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EVOLVING Al MODELS: ADOPTION
PATTERNS OF TRANSFORMERS
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ABSTRACT

This study investigates the development, adoption, and implications of artificial
intelligence (Al) models by analysing a comprehensive dataset of over 316,000 models
hosted on the Hugging Face platform. Focusing on two dominant model architectures
- transformers and diffusion models - it examines their distribution across tasks, user
engagement patterns, and practical applications in domains such as natural language
processing, computer vision, audio processing, and generative media. The research
highlights the growing prominence of generative Al, the role of open-source platforms
in shaping model accessibility, and the divergence in use trends between foundational
and emerging Al tools. Drawing on correlations between downloads, likes, citations,
and model size, the paper discusses how each library’s community-driven dynamics
shape their respective strengths. Finally, the paper discusses implications for business
strategy and adoption, encompassing practical considerations like infrastructure
requirements and ethical challenges, and underscores the potential for these evolving
model ecosystems to drive innovative, human-centric Al solutions across diverse
sectors.
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INTRODUCTION

Generative artificial intelligence (AI) represents
a paradigm shift, fundamentally altering how organi-
sations and individuals approach innovation, creativ-
ity, and productivity. Transcending their origins in

purely analytical tasks, contemporary AI models
function as catalysts for novelty, generating original
ideas, challenging established paradigms, and
informing
Across diverse sectors - ranging from industry and
education to healthcare and marketing - generative
models, particularly large language models (LLMs)

complex decision-making processes.
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and chatbots, are reshaping business operations by
automating routine tasks and enabling highly person-
alised user experiences. Concurrently, the prolifera-
tion of these technologies necessitates critical
examination of human-Al collaboration, fostering
new perspectives on design thinking and innovation
strategy (Sedkaoui & Benaichouba, 2024). Trans-
former and diffusion models are among the most
impactful innovations. Transformers have revolu-
tionised language understanding and text generation
capabilities (Gupta, 2023), whereas diffusion models
have introduced new frontiers in image and content
synthesis, underscoring AD's expanding repertoire
across both analytical and creative domains (Ahirwar,
2023).

Against this technological backdrop, the present
study investigates the development patterns and dis-
tribution dynamics of AI models, with a specific
focus on transformer and diffusion architectures
hosted on the Hugging Face (HF) platform. As
a central and rapidly expanding hub for sharing AI
models, datasets, and interactive spaces (Osborne et
al., 2024), Hugging Face plays a crucial role in
democratising access to cutting-edge Al technologies
for diverse fields, including behavioural science
(Hussain et al., 2024). Recent empirical studies have
begun to analyse the complex dynamics of this eco-
system, examining challenges and benefits of model
reuse (Taraghi et al., 2024), validating claims about
platform use patterns (Jones et al., 2024), and map-
ping the structure of development activity and col-
laboration (Osborne et al., 2024). Situated within this
growing body of research, the author’s primary objec-
tive is to delineate use trends across key AI domains
specifically for transformer and diffusion models,
analyse associated user engagement metrics, and
evaluate the broader implications for innovation, col-
laborative practices, and the ethical deployment of
generative Al technologies hosted on this influential
platform.

To achieve this objective, three central research
questions guide this investigation. First, the study
identifies the predominant model architectures -
transformer and diffusion - and examines their distri-
bution across disciplines such as NLP, CV, and audio
processing. Second, it analyses how user engagement
indicators (e.g., downloads, likes, citations) diverge
between these architectural classes and assesses the
implications of these differences for practical adop-
tion. Third, it explores overarching patterns in gen-
erative Al deployment, with an emphasis on
characterising innovation trajectories, discerning

user preferences and evolving paradigms of creativity,
human-AlI interaction, and platform-mediated dis-
semination.

This research assumes transformer and diffusion
models are key Al drivers whose Hugging Face visi-
bility reflects broader trends. Engagement metrics
(e.g., downloads, likes) are treated as imperfect prox-
ies for utility and reception. Acknowledging platform
limitations, we use HF data to analyse usage patterns
and diffusion, assuming these dynamics partially
reveal wider ethical, social, and strategic aspects of
generative Al

1. LITERATURE REVIEW

1.1. TRANSFORMER MODELS

Transformer models represent a significant
inflection point in artificial intelligence, having fun-
damentally altered the processing of sequential data
(Patwardhan et al., 2023). Introduced by Vaswani et
al. (2017), the transformer architecture departed
from traditional recurrent and convolutional neural
networks by relying exclusively on attention mecha-
nisms. The cornerstone of the transformer model is
the self-attention mechanism, which dynamically
assigns importance weights to different elements
within an input sequence relative to each other. This
capability allows the model to capture long-range
dependencies more effectively than earlier recurrent
architectures, where information transmission often
degraded over extended sequence lengths (Islam et
al., 2024). Standard transformer architectures typi-
cally comprise encoder and decoder stacks, each
incorporating multi-head attention layers, position-
wise feed-forward networks, residual connections,
and layer normalisation (Vaswani et al., 2017). Archi-
tectural variations have emerged, tailored to specific
task types: encoder-only models like BERT excel at
tasks requiring deep bidirectional context under-
standing (e.g., sentiment analysis, named entity rec-
ognition), while decoder-only models such as the
GPT series are optimised for autoregressive text gen-
eration (e.g., language modelling and creative writ-
ing). Architectures combining both encoder and
decoder components - for instance, BART and T5 -
demonstrate particular effectiveness in sequence-to-
sequence transformations (Radford et al., 2019; Lewis
et al., 2020; Raffel et al., 2022; Rothman, 2022).

