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1 ver,hotdinga 1. the interior of a car, specifically 1. The image features along metal ailing along a beach, 1.The image features a young boy sitting In ared carousel 1. The image features a traditional Japanase templa with
paddle and wearing a biue and black wetsut. focusing on the steering with side. tice, smiling and hoiding onto railing mulipie tiers and  tall tower, surrounded by cherry.
blossom trees.
2. The location s a river with white rocks n the background. 2. The car s parked, and the steering wheel is in the 2. The setting is a beach with  boardwalk, and the 2. The setting is a carmival or amusement park, with colarful
foreground, with the dashboard and other controls visible  background includes a city skyline. 2. The temple is focated on a hillside, overlooking a city and
B - i i in mountains in the distance.
With the man in action and the river's movement captured 3. The image has a caim and serene sesthetic, with the 3. The image has a vibrant and cheerful aesthetic, with
B clean and with a focus and the city n the distance. a B , with the.
4. The camera perspective i from a low angle, looking up at o the design and details of the car's nterior Soft pink hues of the cherry biossoms contrasting against
the man and the river, with the focks in the background 4. The camera perspective s from a low angle,looking up at 4. The camera perspective is ffom a low angle, looking up at  the temple's architecture,
framed by the Kayaker. The focal pointis onthe manand 4. The camera perspective is ffom the diver's seat, looking  the raling and the beach, with the bench the bay, fun,
his kayak, and tin th ot towards. wheel, witha and the city In the background. playtul environment of the carmival, 4. The camera perspective s from a low angle, looking up
close-up framing that emphasizes the steering Wheel as towards the temple, which emphasizes its height and

the focal point.

1 wiha 1 L 1 men standing around a 1 hoodie anda 1 ~colored

playerina green ersey running wih the ball, and another vintage aifplane, with some of them working on the aifcraft.  baseball Gap, standing against a wal with graffit flover crown and a gold horn.

player in a white fersey in pursu. 2. The box s placed against a white background.
2. The setting appears (o be an outdoor area, possiblyan 2. The setting appears to be an urban environment, possibly 2. The unicarn head is mounted on a white wall

2. The setting is a footbal ield with 3 clean and witha  airfied ora an ey or a street with a wall

background focus on the product. 3. Theimage has a shiny, metallc aesthetic, with the copper
3 vintage Llkolydueto 3. grity, witha

3. The image has a dynamic and action-packed acsthelic, 4. The camera perspectiveis a close-up shot of the product  the black and white color scheme and the style of the. focus on the man and the grafft,

‘apturing the intansity of the game, box, highlighting the brand name anei product details. airpiane. 4. The camera perspective s a elose-up shat, focusing on

The camara perspective s from a side angle, with the tha unicorn head and its detalls.
4. The camera perspective s from a low anle, focusing on 4. The camera perspective s from a low angle, looking up at man positioned in the foreground and the arafit in the
the player with the ball, and providing a sense of mation and tha airplane and the man, which emphasizes the size and  background, creating a sense of depth and space,

Figure 1: Images from Re-LAION-Caption 19M with structured captions: 1. subject, 2. setting, 3.
aesthetics, and 4. camera details.

ABSTRACT

We argue that generative text-to-image models often struggle with prompt adher-
ence due to the noisy and unstructured nature of large-scale datasets like LAION-
5B. This forces users to rely heavily on prompt engineering to elicit desirable out-
puts. In this work, we propose that enforcing a consistent caption structure during
training can significantly improve model controllability and alignment. We in-
troduce Re-LAION-Caption 19M, a high-quality subset of Re-LAION-5B, com-
prising 19 million 1024x1024 images with captions generated by a Mistral 7B
Instruct-based LLaVA-Next model. Each caption follows a four-part template:
subject, setting, aesthetics, and camera details. We fine-tune PixArt-> and Stable
Diffusion 2 using both structured and randomly shuffled captions, and show that
structured versions consistently yield higher text-image alignment scores using
visual question answering (VQA) models. We will open-source the dataset. The
dataset is publicly available at the following linkﬂ

*Equal contribution
"https://huggingface.co/datasets/supermodelresearch/Re-LAION-Captionl9M
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1 INTRODUCTION

A significant portion of the recent performance gains in deep learning models can be attributed to
the availability of larger and higher-quality datasets than those available in previous decades. In
particular, in the context of text-to-image models, names like DALL-E (Ramesh et al.l |2021) and
Stable Diffusion (Rombach et al.;,|2022) have greatly benefited from open-source, web-scale datasets
such as LAION-5B (Schuhmann et al.|[2022). LAION-5B, as its name suggests, originally consisted
of up to 5.85 billion CLIP-filtered (Radford et al.,2021)) image-text pairs.

