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 a b s t r a c t

Recent self-supervised learning methods rely on massive general-domain datasets for robust model pretrain-
ing. However, these datasets may lack specificity required in specialized domains. Collecting large, supervised 
datasets to compensate for this limitation is also cumbersome. This raises a key question: Can automatically 
crafted domain-specific datasets serve as efficient and effective SSL pretrainers, performing comparable to—or even 
surpassing—much larger state-of-the-art general-domain datasets? To address this challenge, we propose Precision 
at Scale (PaS), a novel modular pipeline for automatic creation of domain-specific datasets on-demand. PaS lever-
ages Large Language Models (LLMs) and Vision-Language Models (VLMs) through three distinct phases: Concept 
Generation, where LLMs identify relevant domain concepts; Image Collection, utilizing VLMs and Generative 
models to gather appropriate images; Data Curation, ensuring quality and relevance by eliminating unrelated or 
redundant images. We conduct extensive experiments across three complex domains — food, insects, and birds 
— proving that PaS datasets compete and often surpass existing domain-specific datasets in diversity, scale, and 
effectiveness as pretrainers. Models pretrained on PaS datasets outperform those trained on large-scale general-
domain datasets (ImageNet-1K) by up to 21% and surpass same-scale domain-specific datasets by 6.7% across 
classification tasks. Notably, despite being an order of magnitude smaller, PaS datasets outperform ImageNet-
21K pretraining, with improvements of 3.3% in fine-tuning and 9.5% in few-shot learning, and showing superior 
performance on specialized dense tasks. Furthermore, by efficiently fine-tuning pretrained VLMs like CLIP and 
SigLIP using low-rank methods, we achieve performance gains (+4.2% over CLIP) in specialized domains with 
minimal overhead, demonstrating the versatility of PaS datasets.

1.  Introduction

Self-Supervised Learning (SSL) models such as DINOv2 [1], trained 
on millions of images, obtain very high performance on most general 
discriminative tasks such as image classification and object detection 
[2,3]. However, most SSL methods focus on being as general as possible 
and require huge volumes of broad-domain images to ensure high per-
formance in domain-specific tasks. These datasets, refered as pretrainer 
datasets (in short, “ pretrainers”), are usually unsupervised or program-
matically created.

Concurrently, various domain-specific datasets [4–7] are designed 
to train expert models in specific domains, trying to bridge the gap be-
tween existing computer vision solutions and real-world application in 
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those domains. Nevertheless, these supervised datasets require expen-
sive investments in human annotations. This leads to a small number of 
images compared to popular unsupervised datasets [1,8] (For example, 
Food-2K [4], the largest food benchmark has ≈ 600K training images, 
while LAION [8] has 5.85B images), making them suboptimal for re-
cent large models [9,10]. On the other hand, generic datasets like Im-
ageNet lack comprehensive coverage for many specialized real-world 
domains. Domain-specific datasets, in general, prove to be better in their ex-
pertise, however, lack the scalability as the annotation process is not fea-
sible at scale. With recent generative models, synthetic datasets [11,12] 
are gaining popularity. They show performance comparable to real ones 
and, importantly, provide scalability on demand. However, they fail 
to cover “ under” represented (infrequent) classes. SynCLR [12], for
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Fig. 1. PaS pipeline overview. With “ only” two textual inputs describing a target domain (𝑛 and 𝑑), PaS autonomously creates SoTA domain-specific datasets in 
3 stages: LLM-guided diverse concept bank creation (Stage 1); Web and synthetic images collection (Stage 2); Automatic removal of OOD images, reducing dataset 
size while preserving relevant information (Stage 3).

example, leverages an initial set of general captions from supervised 
datasets to create a completely synthetic dataset, making the dataset 
generation process tightly coupled with “ external supervision”. Ideally, 
a smart, well-balanced mix of unrestricted real and synthetic images 
could alleviate the problem.

Two natural research questions arise: (1) Is it possible to design a 
framework that automatically crafts domain-specific datasets, outperforming 
existing SoTA datasets? (2) Can these datasets serve as more efficient and ef-
fective pretrainers than much larger general-domain datasets, when the target 
domain is known? To address these questions, we introduce Precision-at-
Scale (PaS) (illustrated in Fig. 1), a general and modular pipeline to au-
tonomously generate high-quality, domain-specific datasets on demand 
(“ PaS datasets”), without any dependence on external labels and human 
experts. PaS is elegant - it leverages the synergy between LLMs and VLMs 
to create scalable, well-curated domain-specific datasets through 3 key 
stages: (1) LLM-guided Concept Discovery to generate a comprehen-
sive, rich bank of domain-specific concepts, (2) Domain-Specific Image 
Collection using diverse real and synthetic images, (3) Autonomous 
Dataset Curation using advanced unsupervised curation methods to 
ensure high quality and domain relevance. In addition, PaS offers an 
efficient task-agnostic analysis framework to assess the diversity of the 
generated PaS datasets (see Section 4).

PaS is a novel framework for efficient domain-specific learn-
ing. PaS datasets perform better at a much smaller size (one order 
smaller), leading to less computation and faster training. PaS is flexi-
ble, making no assumptions on specific components, allowing integra-
tion of any LLM, VLM, or Image generation models. This versatility en-
sures seamless incorporation of newer models as they are developed. 
PaS datasets match—and even surpass—the diversity of human-created 
domain-specific datasets [4,5,13,14], while providing more comprehen-
sive coverage of real-world complex domains through a completely au-
tomated way.  Distinct from knowledge distillation, our framework does 
not simply transfer knowledge, but instead refines and structures it into 
a new, hybrid data asset. We demonstrate that this generates emergent 
value, as our PaS datasets can be used to fine-tune and improve the 
original foundation models (see Section 5.3). 

Extensive experiments on multiple domains —food, birds and in-
sects— show SSL models pretrained on PaS datasets not only outper-
form existing domain-specific SoTA datasets at the same scale, but 
also show superior performance to models trained on much larger 
general-domain datasets like ImageNet-1K (IN-1K) and even ImageNet-
21K (IN-21K) on specific domain evaluation. Beyond pretraining from 
scratch, PaS datasets offer a promising avenue for efficiently adapting 

existing VLMs to new domains. By leveraging automatically generated 
image-text pairs, we fine-tune a pretrained VLM on PaS datasets for a 
new domain, enabling cheap and on-demand adaptation. Remarkably, 
PaS datasets, through LoRA fine-tuning [15], efficiently enhance the ca-
pabilities of pretrained VLMs models like CLIP [16] and SigLIP [17] in 
their respective domains at a tiny fraction of the computational and data 
cost required to train them. The advantage of PaS datasets over tradi-
tional domain-specific datasets grows significantly when leveraging its 
scalability. In summary, our contributions are:

• We propose PaS, a novel domain-specific dataset creation 
pipeline (Section 3), that, given a domain, creates a hybrid dataset 
of web and synthetic images, at a given scale and computational 
budget.

• We define an efficient low-resource task-agnostic diversity anal-
ysis framework (Section 4) and emphasize that PaS datasets pro-
vide better diversity than current SoTA domain-specific supervised 
datasets.