Beyond their origins in NLP, transformers exhibit
remarkable versatility across diverse scientific and
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industrial fields. In computer vision, transformer
models have achieved competitive, and often supe-
rior, performance compared to convolutional neural
networks on large-scale image classification, segmen-
tation, and object detection benchmarks. Transform-
ers also underpin advancements in speech and audio
processing, including automatic speech recognition
and speaker identification systems (Islam et al., 2024).
Furthermore, their capacity to model complex
dependencies has led to applications in medicine,
aiding the analysis of intricate medical imaging data
for disease diagnosis and prognosis, and even in
neuroscience and psychiatry for decoding neural
signals and modelling cognitive processes (Cong et
al., 2024). As research continues to expand its capa-
bilities and efliciency, transformer architectures are
poised to remain a central pillar of modern artificial
intelligence (Patwardhan et al., 2023).

1.2. DIFFUSION MODELS

Diffusion models represent a distinct and power-
ful class of generative methods that learn to synthesise
new data by reversing a predefined noise-injection
process (Yang et al., 2024). Conceptually, this involves
a forward process that gradually adds noise (typically
Gaussian) to the original data over a sequence of
steps until it approximates pure noise. Subsequently, a
learned reverse process iteratively denoises the cor-
rupted data, starting from noise, to generate a realistic
sample from the target distribution. Foundational
work in score-based generative modelling, which
involves learning the gradient of the log-density of
the data distribution (the score function), provided
key theoretical underpinnings for these approaches
(Song & Ermon, 2019).

A significant milestone was the development of
Denoising Diffusion Probabilistic Models (DDPMs),
which reformulated the objective and demonstrated
high-fidelity image generation by training a model to
predict the noise added at each step of the forward
process (Ho et al., 2020; Gallon et al., 2024). DDPMs
and subsequent refinements have established diffu-
sion models as state-of-the-art in various generative
tasks. Further innovations, such as Latent Diffusion
Models (LDMs), perform the diffusion and denoising
operations within a lower-dimensional latent space,
significantly reducing computational demands while
largely preserving high-quality output synthesis (Po
et al,, 2024; Rombach et al., 2022).

Diffusion models have achieved exceptional per-
formance across a diverse array of applications, par-

ticularly in visual computing. They excel at
high-resolution image and video generation, complex
image editing, inpainting, super-resolution, and
notably, text-to-image synthesis, which has garnered
significant popular and research interest (Po et al,
2024; Yang et al., 2024). Their generative capabilities
extend beyond 2D images to tasks including 3D shape
generation, audio synthesis, and motion generation
(Po etal., 2024; Yang et al., 2024). Moreover, research-
ers are actively exploring the application of diffusion
models to challenging interdisciplinary problems,
such as molecular generation for drug discovery and
material design, highlighting their potential as a ver-
satile and broadly applicable generative Al paradigm
(Yang et al., 2024).

1.3. HUGGING FACE PLATFORM

The Hugging Face (HF) platform has emerged as
a crucial ecosystem facilitating the development,
sharing, and deployment of contemporary Al models,
encompassing hundreds of thousands of model,
dataset, and interactive space repositories (Osborne
et al,, 2024). Its open-source libraries significantly
lower the barrier to entry, democratising access to
advanced Al for researchers and practitioners across
various disciplines, including the social and behav-
ioural sciences (Hussain et al., 2024).

The transformers library, in particular, provides
standardised interfaces for a vast collection of promi-
nent transformer architectures (e.g., BERT, GPT, and
T5), supporting a wide array of NLP, vision, and
speech tasks. Empirical evidence confirms the signifi-
cant preference for this library in the reuse and
adaptation (fine-tuning) of pre-trained models
(PTMs) within the HF community (Jones et al.,
2024). Similarly, the diffusers library provides
a modular framework for diffusion models, simplify-
ing experimentation with generative tasks like text-
to-image synthesis through pre-configured pipelines,
interchangeable noise schedulers, and access to
numerous checkpoints.

The platform enables straightforward inference
via the HF Hub and provides efficient fine-tuning
tools, promoting widespread model accessibility.
Beyond basic model use, Hugging Face offers robust
support for transfer learning, optimisation, and
deployment, allowing models to be adapted and
utilised efficiently  (https://huggingface.co/docs).
This  accessibility = demonstrably  accelerates
innovation across numerous fields (Hussain et al.,
2024).
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However, quantitative analyses reveal highly
skewed, Pareto-like distributions for nearly all activ-
ity metrics, including downloads, likes, and contribu-
tions, indicating that a small fraction of models and
users account for the vast majority of engagement.
Collaboration patterns also show a core-periphery
structure, with most developers working in isolation
but a densely connected core driving significant
activity (Osborne et al., 2024). While the platform
fosters community support, users face challenges
related to model understanding, implementation,
and documentation quality (Taraghi et al., 2024).
Notably, documentation quality (e.g., via model
cards) strongly correlates with model popularity
(Jones et al, 2024), yet documentation practices
remain inconsistent across the Hub (Taraghi et al,,
2024). Furthermore, the platform experiences rapid
model turnover, higher than traditional software
registries (Jones et al., 2024), and lacks licensing
information for a majority of hosted artefacts
(Osborne et al., 2024).