At this scale, it becomes notoriously difficult to pre-filter and reliably evaluate the dataset, and
indeed several issues were identified a posteriori which forced the takedown of the original dataset
and led to the development of Re-LAION-5B, as we discuss in Section E} In this work, we focus on
the lack of structure in the image descriptions, both in the case of LAION-5B and Re-LAION-5B.
To produce the captions, the authors parsed Common Crawl’s WAT metadata to extract every HTML
image tag with an alt attribute, treating that alt-text as the raw caption. Each caption was then run
through CLD3 language detection (Ooms)}, |2022)) (English, other, or no language), and any captions
under five characters were discarded, yielding the ‘cleaned’ alt-text captions used in the dataset. This
procedure offers no control over the prompt structure fed into the generative model, likely making
text-to-image learning unnecessarily difficult due to the high variability and irregularity of raw text
data found in the wild. In this paper, we argue that the reliability and controllability of generative
models are deeply connected to the nature of their training data.

We hypothesize that training (or post-training) text-to-image generative models with consistent
prompt structures enhances controllability. Such consistency simplifies the learning process by re-
moving the need for the model to become invariant to different caption formats. Furthermore, a
predefined prompt pseudo-template helps users ensure their queries align with the model’s training
distribution, reducing the need for extensive prompt engineering at inference time. In Section [2]
we formalize this intuition using group theory, and based on this we propose Re-LAION-Caption
19M a new filtered subset of Re-LAION-5B containing high-resolution 1024x1024 images of high
quality and re-captioned using a consistent prompt structure. We generate the new captions with
the open-source LLaVA-Next model (Liu et al., 2024b) (also known as v1.6) leveraging Mistral 7B
Instruct (Jiang et al., 2023)) (see SectionE]for more details).

Other efforts that follow our line of research in the literature include Recap DataComp-1B (Li et al.,
2024])), VeCLIP (Lai et al., 2024), and LaCLIP (Fan et al., [2023), all of which recaption web-scale
datasets to improve image-text alignment. However, our work is different in that unlike these meth-
ods which use single-sentence captions or unconstrained rewrites, we introduce a structured caption-
ing format that separates the content into four interpretable fields to improve controllability at a more
granular level. Also, while Recap and VeCLIP primarily target CLIP-style retrieval or classification
benchmarks, our focus is on text-to-image.

2 CAPTION STRUCTURE INVARIANCE

In this section, we employ group theory to formalize the intuition behind the benefits of training
models with a consistent prompt structure.

Let €2 denote the set of all English captions. Each caption ¢ € 2 is considered as a sequence of
tokens, where c(t) represents the token at position ¢. Define the input feature function space:

X(Q) ={z:Q—>RY},

where each z € X' () maps any caption ¢ € ) to a d-dimensional feature representation z(c) € R,
typically produced by a text encoder. The dimension d denotes the embedding dimension, distinct
from any token-level representation dimension d’. This distinction separates the feature vectors
obtained at the token-level (such as from the codebook embedding layer) from those obtained after
encoding a complete input prompt through multiple Transformer encoder layers.

Define a group G whose elements g € G represent meaning-preserving transformations acting on
captions.
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Definition 2.1 (Meaning-Preserving Group Action). A group action p : G x £ — ) mapping each
transformation g € G and caption ¢ € ) to a new caption p(g)c € €2 with equivalent semantics.

Example 2.2 (Sentence Shuffling). A specific instance of such a meaning-preserving transforma-
tion is sentence-level shuffling: given a caption composed of multiple sentences, reordering these
sentences typically preserves the overall semantic content, even though the structure of the caption
changes. In practice one must ensure sentences do not carry forward-referencing dependencies for
this to hold. This is particularly true when the sentences are self-contained, as in our dataset, see
Section

Remark 2.3 (Retokenization). Note that technically p(g)c need not merely permute the tokens in
c. Some g € G may indeed represent permutations (thus (p(g,)c)(t) = c(p~'(¢))), but generally,
transformations in GG can yield entirely new sequences of tokens, since changing the order of words
or sentences may cause the tokenizer to produce a different tokenization rather than simply rear-
ranging the original tokens ((p(gp)c)(t) # c(p~*(t))). Remember that most text tokenizers will
re-encode the shuffled text from scratch.