• With extensive validation (Section 5) on three complex domains, 
we prove PaS datasets as much better pretrainers, showing consis-
tent superior performance across domains, datasets and downstream 
tasks, including classification, and dense tasks such as semantic 
segmentation and keypoint detection. Compared to general-domain 
datasets (IN-1K), PaS demonstrate that on the same and even smaller 
scale, domain-specific datasets outperform general ones, proving 
that quality stands over quantity on model pretraining.

• We demonstrate that PaS datasets effectively improve the perfor-
mance of large pretrained VLMs in specific domains leading to sub-
stantial improvements (an average gain of 4.2% for CLIP) with min-
imal computational overhead.
The rest of the paper is as follows: Section 2 discusses the recent 

related works. Our proposed framework, Precision at Scale (PaS), is de-
tailed in Section 3. We then present a comprehensive, diversity and do-
main alignment low-resource evaluation of PaS datasets in Section 4. 
The effectiveness of PaS datasets as pretrainers and for fine-tuning is 
demonstrated in Section 5, followed by the conclusions in Section 6.

2.  Related works

The increasing demand for large-scale data in training models 
such as ConvNeXt [18] and ViT [19], makes dataset creation at scale 
very critical. DINOv2 [1] and Internet Explorer [20] use sophisticated 
automatic data curation pipelines to curate high-quality real images.
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Generative models like Stable Diffusion [21] and MUSE [22] have pro-
pelled the creation of synthetic datasets [23]. SynCLR [12] uses la-
bels of existing datasets, while SynthCLIP [11] creates large-scale syn-
thetic image-text pairs using a predefined concept bank of MetaCLIP 
[24]. Despite having a vast collection of 500k concepts, the Meta-
CLIP concept repository fails to provide extensive coverage in certain 
specific domains (For example, MetaCLIP “ only” contains only sim-
ple paella, a popular Mediterranean food as a single concept with-
out any of its common variations). This shows that even large-scale 
concept banks may lack necessary domain specificity. These methods 
can generate large datasets, however they rely on curated information, 
like predefined class labels or captions, limiting their adaptability to 
new domains. Their focus on scale can sometimes compromise domain
specificity.

Several works addressed the need for domain-specific data. De-
spite its noise, domain-specific web data proved more effective in fine-
grained recognition [25]. InfoGrowth [26] and T-MARS [27] enabled 
dataset growth with maintained cleanliness and diversity. Large unsu-
pervised datasets like LAION-5B warranted extraction of custom sub-
sets tailored for specific use cases [20,28]. Alternatively, in linguistics, 
DoPAMine [29] mines domain-specific LLM training data. CRAFT [30] 
generates synthetic datasets by retrieving and augmenting corpora. Al-
though focused on text, these methods underscore the importance of 
domain-specific datasets. Recent studies have extended this idea in vi-
sion. Performance of SSL models prove to increase “ only” when data 
aligns closely with the target domain [31].

Self-Supervised Learning enables learning adaptable features from 
unlabeled data [32–34], reducing the reliance on extensive labeled 
datasets. Recent popular models like MoCoV3 [35], MAE [36], and CAE 
[37] have shown increased robustness and efficiency owing to better 
computational power, model complexity, and data scale [38]. VLMs like 
CLIP [16], and BASIC [39] focus learning joint text-image representa-
tions. Dual-encoder models [16,39] learn context-aware features in a 
shared latent space [40,41], enabling zero-shot image manipulations 
guided by textual prompts [28,42]. VLMs allow automatic data cura-
tion, while SSL potentiates learning from non-annotated data, forming 
the crux of our proposal.

Our proposed method stands out by autonomously generating high-
quality, domain-specific datasets without external supervision or pre-
defined data structures. Unlike other synthetic methods [11,12], PaS 
leverages zero-shot capabilities of LLMs and VLMs to discover domain-
specific concepts and collect relevant images. This allows us to adapt 
to any domain without human intervention during the generation pro-
cess. PaS focuses on generating domain-specific datasets that are pre-
cisely aligned with a target domain, favoring quality over quantity. Our 
datasets are smaller in scale and tailored to capture the nuances of the 
domain, leading to more efficient training of domain-specific models. 

This is highlighted by our experiments, where models pretrained on PaS 
datasets outperform those trained on larger, general-domain datasets. In 
summary, PaS contributes a novel, scalable, fully autonomous pipeline 
for domain-specific dataset creation, addressing the limitations of ex-
isting dataset generation methods and highlights the importance of 
domain-specific data in model pretraining and adaption.

3.  Precision at scale

Precision at Scale (PaS) is a novel fully automated framework 
for generating on-demand, domain-specific datasets with minimal hu-
man intervention. Our modular pipeline (as shown in Fig. 1) comprises 
three stages: Stage 1 (Section 3.1) utilizes LLMs to discover domain-
specific concepts, establishing a foundational concept bank. Stage 2
(Section 3.2) collects domain-specific images from web-scale databases 
and generates synthetic images using text-to-image models, enriching 
the dataset with a broader range of concepts. Stage 3 (Section 3.3) 
refines the dataset by eliminating image redundancy and filtering ir-
relevant out-of-domain images through systematic curation techniques. 
PaS produces highly precise, scalable, datasets (“ PaS datasets”) suitable 
for training self-supervised visual models or image-text supervision. Its 
modular design allows integration with any LLMs, image generators, or 
image sources, ensuring flexibility across various domains.

3.1.  In-domain LLM-guided concept discovery

Stage 1 involves building a comprehensive bank of textual concepts, 
, specific to a target domain, . The process begins with “ only” two 
inputs: the domain name, 𝑛 (e.g. “ birds”), and a brief description, 𝑑, 
of the domain concepts (e.g. “ bird species”). This is the only user input 
required. This stage (depicted in Fig. 2) consists of three main steps, 
each guided by LLMs: 1) generation, 2) expansion, 3) filtering.

Step 1: generation of initial concepts. We use an LLM, 𝐿1, to generate an 
initial set of concepts, 0, by prompting it with 𝑛 and 𝑑 using the 
generation prompt template (as shown in Fig. 2). To maximize domain 
coverage, we sample multiple outputs from 𝐿1 (with different random 
seeds) and aggregate them, until the addition of new concepts falls be-
low a threshold 𝜆1 (empirically set hyperparameter). For instance, in 
the domain of birds, the initial concept set 0 might include species 
like “ Canada Goose”, “ Crow”, “ Roseate Spoonbill”, “ Broad-billed Sand-
piper”, and “ Imperial Eagle” (among others).

Step 2: expansion of concept bank. This step involves expanding and en-
riching the concept bank within the domain, . Each concept in 0 is 
expanded using another LLM, 𝐿2 (can be same as 𝐿1), which generates 
related concepts by using the expansion prompt template (see Fig. 2). 

Fig. 2. Stage 1 Workflow: During the generation step, a prompt template is fed to an LLM, 𝐿1, and outputs an initial set of concepts 0. In the expansion step, a 
template is used for each concept and prompted to the LLM, 𝐿2, to find similar concepts. Upon maximizing the variety, we filter the generated concepts by prompting 
an auxiliary LLM, 𝐿3 (filtering step). resulting in the final bank of concepts .
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Fig. 3. Stage 2 Workflow: For each valid concept from Stage 1, we retrieve 𝑁𝑊 𝑒𝑏 most similar images from a web-scale source (Web). We prompt a text-to-image 
model 𝑆𝐼 using LLM-created image captions to produce 𝑁𝑃𝑟𝑜 ×𝑁𝑆𝑦𝑛𝑡ℎ synthetic images (Synth). Together they form the unfiltered image dataset, .