Despite these complexities - including skewed
engagement metrics, collaboration patterns, and
documentation challenges - the sheer scale and cen-
tral role of Hugging Face in the open AI landscape
make it an invaluable data source for analysing con-
temporary Al model trends, adoption patterns,
and community dynamics (Jones et al., 2024; Osborne
et al, 2024). Understanding the distribution and

Tab. 1. Data collection stages, tools, and key results

engagement surrounding key architectures, such as
transformers and diffusers, in this specific,
influential context provides crucial insights into the
trajectory of modern AI development and deploy-
ment.

2. RESEARCH METHODS

Data were retrieved between 15 January and 15
March 2025 using Python-based tools to combine
API queries with targeted web scraping. The Hugging
Face Hub library facilitated direct interactions with
official endpoints, while Requests and BeautifulSoup
handled custom HTML parsing. dateutil supported
date transformations and concurrent.futures enabled
asynchronous data retrieval. Collected records were
stored and organised in pandas data structures for
subsequent filtering and analysis.

In cases where publicly documented API calls
were insufficient - particularly for restricted or gated
models - the research team employed carefully con-
figured web scraping. This dual strategy balanced
efficiency (through official endpoints) with data
completeness (through supplementary parsing).
Error-handling mechanisms included retry loops,
pagination checks, and backoff strategies to avoid
rate-limit issues, ensuring a robust extraction pipe-
line. Duplicate entries were addressed by merging

STAGE TooLs

RESULTS

Hugging Face API
1. Organisational data ¢ Hueging

API i
(API queries) e retry mechanisms and logging

e concurrent.futures for parallel requests

e queried 207,831 organisational accounts

e gathered stats on models, datasets, spaces, creation
dates, modifications

e identified 6 main organisation types (companies, non-
profits, communities, universities, classrooms, govern-
ment) plus 31,414 unclassified

¢ noted top companies by team size

parsing

2. User profiles ¢ dateutil for date handling

(web scraping)

pages

e Requests & BeautifulSoup for HTML |

o follower count extraction from user | ¢ detected popular creators

mapped 56,019 individual users
e captured follower counts, organisational affiliations, and
membership

3. Model & user e multiple sorting/filter approaches

discovery

ipeline tags
(pipeli gs) dataset

e automated merging of pipeline tags
e incremental extension of a “master”

e broadened coverage of model IDs, including newly identi-
fied ones

e ensured minimal duplication by merging metadata for
overlapping entries

e established foundations for collecting model-level details
(library, tasks, licensing, usage stats)

4. Model metadata
(API + targeted scrap-
ing)

cates, filter outliers)
e merging pipeline tags
e task-based grouping

e pandas transformations (drop dupli-

o filtered out models with nonpositive storage sizes or miss-
ing fields, reducing total from 762,971 to 674,800

e focused on 316,418 models using essential libraries
(transformers, diffusers)

e vyielded final dataset of 263,850 users (organisations +
individuals)
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metadata tags, and restricted models were flagged
separately.

The retrieval pipeline unfolded in four distinct
phases, summarised in Table 1. Each phase contributed
specific data points (organisational details, user pro-
files, model identifiers, and metadata) that were ulti-
mately merged into a comprehensive master dataset.

Following data retrieval and filtering, the final
dataset captures a broad cross-section of users and
models on Hugging Face. Initially, 762,971 models
were identified; however, rigorous cleaning and the
exclusion of incomplete or invalid entries narrowed
this total to 674,800. A subsequent focus on recog-
nised tasks (e.g., text-generation and object-detec-
tion) and two key libraries (transformers and
diffusers) further reduced the number of models to
316,418. At the user level, 263,850 unique accounts
emerged in the dataset, comprising organisational
and individual profiles.

Within organisations, companies constituted the
largest group-76,210 in total - accounting for 52,384
hosted models and attracting 458,233 followers.
Many organisations hosted no models at all, but
a small subset maintained large repositories. For
instance, Mars Republic stood out with 2,549 mem-
bers, while DeepSeek commanded the highest fol-
lower count at 45,440. Other notable companies
included Cognizant, Amazon, Google, IBM, NVIDIA,
Intel, Dell Technologies, Cisco, and HUAWEI Noah’s
Ark Lab, reflecting substantial corporate interest and
capacity in Al development.

Individual users varied significantly in both
popularity and productivity. While most contributed
only a handful of models, a small but prolific group
-such as the user “team mradermacher” (mrader-
macher) with 31,728 repositories - produced a dis-
proportionate share of the platform’s outputs.
Prominent community figures included Tom Jobbins
(TheBloke), followed by Lvmin Zhang (lllyasviel),

Merve Noyan (merve), and AK (akhaliq), each draw-
ing thousands of followers. This combination of
diverse institutional participation and high-output
individual contributors underscores the platform’s
openness and the collaborative dynamics driving
model creation and sharing.