The action of G on €2 induces an action on X' (Q2). For x € X(Q2) and g € G, define:

(g-2)(c)=z(p(g~ ")), ¢ e

In other words, the group action on captions induces a natural action on the functions defined over
captions. Rather than acting directly on the output vectors, the group transforms the input caption
before evaluating the function.

Definition 2.4 (Caption Structure Invariance). A model f : X(Q) — Y is caption structure-
invariant if:

flg-z) = f(z), VgeqGveeX(Q).

Instead of enforcing invariance universally, we propose restricting attention to a structured subset
O C Q, generated using a fixed prompt template. Let v € U denote semantic content variables
drawn from an allowed set /. A caption Cemplae (1) € €' is then constructed via a fixed template,
for example:

Ctemplate(”) = H(Sh ¢1(U/), 82,y Sm, (bm(u))a u € u7

where fixed token sequences s; (in Section E] this would be “1.”,2.”,3.”,4.”’) interleave content-
derived sequences ¢;(u), and || denotes concatenation. The set €’ defines the canonical caption
structure domain:

Definition 2.5 (Canonical Caption Structure Domain Q’). The canonical caption structure domain
Q) comprises captions generated by a fixed template, satisfying invariance under G, i.e.,

Vg e G,Ve e Q : p(g)c = c.

Thus, we restrict to the subspace X' (') C X (), where each z € X' (') primarily operates within
. Consequently, the model f need only learn:

flary : X(Q) = Y,

a considerably simpler task compared to achieving invariance across all 2. Since each caption in 2’
is canonical, invariance trivially holds. For any = € X(Q') and ¢ € ', we have:

(g-2)() =2(p(¢g7 ")) =x(¢), andthus g-z =

This dramatically simplifies the invariance requirement on f: the problem is shifted from complex
learning to careful input design. Note that because we have defined the canonical caption domain
Q' explicitly as invariant under all transformations in G, the caption-structure invariance property
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trivially follows. Here, our intention is to mathematically and clearly illustrate the simplicity gained
from adopting structured caption templates compared to dealing with general, unstructured captions.

The benefits derived from this approach are immediate:

» Coverage: Maintains representation of all essential concepts (e.g., objects and styles).

 Simplicity: Eliminates combinatorial syntax variability by adopting a structured slot se-
quence.

* Efficiency: Redirects model capacity toward semantic learning rather than invariance to
structural permutations.

While the group-theoretic framework does not introduce new algorithmic techniques, it provides a
formal lens for understanding how structure in caption templates can offload the burden of learning
invariance from the model to the data. This helps articulate a design principle for dataset construc-
tion.

3 LAION-5B AND RE-LAION-5B
In this section, we describe the web-scale dataset used to construct our subset.

LAION-5B LAION-5B was constructed by crawling publicly available web pages from Common
Crawl to extract image URLs paired with their author-provided alt text. These images were then
downloaded, and any that were too small or malformed were discarded. The remaining image-
text pairs were encoded using CLIP models to compute cosine similarity. Low-confidence matches
(about 90% of the data) were filtered out, retaining approximately 5.85 billion high-quality exam-
ples. This corpus was subsequently split into English (2.32 billion), multilingual (2.26 billion), and
no-language (1.27 billion) subsets. Additional automatic annotations for adult content, watermarks,
and toxicity were added for downstream filtering (Schuhmann et al.|2022). Despite this initial effort,
LAION-5B has been reported to have multiple issues, such as an estimated 700 million duplicate
images |Webster et al.| (2023)) as well as copyright conflicts.

Re-LAION-5B Following a safety revision prompted by the discovery of links to suspected
CSAM within the original LAION-5B dataset, LAION e.V. recently (30 Aug, 2024) released Re-
LAION-5B, a cleaned version. This updated dataset, created in partnership with the Internet Watch
Foundation (IWF), the Canadian Center for Child Protection (C3P), and Stanford Internet Obser-
vatory, involved removing 2236 identified links by matching against over 16 million image and
URL hashes of known illegal content, without directly accessing the potentially harmful material.
Re-LAION-5B, containing approximately 5.5 billion text-image pairs, aims to provide a safer and
more reliable open dataset for reproducible language-vision learning research, while emphasizing
the limitations of automated filtering and recommending collaboration with expert organizations for
improved safety in web-scale dataset creation.

