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Abstract

Large-scale prompt-based AI generators have broadened access
to media creation but often introduce friction in sustained cre-
ative practice. Visual artists must navigate limited personalization,
narrow cultural coverage, homogenized aesthetics, and broader con-
cerns around sustainability, bias, and data-scraping ethics. Small
data and model crafting offer alternatives that center artists’ agency
over data and models. We examine this approach through Autolume,
a no-code, locally run tool for crafting and navigating generative
models in real time. Across five focus groups with 25 visual artists
in three two-day workshops, Autolume was used as a research
probe to explore small-data practices. Findings show that partici-
pants viewed small data as a personal and responsible alternative to
large-scale Al but identified model training as a technical barrier,
underscoring the need for improved explainability and support. We
highlight design opportunities for Al art tools, including low-level
controls, mapping Uls to ML processes, ecosystem integration, and
small data as a pedagogical tool.
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1 Introduction

Artistic creation relies on expressive and controllable mediums—
such as a painter who masters the brush and oils to realize an
aesthetic vision. This tradition extends to artists who use algorithms
and data as their medium, a practice variously known as algorithmic,
generative, or Al art. Exploring the creative potential of generative
Al models was pioneered by artists who combined artistic and
technical expertise, adapting and training generative systems on
personal or carefully curated datasets.

The proliferation of large-scale text-to-image generative mod-
els (LTGMs) such as Midjourney, Flux, or Nano Banana marks a
significant shift in this lineage. These systems have broadened ac-
cess to image generation through simple text prompts, but critical
engagement by artists and researchers has surfaced substantial con-
cerns for creative practice: privileging outputs over process [54],
complicating or contesting artists’ authorship [67], and biasing
results toward dominant aesthetics [29]. In response, small-data
and model-crafting approaches continue earlier traditions of Al art
while offering alternatives that may mitigate some of the issues
associated with LTGMs. A small-data approach focuses on train-
ing (or fine-tuning) models on personally curated or created small
datasets to achieve specific intents as opposed to creating general,
large-scale models [84], while model crafting refers to creating and
manipulating generative models for creative intents [1].

However, there remains a gap in understanding how visual artists
with varying technical expertise view alternatives to LTGMs, and
how those views could inform the design of Al tools for art mak-
ing. Prior studies of Al art practices either predate the rise of LT-
GMs [19, 65], focus on publicly available materials from prominent
artists [71], or focus on Al-based music making [16]. Building on
this work, we focus on visual artists and ground our inquiry in
Autolume (Section 3.1) — a concrete no-code small-data and model-
crafting tool. We use Autolume [58, 75] as a probe to elicit artists’
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impressions of small-data workflows and surface design opportuni-
ties through hands-on engagement. In particular, we ask:

RQ1 What are visual artists’ impressions of the concepts of small
data and model crafting?

RQ2 What considerations are relevant for artists when working
with small-data Al tools for art creation (e.g., Autolume), par-
ticularly regarding aesthetics, authorship, creative control,
and integration into their practice?

RQ3 What design opportunities can be derived from artists’ views
on small data and model crafting (RQ1) and their considera-
tions when using small-data Al tools (RQ2)?

To address the above questions, we conducted 5 focus groups
with 25 visual artists over three 2-day workshops. The workshops
trained participants in using Autolume, introduced them to key
technical concepts, such as Al training and latent spaces, to operate
the tool, and invited them to train AI models on their own datasets.
Following that, we used Autolume as a probe to solicit artists’
impressions of the tool and the concepts underlying its design
through a focus group discussion. Autolume is a no-code, open-
source, and locally-run tool that enables artists to train and adapt
their own generative models and interactively explore them in real
time.

This paper’s primary contribution is a set of qualitative insights
derived from a thematic analysis of the focus group discussions.
Artists’ feedback reveals their impressions about Autolume and
small-data approaches, and it surfaces potential benefits and chal-
lenges associated with small-data approaches to Al creative work.
These insights also foreground design-relevant concerns around
explainability, authorship, creative control, and aesthetics. We dis-
till these findings into actionable design opportunities for Al art
tools, contributing to a deeper understanding of Al practices in the
arts and, more broadly, to HCI discussions on human-centred Al in
the arts [15].

2 Background

This background provides an overview of the technical, empirical,
and design concerns surrounding the interdisciplinary challenge
of designing artist-centred interfaces for AI art. To this end, we
review the history of the field, empirical studies of creative practices,
and the current technological landscape. We also highlight artistic
critiques of —and initiatives responding to— Large-scale Text-to-
image Generative Models (LTGMs), while evaluating relevant work
in tool design to situate our findings.

2.1 AI Art: Brief History and Approaches

Art made with Artificial Intelligence, though recently popularized,
extends a longer history of generative, algorithmic and computer
art, marked by technical and conceptual shifts that reshaped artists’
relations with computation. Early examples of algorithmic arts
include AARON, a rule-based system created in 1973 by Harold
Cohen [20]. A major shift came with machine learning, particularly
Generative Adversarial Networks (GANs) [33], moving the focus
from coding rules to curating training data [20]. This "GAN era"

4203

Abuzuraiq et al.

fostered practices of dataset building and navigating latent spaces!
to discover compelling outputs [19, 65, 71]. One example is Mario
Klingemann’s Memories of Passersby I (2018), an installation gen-
erating endless portraits using GANs 2. More recently, large-scale
text-to-image diffusion models (LTGMs) trained on massive inter-
net datasets —such as Stable Diffusion, Midjourney, and DALL-E—
have enabled the creation of increasingly high-fidelity visuals [26].
These technical advances have sparked a surge of interest in Al art?,
reflected in the rapidly growing online communities devoted to
exploring and sharing generative imagery *. To better understand
the current context of the study, we briefly describe next some of
the critiques and responses to LTGMs.

2.2 Critiques from the Art World to LTGMs

The rise of LTGMs has prompted significant critique from artistic
and research communities, sparking counter-initiatives aimed at
fostering more personal, culturally representative, and creatively
engaging Al-art practices. Reported concerns include a perceived
lack of authenticity [57], limited creative satisfaction [67], a dimin-
ished sense of surprise [28], and reservations about authorship due
to a perceived lack of effort or labor [67]. Additionally, practition-
ers have highlighted the friction of forced verbal articulation of
tacit artistic intent through prompting [28, 47, 54]. This challenge
is underscored by empirical findings demonstrating that artists
must master a complex, style-specific and technical vocabulary to
effectively align Al models with their creative intents [52, 61].

A central aesthetic critique is that LTGMs tend to produce generic
outputs lacking a distinctive artistic voice [47] while reinforcing
dominant visual styles [29]. LTGMs also frequently misrepresent or
fail to generate culturally specific concepts—such as Arabic script
[76] and other non-Western art forms [66]—which have prompted
calls for community-based efforts to build more equitable, culturally
specific datasets and models (e.g., [16]). Moreover, LTGMs’ push
for photorealism can stifle abstraction; they have been observed to
exhibit an unintended bias toward figuration even when prompted
with abstract inputs [88].

The accumulation of the above issues creates a sense of disillu-
sionment among Al artists, who grapple with issues beyond their
control; whether limited by the core design of large-scale mod-
els [9] or compelled to develop personal pipelines to circumvent
them [9, 19]. Finally, the critiques listed above focus on artists’ expe-
rience with creative work with Al or the frictions that arise from in-
tegrating Al into artists’ creative processes. Those experiential and
process-oriented critiques exist alongside broader concerns around
sustainability, algorithmic bias, and data-scraping ethics [29]. These
broader concerns continue to deter many artists from engaging
with Al as well as tainting how the work of Al artists is received
and evaluated by others.

!Latent spaces are low-dimensional vector spaces a generator learns, where nearby
points yield semantically similar images and certain directions align with interpretable
attributes (e.g., pose, style, colour).

2More examples of GAN art can be found on https://aiartists.org/

3Examples of recent exhibited Al art can be found at https://thecvf-art.com/
4Community-shared prompts and models can be accessed at https://civitai.green/,
https://tensor.art/, or https://promptbase.com/shop
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2.3 Initiatives from the Art World to LTGMs

In response to these challenges, a number of artist- and community-
led initiatives have emerged, focused on reclaiming creative agency
and fostering a more critical and reflective engagement with AL
These initiatives include small-data approaches, the reinvigoration
of Al craft, Al explainability through art practice [17], and research-
creation as a means of exploring new or critical ways to engage
with AI [69]. We focus below on the first two.

2.3.1  Small-Data Approaches. Studies with Al artists describe their
practice as a craft over data and models [19], where generative sys-
tems are treated as artistic material [12]. A small-data mindset [16,
84] focuses on reusing, curating, or creating small datasets [65] to
inject personal style, voice, or cultural elements into a generative
model. In this context, the traditional ML pitfalls of overfitting and
bias -typically avoided in models designed for generalization— are
reframed as desirable traits. By leaning into these ’issues’, artists
can generate more recognizable outputs [84] and critically engage
with how specific dataset features fundamentally shape large-scale
Al systems [5, 8]. Finally, a small-data approach to creative AI work
is not limited to training models from scratch, as it also encom-
passes personalizing large-scale models through fine-tuning tech-
niques (e.g., Low-Rank Adaptation or LoRA [41]) and conditioning
workflows such as image-based prompting (e.g., IP-Adapter [87])
or spatial controls (e.g., ControlNet [89]). However, personalizing
large-scale models does not eliminate their underlying and emer-
gent biases, nor reduce their energy consumption.