3. RESEARCH RESULTS

3.1. OVERALL MODEL DISTRIBUTION

Table 2 presents a high-level overview of the dis-
tribution of AI models across major categories - mul-
timodal, computer vision (CV), natural language
processing (NLP), audio, tabular, reinforcement
learning (RL), and other - categorised by their under-
lying library (transformers or diffusers).

Aggregating the data reveals a total of 316,418
models within the scope of this analysis, with trans-
former-based models constituting the vast majority
(280,034 models, or approx. 88.5 %), while diffuser-
based models represent a smaller but significant seg-
ment (36,384 models, approx. 11.5 %). The NLP
category exhibits the highest concentration of trans-
former models (229,875 out of 229,883 total NLP
models), reflecting this architecture’s established
dominance and efficacy in language-centric tasks
such as text classification, question answering, and
generation. Conversely, diffusers are predominantly
utilised within the computer vision domain, where
they constitute a substantial proportion (36,342 out
of 51,605 CV models, approx. 70.4 %), primarily
employed for generative processes, such as text-to-
image synthesis and image-to-image translation.

Smaller yet noteworthy domains, such as audio
and multimodal, display a more nuanced architec-
tural division. While transformers overwhelmingly
dominate the audio category numerically (26,849 vs

Tab. 2. Task-level breakdown of transformers and diffusers on Hugging Face

CATEGORY TRANSFORMERS DIFFUSERS ToTtAL
Multimodal 7129 8 7137
Computer vision (CV) 15263 36342 51 605
Natural language processing (NLP) 229 875 8 229 883
Audio 26 849 20 26 869
Tabular 115 1 116
Reinforcement learning (RL) 787 2 789
Other 16 3 19
Total 280034 36 384 316418

Source: author’s elaboration on the basis of data retrieved from Hugging Face (March 2025).
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20 diffusers), the presence of diffusers, albeit small,
points towards emerging applications in generative
audio synthesis and augmentation. Similarly, the
multimodal category, comprising over 7,000 models,
is largely driven by transformers; however, the inclu-
sion of diffusers suggests expanding use cases in
complex scenarios, integrating diverse data types like
text, images, and potentially video. Collectively, the
distribution outlined in Table 2 underscores a key
trend in contemporary Al development: established
analytical and sequential tasks rely heavily on trans-
former architectures, whereas the burgeoning field of
generative Al, particularly in visual domains, spurs
the adoption and development of diffuser models.

3.2. COMPARATIVE MODEL METRICS

This section analyses the characteristics of mod-
els across different libraries and task categories by
examining summary statistics for model size, cita-
tions, downloads, and likes, as presented in Table 3.
These metrics reveal distinct profiles reflecting vary-
ing development priorities, user engagement patterns,
and application focuses within the Hugging Face
ecosystem.

Comparing the two primary libraries, trans-
former models are characterised by a substantially
larger average size (avg. 15.05 GB) and extremely
high size variability (std 200.25 GB), likely reflecting
the prevalence of large foundational models alongside
smaller, specialised ones. They garner significantly
higher average downloads (avg. 83k) but show lower
average community appreciation via likes (avg. 2.43)
compared to diffusers. Diffuser models, conversely,
are smaller on average (avg. 6.58 GB) with less,

though still considerable, size variability (std 106.03
GB). They exhibit much lower average downloads
(avg. 22k) but receive markedly higher average likes
(avg. 5.57), suggesting a strong resonance with users,
perhaps focused on generative novelty, despite lower
overall download volume and very low average cita-
tions (avg. 0.06). This contrast highlights a potential
divergence between broad utility (transformers) and
focused community enthusiasm for specific capabili-
ties (diffusers).

Examining the major task categories reveals fur-
ther nuances. Natural language processing (NLP)
models mirror the overall transformer profile with
large average size (avg. 16.01 GB) and immense size
variability (std 219.10 GB), moderate average down-
loads (avg. 65k), and relatively low average likes (avg.
2.47). Computer vision (CV) models are smaller on
average (avg. 6.55 GB) but attract higher average
downloads (avg. 90k) and notably more likes (avg.
4.49) than NLP models, despite having the lowest
average citation count among major tasks (avg. 0.10).
Audio models stand out for achieving the highest
average downloads (avg. 160k), coupled with extreme
download variability (std 15089k), yet they receive
the lowest average likes (avg. 1.17) and relatively few
citations (avg. 0.14).