4 FILTERING SCORES

Next we describe our dataset filtering procedure: concretely, we work with the Re-LAION-5B re-
search safe English 2 billion subse

Initial Size and Aspect Ratio Filtering First, we discard images whose width or height is less
than 1024 pixels. This ensures a minimum resolution for input images. Second, we filter out images
with extreme aspect ratios. The code calculates the minimum of the width/height and height/width
ratios and keeps images only if this ratio is greater than or equal to 0.6666. This means we accept
images where the shorter side is at least 66.66% of the length of the longer side, effectively selecting
images that are reasonably close to square. Finally, we center crop these images at 1024x1024. This
pre-filtering effectively reduces the initial dataset to 39,149,128 images.

’relaion2B-en-research-safe accessible at https://huggingface.co/datasets/laion/relaion2B-en-
research-safe
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Score-based Filterings After this initial step we proceed to filter and classify the images according
to different quality metrics:

* Aesthetic Score: rates the quality of the image according to a pre-trained open-source model
that simulates human preference (this model is a combination of an OpenAI CLIP ViT L14
model (Radford et al.||2021) and MultiLayer Perceptron (MLP) aesthetic score predictmﬁ).
We keep images with an aesthetic score greater than 4.73.

* Luminance: following OpenHumanVid (Li et al.| 2025)), we calculate the mean luminance
of an image based on the following formula:

N
1
I = — R el . B, 1
NZE:l(r Ri+g-Gi+b-B)) (1)

with the scalars » = 0.2126, g = 0.7152, b = 0.0722, and where R;, G;, and B; correspond
to the red, green, and blue channels of the ¢-th pixel, respectively, and NN is the total number
of pixels for a given image. We keep samples with a luminance score L € [12.75,204.00]
to filter out images that are too bright or too dark, as well as to minimize the presence of
only product store images.

o Text detection by custom OCR score: images are analyzed for the presence of text using a
custom Optical Character Recognition (OCR) score, which takes values between 0 and 1.
The OCR score is computed using a Differentiable Binarization (DB) model (Liao et al.|
2019) with a ResNet-18 backbone. The DB model predicts polygons enclosing detected
text regions and associated confidence scores for each polygon. Next, for each detected
polygon, its area in pixel units is calculated. The OCR score for each image is computed

as follows:
> pep(A(p) x C(p))
5 : @)

where P is the set of all detected text polygons in the image with a confidence score greater
than or equal to 0.7} A(p) is the area (in pixels) of the individual polygon p; C(p) € [0.7, 1]
is the confidence score associated with the detected polygon p; S is the side length of the
square input image (736 pixels in this implementation: input images are resized to 736x736
resolution), so S? represents the total area of the input image. This custom OCR score
represents the weighted proportion of the image area covered by confidently detected text
regions. A higher score indicates a greater presence of text with higher confidence. This
metric is used in our filtering process to select images based on the amount and reliability
of detected text. We keep images with both very low (most of the dataset) and very high
OCR scores. This is because intermediate OCR scores around 0.1 to 0.6 primarily include
scribbles or text too small, which we find to be undetectable or confusing for LLaVa models
as well as generally hard to reconstruct with autoencoders. Hence we would generally like
to aim for images that either do not contain text or that feature sufficiently large and clear
text beneficial for downstream training.

OCR Score =

All filtering steps combined reduce the image count from 39,149,128 to 19,055,277. We provide a
logbook of our filtering procedure in Appendix |[Al We also provide visualizations before and after
filtering the dataset in Appendix [B] Finally, note that we deem blur filtering unnecessary in our case,
as we have already restricted the subset to high-resolution images. While some images exhibit blur,
this is often a feature rather than a bug; for instance, blurred backgrounds can be a stylistic choice
to emphasize the main subject.