2.3.2 Model Crafting. Model crafting involves creating and ma-
nipulating generative models for creative intents [1]. This includes
designing their architecture, training them, down to intervening
in their normal functioning [12], and manipulating or mixing their
parts to push them beyond the boundaries of their training [13].
Until recently, model crafting has been exclusively the purview of
artists with coding expertise, but recent tools have made certain
aspects of it accessible through low-code interfaces (cf. Section 2.5).

2.4 Studies on AI Art Processes

To situate our study, we turn now to studies that explored Al art
practices before and after LTGMs. Early research into artistic en-
gagement with machine learning (ML) focused on pioneering artists
who treated Al as a complex, "stubborn medium" requiring craft and
expertise [65]. These studies describe a practice centred on iterative
exploration, where artists develop an intimate understanding of
algorithms and datasets as materials for creation by tweaking them
and embracing their unpredictable "semantic glitches" as sources of
novelty [19]. Al can be understood as a responsive material in this
process, where the artist and Al discover each other’s affordances
to achieve an "attentive unity" between human intent and machine
capability [71]. The goal for these expert practitioners was not
automation but augmentation, i.e., balancing control and surprise
to push their work in new directions [65, 71]. This often involved
the significant labour of curating or creating bespoke datasets, and
modifying algorithms [19, 65], as well as the curation of outputs
from the model’s "latent space”.

The studies mentioned above were predominantly conducted
with Al artists before the rise of LTGMs [19, 65] or analyzed publicly
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available material of prominent artists [71]. Together, they point to
a sense of craft that permeates how these artists view their creative
practices with AL

The rise of LTGMs shifted this landscape, introducing new chal-
lenges for a broader range of artists, which we covered earlier (Sec-
tion 2.2). In response to large-scale Al, many artists are developing
tactics of resistance by exploring "small-data" approaches (or "Little
AT" [65]) to maintain ethical and creative control [83]. Working
with small, personal datasets is proposed as a way to ensure artistic
authenticity, reduce bias to dominant genres, retain attribution,
and address privacy concerns [16, 32]. While small-data methods
predate large-scale Al (e.g., [30]), their value has been renewed in
the current context [65, 84].

Our study is situated in this recent turn toward small data.
While prior work has examined the technical craft of pre-LTGM
experts [19, 65, 71] and the tensions of creating with LTGMs [9, 47,
66, 67], we investigate how visual artists with varying Al expertise
perceive small data and model crafting in a post-LTGM context.
Building on Bryan-Kinns et al. [16], which found that small datasets
and low-resource models can increase agency and transparency
while reducing bias and energy use in Al-assisted music making,
we extend this lens to visual artists and ground discussions in a spe-
cific small-data and model-crafting tool (Autolume). Prior studies
have also explored small dataset fine-tuning for culturally specific
needs [66] and how personalized LTGMs might fit into existing
practices [67]; in contrast, we focus on training low-resource mod-
els from scratch and probe artists’ impressions of a broad range of
topics, including authorship, aesthetics, and explainability.

2.5 AI Art Ecosystem

Having outlined the social and conceptual landscape surrounding
creative work with Al, we now turn to the technical landscape.
Generative models, by definition, are models that learn the distri-
bution of the training dataset in order to generate new, similar data.
Two families of image generation models are most commonly used
by Al artists; these include diffusion models [70] and Generative
Adversarial Networks (GANs) [33]. In what follows, we describe
some of the tools and interactions related to each.

2.5.1 (Text-to-Image) Diffusion Generation. Diffusion models gen-
erate images by learning to reverse the noise that is added to the
training set. Latent diffusion models work similarly, but perform
noising and denoising in a compressed latent representation rather
than pixel space, which makes training and inference more efficient.
Text-to-image systems combine diffusion with conditioning mod-
els, typically a text encoder (e.g., CLIP or T5) that maps text into
embeddings that are used to guide generation. Diffusion models are
currently the dominant approach for image generation. Some are
proprietary and accessed through APIs or hosted products (Mid-
journey V6, Google Nano Banana), while others are publicly shared
(Stable Diffusion [79] and Flux [10]).

Tooling for diffusion models generally falls into four groups:
(1) local open-source Uls (Automatic1111 [7], ComfyUI [25]); (2)
creative suites (Midjourney [59], Runway [72]); (3) multimodal chat
(ChatGPT [60], Gemini [34]); and (4) integrated authoring tools
(Adobe Firefly [4]). Across these environments, users typically spec-
ify prompts, adjust generation parameters, and iterate on outputs.
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Interfaces may take the form of prompt-driven GUIs, node-based
workflows, or canvas-based systems. Many tools also offer editing
modes geared toward intentional authoring, including generation
guided by style, structure, or composition references, inpainting
and outpainting, object selection and replacement, other forms of
localized editing, and adjustments to lighting and camera angle.

Because training diffusion models from scratch is resource-intensive,

artists typically rely on pre-trained base models, community fine-
tunes (hosted on HuggingFace [43] or CivitAl [24]), or personaliza-
tion techniques like Low-rank Adaptation (LoRAs) [41]. While stan-
dard models rarely run in real-time, distilled versions (e.g., SDXL
Turbo [80]) and specialized pipelines (e.g., StreamDiffusion [48])
can trade fidelity for speed.

2.5.2  GAN-based Generation. Generative Adversarial Networks
(GANs) use a "generator” and a "discriminator” model that work
against each other to produce images that closely resemble the train-
ing set. Compared to diffusion, GAN tooling offers fewer no/low-
code paths. Options include: (1) artist-facing interfaces such as
Playform [64], Autolume [58] and the (now-discontinued) GAN
module on RunwayML [56]; (2) low-code Colab notebooks’; and
(3) configurable research frameworks/SDKs [44, 62, 73].

While diffusion tools prioritize high-fidelity intentional author-
ing, GANs excel at interactive, real-time exploration of latent space.
Consequently, GANs are well-suited for generating ambient content
—textures and patterns that are difficult to describe concretely. In
this study, we use GANSs to examine small data and model crafting.
GANE s are faster and cheaper to train from scratch than diffusion
models, making them a practical fit for small-data visual genera-
tion. Training from scratch also lets artists directly observe how a
specific dataset shapes outputs, and allows us to study small-data
practices in a context less entangled with broader concerns around
large-scale Al systems (cf. Section 2.2). GANs have also been cen-
tral to Al art practice and discourse (Section 2.1), making them
especially relevant here. While GANs can be trained conditionally,
including with text prompts [45], we focus on unconditional GANs
because they foreground latent-space exploration and can invite
surprise in both training and generation, a quality that may be
de-emphasized in systems optimized for prompt adherence [28].

We chose Autolume [58] as our technology probe because it is
the only tool that is free, open-source, feature-rich, runs locally, and
trains GANSs. Built on StyleGAN2 (a GAN variant), Autolume sup-
ports training on datasets as small as 100 images. It produces small
models (often < 400MB) and generates images in milliseconds on
consumer GPUs, making it suitable for interactive art purposes [78].
Autolume also enables real-time latent space navigation and model
crafting features. See Section 3.1 for more details.

2.6 Design of Al Art Interfaces

The design of effective and enjoyable interfaces for Al art tools
presents a unique set of challenges and opportunities for the HCI
community. First, the expanding capabilities of generative Al have
raised foundational questions about how artists relate to these

SA curated list of GAN-based Colab notebooks is available at https://pharmapsychotic.
com/tools.html
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systems, for instance, whether they should be framed as creativity-
support tools [74] or as co-creative systems [68], and that framing
may imply different design interventions.

Secondly, machine learning is a notoriously difficult material
to design around [27]. To address this, analytical frameworks and
guidelines tailored specifically to generative systems [18, 35, 86]
have become essential resources for tool designers. However, the
design challenge is significantly amplified when the material —
including both data and models- is intended to be crafted, shaped
and manipulated by users, as seen in small-data and model-crafting
artistic practices. This approach is frequently overlooked in HCI
literature, which historically privileges user interaction with pre-
trained (and increasingly large-scale) generative AI models over
the act of crafting them [42]. Indeed, Xi et al. found that ~7% of the
189 surveyed systems supported such model crafting interactions.

Proper understanding of Al tacitly and declaratively, is vital for
effectively crafting it, which reinforces the importance of explain-
ability for Al art practices [17], especially for a sustained artistic
practice with AI [81]. In this context, analogies and metaphors
play an important role in how users understand generative Al sys-
tems [37], and in framing artists’ activities surrounding them (e.g.,
"tricking, taming, and breaking" [66]). Finally, when designing tools
for artists, it is imperative to clearly define the qualities being priori-
tized —such as quality, efficiency, control, enjoyment, intuitiveness,
and the potential for mastery— so that these tools meet artists
within their natural workflows [53].