This is done iteratively: for each concept 𝑐 in the current set, 𝑖, 𝐿2 gen-
erates similar concepts which are aggregated to form the next version of 
the concept bank, 𝑖+1. The process continues until the growth rate of 
new concepts falls below a threshold 𝜆2 (empirical). For example, when 
asked to expand the concept “ Imperial Eagle”, a potential answer of 𝐿2
might include elements like “ Bald Eagle”, “ Harpy Eagle”, or “ Golden 
Eagle”. The final set of concepts at the end of this expansion is denoted 
as ∗.

Step 3: concept filtering. To exclude irrelevant concepts and minimize 
computational costs, we use a separate LLM, 𝐿3 (𝐿3 ≠ 𝐿1, 𝐿2), to vali-
date each concept in ∗, mitigating potential hallucinations [43]. Only 
concepts confirmed to belong to  are kept in the final concept bank .

Stage outcome. The output of Stage 1 is the concept bank, , represented 
as a set of textual concepts relevant in the domain, .

3.2.  Collecting domain-specific images

Stage 2 (shown in Fig. 3) involves collecting high-quality, domain-
specific images using the concept bank  built in Stage 1. It has two 
main components: web-data retrieval and synthetic image generation.

Web-data retrieval. Given a web-scale set of images, 𝑝𝑜𝑜𝑙, we aim to re-
trieve the images more aligned with . For each concept, we use a VLM 
to find the images from 𝑝𝑜𝑜𝑙 that match the concept. Given 𝑐 ∈ , we 
generate a textual embedding, 𝐭𝑐 = 𝑇𝐸(𝑐), using the text encoder 𝑇𝐸(⋅)
of a VLM. We use the visual encoder 𝑉 𝐸 of the VLM to compute the 
image embedding of each image 𝐼 ∈ 𝑝𝑜𝑜𝑙. Using cosine similarity, for 
each concept 𝑐, we retrieve the 𝑁𝑊 𝑒𝑏 most similar images to 𝑡𝑐 , pro-
vided the similarities are larger than a threshold 𝜆𝑊 𝑒𝑏 [8]. This results 
in 𝑊 𝑒𝑏, a set of web images closely aligned with . For our experiments, 
𝐼pool was sourced from the Re-LAION-5B index. This dataset is a safety-
revised version of LAION-5B [8] (updated as of July 2024), to remove 
links to any known-illegal content.1 Since these images are crawl from 
the web, they can vary from natural images to sketches. In addition to 
using this revised dataset, our own retrieval process programmatically 

1 https://laion.ai/blog/relaion-5b/

respects X-Robots-Tag HTTP header directives, explicitly excluding any 
images marked with “ noai”, “ noimageai”, “ noindex”, or “ noimageindex” 
to adhere to content owner preferences.

In-domain synthetic image generation. Instead of using plain concept 
names for image generation [23], we use an arbitrary LLM, 𝐿4, to cre-
ate detailed prompts that describe hypothetical images for each con-
cept. This is achieved using a structured in-domain image generation 
template (see Fig. 3), which is designed to improve the descriptive qual-
ity and diversity of the synthetic images. For example, for the concept 
“ Canada Goose”, 𝐿4 might generate “ A majestic Canada Goose spreads 
its wings taking flight above the frozen lake”. For each concept 𝑐 ∈ , 
𝐿4 generates 𝑁𝑃𝑟𝑜 prompts. These prompts are then used as prompts for 
a text-to-image model, 𝑆𝐼  (e.g., Stable Diffusion [21]), which produces 
𝑁𝑆𝑦𝑛𝑡ℎ images per prompt. Thus, the total number of synthetic images 
generated is || ×𝑁𝑃𝑟𝑜 ×𝑁𝑆𝑦𝑛𝑡ℎ, forming 𝑆𝑦𝑛𝑡ℎ. By adjusting 𝑁𝑃𝑟𝑜 and 
𝑁𝑆𝑦𝑛𝑡ℎ, we can control the size and diversity of 𝑆𝑦𝑛𝑡ℎ.

Stage outcome. The final unfiltered image dataset  is formed by com-
bining web and synthetic images:  = Web ∪ Synth.

3.3.  Autonomous dataset curation

Stage 3 focuses on refining the unfiltered dataset from Stage 2, , 
to enhance its relevance for . By systematically eliminating redundant 
and out-of-distribution (OOD) images, we reduce training costs and min-
imize potential model performance drawbacks.

Self-supervised similarity-based deduplication. Duplicate and closely sim-
ilar images increase image count (and resource consumption) without 
adding diversity. We use Self-Supervised Copy Detection (SSCD) [44] to 
identify and eliminate duplicates. This involves computing embeddings 
for each image using SSCD’s visual encoder. We then build an approxi-
mate k-NN graph (𝑘 = 64) using the IVF-PQ algorithm [45] for efficient 
searching.2 On this k-NN graph, we then apply a similarity threshold 
(of 0.6), keeping only the connections between images that exceed a 
certain cosine similarity. The connected components are then found on 

2 https://rapids.ai/
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Fig. 4. Illustrative examples of the Pareto-based filtering.

this final, pruned graph. We retain one (random) representative image 
per group, resulting in the deduplicated dataset dedup.

CLIP-based OOD assessment. Since  is partially sourced from uncurated 
sources and generated using unsupervised methods, it may contain 
OOD images. To assess and filter OOD images from 𝑑𝑒𝑑𝑢𝑝, we leverage 
CLIP’s zero-shot capabilities, further enhanced by CLIPN [41]. CLIPN 
utilizes learned dual prompts (positive prompts to assess the presence 
and negative prompts to assess the absence of a concept) to accurately 
determine the relevance of each image to . Specifically, we compute 
the similarity of each image 𝐼 with the positive and negative prompt 
of the concept 𝑐. The probabilities 𝑝𝑐,𝐼 , 𝑝𝑛𝑜𝑐,𝐼  are then derived by apply-
ing softmax to those two similarity scores. We define a 3-dimensional 
characterization of how much OOD an image is using 𝑀1, 𝑀2, and
𝑀3:

• M1: OOD(𝐼) calculates the OOD score of image 𝐼 with respect 
to specific concept bank  and is computed as: OOD(𝐼) = 1 −
∑

𝑐∈(1 − 𝑝𝑛𝑜𝑐,𝐼 ) ⋅ 𝑝𝑐,𝐼 , where 𝑝𝑐,𝐼  and 𝑝𝑛𝑜𝑐,𝐼  are the probabilities that im-
age 𝐼 contains and does not contain the concept 𝑐 respectively.

• M2: 𝐎𝐎𝐃′ (𝐼) assesses the OOD score of image 𝐼 with respect to gen-
eral domain descriptors ′ = {𝑛, 𝑑}. OOD′ (𝐼) = 1 −

∑

𝑐∈′ (1 −
𝑝𝑛𝑜𝑐,𝐼 ) ⋅ 𝑝𝑐,𝐼 .

• M3: Text Influence Mitigation helps in reducing biases introduced 
by textual elements that may falsely align an image with the target 
domain based solely on text presence [27]. To mitigate this influ-
ence, we define 𝑀3: OOD(𝐼 ′) − OOD(𝐼), where 𝐼 ′ is obtained by 
using a text-detection algorithm to detect and blur text regions in 𝐼 . 
A high 𝑀3 score, indicating that the image is only relevant due to its 
text, heavily penalizes it during Pareto-front removal (as exemplified 
in Fig. 4(b)).