5 STRUCTURED RE-CAPTIONING WITH LLAVA-NEXT

For re-captioning, we use LLaVa-Next (Liu et al., 2024b)) with Mistral 7B Instruct. We choose this
model to balance between caption quality and inference speed as compared to other models in the
LLaVa-Next family. We use the following system prompt:

3 Accessible at https://github.com/christophschuhmann/improved-aesthetic-predictor which is referred to as
LAION-Aesthetics Predictor V2. Thisis the same model used to prepare the LAION subset LAION
Aesthetic V2 from https://laion.ai/blog/laion-aesthetics/

*The threshold is based on recommendations in https:/github.com/MhLiao/DB
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Describe the image using the following structure (4
sentences in total, using bullet points): 1. Subjects or
objects in the image in one sentence, including actions if
applicable. 2. Location and setting in one sentence. 3.
Image aesthetics in one sentence. 4. Camera perspective,
including angle, framing, and focal point details in one

sentence.
\ _J

Using bullet points helps the model clearly separate sentences corresponding to different tasks. For
the first task, we observed the model occasionally uses two sentences instead of one, see for instance
the first bullet point in the unshuffled caption of Figure 3] Furthermore, we found it challenging
initially to make the model distinguish between image aesthetics and camera details. Separating
these as two distinct requests in the system prompts proved paramount; otherwise, the model would
ignore one of them. Notably, using image aesthetic rather than image style was particularly effective.
A word cloud of the most commonly used words by the LLaVa-Next model is displayed in Figure[2]
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Figure 2: Most common words produced by LLaVa-Next during re-captioning, excluding stopwords.

Note that “camera”, “image”, “aesthetic”, and “perspective” appear often, as expected given the
system prompt.
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Defective LLaVa captions After our image captioning run, we applied a script to determine
whether captions adhered to the desired bullet point template format (as illustrated in Figure [I)
and we removed defective samples, reducing the dataset size from 19,055,277 to 19,038,079 text-
image pairs. Failure cases are discussed in Appendix[C] Another problem that we observe regarding
the captions produced by LLaVa-Next is that it likes to repeat itself when describing aesthetics and
camera details: it often mentions again redundant information present in bullet points 1. or 2. We
found this hard to remove programmatically.

6 TEXT-TO-IMAGE FINE-TUNING EXPERIMENTS

To verify our hypothesis that structured captions aid learning and contribute to more robust text-to-
image models, we fine-tune PixArt-3 and Stable Diffusion Version 2
using two variations of the dataset. The first dataset is Re-LAION-Caption 19M, and
the second consists of the same set of images but with randomly shuffled caption structures. For
instance, as shown in Figure[3] a default caption example follows the subject/object, location/setting,
aesthetic, and camera ordering. In contrast, its shuffled version would point to the same image and
contain the same net information, but the ordering would be randomized (the permutation is different
for each image in the dataset). Note that this is a controlled environment: despite permuting the
caption order, both datasets have significantly more structure than what we would typically find in
LAION.
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Extending the Context Window of CLIP-
based Models PixArt-X utilizes a 4.3B Flan-
T5-XXL (Chung et all [2022) text encoder
with a maximum context length of 300 tokens,
which is sufficient for nearly all of our dataset,
with the exception of 33 captions. In contrast,
Stable Diffusion employs CLIP-based encoders
with a maximum context length of only 77 to-
kens. To enable fine-tuning on our captions,
we extend the text encoders by concatenating
TS5 text encoder embeddings with their original
CLIP embeddings along the sequence dimen-
sion. We found removing the original CLIP em-
beddings to be excessively aggressive.

L

Unshuffled

1. A man and a woman are standing in front of a rock
wall, holding hands and looking at each other. A dog Is
alse present in the scena.

Attending to the Tokenizer Our generative
models are based on T5 (Raffel et al.| 2023) and
Flan-T5 (Chung et al} [2022). To accommo-

date their tokenizer, we remove newline char-
acters from strings produced by LLaVa-Next,

2. The location |s a rocky beach or cliff, with the ocean
visible in the background.

3. The image has a soft, pastel color palette, giving it a

preventing potential confusion. Additionally,
we replace the numbering format “1.”, “2.7,
“3., “4” with “7177, 727, 737 747 We
do this because the ~ character corresponds to
the <unknown> token for T5 (Flan-T5 inher-
its the tokenizer directly from the original T5
model), clearly marking sentence boundaries
as <unknown><1><unknown>, etc. In con-
trast, we observed that the original formatting
might cause the tokenizer to merge subwords
from before and after the markers with the bul-
let point itself, potentially resulting in ambigu-
ous input for the generative models.

dreamy and romantic feel.

4. The camara perspective is from a low angle, looking
up at the couple, which emphasizes their connection
and the grandaur of the rock wall.

Shuffled

1. The lecation is a recky beach or cliff, with the ocean
visible in the background.

2. The camera parspective is from a low angle, looking
up at the couple, which emphasizes their connection
and the grandeur of the rock wall.

3. A man and a woman are standing in front of a rock
wall, holding hands and looking at each other. A dog is
also present in the scena.