3 Methods

We conducted three workshops, each spanning 2 days, with a total
of 25 participants joining 5 focus groups. Each workshop combined
an educational and an optional research component. The educa-
tional part trained participants in using Autolume and introduced
key technical terms (e.g., Al training, latent space). The research
component consisted of a focus group discussion at the end of
the workshop. The following sections describe the Autolume inter-
face and educational component, which contextualize the research
activities.

3.1 Autolume

Autolume is a software system, developed by the Metacreation
Lab for Creative Al at Simon Fraser University, that enables artists
to explore generative Al with small datasets [58, 75]. It combines
offline processing modules and a real-time module to support end-
to-end workflows, from dataset preparation and model training
to live visual exploration and interactive performance. For more
details, including a video of the system and sample artworks created
with Autolume, we refer the reader to https://www.metacreation.
net/autolume.

3.1.1  Offline Processing Modules. Autolume provides five offline
processing modules for model creation, preparation, and post pro-
cessing:

(1) Model Training. Users can train StyleGAN2 [46] models from
scratch or fine-tune pre-trained ones using image datasets
from a collection of stills or extracted video frames. The
module includes pre-processing and small-data augmenta-
tion pipelines. With datasets as small as hundreds of images,
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Autolume

Figure 1: Left: Autolume’s model training module. Right: Autolume’s model training progress preview window. The dataset
shown comes from Longing + Forgetting, an artwork by Philippe Pasquier, Thecla Schiphorst, and Matt Gingold. More at:

https://www.metacreation.net/projects/longing-forgetting,.

users can iterate toward desired results by adjusting hyper-
parameters (e.g., batch size, learning rate, gamma). Training
runs on local GPUs, with meaningful outcomes in 12 hours
on an RTX 3090, with progress monitored through real-time
image grids®.

(2) Latent Space Projection. Users can input an image, text
prompt, or both to locate the nearest latent vector in a trained
model. Output vectors can be saved for real-time use.

(3) Feature Extraction. Using GANSpace [38], interpretable se-
mantic latent directions can be computed. These can be saved
and explored in the real-time module.

(4) Super Resolution. Autolume uses Real-ESRGAN [85] to up-
scale outputs, with different modes for quality and speed.

3.1.2  Real-time Module (Renderer). The real-time module provides
functionalities that allow artists to interact with trained models in
real time, offering direct manipulation and fine-grained control of
latent space, model bending and blending, and interactive features
(Figure 2).

(1) Latent Space Navigation Features. Latent space can be ex-
plored through options such as fixed seed initialization, ran-
dom walks with adjustable speed, and multiple interpola-
tion techniques (Figure 2-a). Artists can control the visual
features by adjusting parameters such as global noise and
truncation (Figure 2-b). Users can mark points in the latent
space and loop between them as keyframes, enabling curated
explorations (Figure 2-c). Pre-calculated directions from the
offline Feature Extraction can also be loaded and explored
in real-time (Figure 2-d).

STraining quality depends on the dataset’s size and coherence.
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(2) Model crafting features [1]. Trained models can be manipu-
lated by applying transformations to internal model layers
(model bending [14], Figure 2-e) or mixing layers from multi-
ple models (model blending or mixing [63], Figure 2-f), both
of which help push outputs toward experimental or abstract
aesthetics and beyond the original training distribution [13].

(3) Interactive Features. The real-time module supports Open
Sound Control (OSC), a commonly used protocol that en-
ables real-time data exchange and control. For example, this
enables audio-reactive installations where interface parame-
ters, like interpolation, are controlled through audio signals
in real-time. The generated visuals can be sent through the
Network Device Interface (NDI) protocol to other software
for additional post-processing (Figure 2-g).

(4) History Keeping. Users can save presets that capture the full
state of a session for reuse in future sessions (Figure 2-h).

3.1.3  User Workflow. A typical workflow in Autolume reflects
this integration of offline and real-time processes. An artist may
begin by using the Model Training module to train a model from
scratch on a small dataset, or to fine-tune an existing model using
the same interface. Once training is complete, the resulting model
can be loaded into the Real-time Module (Renderer), where the
artist explores and navigates its latent space through continuous
interaction and direct manipulation. This phase also supports model
bending/blending for additional visual exploration, and interactive
features for live or installation contexts. In addition, tools such as
Latent Space Projection, Feature Extraction, and Super Resolution
can be used to extend this workflow for more advanced control,
refinement, and preparation of outputs for final production.
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Figure 2: Extended view of Autolume’s real-time module: (a) model loading and basic latent space navigation, (b) global noise
parameters, (c) latent space interpolation, (d) Semantic feature directions, (e) per-layer model bending and manipulation, (f)
layer-wise model mixing, (g) NDI or Network Device Interface protocol setup, and (h) preset saving. The image in the interface
is generated from a model by Erica Lapadat-Janzen and Philippe Pasquier. More at: https://www.metacreation.net/projects/

dreamscape

3.2 Workshop Design

Two in-person workshops in Toronto and Montreal (October 2024)
and one online workshop (April 2025) were held, with 11, 14, and 42
attending, respectively. Each workshop spanned two consecutive
days, with each day consisting of a 3-hour session.

3.2.1  Procedure. On the first day, facilitators (and participants dur-
ing in-person workshops) briefly introduced themselves, followed
by two introductory presentations (see 3.2.2 below). The session
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continued with demonstrations of Autolume’s basic features, cover-
ing both offline and real-time modules, described in Section 3.1. The
session concluded with a demonstration of the model training mod-
ule, showing how to select datasets, adjust hyperparameters, and
monitor training. Facilitators presented sample datasets, trained
models, and training process snapshots illustrating successful train-
ing progression (e.g., similar to Figure 1). Participants then initiated
their own training runs, using either personal datasets or provided
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samples. These sessions were set to run overnight to produce re-
sults.

On the second day, participants optionally shared training results,
with both successes and failures discussed for collective learning.
Facilitators then demonstrated advanced features, including feature
extraction, latent space projection, and interactive control via OSC.
The workshop concluded with an optional focus group discussion
and an individual survey (see 3.2.3 below). Figure 3 shows pictures
from the workshop.

Figure 3: Pictures from the workshops, showing participants
discussing the results of training (left), and a presentation
showing examples of GAN training (right).

3.2.2  Educational Component. The first presentation outlined re-
cent research by the authors, highlighted issues with large-scale Al
systems (some discussed in Section 2.2), and introduced small-data
approaches as a potential alternative. Furthermore, the first presen-
tation introduced Autolume and positioned it in relation to other Al
systems and presented sample artworks created with it. The second
presentation introduced Generative Adversarial Networks (GANSs)
for a non-technical audience, explaining core concepts such as un-
conditional generation, GAN architecture, and the training process.
Special emphasis was placed on latent spaces, illustrated through
artistic examples of latent space navigation to aid comprehension.

3.2.3 Research Component. At the end of the workshop, partic-
ipants were invited to take part in an optional focus group and
post-workshop survey. Those who chose to participate were asked
to complete an online informed consent form on Simon Fraser
University’s Microsoft Forms. The workshops were offered as free
educational sessions on Autolume, which is a free and open-source
tool. Participation in the research components was optional and
took place only after the educational portion was completed. All
participants provided written consent prior to engaging in the study.
An ethics approval was obtained for all workshops by the REB at
Simon Fraser University, Canada.

3.3 Data Collection

Focus groups were employed to elicit impressions from a wide
range of artists regarding the concepts underpinning Autolume:
small data and model crafting. Rather than measuring direct ef-
fects, these discussions aimed to examine artists’ considerations
regarding small-data approaches to creative work —specifically
authorship, creative control, and aesthetics— to inform design op-
portunities for future Al art tools.

To encourage engagement, groups were kept under eight par-
ticipants. In-person workshops involved single-group discussions
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(7 in Toronto, 6 in Montreal), while the online workshop was split
into three randomly assigned groups (6, 5, and 2 participants), each
moderated by a researcher. A prepared question set (Appendix A.2)
guided the semi-structured sessions, with follow-ups used when
relevant to the research questions.

Five focus groups were recorded, online sessions via Zoom and
in-person sessions with a Zoom H4n portable recorder, yielding 3.5
hours of audio. Recordings were transcribed using a locally run AI
service, and the first two authors reviewed them for accuracy and
familiarization.

To triangulate our focus group findings, we also administered
an individual post-workshop survey. All respondents completed
the survey after gaining hands-on experience with Autolume. The
participant pool (N = 25) included focus group attendees (sur-
veyed in conjunction with discussion sessions) as well as artists
who attended only the workshop’s educational component. The
goal of the survey was not to conduct a summative evaluation,
but to provide participants with a private space to share thoughts,
thereby counterbalancing potential group dynamics or modera-
tor/authority influence. Finally, the instrument included both qual-
itative and quantitative items (Appendix A.3) designed to mirror
our research inquiries, covering subjective perceptions of usability,
creative control, authorship, and aesthetic qualities.