Specialised and emerging domains present dis-
tinct statistical profiles. Multimodal models, despite
lower average downloads (avg. 29k), boast the highest
average citation count (avg. 0.75) and like count (avg.
7.21), alongside a large average size (avg. 17.61 GB),
suggesting strong academic interest and community
appreciation for models that bridge different data
types. Tabular models demonstrate an exceptional
profile: minimal average size (avg. 0.56 GB) but

Tab. 3. Summary of model statistics across libraries and tasks

CATEGORY Size (GB) CITATIONS DOWNLOADS (000s) LIKES
avg. std avg. std avg. std avg. std
transformers 15.05 200.25 0.29 0.92 83 6968 243 46.61
LIBRARY
diffusers 6.58 106.03 0.06 0.35 22 731 5.57 93.85
Multimodal 17.61 70.70 0.75 2.83 29 420 7.21 70.55
cv 6.55 90.55 0.10 0.41 90 5139 4.49 80.4
NLP 16.01 219.10 0.30 0.86 65 5225 247 47.87
TAsKS Audio 11.66 73.79 0.14 0.37 160 15089 1.17 34.86
Tabular 0.56 1.90 0.28 0.61 1570 10425 5.29 18.15
RL 2.05 9.99 0.05 0.23 2 20 244 30.33
Other 5.29 8.65 0.62 0.50 958 3720 11 19.73
All models 14.07 191.81 0.26 0.88 76 6560 2.80 54.18
Source: author’s elaboration on the basis of data retrieved from Hugging Face (March 2025).
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extraordinarily high average downloads (avg. 1570k)
with significant variability (std 10425k), indicating
immense popularity for specific, likely efficient, tabu-
lar data solutions. Reinforcement learning (RL)
appears as a niche field, characterised by a small aver-
age size (avg. 2.05 GB), very low average downloads
(avg. 2k), and the lowest average citations (avg. 0.05).
The “Other” category, though small, shows surpris-
ingly high engagement across downloads (avg. 958k),
citations (avg. 0.62), and likes (avg. 11.00), potentially
representing highly impactful or novel models out-
side standard classifications. Overall, these diverse
statistical footprints underscore the varied nature of
development focus, user needs, and community
engagement across different Al application domains
on the platform.

3.3. ToP MODELS BY ENGAGEMENT

Among the most downloaded transformer mod-
els on Hugging Face, the leader is ast-finetuned-
audioset (10-10-0.4593 version), developed by the
Massachusetts Institute of Technology (MIT) and
released in November 2022, with over 2.1 billion
downloads. It is followed by bert-base-uncased,
released by Google in March 2022, which has sur-
passed 2 billion downloads. Other highly downloaded
models include wav2vec2-large-xlsr-53-english by
Jonatas Grosman and clip-vit-large-patch14 by Ope-
nAl both released in March 2022, with over 1 billion
and 860 million downloads, respectively. The list also
features gpt2 by OpenAl community, resnet-50 by
Microsoft, and xlm-roberta-large by FacebookAl, all
of which were introduced in March 2022 (Fig. 1).

Transformers:
ast-finetuned-audioset-10-10-0.4593 (2022-11-14)

[2170 670 746

bert-base-uncased (2022-03-02)
[ 2042 032 401 ]

wav2vec2-large-xlsr-53-english (2022-03-02)
[1102339 989 |
clip-vit-large-patch14 (2022-03-02)

860 807 952

gpt2 (2022-03-02)

693 674 510

resnet-50 (2022-03-16)

565 309 824

xlm-roberta-large (2022-03-02)
542 066 850

Fig. 1. Top models by downloads

This ranking reflects the cumulative adoption of
key transformer models since their respective release
dates. While many of the top models were introduced
in early 2022 - such as those from Google, OpenAl,
Microsoft, and FacebookAlI - their high download
counts may reflect longer availability rather than cur-
rent usage trends. Overall, these patterns highlight
the long-term utility of foundational models and the
rapid uptake of high-impact architectures, especially
those supporting speech, vision, and language under-
standing.

For diffusers, the most downloaded models
highlight the rapid growth of generative image mod-
elling in recent years. Leading the group is stable-
diffusion-xl-base-1.0, released by Stability Al in July
2023, with over 81 million downloads. It is followed
by AnimateDiff-Lightning, developed by ByteDance
and introduced in March 2024, reflecting the increas-
ing interest in generative video tasks such as text-to-
video synthesis. Other popular models from Stability
Al include stable-diffusion-2-1 (released in Decem-
ber 2022) and sdxl-img2img-1.0 (July 2023), both of
which focus on text-to-image and image-to-image
generation, respectively.

When analysing user appreciation through likes
(Fig. 2), a different picture emerges. Leading the
ranking is DeepSeek-R1, introduced on Hugging
Face on 20 January 2025, with over 11,000 likes.
Developed by the Chinese company DeepSeek, the
model has quickly gained popularity by matching the
performance of models like ChatGPT and Gemini
while remaining significantly more affordable. As an
open-source model under the MIT license, it is avail-
able for commercial use and can be run locally, mak-

Diffusers:

stable-diffusion-xl-base-1.0 (2023-07-25)
[ 81634984

AnimateDiff-Lightning (2024-03-19)
[62435 408 |
stable-diffusion-2-1 (2022-12-06)
[44 225 650 |
stable-diffusion-xl-refiner-1.0 (2023-07-26)
[40397 126 |
stable-diffusion-v1-4 (2022-08-20)
[38 462 043 |
stable-diffusion-v1-5 (2024-08-30)

34391 301

sdxl-turbo (2023-11-27)

Source: author’s elaboration on the basis of data retrieved from Hugging Face (March 2025).
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Transformers: Diffusers:

DeepSeek-R1 (2025-01-20) FLUX.1-dev (2024-07-31)
[11371 [9376

Meta-Llama-3-8B (2024-04-17) stable-diffusion-v1-4 (2022-08-20)
[6 085 | [6 722 |
bloom (2022-05-19) stable-diffusion-xI-base-1.0 (2023-07-25)
4862 [6 405 |
Mixtral-8x7B-Instruct-v0.1 (2023-12-10) stable-diffusion-2-1 (2022-12-06)
4346 3950

Llama-2-7b-chat-hf (2023-07-13) OrangeMixs (2022-12-04)

4306 3816

whisper-large-v3 (2023-11-07) FLUX.1-schnell (2024-07-31)
4167 3524
Meta-Llama-3-8B-Instruct (2024-04-17) openjourney (2022-11-08)

3870 3121

Fig. 2. Top models by likes

Source: author’s elaboration on the basis of data retrieved from Hugging Face (March 2025).

ing it highly accessible (Lauridsen, 2025). Following
DeepSeek-R are models such as Meta-Llama-3-8B
and Meta-Llama-3-70B, both released in April 2024
by Meta Llama, and Mixtral-8x7B-Instruct-v0.1 by
the French startup Mistral Al launched in December
2023. These models, although not always the most
downloaded, have earned significant user approval
due to their technical sophistication and relevance to
cutting-edge research. Their success highlights a clear
trend: Hugging Face users gravitate toward models
that represent the latest advancements in Al Notably,
OpenATls whisper-large-v3, a speech recognition
model released in November 2023, also ranks highly,
reinforcing the preference for state-of-the-art perfor-
mance across different application domains.

For diffusers, the model FLUX.1-dev by Black
Forest Labs, created in July 2024, holds the top spot in
likes, demonstrating significant community apprecia-
tion despite not being the most downloaded. Also
highly rated are OrangeMixs by WarriorMama777
(released in December 2022) and openjourney by
PromptHero (from November 2022), both of which
are known for artistic and stylised image generation.
These models serve more creative or experimental
use cases and appear to resonate with users who value
innovation, fine-tuned aesthetics, and novel diffusion
capabilities. Other top liked models, such as FLUX.1-
schnell (July 2024) and the stable-diffusion series,
illustrate how the community appreciates both the
refinement of established families and the introduc-
tion of newer, high-impact variations.

In summary, while download counts often reflect
broad utility and cumulative adoption, particularly
for foundational models, like counts appear more
indicative of perceived innovation, state-of-the-art
relevance, or unique capabilities. This distinction

highlights both the enduring value of established
models and the community’s enthusiasm for novel
architectures.

3.4. CORRELATION PATTERNS ACROSS
METRICS

To deepen the understanding of user engagement
and adoption dynamics, the author analysed Pearson
correlation coefficients between key model-level
metrics - downloads, likes, citations, and size - for
transformer and diffuser libraries. These correlations
help reveal whether popularity, scholarly recognition,
or technical attributes tend to move together or reflect
distinct use cases and community behaviours. The
results, visualised in Fig. 3, uncover markedly differ-
ent patterns for the two architectures.

For transformers, correlations across metrics are
generally weak. The strongest relationship is observed
between downloads and likes (r = 0.16), while down-
loads show virtually no correlation with citations
(r = 0.01). Model size remains largely uncorrelated
with other variables. This pattern suggests that adop-
tion within the transformer ecosystem is broad and
multifaceted, likely influenced by a wide variety of
academic, industrial, and niche applications rather
than simple engagement signals.

By contrast, diffusers exhibit notably stronger
correlations - most prominently between downloads
and likes (r = 0.59) - implying that widely used mod-
els in this category are also more likely to be positively
received by the community. A moderate correlation
also emerges between downloads and citations
(r =0.14), indicating some alignment between practi-
cal use and academic attention. As with transformers,
model size remains a weak predictor. The tighter
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Fig. 3. Pearson correlation coefficients of model metrics for transformers and diffusers

Source: author’s elaboration on the basis of data retrieved from Hugging Face (March 2025).

clustering of engagement metrics for diffusers may
reflect a more focused and collaborative community,
especially around fast-evolving generative capabili-
ties where novelty and utility often go hand in hand.

4. DISCUSSION OF THE RESULTS

4.1. STRATEGIC IMPLICATIONS FOR BUSINESS
ADOPTION

The empirical findings on the distribution and
engagement patterns of transformer and diffuser
models on the Hugging Face (HF) platform carry
direct implications for business adoption and strate-
gic planning. The widespread prevalence of trans-
former architectures - particularly in NLP and
established computer vision (CV) tasks - reflects their
maturity and deep integration into applications that
enhance operational efficiency and customer interac-
tion. Advanced text-generation models (e.g., GPT-
based architectures) are transforming areas such as
marketing content creation, customer service auto-
mation (via conversational assistants), and internal
knowledge management, offering cost savings along-
side greater responsiveness and personalisation.
Likewise, the high volume and download counts of
foundational CV models underscore their practical
value in domains such as automated visual inspec-
tion, media analysis, and security systems.