4. The image has a soft, pastel eolor palette, giving it a
dreamy and ramantic feel.

Fine-tuning For fine-tuning PixArt-3 we use Figure 3: The unshuffled (or structured) cap-

- tion corresponds to the true caption used in Re-
IO.W rank adapters (LoRAs) (Hu et al, 20.21 LAION-Caption 19M. The shuffled version is
with a rank of 16 for 1 epoch on the fine-tuning

dataset with a learning rate of 105, a cosine used to test the effect of unstructured captions dur-

schedule with 1,000 warmup steps, and with an ing fine-tuning.

effective batch size of 640 text-image pairs. On

the other hand, for fine-tuning Stable Diffusion Version 2 we employ a rank of 32 for 1 epoch, with
a learning rate of 10~%, cosine schedule with 500 warmup steps, and an effective batch size of 320
samples.

Evaluating Text-Image Alignment For text alignment evaluation we use two Visual Ques-

tion Answering (VQA) (Agrawal et al) 2016) metrics: LLaVA-based (Liu et al 2024a) and
InstructBLIP-based (Dai et al., 2023). For each generated image—caption pair (/;,c;) in our test

set, we form a standardized yes/no query:

Q; = “Is the figure showing: ¢;?”

For each such query, the VQA models produces a probability for the answer “yes”. Thus, we report
the average VQA score for the whole test set. We note that, given the longer length of our captions,
we were unable to use standard CLIP-based text-image alignment metrics. Results are displayed in
Table [Tl below.

We observe that fine-tuning on the full dataset requires many steps and can lead to image color sat-
uration. According to guidelines for Stable Diffusion post-training, many practitioners recommend
shorter fine-tuning durations to prevent overfitting and the aforementioned saturation issue. Hence,
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Table 1: Evaluation results comparing text-image alignment of fine-tuned models trained with struc-
tured versus shuffled image captions.

Model Captions | VQA LLaVA 1 | VQA InstructBLIP 1
PixArt.S Structured 0.8630 0.8327
X Shuffled 0.8563 0.8303
. . Structured 0.8280 0.8140
Stable Diffusion 2| “q}) e q 0.8120 0.8010

to minimize the effect of such confounding factors in our analysis we run an additional set of exper-
iments in which we train for only 300 steps with ranks 4, 8, and 16. From Table [I] and Table 2] we
can conclude that using structured captions consistently leads to better alignment.

Table 2: Evaluation results comparing text-image alignment of fine-tuned models trained with struc-
tured versus shuffled image captions.

Model Captions | VQA LLaVA 1 | VQA InstructBLIP 1
o2y | Sl 07 o
o2y | Sl 0% o
o2 16| Sty | 088 o

7 CONCLUSION

The safety and reliability of generative models hinge significantly on the quality and structure of
their training data. In this work, we argue that the challenge of achieving precise prompt adherence
in text-to-image generative models often stems from the chaotic and unstructured nature of their
training web-scale data. To address this issue, we propose the introduction of a canonical caption
structure. This allows models to concentrate their learning capacity on semantic understanding
rather than learning invariance to prompt reordering. We developed Re-LAION-Caption 19M, a
refined dataset of 19 million high-resolution images. These images were re-captioned with LLaVA-
Next to enforce a consistent, intuitive structure. Our preliminary experiments, fine-tuning models on
both structured and randomly shuffled versions of our dataset, demonstrate compelling evidence that
consistent captioning leads to significant improvements in prompt adherence. Looking ahead, this
work opens several avenues for future research, including exploring different canonical structures,
investigating the impact of varying degrees of structure on model performance, and applying this
methodology to other modalities. By open-sourcing Re-LAION-Caption 19M, we hope to accelerate
progress towards more reliable, predictable, and user-friendly generative Al.

We acknowledge that our re-captioning effort was conducted at a moderate scale—limited to 19 mil-
lion images—due to computational constraints and a focus on fine-tuning. While scaling to billions
of images may be impractical, we believe extending this approach to the scale of hundreds of mil-
lions remains feasible and could outperform training on larger datasets with unstructured captions.
Furthermore, it would be valuable to explore the role of structured captions in other modalities, such
as text-to-video generation.
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A  LOGBOOK OF PROCEDURE TO DETERMINE ACCEPTED VERSUS REJECTED
SAMPLES

In this section we walk the reader through the rationale for filtering the dataset. We aim to strike a
balance between quality and retaining a high sample count.