3.4 Participants

We recruited participants for both in-person and online workshops
through multiple channels. The Metacreation research lab’s email
newsletter (with 2950 subscribers) served as the primary announce-
ment platform, while our partner institutions in OCAD University
in Toronto, and NAD (Ecole des arts numériques, de ’animation
et du design) and SAT (Society for Arts and Technology) in Mon-
treal also circulated the call through their networks. The workshop
description emphasized accessibility for artists across all visual
disciplines and technical backgrounds (Figure 4), from those ex-
ploring generative Al for the first time to those seeking to deepen
their engagement with personalized and interactive generative Al
workflows. We particularly encouraged artists interested in training
Al models on their own datasets, asking them to prepare images
or videos of their artworks or other ethically sourced content in
advance.

Interested artists completed a registration form about their back-
grounds and prior experience with generative Al (Appendix A.1).
In-person workshops were capped at 11 participants in Toronto
and 15 in Montreal, due to the limited availability of GPU-equipped
computers at partner institutions. We prioritized artists with rele-
vant backgrounds and who brought their own datasets. The online
workshop had no participant limit, as attendees used their personal
computers.

We received 42 sign-ups for the in-person workshops and 76
for the online session. Ultimately, 25 attended in person and 42
attended online. As focus groups were optional and held on the
second day, only a subset participated: 6 in Toronto, 5 in Montreal,
and 13 online. Participants’ artistic practices spanned photography,
printmaking, painting, sculpture, dance and animation to work in
immersive experiences (AR/VR), audio-visual performances (includ-
ing VJing), interactive installations, game development, storytelling
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and creative coding. Most had used at least one LTGM such as Mid-
journey or DALL-E (Figure 4). While most identified primarily as
artists, about half also identified as educators or researchers. In
terms of generative Al experience, the distribution formed a bell
curve skewed toward higher experience and use: most participants
knew the basics and used genAl occasionally, about a third were
experienced or frequent users, and a smaller group had little or no
technical experience.

3.5 Data Analysis

We employed a reflexive thematic analysis (RTA) approach, as out-
lined by Braun and Clarke [11], to systematically identify, analyze,
and report patterns of shared meaning within our dataset. We chose
this method over a codebook approach due to the complex and of-
ten conflicted relation of generative Al to artists and their practices,
requiring an approach grounded in reflexivity and humility. The
interpretive flexibility of RTA allows us to capture the diverse and
sometimes contradictory opinions voiced by our participants. We
used NVivo 14 for data management and initial coding and Miro
for collaborative theme development, as detailed below.

(1) Data Familiarization and Coding: Analysis began with data
familiarization. The first two researchers, responsible for
data analysis, independently listened to all five workshop
recordings to capture nuances and verify transcript accu-
racy. Following transcription, the data were imported into
NVivo 14 for coding. To foster reflexivity and develop a rich,
multi-perspective interpretation, we undertook an iterative
and collaborative coding process. Both researchers indepen-
dently open-coded all workshop transcripts, meeting after
each to compare our codes, discussing similarities and dif-
ferences in our interpretations. These discussions helped
us refine our understanding of the data and challenge our
individual assumptions. This process resulted in over 450
codes when the codes of both researchers were aggregated.
This approach enabled us to use our differing interpretations
as an analytical tool, revealing nuanced patterns from the
granular data (i.e., in Miro) that might have been lost in an
earlier reconciliation (i.e., in NVivo 14). During our discus-
sions, we paid close attention to where our interpretations
converged and diverged. When a text segment’s ambiguity
prevented reliable interpretation, we excluded it to preserve
the robustness and clarity of our findings.

(2) Collaborative Theme Development: Once the coding was
complete, we exported data to Miro for theme development.
We eliminated redundant codes and organized the rest into
high-level categories: aesthetics, authorship, effort/control,
interactivity, model/interface understanding, complexity, small
data, training, crafting, hardware, comparisons, plans, bugs,
suggestions, liked, and unclear. We then clustered codes
by shared meaning to visualize connections and formulate
themes. Miro and NVivo 14 facilitated quick reference to the
underlying text, ensuring the analysis remained grounded
in the data.

(3) Analytical Approach and Refinement: Our analysis combined
inductive (data-driven) and deductive (theory-driven) ele-
ments: themes primarily emerged from the data, but our
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research questions guided initial high-level categorization.
We analyzed discussions primarily at a semantic level, as
the focus group data offered limited context on individual
participants. When latent interpretation was required, it was
informed by broader debates and developments in genera-
tive AL Theme development was recursive, with continual
checks between codes, themes, and quotes to ensure a co-
hesive, accurate account. The quotations reproduced here
were lightly edited for clarity.

3.5.1 Researchers Positionality. The first two authors conducted
the analysis in this paper under the guidance of a senior supervisor
and an expert in qualitative research.

o First Author:Iapproach this research as a PhD student with
a background in computer science and specialized training
in Human-Computer Interaction and Al. My prior research
involves building tools for various creative practitioners, in-
cluding game designers, architects, and visual artists. While I
am not formally trained as an artist, my personal engagement
with creative coding and generative art projects situates me
as an "insider" to the practices and discourses of creative
Al This positioning provides me with a shared vocabulary
and a deep familiarity with the tools and values of these
communities, which inevitably influenced how I formulated
research questions and interpreted participant responses.

e Second Author: I am a PhD researcher with a background
in physics, which allowed me to learn machine learning
through technical literature. Over time, I adopted an inter-
disciplinary approach bridging arts and technology, using
Al both as a research subject and as a medium for artistic
practice. This dual orientation gives me technical and expe-
riential perspectives as an active Al artist. I have worked
extensively with Autolume and am an experienced user. In
facilitating workshops and co-analyzing transcripts with the
first author, my expertise inevitably shaped how I framed
content, guided participants, and interpreted data. While
participants’ words formed the basis of the analysis, themes
were co-constructed through the interplay of their accounts
and my interpretive lens.

As members of the Autolume team, the first and second authors
possess an intimate technical familiarity with the platform. While
this dual role enabled them to provide expert guidance and present
realistic, practice-based case studies, their proximity to the tool may
have influenced participant engagement and data interpretation. To
maintain qualitative rigour and mitigate potential bias, the research
process incorporated independent supervisory oversight, collabo-
rative coding, and multiple rounds of discussions. Additionally, an
independent follow-up survey offered a space for candid responses
away from the influence of the researchers or other participants.

4 Findings

The analysis produced three major themes around impressions of
small data, creative practice considerations, and the learning pro-
cess. Overall impressions of Autolume were very positive (even
thankful, some called it “historic”), with participants appreciating
the easy installation, quick visual feedback and the ability to get
personal results quickly. Many highlighted model training as an
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Figure 4: The backgrounds of the artists who participated in the focus groups. Covers their current role, and their generative Al
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advantage over other tools, noting the freedom that training pro-
vides, and a recognition that it covers most bases needed for artistic
practice (pre-processing, post-processing, and interactivity).

4.1 THEME 1: Small Data and Autolume’s
Promise

Many participants viewed "small data" as a strength, linking it to
creative nuance and the development of a personal artistic voice.
Multiple participants highlighted the ethical benefits of local pro-
cessing, while several specifically valued the safety of offline sys-
tems compared to cloud-based alternatives. Regarding authorship,
some felt increased ownership through model training, whereas
others valued the partnership felt in text prompting. While one
participant questioned the authenticity of AI compared to tradi-
tional media, others saw the tool as a way to revisit existing work.
Finally, many participants expressed frustration with text systems
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and preferred direct visual control, though some acknowledged the
specific creative control text inputs offer.

4.1.1 "There is beauty in the small". Many participants expressed
a generally positive sentiment toward the concept of small data,
viewing training with small datasets as a strength and a rich area
for exploration, often connecting it to the ability to achieve greater
creative nuance. Others associated it with increased freedom, at-
tributing this to the ability to train their own models and explore
endless permutations. One participant stated “there is beauty in the
small”, in reference to advantages they see in small-data approaches
in contrast to the prevalent large-scale Al systems.

Participants also linked the small-data approach to the devel-
opment of a more personal artistic voice, especially in contrast
to text-to-image systems, and saw it as a means to produce more
specific and nuanced results. In this way, they described model
training through Autolume as a tool that could support and amplify
artists’ unique voices. One participant remarked: “what’s nice is



DIS ’26, June 13-17, 2026, Singapore, Singapore

that it feels like you can get really hyper specific, especially when it
comes to thinking about a place or person. It kind of allows you, in
some ways, to inject a little bit more of yourself into the model”. How-
ever, regarding the term small itself, a few participants expressed
uncertainty about the scale of small data “is it 50 samples to 5007 or
50 samples to 50,0007 For me, if it’s under a billion data points, it’s
small”.