Pareto front-based removal. We employ a Pareto front-based multi-
objective optimization approach which effectively ranks and elimi-
nates OOD images based on the computed OOD metrics 𝑀1, 𝑀2, and 
𝑀3. Instead of prioritizing one single factor, we simultaneously con-
sider all relevant factors to identify and rank the least relevant im-
ages. We show a simplified 2D Pareto fronts illustration in Fig. 4(a), 
where each point represents an image and the first three fronts (1, 2, 
3) are highlighted. The Pareto Front removal process is iterative and
includes:

1. Identify Pareto Front: Determine the first Pareto front 1 within 
the deduplicated dataset 𝑑𝑒𝑑𝑢𝑝. The Pareto front consists of images 
that are the most OOD across all metrics. An image is part of the 
Pareto front if there is no other image that simultaneously performs 
worse in all 𝑀1,𝑀2,𝑀3. In other words, these images are among the 
worst in at least one metric and not better in any other metric.

2. Remove Pareto Front: Exclude 1 set from 𝑑𝑒𝑑𝑢𝑝.
3. Repeat: Recompute next Pareto front 2 on the updated dataset and 
remove it. Continue this process iteratively (identifying & removing 
3, 4, etc.) until the dataset meets desired size or quality threshold.

Stage outcome. Pareto-Front ensures that the most irrelevant OOD im-
ages are excluded first, maintaining the relevance and quality of the 
dataset, leading to the final dataset, 𝑓𝑖𝑛𝑎𝑙.

3.4.  Final curated dataset

The final output of PaS is a meticulously curated, domain-
specific dataset, assembled autonomously without human oversight. PaS 
datasets are ideal for self-supervised pretraining of visual models, as 
well as fine-tuning existing VLMs, thanks to the image-text pairs ob-
tained naturally from the PaS pipeline. These high-quality datasets en-
able the development of specialized models that excel in their respective 
domains. In the following sections, we assess the richness and suitabil-
ity of PaS datasets (Section 4) and evaluate their effectiveness as SSL 
pretrainers and VLM “ fine-tuners” (Section 5).

4.  PaS dataset diversity & domain assessment

The primary goal of PaS is to create diverse and useful domain-
specific datasets. Beyond curation, we include a low-resource task-
agnostic technique for assessing the dataset diversity. In this section, 
we detail each component by evaluating our PaS datasets against well-
established domain-specific supervised SoTA datasets - Food-2K [4], 
iNatBirds [6], AMI-GBIF [7] for food, birds, and insects, respectively. For 
each domain, we create a corresponding PaS dataset. (PaS-F for food, 
PaS-B for birds, PaS-I for insects).

4.1.  Dataset overview.

PaS datasets, in general, can be created for any given size. For ef-
fective comparisons, we use IN-1K and SoTA domain datasets as size 
references for our datasets. Only for food and birds, we create mini-
versions, PaS-FMini and PaS-BMini as both Food-2K and iNatBirds are much 
smaller than IN-1K. AMI-GBIF on the other hand is larger to IN-1K (PaS-
I≈1.9M images). As shown in Table 1, the number of concepts in PaS 
datasets often exceeds that (classes) of domain-specific datasets (Food-
2K has 2K, iNatBirds has 1486, AMI-GBIF has >5K classes), highlighting 

Table 1 
Statistics of the different PaS datasets evaluated in this paper. Colors represent 
markers in Fig. 5.
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Fig. 5. K-NN Top-1 classification accuracy (in %) of different pretraining datasets against the pretraining dataset size (in log scale).

the diversity of our concept bank. As visualized in Fig. 5, PaS datasets 
show stronger performances as pretrainers on the same scale as domain-
specific supervised datasets and also being way smaller than general-
purpose datasets like IN-21K (one order smaller), highlighting the ef-
fectiveness of our curation pipeline. Detailed results can be found in
Section 5.

4.2.  Diversity and domain alignment.

We assess the suitability of PaS datasets by addressing the question:
Does a PaS dataset effectively represent the target domain? To an-
swer this, we propose a framework with three distinct perspectives: 
(1) distribution of lexical concepts, (2) distribution of image embed-
dings, (3) semantic richness of concept-level prototypes. We evaluate 
our autonomous PaS datasets under each perspective without any spe-
cific task. For each assessment, we compare the PaS datasets with SoTA-
supervised datasets (Food-2K, iNatBirds, AMI-GBIF) and other popular 
domain-specific benchmarks in each domain (Food-101 [5] and FoodX-
251 [46] for food, CUB-200-2011 [13] and NABirds [14] for birds, and 
different official splits of AMI-GBIF for insects).

4.2.1.  Distribution of lexical concepts.
LLM-generated concept bank determines the diversity of PaS datasets 

and should exclusively cover the target domain. To highlight the cover-
age of domains, we compute lexical embeddings of concepts and labels 
using OpenAI’s CLIP ViT-L/14 text encoder [16] and compare the dis-
tributions using a reduced UMAP space [47]. The process involves the 
following steps:

1. Encoding dataset concepts into latent representations using CLIP.
2. Reducing the dimensionality of these embeddings to 2D using UMAP.
3. Dividing the resulting 2D UMAP space into a uniform grid.
4. Creating density maps for each dataset by counting the number of 
concepts within each grid cell.

We show density maps of lexical concepts for all domains in Fig. 6(a). We 
opted for density maps over scatter plots to prevent densely populated 
regions from being obscured, thereby providing a clearer visualization 
of the concept distribution across different datasets. To prove that the 
enhanced coverage of PaS datasets is not merely an effect of size, we 
obtained the same plots after subsampling our concepts to match the 
scale of the supervised datasets (Fig. 6(b)). In food, the lexical distri-
bution demonstrates that the concepts in PaS-F extensively cover the 
embedding space, effectively bridging the gaps between classes from 
different datasets. In birds, concepts of PaS-B exhibits a wide and var-
ied distribution across the embedding space compared to CUB-200-2011 

and NABirds, and it closely matches the granularity of iNatBirds. This 
high overlap highlights that the generated concepts align well with the 
target domain, indicating an effective concept generation. In insects, we 
see less overlap. The fact that AMI-GBIF covers mostly moth species, a 
subset of all insects (target of PaS-I) could be a possible reason. Over-
all, the broad coverage and significant alignment across domains in 
both Fig. 6(a) and (b) underscore the ability of PaS-generated concepts 
to enrich dataset diversity and relevance to specific domains.

4.2.2.  Distribution of image embeddings.
Similar to the analysis of lexical concepts, we also compare the im-

age distributions of the different datasets. This process is completely 
analogous to the previous one. The main differences are that, in this 
case, we obtain an embedding per image (not per class) and that we use 
a ResNet-152 pretrained on IN-21K to compute embeddings. We then 
compare the latent distributions for each domain, which can be seen in 
Fig. 6(c).