A.1 AESTHETIC SCORE

Figure [] displays the aesthetic score distribution for the 39,149,128 images remaining after the ini-
tial size and aspect ratio filtering previously mentioned in Section 4] This distribution resembles a
Gaussian curve with the mean concentrated around a score of 5. Additionally, Figure [5]shows sam-
ples with varying aesthetic scores organized into 10 buckets: lower scores are assigned to samples at
the top, while higher scores correspond to samples at the bottom. These samples clearly demonstrate
that the aesthetic score generally correlates well with human perception. Lower scores are assigned
to visually unappealing images with excessive text and lacking color, while higher scores are given
to artistic or more professional-looking photographs and paintings. We also report the numerical
values for mean and standard deviation scores per bucket and the sample count for each, see Table[3]
Note that the buckets are equal-width bins (or intervals).

Samples in buckets 6 through 10 exhibit demonstrably high quality. Specifically, they feature a clear
focus on the main subject, appealing color distributions, an absence of random text or scribbles, and
a noticeable artistic touch. On the contrary, buckets 1 through 5 present a high count of subopti-
mal samples, so we discard them. Based on this, we retain 26,457,998 samples from the original
39,149,128. This is the most aggressive filtering step, after the preliminary size based filtering.

Table 3: Aesthetic Score Distribution Segmented into 10 buckets
Bucket Mean Standard Deviation Count

1 2.05 0.13 261

2 2.67 0.14 9,328

3 3.28 0.15 189,482
4 3.88 0.16 1,982,559
5 4.48 0.17 10,509,500
6 5.03 0.17 20,153,707
7 5.56 0.15 5,980,468
8 6.15 0.14 314,390
9 6.78 0.13 9,293
10 7.42 0.15 140
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0.003

Frequency
o
[=3
(=3
IN]

0.001

0.000 -

Aesthetic Score

Figure 4: Distribution of aesthetic score for the full 39 million subset.

11



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

«  Geccare

*.“}IE,

VR QD I ¢
"&‘*@ Leekes ‘.‘

You're home

Funny Economics
Jokes

JuGood

4

|1
i

Figure 5: We subdivide the dataset into 10 buckets according to their mean aesthetic score. Each
row corresponds to 10 samples from each of the buckets: lower to higher average aesthetic score
from top to bottom.
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A.2 LUMINANCE

In Figure [6] we plot the luminance score distribution for the dataset. As before, we initially subdi-
vided this distribution into 10 buckets. However, we saw that many samples exhibited a relatively
high luminance score, which we hypothesize may be attributed to the presence of a large number
of images from online stores where products are displayed against a white background. We found
these samples to be less interesting.

To verify our hypothesis, we subdivide images with aesthetic scores above 6 into 20 luminance buck-
ets (Figure[7). Even in these high-scoring examples, the highest luminance buckets contain product
images. Interestingly we note a high presence of diamond rings. This suggests the aesthetic score
can be inflated by the presence of an isolated, visually appealing object, potentially overlooking the
overall image context. For instance, it might score a close-up of a ‘pretty’ ring on a plain back-
ground highly, similar to a well-composed portrait. The general luminance distribution (Figure [8)
also shows a strong correlation between high luminance and product pictures.

Based on this observation we filter out the four highest luminance buckets, see Table EI, to avoid in-
cluding an excessive count of online products. Likewise we also filter the darkest bucket containing
approximately 30,000 images to prevent our model from producing an excessive amount of black
images. However, in this case we filter less aggressively than for high luminance since we observe a
lot of eye-pleasing dark samples. This reduces the effective dataset from 39,149,128 to 28,108,375,
and with the joint filtering with aesthetic score the number goes down to 19,858,589 images.

Table 4: Luminance Distribution Segmented into 20 Buckets

Bucket Mean Standard Deviation Count

1 8.64 2.94 31,203

2 20.05 3.58 109,466

3 32.57 3.62 226,347

4 45.12 3.66 388,026

5 57.76 3.68 591,275

6 70.50 3.68 857,594

7 83.29 3.66 1,266,129
8 96.03 3.65 1,875,938
9 108.62 3.66 2,477,027
10 121.24 3.67 2,939,717
11 133.85 3.68 3,023,074
12 146.59 3.68 2,934,816
13 159.36 3.68 2,830,559
14 172.13 3.68 2,791,116
15 184.89 3.68 2,846,527
16 197.69 3.68 2,950,764
17 210.41 3.69 3,098,098
18 223.12 3.68 3,134,427
19 235.77 3.66 3,045,293
20 247.12 3.30 1,731,732