4.1.2  Ethical Resonances of "Small". Many participants highlighted
the positive ethical dimensions of the small-data approach. Some
described it as an “anti-capitalist” alternative and a way to address
the energy consumption concerns associated with large-scale mod-
els. One participant remarked: “the beauty of the small is the amount
of data processing and energy being used by the system, if it’s local
rather than cloud rendering”.

The local nature of Autolume was also viewed positively. Sev-
eral participants expressed concerns about cloud-based Al systems,
citing perceived privacy and safety issues related to uploading their
data. One participant mentioned: ‘It definitely didn’t feel safe with
uploading pictures online”. Some noted that they would only upload
data already available online, considering local Al to be a safer and
more trustworthy option. One participant noted that for political
work or high-tension issues, keeping data offline is a matter of
“security, even survival’.

4.1.3 My Data, My Model! Some participants described an in-
creased sense of authorship, which they associated with being
able to train their own models and having greater control over the
data and model parameters. One participant mentioned: “using your
own corpus gives one a sense of authorship”. Another participant
said: “T do [feel more ownership], because I'm controlling what goes
into it and how it thinks”. For some, this sense of authorship was
greater than through prompting, while for others it was still not as
strong as experienced with coding, as one participant noted:

“..the prompt is not my creation. But I don’t have this
feeling in your product because I have the capability to
train the machine by myself.”

However, it was noted that prompting can offer more control over
outputs and foster a stronger sense of partnership in the creative
process, whereas Autolume was often seen as providing machine
learning as a tool rather than as a competitor to artists.

‘It’s an interesting balance between prompt pasting,
where I feel like I have more control over the output
being created. I feel a little bit more involved in the
process of what comes out. But with small data, it feels
like what I'm putting into it is really my own. So I guess
it’s on which level of interaction does ownership come
in?”

4.1.4 A Qualified Authorship. A sense of authorship was also as-
sociated with participants’ understanding of model training and
with having more control over inputs. As one participant put it: 7
think understanding how to ... get that sense of authorship, I think it’s
understanding how to train better first”. At the same time, at least
one participant framed authorship as “distributed between the model
and the outputs”. Finally, one participant suggested that Autolume
should take a clear stance on the legalities of authorship to help
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users "align with the ethic" of the tool, noting that a clearer un-
derstanding of intellectual property and the legalities surrounding
authorship could influence their perception of it.

4.1.5 The Old, the New, and the In-between. One participant re-
flected on the authenticity of creating with Al comparing it to more
traditional media. Although the group expressed general excite-
ment about Al this participant questioned whether it can support
a genuinely authentic form of expression. They also described a
perceived gap between Al (and other computer-mediated) art and
traditional art, and tended to associate greater authenticity with
the latter.

“From an artistic point of view, I'm still struggling with
whether it feels genuinely authentic to me deep down,
as perhaps traditional painting.”

While some questioned the authenticity of the experience of
creating with Al in contrast to traditional media, others saw in
model training an opportunity to revisit an existing body of work
or a previous artistic practice, or expressed a desire to revisit a
traditional medium, knowing that they could feed what they created
to Autolume.

“It has definitely made me want to sketch more on paper
with watercolour. I really miss working like that and
generating new things with Autolume, and exploring
new things that I can create with that.”

These participants saw Autolume as offering new potential for
derivative work based on their existing artworks (e.g. recorded
videos or paintings) through latent space exploration or the dis-
covery of connections between data points through navigating the
"in-between" spaces in the latent space.

“If we can use our own data, we can explore kinds of
connections between that. Maybe reveals some of the
gaps within that as well, or that we can explore it sort
of critically.”

4.1.6  Direct Manipulation is Worth a Thousand Words. Frustration
with prompt-based systems was a shared sentiment among many
participants. They described challenges such as lengthy prompting,
the difficulty of precisely describing what they meant, and misalign-
ment between inputs and outputs. Many participants expressed
positive feedback on Autolume’s direct manipulation controls and
indicated a preference for the interface’s interactive and visual
control over prompting. There was a recurring sentiment that re-
finement through prompting reached a point of diminishing returns
when additional prompting no longer improved results.

“With the large language models, I feel like there’s a
ceiling where, after a certain point, no matter how much
you rearrange your text prompt, it’s not going to get
any better or closer to what you want. And I didn’t feel
that here.”

However, some participants mentioned the level of control pos-
sible over the outputs in prompt-based systems (‘T want to bring
more details, I can add keywords”) and described them as offering a
stronger sense of co-creation.
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4.2 THEME 2: Creative Practice and Artistic
Potential

Many participants adopted the term "crafting” to describe their
practice with Al and showed excitement for it, while emphasizing
the importance of community resources. In terms of aesthetics, sev-
eral described GAN visuals as familiar "morphing" that Autolume
makes accessible. Others felt unable to form a conclusive opinion
due to limited experience or a desire for longer engagement, while
some argued that using the tool is itself a distinct aesthetic choice.
Participants often appreciated the visual cohesiveness of the re-
sults, though one noted a trade-off in reduced diversity compared
to large-scale models. Several participants highlighted the advan-
tage of real-time interaction, particularly in combination with small
data, while many saw potential in the OSC feature for interactive
installations.

4.2.1 Model Crafting as Evolutionary, Creative, and Communal Prac-
tice. Participants found "crafting” a rich analogy for imagining pos-
sibilities with Autolume, and multiple participants adopted the term
in their responses, often extending it to encompass both model craft-
ing and dataset crafting. One participant described model crafting
as an evolutionary process, where models can be mixed, mutated,
and branched. Model mixing, in particular, was described as “smart”
and enabling “going beyond imagination”. Mixing and bending mod-
els were highlighted by some as especially promising for gaining
greater creative control. Participants also emphasized the impor-
tance of community and shared resources, such as models, datasets,
and metadata. They drew parallels to existing LTGM repositories
where artists share images along with the prompts, models, and
parameters used to generate them. Similarly, participants expressed
interest in accessing others’ training hyperparameters, seeing it
as useful in successfully training their own models. Some viewed
access to trained models as a key step in lowering barriers to entry
and making the remaining features on the interface more accessible.
Beyond technical exchange, participants highlighted the value of
community for learning, noting that seeing others’ work helped
them in thinking about their own process. Finally, some envisioned
co-operative model training as a way to overcome hardware limita-
tions and reduce reliance on “corporate structures”.

4.2.2  GAN Aesthetics: Familiar, Yet Unsettled, and a Choice. Partic-
ipants described Autolume’s aesthetics as resembling “morphing”,
“interpolation” or “fractals” —a familiar, predictable look, but one
that Autolume made accessible and controllable: “The artist has more
control over lots and lots of parameters, which they wouldn’t have
had before”. At the same time, several participants noted that they
could not yet form a conclusive opinion on Autolume’s aesthetic,
fearing that such judgment might “be born of inexperience”. We
acknowledge these views may have been shaped by the workshop
materials, which largely featured morphing visuals and smooth
interpolations.

Some participants associated Autolume with a distinct GAN
aesthetic, to the point that, according to one participant, working
with Autolume constitutes a creative aesthetic choice in itself.

“Tt feels like this is almost just a different medium ... I
make the decision to use this, it’s saying a very specific
thing visually”
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4.2.3 The Trade-off Between Cohesiveness and Diversity. Several
participants appreciated that the results appeared visually cohesive
and consistent with their training datasets, as one participant stated:
“It’s so interesting that Autolume creates the same works with the
consistent colour palette and emerge them. And somehow it saves the
textures for you. And it’s so interesting to see them consistently emerge
in one another”, while another appreciated how they could control
the diversity of the results by varying the training set:

“Then if we wanted to add more dynamics to it, we bring
in other images with different compositions. So I think
the idea that we can use our own data is really nice.”

One participant noted a trade-off: while small data allows for
achieving specific outputs, the diversity is not "comparable to the
kinds of diversity of outputs I can get from ChatGPT"

Participants also expressed a general concern that Al tools like
Autolume, when constrained for ease of use, risk producing homo-
geneous results. One participant noted that a tool’s signature style,
while “special”, “could lead to similarity in the long run”. Another
articulated a trade-off they perceived: design constraints intended
to make a tool “easier” might ultimately risk funnelling many artists
toward similar-looking work.

4.2.4 The Best of Both Worlds: Small-Data and Direct Manipulation.
Several participants appreciated the real-time interaction in Autol-
ume and the many ways it allowed them to explore a trained model.
They described the ability to navigate the latent space interactively
as a key advantage over other approaches, such as code-based GAN
training/inference or the now-discontinued GAN module in Run-
way.

“Yeah, I think the most important part of this program

is the connectivity with interaction. Because in that case

[Runway], you don’t have this possibility and it’s very

important for like visualization.”

This direct manipulation was particularly valued by some in
contrast to prompting systems. One participant stated: T really liked
the affordances of the control over the dataset and being able to quickly
get feedback with the way you’ve parameterized everything”. Another
participant mentioned: “I mean, you can just change anything with a
click of a button or dragging some items that seem to be working at the
end”. Finally, participants felt the benefits of real-time interaction
were especially clear in combination with the small-data approach.

