
In this setting, prompt adaptation is a substantive
and economically meaningful complement to model
improvement. By contrast, in an open-ended creative
task without a natural performance ceiling (logo gen-
eration), performance gains were driven primarily by
improvements in model capability. Although users
again modified their prompting behavior when inter-
acting with the stronger model, replay analyses indi-
cate that prompt adaptation accounted for only a
small share of the overall improvement. Thus, we
argue that prompt adaptation functions as a dynamic
complement to generative AI models, with task struc-
ture emerging as a key boundary condition: it plays a
first-order role when success is defined against a fixed
objective, but a more limited role when quality is
open-ended and comparative.

A related question we address is whether prompt
adaptation must occur through direct user experimen-
tation or whether it can be partially automated by the
system itself. In practice, many generative Al systems
implement automated prompt rewriting to reduce
user effort, implicitly positioning automation as a
substitute for user-driven adaptation. Our findings
suggest that the effectiveness of such automation
depends critically on task structure and alignment
with user goals. In the bounded image replication
task, the DALL-E 3 endpoint’s automated prompt
rewriting reduced realized gains, consistent with mis-
alignment between the rewriting logic and users’
objective of faithfully reproducing a target image. By
contrast, in the open-ended logo generation task, the
same rewriting mechanism did not have a statistically
significant impact on realized gains. Together, these
findings underscore the importance of careful design
in automated prompt rewriting systems. When sys-
tem prompts are well aligned with user goals and task
structure, automated rewriting has the potential to
improve performance. But poorly aligned system
prompts, especially when hidden, can degrade perfor-
mance and limit users” ability to discover or exploit
emergent but useful ways of interacting with a gener-
ative Al system. Such complexities are highlighted by
related work, such as Yao et al. (2024), which studies
automated prompt optimization in the context of clin-
ical documentation.

More generally, our results both align with and help
clarify themes in the literature on human-AlI collabora-
tion and the economics of technology, particularly the
role of dynamic complements such as prompt adapta-
tion that coevolve with technical change (B6hm and
Schedlberger 2023). As generative Al models advance,
often substantially from month to month, organiza-
tions that fail to adapt their prompting strategies in
task settings where precision and steerability matter
may forgo a meaningful share of the economic value
these upgrades make possible. This coevolutionary pat-
tern is not unique to AL It echoes dynamics observed
in earlier general-purpose technologies, where technical
improvements often yielded modest returns until
complementary skills and practices evolved to match
(David 1990, Brynjolfsson 1993). However, the pace
of generative Al advancement introduces a distinctive
challenge: the window for adaptation is far shorter.
Organizations that treat prompting as a one-time invest-
ment rather than an ongoing capability risk failing to
capture the full value of model upgrades—echoing the
productivity paradox observed when complementary
assets lag behind technological potential (Brynjolfsson
and Hitt 2000, Brynjolfsson et al. 2021). Our findings
complement this stream of work by offering direct empir-
ical evidence that a specific dynamic complement—user
adaptation, specifically through prompt refinement—can
account for a substantial share of realized performance
gains from model upgrades in task settings where preci-
sion and steerability matter.