A good alignment and span in feature space would prove a compre-
hensive coverage of the target domain. In both food and birds, there is 
a notable alignment across all datasets. The impact of larger datasets, 
which exhibit fewer gaps in the visual space, is particularly evident in 
PaS-B. PaS-B achieves the most extensive coverage of the embedding 
space among the considered datasets. Upon analyzing the density dis-
tribution, we observe that while the CUB-200-2011 dataset has densely 
populated regions, PaS-B, along with others, display a more uniform 
distribution across the embedding space. This uniformity is attributed 
to two key factors: (1) A reduced number of images in CUB-200-2011, 
and, (2) A limited variety of bird species in CUB-200-2011 compared to 
other datasets. Similarly, in food, Food-2K spans a broader area but in-
cludes numerous outliers, potentially indicating OOD images (see Fig. 7 
for some outliers examples). In contrast, PaS-F encompasses the embed-
ding spaces of both Food-101 and Food-2K. In particular, PaS-F, exhibits 
a uniform distribution of embeddings that is well-balanced between 
densely covered and sparsely populated regions, which suggests a com-
prehensive representation of the food domain. Regarding insects, while 
the overall shape of the distribution aligns across datasets (PaS-I being 
slightly broader), the densities vary significantly. Sample-wise, under-
representation of certain images and semantics in AMI-GBIF might cause 
potential differences. Specifically, most images in AMI-GBIF are con-
centrated in a particular area of the embedding space. A closer exam-
ination of the semantics of each dataset provides further insights into 
this behavior (see Section 4.2.3). Overall, these observations underscore 
the effectiveness of PaS in automatically creating large-scale, domain-
specific datasets in terms of image coverage and alignment with exist-
ing datasets. This is not just an artifact of their larger size, as the trend 
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Fig. 6. Density maps of the UMAP representations for the lexical space of concepts and image embeddings across all domain-specific datasets. The scale indicates 
concept or image concentration in the latent space.
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Fig. 7. Examples of OOD images in Food-2K dataset, identified in Fig. 6(c).

Fig. 8. Extracted exclusive prototypes examples. Each image belongs to an exclusive prototype.

Fig. 9. Examples of duplicates found and removed in the creation of the PaS datasets.

holds when our datasets are subsampled to an equal number of images 
(Fig. 6(d)), highlighting a more diverse collection of visual features.

4.2.3.  Semantic richness analysis
Semantic richness refers to the depth and diversity of concepts 

and information captured within a dataset, and evaluates how well 
a dataset captures the nuances, variations, and comprehensive cov-
erage of concepts within a specific domain. A “ prototype” [48] is 
a representative semantic that captures the most salient features of 
a concept, making them useful for understanding data diversity and
exhaustiveness.

We show examples of the most relevant exclusive prototypes for each 
dataset in Fig. 8 and the number of unique prototypes with image count 
in Table 2. Birds has 8159 shared prototypes, indicating a substantial 
overlap between datasets. Comparing unique prototypes, PaS-B contains 

much greater diversity both in the prototypes and the population of 
those prototypes. Food has 8144 shared prototypes. Food-2K is human-
labelled but still contains several repetitions that fill its exclusive proto-
types. Exclusive prototypes of PaS-F highlights the diversity not included 
in Food-2K. In insects, there are 8188 shared prototypes. PaS-I contains 
all the semantics available in AMI-GBIF, evidenced by not identifying 
any AMI-exclusive prototype. While the number of samples per shared 
prototype might vary, we can confidently claim that PaS-I manages to 
match and improve the diversity provided by AMI-GBIF. Comparing 
the most significant shared prototype, we find that the most populated
AMI-GBIF prototype represents a human-driven concept (quantity 
over diversity). The differences in the behaviour of distributions 
found in previous sections can be explained by the prevalence of 
this prototype in the AMI dataset. More details are provided in
Appendix A.
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Table 2 
Exclusive prototypes for PaS and SoTA 
supervised datasets.

 Dataset  Exclusive  Images
 Food-2K  16  121
 PaS-F  32  310
 iNatBirds  10  25
 PaS-B  23  358
 AMI  0  0
 PaS-I  4  650

4.3.  Illustrative examples of PaS dataset curation

In this section, we show sample images from PaS-F, PaS-B, and PaS-
I datasets during different stages of PaS. The deduplication step has 
a significant impact, removing over 70,000, 41,000, and 27,000 near-
duplicate groups for the food, birds, and insects domains, respectively. 
Fig. 9 illustrates groups of duplicate images identified by the PaS cura-
tion pipeline across different domains. Our pipeline detects three types 
of duplicates: (1) exact duplicates, (2) different crops of the same im-
age, and (3) images containing very similar scenes. Having removed 
duplicate images, the next step in Stage 3 involves Pareto-based re-
moval to further refine the dataset. Fig. 10 showcases examples from 
various Pareto fronts (1,2,…) identified in 𝑑𝑒𝑑𝑢𝑝 for each considered 
domain. The upper rows display images with the highest OOD scores 
as determined by PaS. Across all three domains, we observe a consis-
tent pattern: there is a clear correlation between an image’s Pareto po-
sition and its relevance to the target domain, underscoring the quality 
of the PaS datasets. Specifically, the initial images (top rows) removed 
through Pareto-front based filtering are generally not closely related to 
the target domain. In contrast, images retained in subsequent iterations 
(bottom rows) exhibit greater relevance. Some retrieved web images do 
not align well with the target domains, highlighting the necessity of a 
curation step. This is expected, as the underlying web-scale data pool 
(from Re-LAION-5B) includes varied content, from natural images to 
the sketches and signs visible in the figure’s top rows. For instance, the 
second image in 1 of Fig. 10(c) demonstrates how misleading textual 
cues can affect the retrieval process, emphasizing the importance of the 
OOD metric 𝑀3. While synthetic image generation is designed to re-
main within the target domain-ensuring most images are well-aligned-
misalignments can occur due to captioning errors. An example is the 

presence of houses in the first Pareto front of Fig. 10(a). Additionally, 
synthetic images that are unrealistic, such as those in the last row of 
Fig. 10(c), are excluded from the final dataset. Finally, Fig. 11 contains 
samples from each of the final curated PaS datasets PaS-F, PaS-B, and 
PaS-I (9 real and 9 synthetic).

5.  Validation of PaS datasets

This section validates the effectiveness of PaS datasets as pretrainers 
using common SSL downstream tasks. We employ a comprehensive eval-
uation, including feature evaluation via k-NN and linear probing, and 
adaptation through full and few-shot fine-tuning. We also explore fine-
tuning large VLMs using PaS image-text pairs as a way to increase their 
competence in each domain. Additionally, we evaluate PaS datasets on 
real-world dense tasks in Appendix B. These experiments thoroughly 
evaluate the quality and transferability of representations learned from 
PaS across visual tasks.

5.1.  Experimental setup

We compare models pretrained on PaS datasets with SoTA domain-
specific datasets (Food-2K, iNatBirds, and AMI-GBIF) and large-scale gen-
eral domain datasets (IN-1K, IN-21K, and WIT (CLIP dataset) [16]). For 
all evaluations, we use a ViT-B/16 [10]. For a fair comparison, we pre-
train using a common MoCo-v3 SSL setup, except for IN-21K and WIT, 
for which we use official supervised checkpoints (making them stronger 
discriminative baselines). To prevent data leakage, we also remove im-
ages from the PaS datasets that are similar to the evaluation test sets. 
The specific hyperparameters and detailed procedures are provided in 
Appendix C.