“If you’re trying to understand what’s going on with
your model, you can build your small data model or
your sort of boutique model, and then be able to see
those changes right away.”

4.25 Autolume in Action: Inspiring Performances and Installations.
The OSC feature sparked many ideas among participants, who saw
it as a way to create interactive installations, enable embodied la-
tent space navigation (e.g., through dance), or position Autolume as
an intermediary interface that communicates with other software.
Many of the ideas participants mentioned for future use focused
on Autolume’s real-time and interactive capabilities, including con-
cepts for live visualizations and its integration into installations,
performances, and multimodal setups where different inputs could
be connected through OSC to control the generated outputs.
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4.3 THEME 3: The Learning and Training
Process and Its Challenges

Several participants found the underlying technical terminology
difficult to grasp, though many credited the workshop materials
with clarifying core concepts. Some felt the workshop lowered en-
try barriers, while others emphasized the value of peer learning.
Participants with teaching roles suggested the tool could support
pedagogy in their own classrooms, particularly because the inter-
face components map to the ML process. To improve the training
experience, participants proposed features such as tooltips and glos-
saries, along with clearer system feedback. Many also noted that
training takes significant time, which could present a barrier to
adoption; at the same time, some felt this time for experimentation
was necessary to learn how to align the ML process with their
creative goals. Finally, some drew on analogies to make sense of
the interface and the ML process behind it.

4.3.1 Building Confidence through the Learning-Doing Cycle. Sev-
eral participants mentioned that the underlying ML concepts and
technical terminology were difficult to grasp. One participant noted:
‘I don’t understand any of the terminology. It is all gobbledygook in a
way”. Another participant mentioned: ‘T haven’t gone through trial
and error to find out the difficulties, not just of Autolume, but actually
the Al concepts behind it, which are sometimes quite sophisticated”.
It was also mentioned: ‘T don’t agree that the UI is that much easier.
I mean, you have to be actually aware of the whole process behind
the machine learning”.

Many participants said workshop materials (Section 3.2.2) clari-
fied core ML concepts (GANS, latent space). Some have used Au-
tolume before, and the workshop improved their use of the tool.
They emphasized that understanding these concepts was key to
navigating the interface and credited the workshop material for
contributing to that understanding.

“T've been learning more intellectually what machine
learning is and all these terms, GANs, VAEs, whatever.
I've heard of them, but I don’t know what it means. But
then with this workshop, I can kind of piece it together.”

Some participants even noted that the workshop helped lower
the barrier to getting started with Autolume. As one participant
stated: “Tt just seemed incomprehensible without having had this
training”. The workshop gave these participants the confidence to
experiment with the system. Similarly, others noted that seeing
the work and perspectives of fellow participants enhanced their
own learning and influenced their creative process. One participant
stated: “it was really important to see how other people ... were think-
ing, to change how I was thinking about my own process with the
software”.

4.3.2  Autolume as a Pedagogical Tool. Some participants said Au-
tolume clarified ML concepts, as its interface embodied the algo-
rithm: T find it fascinating how you embody this whole machine
learning algorithm that is behind this”. Participants with teaching
roles suggested Autolume could serve as a pedagogical tool for
teaching latent space or integrating into courses they teach, noting
that it bridges theoretical and practical ML knowledge, with one
planning to use it for "collaborative art projects" due to the quick
turnaround time.
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4.3.3 ML as Material: Hard to Train, Easy to Play with. The depen-
dency on understanding machine learning concepts was especially
evident when it came to model training. Many participants found
the training process (including dealing with training data) chal-
lenging overall, describing it as confusing, mysterious, or generally
less clear than working with models in the real-time module. As an
example, one participant said: “.. for me, it’s the training model part,
which was like, oh, what’s going on?”. Some also noted that other
processes and functionalities became clearer after going through
model training once.

Participants suggested that additional training examples and dis-
cussions of failure cases would help them better grasp the training
process. To improve explainability, they proposed including default
or recommended hyperparameters, tooltips, links to resources, and
diagrams or glossaries for machine learning concepts like training
and latent space. They also recommended novice-expert modes to
support varying levels of expertise.

To support model training, one participant envisioned a script
that could scan datasets and suggest optimal subsets for training,
while another expressed a need for system feedback to indicate
whether the training process was progressing effectively.

Finally, multiple participants described the real-time module as
easier to grasp than training, as it enabled experimentation without
deep technical knowledge. Training, by contrast, required additional
conceptual understanding.

4.3.4 It Takes Time, and | Need Time! Multiple participants noted
that both training and learning to control it required significant
time. Some were surprised by its length, and others saw it as a
barrier to adopting Autolume: “.. if it takes two weeks of running
my computer, you know, every night before I see results, then I don’t
think it’s like a jump on the bandwagon kind of moment”. They also
raised concerns about limited GPU access for some artists as an
equity issue.

Several participants mentioned they needed more time with
the interface before judging its aesthetics or creative control. One
participant stated: “.. there’s so many more opportunities there that
I can’t judge it simply off of my inexperience, but there are many
more aesthetic possibilities than I think”. Some participants found
it difficult to steer training toward desired outcomes and felt they
needed more experimentation and experience with training and
data curation to better align the process with their creative goals and
explore the system’s affordances. This reflected an overall learning
curve: “it takes a little bit to understand what you can do with it”.

4.3.5 Analogies for the Unknown. Some participants utilized analo-
gies to understand the interface, likening the sliders to DJing or
audio layering. Overall, participants found analogies useful for un-
derstanding both the interface and the underlying concepts, as one
mentioned: “Anytime there’s a practical, physical example that could
be an analogy that would really help people on board’.

The analogy of crafting was seen as a rich framework for imag-
ining possibilities with Autolume. Many participants adopted the
term “craft” in their responses, using it to refer to both data and
model crafting. Model crafting was also described by one participant
as an evolutionary process, where models are mixed, mutated, and
branched. The discussion around small data and crafting led some
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participants to speculate about the future of “artisanal datasets” or
‘craft AT”.

“.. this is the flavour of craft Al from 2025. This is what
... artisanal dataset would look like that you wouldn’t
have a company generating.”

4.4 Survey Results

Post-workshop survey results largely corroborated the qualitative
analysis from the focus groups.

4.4.1 Qualitative Questions. The survey results generally align
with the qualitative themes, highlighting both the perceived bene-
fits of small-data practices and the practical frictions of working
with them. Consistent with the findings regarding increased sense
of authorship in 4.1.3, many respondents valued the “creative owner-
ship” and “precision” associated with training on personal datasets,
and several contrasted this with the more opaque nature of main-
stream text-to-image tools, which some explicitly described as a
“different medium”. The survey also mirrors the pedagogical duali-
ties in Theme 3: while participants praised the system for “lowering
the entry barrier” and demystifying ML concepts (highlighted in
4.3.1 and 4.3.2), they also reported a “learning curve” around dataset
selection and difficulty anticipating or diagnosing training failures,
reinforcing the idea of model training as a major challenge in 4.3.3.
Finally, consistent with the need to spend more time with Autolume
in 4.3.4, respondents frequently withheld judgment on aesthetics
due to a need for extended engagement.

4.4.2  Quantitative Questions. Participants reported a strongly pos-
itive experience with Autolume. Similar to the overall positive
sentiment toward the small-data concept reported in 4.1.1, 56% of
participants reported Very Satisfied and 44% Satisfied with Autol-
ume, with no dissatisfaction reported. Aligned with the training
challenges highlighted in 4.3.3, the biggest friction point was Train-
ing Models (45.8%). This was followed by Model Mixing (25%) and
the OSC/Audio Module (25%) as other challenging features. This
also aligns with more mixed usability ratings: only 40% found the in-
terface Intuitive/Very Intuitive, while most rated it Moderate (44%)
and 16% Complex. Even so, ease-of-use skewed neutral-to-positive
(50% Neutral, 42% Easy/Very Easy, 8% Difficult), and participants
reported strong creative outcomes, with 72% agreeing they had
creative control and 80% feeling authorship over outputs, which is
in agreement with the increased sense of authorship reported in
4.1.3. Perceived fit and value were also high: about two-thirds said
the tool aligned with their artistic practice (33% Neutral, none neg-
ative), most felt outputs were at least Somewhat Aligned with their
aesthetic vision (64% somewhat, 20% well), and 83%+ agreed it was
useful, culminating in a strong adoption signal, with 92% saying
they would integrate Autolume into their practice, reinforcing the
inspirational role of Autolume mentioned in 4.2.5.

Overall, the post-workshop survey results are largely consistent
with the findings from the focus group discussions, particularly
around authorship, creative control, and the challenges of model
training, with no major discrepancies observed. While the survey
reinforces key themes, it does not introduce significant new insights.
The primary additional contribution lies in more explicit feedback
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on interface usability, highlighting areas for potential refinement
in ease of use and intuitiveness.

5 Discussion

In this section, we interpret our themes in light of prior work as
they relate to our research questions: Theme 1 "Small Data and
Autolume’s Promise" mapping to RQ1; Theme 2 "Creative Practice
and Artistic Potential" mapping to RQ2; and Theme 3 "The Learning
and Training Process and its Challenges" mapping to RQ3.