Seen from a broader organizational perspective,
these findings also speak to long-standing work on
IT-enabled dynamic capabilities (Teece et al. 1997,
Bharadwaj 2000, Joshi et al. 2010) and post-adoptive IT
use (Jasperson et al. 2005). Prompt adaptation, as we
observe it, is not grounded in formal training or special-
ized skill. Participants in our study, drawn from a gen-
eral population rather than a specialized group of
prompt engineers, improved performance through trial
and error within a single session. This contrasts with
earlier IT transitions, where complementary capabilities
often required extensive training (Attewell 1992, Von
Hippel 2006). The relative accessibility of prompt adap-
tation highlights one potential pathway toward more
broadly distributed productivity gains, provided that
users are supported by scaffolds and interfaces that
enable iterative refinement (Rogers 2003). At the same
time, this accessibility introduces risk. Overoptimizing
for a particular model version may reduce users’ ability
to adapt as systems evolve. This behavioral lock-in
resembles challenges in architectural innovation, where
tightly coupled routines inhibit flexibility when key sys-
tem components change (Henderson and Clark 1990).
Supporting long-term adaptation may require not just
prompt training but workflows and learning mecha-
nisms that encourage ongoing experimentation.
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Our study has several limitations. First, our experi-
mental interface was intentionally memoryless: each
prompt was processed independently, and partici-
pants were informed that prior interactions would not
influence subsequent generations. This simplification
was necessary to isolate prompt-level adaptation in a
controlled setting, but it departs from the conversa-
tional context that characterizes many real-world Al
systems; our estimates therefore characterize perfor-
mance and adaptation conditional on a memoryless
interaction structure. Second, our focus was restricted
to a single transition (from DALL-E 2 to DALL-E 3)
and one type of generative Al (text-to-image genera-
tion). Although our conceptual framework suggests
these mechanisms may generalize to other domains,
further research is needed to assess how these dynam-
ics play out in text generation, programming, scien-
tific research, and other high-stakes settings. Third,
we observe short-run adaptation behavior in a con-
trolled setting, whereas longer-term learning dynam-
ics, organizational feedback structures, or team-based
workflows may shape prompting strategies differ-
ently in real-world environments. Finally, although
our replay analysis helps isolate the contribution of
prompt adaptation relative to model improvements, it
does not fully disentangle the causal effects of specific
prompt modifications (e.g., lengthening, lexical substi-
tution, structural rephrasing), particularly given the
path-dependent nature of user adaptation.

Building on these limitations, several promising
research directions emerge. One important next step
is to examine prompt adaptation in conversational,
memory-enabled settings, where prior interactions
persist and can be leveraged for cumulative learning
by both users and models, and to study how this
coevolution impacts performance. Relatedly, future
studies might explore prompt adaptation longitudi-
nally, observing how users develop durable heuris-
tics that generalize across domains and respond to
shifting model behavior over time. Another line of
inquiry involves organizational-level complements to
prompting, such as shared prompt repositories, col-
laborative refinement practices, or analytics dash-
boards that surface effective patterns. A third area
concerns interface design—specifically, how features
such as auto-complete, prompt scoring, and real-time
feedback influence users’ ability to experiment and
adapt. Finally, researchers might explore how organi-
zations balance standardization (which streamlines
processes) with adaptability in prompting workflows
in order to avoid creating rigid routines that lag
behind technical advances.

For researchers and practitioners interested in the
economics of Al, our findings reinforce the idea that
complements play a central role in shaping perfor-
mance. In some task settings, prompt adaptation can

account for as much as half of the realized perfor-
mance gains from model upgrades, underscoring that
skill development and technological evolution must
be treated as interdependent elements of innovation
trajectories (Dosi 1982, Arthur 2009). As generative Al
continues to advance, organizations that invest in
adaptive, not static, complementary skills will be better
positioned to realize its full value.
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Endnotes

! We use the phrase “prompt adaptation” in reference to changes in
user prompting behavior in response to evolving model capabili-
ties. This is distinct from the broader practice of prompt engineer-
ing, which includes static best practices, libraries, and templates,
among other things.

2 We note that both the bounded exponential and the unbounded
logarithmic forms are illustrative rather than general and are not
intended to be literal representations of the specific tasks we study.
They adopt simple structures that allow us to decompose total per-
formance gains into a “model effect” (improvements in capacity
holding prompts fixed) and a “prompting effect” (improvements
from user adaptation holding capacity fixed). This decomposition is
a simplifying abstraction that isolates these mechanisms analyti-
cally, though in practice, they may interact. The comparative statics
of Q(0,s,x) also depend on its curvature and on how model capacity
and skill interact (e.g., multiplicatively versus additively). We use
these tractable forms to convey intuition, not to claim functional-
form invariance.