5.2.  PaS Datasets as SSL pretrainers

5.2.1.  Feature evaluation with k-NN & linear probing
To ensure a fair comparison and prevent potential bias, we ex-

clude models overlapping with evaluation datasets (iNatBirds, Food-
2K, and AMI-GBIF). For linear probing, we use the setup detailed in
Table C.10(b), however, only training the added linear layer (the back-
bone remains frozen). We report k-NN and Linear Probing performance 
evaluated on common benchmarks - Food-101 [5], FoodX-251 [46] 
for food (Table 3), CUB-200-2011 [13], and NABirds [14] for birds
(Table 4) and k-NN performance on different AMI region subsets for 

Fig. 10. Examples of images removed during the Pareto-based removal. “ P n” refers to images belonging to the 𝑛th Pareto front (removed in the 𝑛th iteration).
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Fig. 11. Examples of images in the final PaS datasets. For each domain, the first three rows display web images, followed by three rows of synthetic images.

Table 3 
Classification Acc. (%) results for food domain. Best (bold), Second 
best (underlined) comparing only SSL models. † represents supervised 
pretraining.

PT Data Size (M)  Food-101  FoodX251  Food-2K
 k-NN  Linear  k-NN  Linear  k-NN

 IN-21K†  14  59.3  80.6  40.1  62.5  54.1
 WIT†  400  81.9  90.8  61.5  73.3  61.3
 IN-1K  1.2  56.4  74.1  43.2  56.2  57.2
 Food-2K  0.6  65.4  78.7  50.6  61.0  –
 PaS-FMini  0.6 66.8 79.7 53.7 64.3 59.2
 PaS-F  1.2  77.3  86.8  61.9  71.6  64.2

Table 4 
Classification Acc. (%) results for birds domain. Best (bold), Second 
best (underlined) comparing only SSL models. † represents supervised 
pretraining.

PT Data Size (M)  CUB-200  NABirds  iNatBirds
 k-NN  Linear  k-NN  Linear  k-NN

 IN-21K†  14  69.2  83.5  57.5  73.2  32.4
 WIT†  400  63.0  81.2  50.8  71.5  31.7
 IN-1K  1.2  40.8  49.2  29.2  36.2  18.3
 iNatBirds  0.4  19.7  30.6  11.2  21.2  –
 PaS-BMini  0.4  33.3  48.6  22.1  36.6  12.15
 PaS-B  1.2 46.4 68.9 42.3 56.6 24.9
 PaS-BBig  2.4  55.0  73.5  49.2  64.8  27.7

insects (Table 5). Overall, the results highlight that models pretrained 
on PaS-generated datasets consistently outperform those pretrained on 
domain-specific datasets, with an avergae improvement of 6.7% accross 
all considered tasks and domains. In particular, even the “ Mini” versions 
achieve higher accuracies than supervised domain-specific datasets such 
as iNatBirds and Food-2K (same scale), highlighting the effectiveness of 
our pipeline in autonomously generating high-quality domain-specific 
datasets without manual labeling.

PaS-F datasets exhibit remarkable performance gains (Table 3). PaS-
F (1.2M images) achieves a k-NN accuracy of 77.3% on Food-101, sig-
nificantly exceeding IN-1K (56.4%) and even outperforming IN-21K 
(59.3%), which is 12× larger. PaS-F competes closely with WIT (400M 
supervised dataset), outperforming it in k-NN for FoodX-251 and Food-
2K. Similarly, PaS-B datasets (Table 4) consistently outperform the su-

Table 5 
Classification Acc. (%) k-NN results for insect domain in different 
AMI partittions. Best (bold), Second best (underlined) comparing 
only SSL models. † represents supervised pretraining.

PT Data  Fine-grained (Regions)
Binary

 C-America  N-America  Europe  All
 IN-21K†  15.1  38.0  34.2  38.5  67.9
 WIT†  15.1  26.7  23.5  26.6  60.6
 IN-1K 16.0 38.2 34.3  39.9  62.4
 AMI GBIF  –  –  –  –  75.4
 PaS-I  19.2  38.4  35.1 39.5 68.9

pervised iNatBirds on all evaluations. PaS-B significantly outperforms 
IN-1K with improvements ranging from 5.6% to 20.4%. Although 
IN-21K (14M images) achieves higher accuracy, PaS-BBig (an enlarged 
version of PaS-B) narrows the gap from an average of 15.34% to 9.12% 
despite being nearly 6× smaller. This proves the ability of PaS to ef-
fectively scale the size of the dataset. PaS-I (Table 5) achieves the best 
results in the regional subsets (Central America, North America and Eu-
rope) of the AMI dataset at the family level, outperforming both IN-1K, 
IN-21K and WIT. The improvement is highest in CA, with a relative 
improvement of 20% over the second-best pretrainer. Although IN-1K 
slightly outperforms PaS-I in the global task (“ All”), PaS-I remains com-
petitive with a difference below 0.4%. In the “ AMI Binary” classification 
task, PaS-I falls only behind the laboriously compiled AMI dataset (on 
the same scale), which was expected since the task is also part of the 
AMI benchmark. This alignment between the training (AMI) and test 
data is in accordance with Section 4.2.3, where we identified a domi-
nant pattern in the AMI GBIF dataset (present in all the partitions).

5.2.2.  Full fine-tuning
For full fine-tuning, we follow the setup in Table C.10(b). Given the 

number of experiments and the computational demands of this down-
stream task, the largest datasets are disregarded from this experiments. 
This includes Food-2K, iNatBirds and all the AMI partitions. To provide 
comprehensive results, the latter are included in the few-shot study (Fol-
lowing section). The results are displayed in Table 6. On the food do-
main, PaS datasets exhibit better performance than existing manually 
curated datasets (both general and domain-specific). Particularly, PaS-F 
and PaS-FMini attain the best and second-best results in both datasets,
respectively. The larger version, PaS-F, beats the best non-PaS alterna-
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Fig. 12. Results on few-shot fine-tuning on ViT-B/16.

Table 6 
Full fine-tuning on food and birds. In 
all the cases, the architecture used is 
ViT-B/16. † - supervised denotes back-
bones pretrained in a supervised way.
 PT  Size  CUB  NABirds
 IN-1K  1.2  78.5  73.2
 IN-21K†  14.0  81.3  73.1
 iNatBirds  0.4  76.8  70.0
 PaS-BMini  0.4  79.5  73.0
 PaS-B  1.2 82.9 77.1
 PaS-BBig  2.4  83.2  77.2
 PT  Size  F101  FX251
 IN-1K  1.2  87.1  71.7
 IN-21K†  14.0  86.3  70.1
 Food-2K  0.6  87.9  72.5
 PaS-FMini  0.6 88.3 73.6
 PaS-F  1.2  89.1  74.3

tive by 2.08% in Food-101 and 2.68% in FoodX-251. PaS-B outperforms 
both domain-specific and general datasets in CUB-200 and NABirds, 
with an increase of 1.63% and 3.94% over the best non-PaS dataset, re-
spectively. PaS-BBig, further improves performance, reaching 83.2% in 
CUB-200 and 77.2% in NABirds. Furthermore, PaS-BMini beats iNatBirds
(same scale) by at least 2.75%.