5.1 RQ1: Impressions of Small Data and Model
Crafting

There is beauty in the small, as some participants stated, but the
beauty may be hidden by the demanding and technical nature of
model training.

5.1.1 Personal, Unique. The concept of small data resonated strongly
with artists in our study as an appealing alternative to large-scale
models. They valued training on their own datasets for emphasiz-
ing authorship and enhancing creative control, noting that models
crafted from small data reflected their unique aesthetic and context.
This aligns with prior arguments that giving creators ownership of
training data and models can strengthen their sense of agency in
art-making [2, 16].

5.1.2  Locality, Privacy, and Ethics. Ethical concerns strongly shaped
artists’ views of small-data AI. While small data does not inher-
ently require local training or inference, Autolume’s local and small
aspects often intersect in participants’ reflections. Training on per-
sonal computers with personal datasets was seen as a way to avoid
exploitative data practices and power asymmetries of large-scale
Al Some participants referenced negative experiences with cloud
platforms, such as Runway discontinuing GAN training and delet-
ing users’ data, which led to the loss of generated work and original
datasets (For more, see [56]). However, participants highlighted
accessibility challenges in local, small-data workflows. The need
for high-performance GPUs and long training times discouraged
spontaneous experimentation, raising equity concerns by poten-
tially excluding the same marginalized groups this approach could
empower. Although the GAN models in Autolume can run on lower-
end hardware relative to the hardware requirements of diffusion
models, slower training may shift the experience from fluid explo-
ration to a constrained process. Ultimately, tool designers should
address hardware and knowledge barriers to ensure small-data Al
remains an inclusive alternative.

5.1.3 Challenges to Small Data. The small-data approach presents
notable challenges in model training. Despite Autolume’s no-code
interface, participants found the process conceptually and techni-
cally demanding due to a lack of understanding of core ML concepts
(e.g. how GANs work and how to effectively train them). A sim-
ple user interface that abstracts complexities away may not lessen
this knowledge barrier for non-technical artists. These findings
align with prior research identifying ML as a difficult "design ma-
terial” [27] and warning of co-creative "pitfalls" without system
transparency [18]. Furthermore, training generative models even
on small datasets remains a time-intensive and computationally
demanding task, requiring access to high-end GPU hardware for
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the necessary iterative refinement. The above-mentioned technical
difficulty and time/compute demands are heightened by Autolume’s
use of GANs, which are notoriously unstable to train and prone to
mode collapse [82], which potentially requires more iterations to ob-
tain desired results. However, while Autolume currently uses GANS,
small-data approaches are not tied to them, and future generative
models that are easier or faster to train, while offering compelling
aesthetics, may become a new de facto standard.

5.1.4  What is Small? Some participants questioned what counts as
small, noting that “for me, if it’s under a billion data points, it’s small”.
From a computational perspective, this assessment may indeed
depend on factors such as the number of trainable model parameters
or the amount of available compute. However, small data relates
less to dataset size and more to the personal or artistic purpose
behind collecting and using a dataset. This is evidenced by the
workshop study by Bryan-Kinns et al. [16] with musicians, which
suggests that small datasets are composed of self-consistent samples,
are not defined by genre, and are not compiled for generalization
purposes. Similarly, an art project focused on generating Arabic
calligraphy [77] would be considered small data even if the dataset
contains over 100,000 items, because it is designed to foreground
underrepresented art forms within the context of large-scale AL

5.1.5 Crafting Communities of Practice. Artists in our study were
interested in engaging with a community around crafting. For exam-
ple, they were excited by the idea of sharing models and datasets to
collaboratively expand their creative toolsets. Multiple participants
suggested features such as a community model repository, reflecting
a desire for cooperative training, support, and learning from others’
experiments, particularly around how to train models successfully.
This emphasis on sharing echoes the role of community in DIY and
maker cultures [49], and prompt-based art practices [22, 52] (e.g.,
success recipes like prompts and prompt templates). At the same
time, ML datasets can be sensitive because they can be learned
from and incorporated into models in ways that are difficult to
undo. It is therefore understandable that participants both empha-
sized the safety and ethical benefits of local, small-scale processing
(Section 4.1.2) and expressed a strong desire for community and
sharing (Section 5.1.5). In Bryan-Kinns et al. [16]’s study, partici-
pants wanted dataset sharing primarily for learning and exploration
rather than for model training. Prior work examining online digital
art distribution similarly highlights the role of communities and
stewards in encouraging reuse that returns value to artists [6].

5.1.6  No-Code Crafting. Participants also showed interest in ad-
vanced crafting techniques in Autolume, such as model mixing and
model bending (Section 4.2.1), which can be performed without
additional model training, through a visual interface with real-time
feedback. Participants saw them as promising avenues for artistic
exploration, but had limited time during the workshop to experi-
ment with them in depth. Future studies could examine no-code,
low-level manipulation of model weights as additional tools for
creative exploration. This includes mixing [63], bending [3, 14],
grafting [21] models or Hidden Layer Interaction [36]. These ap-
proaches support tinkering with Al models as material and can
enable creative expression with little or no model training.
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5.2 RQ2: Artist Considerations for Small-Data
Al Tools

We presented Autolume as a small-data tool, then anchored our
discussions around key concepts (Appendix A.2) that our past en-
gagements with artists and the literature revealed as pertinent to
creative practices with Al The discussions show a diversity of opin-
ions around authorship and creative control, strong stances around
ethics, a preference for local and low-resource Al tools, a desire for
more explainability, and an attunement to the distinctive aesthetics
of Al tools.

5.2.1 Control and Surprise. In our study, many artists leaned to-
ward maintaining control, valuing personal input, yet they also
acknowledged what might be “lost” in the small-data approach:
the expansive freedom that large-scale prompt-based systems af-
ford. A few even described prompting large-scale models as a kind
of partnership yielding unexpected ideas, versus the more delib-
erate, author-driven interaction with Autolume. In this context,
under-specifying prompts can introduce surprise, with the system
generating outputs beyond the artist’s initial intent. Prior work
has examined prompt journeys, where prompting is approached
as an iterative craft-like process of writing, evaluating, and refin-
ing prompts [52]. Drawing a parallel, both small data and model
crafting, as well as prompt crafting, highlight how artists negotiate
between exerting control and leaving room for serendipity. This
highlights a key design tension for creative Al tools: how to support
artists in asserting control and personal style, while still enabling
moments of surprise that can fuel creativity. This echoes prior ac-
counts of striving for a balance between control and surprise in
co-creation [65].

5.2.2  Authorship. Participants’ views of authorship were closely
tied to control. Many felt that training on their own images strength-
ened their claim over the outputs, with some stating that they felt
more ownership of Autolume’s results than of images produced by
prompting large-scale Al models. Notably, a few contrasted Autol-
ume with coding or traditional art. While they felt that small-data
and model crafting improved their sense of authorship relative
to generic Al outputs, it still did not always match the complete
creative ownership they experience when coding algorithms or
working with traditional media such as painting. These perspec-
tives suggest that authorship in Al art might be varied, emerging
at different “levels of interaction”, that of artifacts and models.

5.2.3 Authenticity. The sub-theme on "The old, the new, and the
in-between" describes contrasting views on Al, one doubtful of its
ability to enable genuine expression as with traditional media, and
another motivated to revisit traditional media or their previous body
of work through Al Similarly, artists in Rajcic et al’s study [67] saw
in personalized generative models a way to offer an "alternative
interpretation of their visual aesthetic" and to capture a "small piece
of their artistic identity". These contrasting views raise a question
of how the "genuine" sense ascribed to traditional media can be
preserved within the increasingly mediated practices of Al art [23].

5.24 Aesthetics. Al techniques are not aesthetically neutral once
they are embedded in Al art tools (e.g., Autolume as a distinctive
aesthetic choice in Section 4.2.2). Al-generated visual aesthetics
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can arise from (1) interaction, (2) training data, and (3) the training
process itself. First, aesthetics can arise from interaction. Even with
the same model, different ways of navigating a latent space can
produce different visual and temporal qualities. For example, in
response to the smooth latent spaces of GANs, some participants
wanted non-linear interpolation controls, akin to an animation
tool, while others wanted percussive jumps that break smoothness.
These changes do not modify the model, only how its latent space
is traversed. Second, aesthetics can come from training data. Gen-
erative models can learn, mix, and reinterpret an artist’s visual
aesthetic, especially when trained or fine-tuned on artist-curated
datasets. Third, aesthetics can be shaped by the training process
itself. For example, some generated visual features can be linked
to training dynamics, such as GANs’ morphing and visual indeter-
minacy [40], or LTGMs’ tendency to favour representational over
abstract imagery [88] due to their text-conditioning. Combining
small-data training and interactivity, desired by some participants
(Section 4.2.4), influences visual aesthetics on the three levels, and
can enable things like morphing through familiar data points for
what is in-between them (Section 4.1.5).