3 In the unbounded but concave logarithmic specification discussed
in Online Appendix A, both the model and prompting channels are
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equalizing, rather than opposing. The reversal stems from the addi-
tive interaction of capacity and skill, which makes improvements in
6 more uniform across users rather than reinforcing skill differences.

4 Full preregistration details for both experiments, including hypothe-
ses and planned analyses, are available in an online repositories. Links
to these online repositories can be found in the Online Appendix. All
procedures were approved by an institutional review board (UC
Berkeley Committee for the Protection of Human Subjects (CPHS),
Protocol 2023-06-16480), and participants provided informed consent.

° This preregistered exclusion criterion was intended to filter out
low-effort behavior in which participants repeatedly reused the
same prompt in an attempt to complete the task as quickly as possi-
ble. Although repeating a prompt could also reflect legitimate explo-
ration, given the stochastic nature of generative Al outputs, we note
that this behavior occurred rarely in our data: the criterion affected 15
participants in the image replication experiment and 32 participants
in the logo generation experiment (approximately 0.75%-1.75% of
participants).

8 Although participants were required to submit at least 10 prompts
to be included in our analysis, the final prompt count in both
experiments is slightly below 10 X #puicipants. This is because we
excluded some prompts due to technical issues (e.g., safety filter
triggers, duplicate attempt numbers) and limited our main analysis
to each participant’s first 10 prompts to mitigate potential selection
bias. Full details are provided in Online Appendix C.

7 We selected the 15 target images with the goal of capturing diver-
sity across common text-to-image use cases (business and market-
ing, graphic design, and architectural photography), while also
taking into account practical considerations identified through pilot
testing. Although a larger or systematically pretested image set
would be desirable, there is no established standard for sampling
text-to-image targets, and for a laboratory experiment of this scope,
some pragmatic choices were necessary. Our aim was to ensure that
tasks were neither trivially easy nor prohibitively difficult and to
align broadly with categories commonly represented on reposito-
ries such as PromptBase. Target images were assigned using com-
plete randomization across model-image cells, ensuring that image
difficulty was orthogonal to model assignment. In addition, our anal-
ysis accounts for variation in difficulty by normalizing performance
within each target image. Images were sourced from platforms that
permit free research use for commercial and noncommercial purposes
(e.g., Unsplash, Reshot, Shopify, Pixabay, Gratisography). A link to an
online repository containing our target images can be found in Online
Appendix B.4.2.

8 DreamSim (Fu et al. 2023) is designed to better capture human
perceptions of image similarity than traditional embedding-based
methods. Our results are robust to using DreamSim in place of
CLIP cosine similarity. Full DreamSim-based analyses are in Online
Appendix H.

9 A natural methodological question is whether BT fs derived from
LLM-based pairwise comparisons should be calibrated against
human judgments. We therefore attempted to benchmark LLM-
based evaluations against human ratings. We recruited human eva-
luators to assess approximately 19,000 image pairs and estimated
corresponding BT Bs from those comparisons. Within individual
logo briefs, however, we observed substantial disagreement among
human raters, with brief-level Krippendorff’s alpha values fre-
quently below 0.6 and, in several cases, near zero or negative. This
degree of disagreement indicates that human-derived BT f estimates
are themselves unstable at the task level, reflecting the intrinsic
ambiguity of the evaluation problem rather than noise in any partic-
ular rating source. Given this high level of subjectivity, we rely on
LLM-based pairwise comparisons by GPT-4.1 nano to obtain a scal-
able measure of relative quality across designs while recognizing

that quality in this task is inherently noisy and evaluative. Although
LLM judgments do not constitute ground truth in any absolute
sense, we treat them as a reasonable proxy for relative quality given
the inherent instability of human raters in this setting.

1 The total, model, and prompting effects are estimated using three
separate two-way fixed-effects models, as explained in Online
Appendix F. Because each effect is estimated from a different subset
of counterfactual prompt-model comparisons with its own fixed
effects, the resulting model and prompting effect estimates are not
guaranteed to sum exactly to the total improvement.
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