At the same time, the rapid growth and strong
community engagement surrounding diffuser models
signal their emergence as powerful engines of inno-
vation, especially in creative industries. As demon-

strated by their dominance in text-to-image tasks and
their high average like counts, Diffusers excel in con-
texts where stylistic novelty and artistic experimenta-
tion are essential - such as design, advertising,
entertainment, and media. Unlike traditional dis-
criminative models, their ability to synthesise entirely
new visual content or transform existing assets opens
up new avenues for rapid prototyping (e.g., in fashion
or product design), personalised content generation,
and scalable aesthetic exploration.

Beyond platform-specific observations, the rise
of generative Al is reshaping traditionally human-
centred creative fields. In areas like luxury design, for
instance, Al-generated outputs can now effectively
convey brand identity and evoke targeted emotional
responses (Pantano, Serravalle & Priporas, 2024).
This evolution highlights AT’s potential not only to
automate but to genuinely augment human creativity
- particularly within collaborative frameworks. How-
ever, this potential must be balanced with concerns
around aesthetic homogenisation and the marginali-
sation of human artistry, calling for thoughtful, con-
text-sensitive integration strategies.

The strong community enthusiasm for diffusers
- despite their lower overall download volumes com-
pared to transformers - suggests a highly engaged
user base driving innovation in generative applica-
tions. This dynamic may serve as an early signal of
emerging market opportunities, particularly in sec-
tors seeking differentiation through bespoke content
creation or Al-augmented creative workflows. None-
theless, businesses should remain aware of the highly
skewed adoption landscape on platforms like HE
where a small number of models accounts for
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a disproportionate share of engagement (Osborne
et al,, 2024). As such, initial adoption may concen-
trate around a handful of well-supported, widely vali-
dated models before broadening to more diverse use
cases.

4.2. CHALLENGES OF ENTERPRISE-SCALE
INTEGRATION

Successfully integrating large-scale AI models,
such as advanced transformers or diffusers, into
enterprise environments requires careful considera-
tion of several practical challenges. Scalability,
encompassing computational resources and infra-
structure costs, remains a primary concern. The sig-
nificant size of many state-of-the-art models places
substantial demands on cloud computing resources
or on-premise hardware, potentially leading to high
operational expenditures and latency issues. This
finding aligns with challenges reported within the HF
community regarding memory and performance
limitations (Taraghi et al., 2024). Organisations must
strategically balance model performance with infra-
structure costs, often employing techniques, such as
model distillation, quantisation, or efficient serving
strategies, each involving trade-offs among accuracy,
complexity, and maintainability.

Data governance, security, and regulatory com-
pliance represent another critical dimension, particu-
larly in sensitive sectors like healthcare, finance, and
public services. Handling proprietary or personal
data requires stringent privacy protocols (e.g., GDPR
and HIPAA), robust audit trails, and secure deploy-
ment mechanisms. While open-source models offer
advantages in transparency and the potential for local
deployment to enhance data privacy (Hussain et al.,
2024), significant gaps exist regarding licensing clar-
ity for a large proportion of models hosted on plat-
forms like HF (Osborne et al, 2024), creating
potential legal risks for commercial use. Furthermore,
the increasing focus on model security, evidenced by
trends such as the adoption of formats like safeten-
sors (Jones et al., 2024), highlights the need for vigi-
lance against vulnerabilities. Failure to implement
rigorous data controls and address licensing and
security concerns can lead to severe reputational
damage, legal liabilities, and erosion of stakeholder
trust.

Finally, organisational readiness is paramount.
Deploying and managing sophisticated AI models
demands specialised expertise spanning data science
and domain-specific knowledge. While platforms like

Hugging Face provide user-friendly toolkits that
lower entry barriers (Hussain et al., 2024), effective
enterprise integration requires more than basic tech-
nical literacy. Users frequently encounter challenges
in understanding model specifics, use nuances, and
training pipelines (Taraghi et al., 2024), which under-
scores the critical importance of high-quality docu-
mentation - a factor strongly correlated with model
popularity and adoption (Jones et al., 2024) - yet often
found lacking or inconsistent (Taraghi et al., 2024).
Organisations must invest in targeted talent develop-
ment, either by hiring specialists or by upskilling
existing teams in areas such as Al pipeline manage-
ment, model lifecycle monitoring, ethical AI prac-
tices, and performance Fostering
cross-functional teams that bridge technical depth
with business acumen is crucial to unlocking the
strategic value of these advanced Al tools.

tuning.

4.3. COMMUNITY ENGAGEMENT AND
DEVELOPMENT PATTERNS

The vibrant user community surrounding plat-
forms such as Hugging Face fosters a dynamic envi-
ronment of rapid innovation and community-driven
model improvement. As observed by Taraghi et al.
(2024), the community provides significant benefits
through shared expertise, collaborative problem-
solving, and the contribution of new model check-
points, fine-tuning scripts, and application examples.
This collective, open approach can accelerate model
refinement and performance gains for both trans-
former and diffuser architectures, allowing businesses
to potentially benefit from cutting-edge AI develop-
ments without bearing the full cost of proprietary
R&D, particularly when leveraging adaptable open-
source models (Hussain et al., 2024). However, this
collaborative picture is nuanced by findings suggest-
ing a core-periphery structure in development activ-
ity, with influence concentrated among a few prolific
developers and large organisations (Osborne et al.,
2024), serving as a reminder that the open Al ecosys-
tem is not immune to the dynamics seen in traditional
open-source software.