5.2.3.  Few-shot fine-tuning.
The ability to achieve high performance with limited, labeled data 

is crucial in many real-world applications, where acquiring large anno-
tated datasets is expensive or impractical. Few-shot learning addresses 
this challenge by aiming to learn effectively from only a few examples 
per class. To evaluate the data efficiency of representations learned from 
PaS datasets, we perform fine-tuning with reduced portions of training 
datasets in the three domains (results displayed in Fig. 12). Backbones 
pretrained on PaS datasets outperform general-domain datasets in all 
considered scenarios, while being even an order of magnitude smaller. 
PaS-pretrained backbones achieve competitive performance (even sur-
pass) other backbones when using fewer images for fine-tuning, high-
lighting, the potential of PaS datasets to be data-efficient and show
better learnability of useful features for the desired domain. For this 
downstream task, we use the same setup as full fine-tuning, only reduc-
ing the number of samples per class.

5.3.  Fine-tuning of VLMs

Multimodality is a core trait of our PaS pipeline. As a result, the fi-
nal generated image dataset is a paired text associated with each image 
(the web caption in the case of web-retrieved images, and the genera-
tion prompt in the case of synthetic images). To assess the capacity and 
relevance of PaS in this regard, we leverage the text-image pairs to fine-
tune pretrained VLMs, namely CLIP [16] and SigLIP [17], using LoRA 
[15]. In this task, the original weights of the VLM remain frozen, and 
only the LoRA matrices are updated. Specifically, LoRA is applied to the 
Q, K, and V linear layers of all transformers in the vision encoder. For 
both CLIP [16] and SigLIP [17] fine-tuning, we adopt the same hyperpa-
rameters as in Zanella and Ben Ayed[49], with a scheduler of 5 epochs. 
This approach allows for efficient fine-tuning by less than only 1% of 
the model parameters using PaS’ image-text pairs.

For evaluation, we take the visual encoder of the fine-tuned model 
and use it for k-NN and linear evaluation. We use ViT-B/16-based CLIP 
and SigLIP, pretrained on massive web-scale data: 400M and 4.8B im-
ages, respectively. Results in Table 7 show that PaS leverages the knowl-
edge of CLIP to create datasets with enriched knowledge, yielding incre-
mental improvements across domains with an average gain of 4.2%. Re-
garding SigLIP, PaS datasets enable improvements in all domains while 
only representing a small fraction (0.03%) of the original pretraining 
data of SigLIP. The results highlight the effectiveness of PaS in creating 
targeted fine-tuning datasets for complex domains, enabling improve-
ments even when retraining foundational models is impractical due to 
continuous new data and domains.

5.4.  Ablations

We perform ablations of key components of PaS (Table 8) using the 
food domain.

1. Concept Discovery: Our LLM-guided concept generation outper-
forms a PaS dataset curated directly from Food-101 concepts, high-
lighting greater generalization and diversity. Evaluating Stage 1, our 
LLM-based concept generation (𝐏𝐚𝐒 − 𝐅𝐌𝐢𝐧𝐢) outperforms a manu-
ally curated set of concepts from Food-101 (𝐏𝐚𝐒 − 𝐅𝐹101), indicating 
greater generalization and diversity.

2. Data Distribution: We ablate the automatic synthetic-to-real ra-
tio of PaS by manually setting them. To achieve these precise ra-
tios for the ablation, the curation methodology was modified: while 
deduplication is performed on the union of real and synthetic data 
to remove all near-duplicates globally, the subsequent Pareto-front
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Table 7 
PaS vs. CLIP and SigLIP using ViT-B/16 as visual encoder. We fine-tuned the VL models 
using LoRA with PaS datasets for 5 epochs.

#Imgs
 CUB  iNatB  F101  F2K  AMICA  AMIAll
 kNN  Lin.  kNN  kNN  Lin.  kNN  kNN  kNN

 CLIP (WIT)  400M  63.0  81.2  61.3  81.9  90.8  31.7  15.1  26.6
 SigLIP ∼ 4.8B  70.8  82.6  70.0  89.7  93.9  35.5  16.5  39.0
 PaS  1.2M  46.4  68.9  64.2  77.3  86.8  24.9  19.2  39.5
&𝐂𝐋𝐈𝐏†  +1.2M  67.4  82.8  67.6  87.3  92.2  37.5  15.9  36.1
&𝐒𝐢𝐠𝐋𝐈𝐏†  +1.2M  71.3  82.9  70.7  90.1  94.2  35.9  16.7  39.4

Table 8 
Ablation on food using ViT-B/16 (𝑘-NN and Linear probing). Columns: LLM-
based concept discovery (LLM), Synth/Web proportions (’A’=automatic), dedu-
plication (SF), and Pareto filtering (PF). Evaluation results are reported for 
Food-101, FoodX-251, and Food-2K on two tasks (𝑘-NN and Linear).
 PT Data  LLM  Synth  Web  SF  PF  Food-101  FoodX-251  F-2K

𝑘-NN  Linear 𝑘-NN  Linear 𝑘-NN

 PaS-F𝐹101  A  A ✓ ✓  67.03  81.12  52.94  64.12  59.22
 PaS-F0−100Mini ✓  0  100 ✓ ✓  65.79  79.20  52.80  63.87  59.24
 PaS-F25−75Mini ✓  25  75 ✓ ✓  65.84  79.11  52.83  63.84  59.30
 PaS-F50−50Mini ✓  50  50 ✓ ✓  66.04  79.38  53.07  63.98  59.83
 PaS-F75−25Mini ✓  75  25 ✓ ✓  66.79  79.93  53.82  64.38  60.67
 PaS-F100−0Mini ✓  100  0 ✓ ✓  66.53  79.42  53.64  64.12  60.05
 PaS-FMini ✓  A  A ✓ ✓  66.75  79.68  53.68  64.29  60.46
 midrule PaS𝑁𝐹 ✓  A  A  70.89  81.50  57.39  66.33  61.23
 PaS𝑆𝐹 ✓  A  A ✓  73.11  83.48  59.44  68.15  62.45
 PaS-F ✓  A  A ✓ ✓  77.31  86.84  61.86  71.61  64.23

filtering is applied to the real and synthetic sets independently. Com-
paring manually set ratios (𝐏𝐚𝐒 − 𝐅0−100

𝐌𝐢𝐧𝐢 , 𝐏𝐚𝐒 − 𝐅25−75
𝐌𝐢𝐧𝐢 , 𝐏𝐚𝐒 − 𝐅50−50

𝐌𝐢𝐧𝐢 , 
𝐏𝐚𝐒 − 𝐅75−25

𝐌𝐢𝐧𝐢 , and 𝐏𝐚𝐒 − 𝐅100−0
𝐌𝐢𝐧𝐢 ) with the automatically distribution 

determined by PaS, PaS-FMini achieves competitive (a close second) 
performance without manual tuning, demonstrating an effective bal-
ance between both data sources. More importantly, while both pure 
synthetic and pure web datasets are effective, their hybrid combina-
tion consistently yields the best performance, reinforcing the value 
of our hybrid data collection approach.

3. Data Curation: We study the effectiveness of our dataset reduction 
by comparing unfiltered (𝐏𝐚𝐒𝑁𝐹 ), deduplicated (𝐏𝐚𝐒𝑆𝐹 ) and Pareto 
front-based OOD removal (𝐏𝐚𝐒 − 𝐅) of which the complete reduction 
yields the best performance, with fewer but more relevant images.
In summary, our ablation experiments highlight the effectiveness of 

each component of the PaS pipeline. The LLM-guided concept gener-
ation provides superior generalization, the automatic web-to-synthetic 
ratio achieves a balanced performance without manual tuning, and the 
data curation process effectively removes irrelevant images, leading to 
the best overall results.