5.3 ROQ3: Design Opportunities

In what follows, we examine artists’ impressions of small data and
model crafting (RQ1), and the creative practice considerations that
surfaced during their engagement with Autolume (RQ2), to derive
design opportunities for small-data Al art tools.

5.3.1 Combining Visual Direct Manipulation, Low and High Level
Controls, with Small-data Training. Artists in our study expressed
frustration with prompting systems (Section 4.1.6), which was sim-
ilarly voiced in other studies of text-to-image art practices [52].
Instead, they preferred direct, visual manipulation over text or
code, favouring embodied and tangible navigation of latent spaces;
a shift in practice also advocated by McCormack et al. [55] and
explored in the design research of Lindley and Whitham [50]. Fur-
thermore, our participants appreciated low-level control over visual
characteristics such as colour palettes, textures, or noisiness, similar
to the granular controls offered in traditional software like Pho-
toshop or generative art frameworks like Processing or TouchDe-
signer, alongside the high-level intentional authoring controls af-
forded by prompting systems or Autolume’s Feature Extraction
module. Furthermore, many participants shared project ideas and
expressed excitement over the potential of using Autolume and
latent space navigation in interactive installations (Section 4.2.5).
The combination of training models on small personal datasets with
real-time interactivity was seen by some as particularly promising
(Section 4.2.4). The combination of the above ideas may lead to
personal, meaningfully controllable generative Al systems for Al
art.

5.3.2  Surfacing the Generative Process. Our findings in Theme 3
revealed that the "black box" nature of Al remains a barrier, even
with no-code tools. Structuring the tool’s interface to mirror the ML
process —data preparation, training, and exploration— resonated
with participants and made the interface more legible to them (Sec-
tion 4.3.2). This exposes a core design trade-off between simplicity
for novices and control for experts. Overly simplified interfaces may
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lower the entry barrier and reduce the chance of failure, but might
also reduce output diversity (Section 4.2.3) or hide the underlying
materiality essential for sustained artistic engagement [81].

This tension highlights the relevance of the nascent field of
explainable Al for the Arts (XAIxArts) [31], which advocates for
artist-centred rather than technocentric approaches to XAI [17].
Within this framework, artistic practice itself becomes a pathway to
explainability [17]. By treating generative Al as an "artistic material"
to be hacked, broken, and explored, artists can reveal the inner
workings and biases of these systems in tangible ways [12], not
just for the artist but for their audience as well [39].

5.3.3 Integrating Multiple Forms of Creative Control. Our findings
frame authorship in AI art as a spectrum. Participants reported
a stronger sense of authorship through data curation and model
training, noting that “using your own corpus gives one a sense of
authorship”. At the same time, some observed that prompt-based
systems can offer finer control over specific outputs. This suggests a
distinction between authorship at the model level (small-data train-
ing and model crafting) and at the instance level (e.g., prompting,
latent-space navigation), leading one participant to ask, “on which
level of interaction does ownership come in?”. We therefore suggest
that designers should support fluid movement between these forms
of control, for example, by integrating model crafting and small-
data personalization into new or existing creative tools [2]. Both our
study of artists” impressions of small-data workflows and Rajcic et
al’s analysis of artists’ practices with personalized LTGMs trained
on small data [67] suggest that artists prefer personalized models
over generic ones. However, difficulties in successfully training
these personalized models, as described in Theme 3, may confound
artists’ sense of authorship (Section 4.1.4).

Integrating multiple levels of control —specifically at the instance
and model levels- allows artists to navigate, adapt, and craft gen-
erative spaces [1]. This heightened engagement may enhance an
artist’s perception of their creative labour, preserving a sense of
authorship that might otherwise diminish if the output feels too ef-
fortless [67]. Furthermore, by making these controls reliable (ensur-
ing artists can successfully create or adapt models (cf. Section 4.1.4),
without getting lost in the models’ latent space or being frustrated
by unpredictable prompting [52]), Al art tools may be able to foster
a more robust sense of ownership in creators.

5.3.4 Catering to the Broader Al Art Ecosystem. Our findings high-
light the need to situate Al tools within the broader artistic ecosys-
tem. Artists sought support across the small-data workflow—from
dataset curation and training guidance (Section 4.3.3) to embodied
latent-space navigation (Section 4.1.6) and communal sharing of
models, data, and training experiments (Section 5.1.5). A recent
study [6] with visual artists (including Al/data artists) similarly
frames creative practice within a creativity supportive ecosystem,
emphasizing how sociotechnical systems shape not only creation
but also sharing, provenance, and collective negotiation around
disruptions such as generative Al Designing for artists requires
balancing needs-driven and affordances-driven approaches: while
no single tool can serve every practice, public models, open-sourced
tools, and shared community resources can enable exploration and
appropriation, as observed in other studies [19, 66] with Al artists.
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5.3.5 Small-data Al Tools for Timely Learning. Educators in our
study saw a potential for using Autolume and small-data approaches
in their teaching practice. Beyond being creative instruments, tools
like Autolume might also foster critical Al literacy. Whereas pub-
lic understanding of earlier ML systems grew gradually through
community initiatives and accessible tools (e.g., Wekinator [30],
Al literacy competencies [51]), generative Al emerged rapidly to
the public as opaque black boxes. By engaging users directly in
dataset curation and model training, small-data and model crafting
tools may turn generative Al from a commodified black box into a
tangible, malleable material [3].

6 Limitations and Future Directions

The participants’ recruitment call was open to artists from all visual
disciplines and technical backgrounds who are interested in explor-
ing generative Al or deepening their engagement with it. However,
as shown in Figure 4, most participants already used generative Al
occasionally or were familiar with specific Al tools. Consequently,
this group is not representative of the broader artist population, as
many artists abstain from Al engagement on principle due to con-
cerns such as sustainability and exploitative data scraping. On the
other hand, we may expect similar responses from artists whose
existing practices already align with algorithmic or data-driven
methodologies, regardless of their specific creative discipline.

We used focus groups to elicit diverse, rich conversations with
visual artists from varied backgrounds. This approach helped us
understand their impressions of small-data and model-crafting
practices within the complex, entangled Al art space. However,
focus groups can make it practically difficult to attribute viewpoints
to specific individuals (especially when consensus was expressed
through non-verbal cues) or to systematically compare responses
across workshops (given variability in the questions asked). Several
participants also refrained from judging Autolume’s aesthetics, for
example, noting that they would need more time with the system be-
fore forming an opinion. This underscores the value of longer-term
collaborations with artists. Such engagements, however, require
substantial artistic investment, especially when participants are
expected to curate data and train models independently, which can
make recruitment challenging.

Training low-resource models on small datasets and exploring
their latent spaces is one mode of creating visual artifacts. While
this mode foregrounds data curation and model training in ways
that align with our study, it offers limited control and visual fidelity.
Future work could examine small-data and model-crafting practices
in other creative modalities, such as training LoRA adaptations of
LTGMs and building end-to-end generative Al workflows.

This study focuses on a specific small-data approach enabled
by Autolume, which foregrounds model training and data curation
coupled with latent space exploration. While suitable for interactive
arts and abstract or ambient visuals, this approach lacks, on its own,
the granular control afforded by large-scale generative models (e.g.,
regional editing, style references, or prompting). Future research,
following Rajcic et al. [67], could examine how artists engage with
small-data practices when integrated into large-scale AI workflows
via methods such as fine-tuning or model conditioning.
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Some results of the study can be understood as specific reac-
tions to GAN models and their distinctive morphing aesthetic (Sec-
tion 4.2.2), while others are tied to the Autolume interface (Sec-
tion 4.2.5; Section 4.3.2) or to a combination of both (Section 4.3.4).
Impressions of small-data and model crafting, however, seem to
point to broader conceptual shifts in Al-driven creative practice
and may therefore remain relevant as artists transition to other
generative models and creative Al tools.

7 Conclusion

We presented a qualitative thematic analysis of five focus groups
conducted with 25 artists to elicit their impressions of counter-
initiatives from the art world to large-scale generative Al namely
small-data and model crafting, through a probe that embodies these
concepts (Autolume). The results show an excitement for small
data, including its potential for creating specific and personal re-
sults and its alignment with artists’ ethics. Training was seen as a
barrier to small data, requiring better explainability and support.
Considerations around control, authenticity, and aesthetics sur-
faced in relation to small data and Al tools in general. We conclude
by providing design opportunities for Al art interfaces: support for
direct and low-level visual control, mapping UI to ML processes,
integrating small data and catering to its broader ecosystem, and
using small data as a pedagogical tool.

Small data is not a new concept, but a general approach to cre-
ative work with Al Artists have been creating, training and adapt-
ing generative models long before the rise of LTGMs. However,
the current landscape of large-scale Al (discussed in the Critiques
section) makes this approach particularly compelling today and
helps explain the enthusiasm expressed by artists in our study. Due
to this larger context, small data may shift from a fringe experi-
mental practice used by early Al art pioneers to a core method in
contemporary, artist-centred creative work with Al
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