The ongoing evolution of generative Al driven in
part by diffusers, is poised to reshape business mod-
els, particularly in the creative and digital sectors. As
these models become more accessible and efficient,
opportunities arise for novel generative services -
from automated content creation and personalised
advertising to virtual prototyping and environment
design. This trend, coupled with lower entry barriers
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facilitated by platforms like HE, may fuel a “creator
economy” dynamic, enabling smaller entities to com-
pete by leveraging powerful generative tools. Further-
more, the high turnover rate observed in models on
HF (Jones et al., 2024) suggests a rapidly evolving
landscape, in which adaptability and continuous
learning are key strategic imperatives for businesses
seeking to maintain a competitive edge.

Looking ahead, the convergence of analytical
capabilities (often associated with transformers) and
generative prowess (increasingly linked to diffusers)
likely points towards the development of powerful
hybrid architectures. Such models could offer deep
domain-specific understanding and fluid, multi-
modal generation capabilities, further transforming
strategic planning, product innovation, and human-
AT collaboration across diverse industries. Harness-
ing the potential of this evolving ecosystem requires
not only technical proficiency but also strategic fore-
sight regarding community trends, ethical considera-
tions, and the shifting competitive landscape.

CONCLUSIONS

This study sought to illuminate the contemporary
landscape of artificial intelligence development and
adoption by quantitatively analysing the distribution,
use patterns, and community engagement surround-
ing two pivotal architectures, transformers and dif-
fusers, within the influential Hugging Face (HF)
ecosystem. By examining a large-scale dataset derived
from the platform, the research aimed to provide
empirical insights into current trends, practical
implications, and the evolving dynamics shaping the
open Al movement.

Addressing the first research question concern-
ing model distribution, the analysis confirms the
marked dominance of transformer architectures,
particularly within established domains, such as natu-
ral language processing (NLP) and audio processing.
This underscores their enduring efficacy for tasks
involving sequential data and complex language
understanding. Conversely, diffusion models demon-
strate significant and rapidly growing traction in
computer vision (CV), especially for generative tasks
such as text-to-image synthesis. This bifurcation
highlights a key trend: while transformers remain
foundational for many analytical AI applications,
diffusers are spearheading advancements in creative
content generation, particularly in the visual domain.

Regarding user engagement patterns (the second
research question), the findings reveal distinct char-
acteristics for each architecture. Transformer models
collectively achieve higher aggregate download vol-
umes, likely reflecting their broad applicability and
deep integration into existing research and enterprise
workflows. However, diffuser models exhibit stronger
correlations between engagement metrics (likes,
downloads, and citations), suggesting a potentially
more cohesive and actively engaged community
where perceived innovation, popularity, and aca-
demic relevance are more closely intertwined. The
enthusiastic reception of diffusers for novel content
creation points towards a dynamic user base focused
on exploring capabilities beyond traditional Al tasks.

Examining broader trends and the alignment
between model development and evolving work para-
digms (the third research question), the data signal
accelerating innovation trajectories, especially in
creative industries, driven by the proliferation of
powerful generative models. Emerging user prefer-
ences lean towards multimodal capabilities and
accessible, solutions, fostered by
a vibrant community-driven ecosystem on platforms
like HF that encourages rapid model refinement. The
findings depict a shifting landscape where advanced
generative architectures are increasingly integrated
into design workflows, collaborative platforms, and
diverse application frameworks. This emergent syn-
ergy between human expertise and Al-driven auto-
mation, as evidenced on HE, suggests a future where
generative capabilities significantly augment profes-
sional roles and catalyse novel commercial opportu-
nities and artistic domains.

This investigation offers valuable empirical
insights into the proliferation and adoption dynamics
of key Al architectures on the Hugging Face platform,
highlighting the differential impact of transformers
and diffusers on research agendas and commercial
strategies. Nevertheless, the findings should be inter-
preted cautiously, acknowledging several limitations.
The study’s exclusive reliance on HF data means it
may not fully capture developments within proprie-
tary systems or other open-source communities.
Furthermore, inherent platform factors, such as
algorithmic visibility bias and potential metadata
inconsistencies, could influence engagement metrics,
requiring care when equating metrics like downloads
directly with real-world utility or impact. Future
research incorporating cross-platform analyses, lon-
gitudinal studies, and external performance valida-

customisable
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tion is essential for a more comprehensive
understanding of the Al landscape.

As generative models become increasingly
embedded within organisational and societal func-
tions, the imperative for responsible development
and deployment intensifies. Addressing critical con-
cerns related to bias, privacy, fairness, and labour
market impacts requires robust ethical frameworks
and proactive governance, alongside compliance with
evolving regulatory requirements. Successfully navi-
gating these complex challenges necessitates sus-
tained bridging
technical, managerial, ethical, and legal expertise.
Ultimately, as Sedkaoui and Benaichouba (2024) sug-
gest, realising the transformative potential of Al
hinges not solely on technological advancement, but
on collective, concerted efforts by all stakeholders -
researchers, developers, policymakers, and the public
- to foster inclusive, sustainable, and genuinely benefi-
cial innovation for both industry and society at large.

interdisciplinary collaboration,
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