5.5.  Limitations

While PaS generates high-quality datasets and demonstrates promis-
ing pretraining results, it is crucial to identify its limitations.
1. While PaS leverages the knowledge of large pretrained models, such 
as LLMs and text-to-image generators, its effectiveness can be in-
fluenced by their general capabilities. Even if the design of PaS has 
been proven robust in several complex domains, limitations or biases 
in these foundational models for highly specialized domains might 
affect the generated dataset’s applicability.

2. Evaluation pipeline is similarly sensitive, as the quality of the tar-
get domain can impact latent representations and lexical alignment 
analysis. However, PaS’s modular architecture allows for easy re-
placement or upgrading of these components, effectively mitigating 
both limitations.

3. PaS leverages efficient large models, however, depending on model 
choice, computational demand may increase, potentially limiting the 
quality in low-resource settings. Using techniques such as model 
quantization can alleviate this limitation.

6.  Conclusion

While being critical for real-world deployment, creating domain-
specific datasets at scale is challenging due to its high costs. In this paper, 
we introduce PaS, an innovative framework for autonomously generat-
ing domain-specific datasets on-demand. PaS is modular, facilitating in-
tegration of various SoTA components like LLMs and VLMs, offers adapt-
ability across diverse domains, and, allows future advancements. PaS in-
corporates efficient pruning techniques to provide high-performance rel-
evant datasets with reduced size, tackling a key challenge in dataset cu-
ration. Our comprehensive task-agnostic analysis highlights our frame-
work’s ability to produce scalable datasets that surpass the richness 
and diversity of conventionally curated domain-specific SoTA datasets. 
When pretrained on PaS datasets, models achieve competitive or su-
perior results compared to traditional supervised datasets of the same 
scale. Empirical results show that PaS datasets outperform IN-1K across 
all tested domains and even surpass IN-21K supervised setup in food
and insects domain while being an order of magnitude smaller. More-
over, PaS multi-modality enables cost-effective adaption of existing 
large VLMs to new domains, easing their usage in new applications. 
PaS represents a paradigm shift: automatically generated domain-
specific datasets can bridge the gap with large general-domain datasets, 
providing scalable, flexible solutions with enhanced performance in
specialized applications. The efficiency of PaS makes it a promising ap-
proach for real-world deployment, including resource-constrained en-
vironments. Future directions include testing advanced components for 
complex domains, analysing data and distribution biases, and training 
cross-modal models.
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Appendix A.  PaS dataset diversity & domain assessment - 
semantic richness analysis in the insects domain

As mentioned in Section 4.2.3, the most populated AMI-GBIF proto-
type represents a human-driven concept (quantity over diversity). PaS-I, 
manages to include similar concept images with much fewer samples, as 
it focuses on the insects domain without a human strategy that could bias 
the dataset. Specifically, this prototype appears in 38.94% of AMI GBIF 
images, compared to only 0.89% in PaS-I. Fig. A.13 showcases examples 
of images associated with this prototype. These images predominantly 
feature well-centered insects (mainly moths) captured on white surfaces. 
In contrast, PaS-I images-both web-sourced and synthetic-typically de-
pict insects in natural environments. This fundamental difference ac-
counts for the distribution discrepancies highlighted in the previous sec-
tion. The prototypes across different domains demonstrate the richness 
of PaS datasets, highlighting that PaS datasets not only match but poten-
tially exceed the semantic diversity of existing human-curated datasets.

Fig. A.13. Samples from the AMI GBIF dataset belonging to its most populated 
prototype.

Appendix B.  Additional evaluations of PaS datasets as pretrainers

B.1.  Domain-specific evaluation

In addition to the comprehensive experimentation in Section 5, we 
assess our pretrained models on two specialized real-world tasks: seman-
tic segmentation for food using FoodSeg103 dataset [50] and keypoint 
detection for birds using Birdsnap dataset [51].

Semantic segmentation of food. Table B.9 contains the results for food
semantic segmentation using FoodSeg103 [50]. In all cases, we use de-
fault configurations provided by MMSegmentation3 without any hyper-
parameter tuning. We use a scheduler of 80K training steps. The re-
sults indicate that, ViT-B backbone pretrained with PaS-F outperforms 
other backbones, including both ViT-B and Swin [9], trained on different 
datasets. Notably, significant improvements are observed in both mIoU 
and mAcc metrics. These findings highlight the effectiveness of special-
ized datasets like PaS-F in enhancing performance on dense prediction 
tasks such as semantic segmentation.

Table B.9 
Results on the downstream task of semantic segmentation 
for the dataset FoodSeg103 [50]. Results for ImageNet-21K 
pretraining have been taken from the FoodSeg103 paper 
[50]. The other experiments follow the same setup.
 PT Data  Method  Backbone  mIoU  mAcc

IN-21K
SETR [52]  ViT-B/16  41.3  52.7

UperNet [53]  Swin-S 41.6  53.6
 Swin-B  41.2 53.9

 Food-2K
UperNet [53]  ViT-B/16  38.1  51.1

 PaS-F  ViT-B/16  42.5  55.5

Keypoint detection on birds. For keypoint detection using Birdsnap [51], 
we compare ViT-B/16 performance pretrained on IN-21K with that pre-
trained on PaS-BBig, using ViTPose [54] with default hyperparameters. 
Despite PaS-BBig being an order of magnitude smaller, it achieves supe-
rior results in mean mAP: 59.6% compared to 56.3% for IN-21K pre-
trained models.

Appendix C.  Experimental setup

For all our experiments, we use ViT-B/16 as the visual encoder [10]. 
To ensure a fair comparison across datasets, we pretrain the encoders 
from scratch using a common SSL setup: MoCo-v3 [35] for 300 epochs. 
The only exceptions are IN-21K and WIT, for which we use the officially 
released, supervisedly trained weights [16,55], making them stronger 
discriminative baselines.

Table C.10 
Detailed setups used for the different 
pretraining and fine-tuning.

 Parameter  Value
 (a) Moco v3 pretraining setup
 Backbone  VIT-B/16
 Batch Size  4096
 Learning Rate 2.4 × 10−3

 Scheduler  Cosine
 Optimizer  AdamW
 Epochs  300
 Warmup Period  40
 Weight Decay  0.1
 Parameter  Value
 (b) Fine-tuning setup
 Backbone  VIT-B/16
 Batch Size  256
 Learning Rate 5 × 10−4

 Scheduler  Cosine
 Optimizer  AdamW
 Epochs  100
 Warmup Period  10
 Weight Decay  0.05

3 https://github.com/open-mmlab/mmsegmentation
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To ensure that our evaluation is not biased by overlapping data, 
we meticulously remove images from the PaS datasets that are simi-
lar to those in the downstream evaluation test sets. For this, we use 
the state-of-the-art duplicate detection model, SSCD [44], following the 
procedure outlined in Oquab et al. [1]. This process is analogous to the 
deduplication step in our curation pipeline (see Section 3.3) but em-
ploys a stricter similarity threshold of 0.45 to aggressively remove any 
potential near-duplicates of the test images from our final pretraining
datasets.
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