0.0012 4

0.0010

0.0008 1

0.0006

Frequency

0.0004 4

0.0002 4

0.0000 -

100 150
Luminance Score

Figure 6: Distribution of luminance score for the full 39 million subset.
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Figure 7: We subdivide the dataset into 20 buckets according to their mean luminance score for
images with an aesthetic score higher than 6 only. Each row corresponds to 10 samples from each
of the buckets: lower to higher average aesthetic score from top to bottom.
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Figure 8: We subdivide the dataset into 20 buckets according to their mean luminance score for the
full 39 million image subset.
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A.3 OCR SCORE

For OCR filtering, we retain buckets 1, 7, 8, 9, and 10 (see Table E]) Bucket 1 contains most images
due to the skewed distribution (Figure [J). Intermediate buckets primarily include scribbles or text
too small for LLaVA models (Figure [I0), while only the last few buckets feature sufficiently large
and clear text beneficial for downstream generative model training. The OCR filtering by itself
reduces the dataset from 39,149,128 to 35,882,851, and applying all filters in conjunction we obtain
the final Re-LAION-Caption 19M subset with a total of 19,055,277 images.

Table 5: OCR score Distribution Segmented into 10 buckets

Bucket Mean Standard Deviation Count
1 0.01 0.02 35,878,834
2 0.15 0.03 2,428,923
3 0.25 0.03 629,186
4 0.36 0.03 155,339
5 0.47 0.03 41,369
6 0.57 0.03 11,460
7 0.68 0.03 3,047
8 0.78 0.03 789
9 0.89 0.03 157
10 1.00 0.03 24
1e9
0.0254
0.020 1
§ 0.015
g
- 0.0104
0.005 1
0.000 T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

OCR Score

Figure 9: Distribution of scores.

16



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

T M » f A A i

= . mm?g ;" .Vl ] . /

¥ & fled g effehsoa = " @

WOILHE STl — & : uttge NRA

D ENOW 50 h il WAKERS - J
EXTRA VIEWS  Qa Bb ~/7 /7 7/7 /7;7 o

il OUTlBE ;. Q,\\es\' »

LN VIDEO .

[ J PEOMOTION bicH g Sy

.. r:umw m.msuﬁ movine
LIKE
Fusuz A BOMB FAHT

[T 500K FR7 B 199009
Ja- HHEg. o A%CDEF;G:N;J"LHN ’ |
., UE;’U'I; 5 B e g&ggr}gq%’,g” ; NAURU 999090

] RTISE msﬂmn ll[s|liN|N|} GV 1 77 & 408% ABEBEFE GVING UP
smm%w 8 o e s

A WA B ALLEITY GORO008 7Y dninuin
WWYYNIM W =14 “ucevse. CANUAS 00000 LXITESLH oo
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B VISUALIZING THE FINAL RE-LAION-CAPTION 19M SUBSET

We visualize the distributions for our new dataset after applying all filters together in Figure[TT]
and [T3] Additionally we compare random samples from Re-LAION-Caption 19M in Figure
against those in the original Re-LAION dataset in Figure [T5] We can clearly see that our dataset
minimizes the presence of online products, has a higher density of aesthetically pleasing images,
and generally only contains legible text while minimizing the presence of scribbles and small fonts.
Lastly, in Figure [T6] we show that for Re-LAION-Caption 19M the high luminance buckets have
a lower likelihood to display images corresponding to online products that we have previously ob-
served in Figure[§]

0.0016 4

>,0.0010

Frequenc:

5.0 5.5 6.0 6.5 7.0 7.5 8.0
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Figure 11: Distribution of aesthetic scores for Re-LAION-Caption 19M Subset.
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Figure 12: Distribution of luminance scores for Re-LAION-Caption 19M Subset.
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Figure 13: Distribution of OCR scores for Re-LAION-Caption 19M Subset.
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Figure 14: Random set of samples from Re-LAION-Caption 19M
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Figure 15: Random set of samples from original Re-LAION dataset

20



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

,,,3
T
R N

Figure 16: Luminance buckets for Re-LAION-Caption 19M Subset.

21



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

C LLAVA CAPTIONING FAILURE CASES

We present examples of defective captions produced by LLaVa-Next in Figure[T7} the model seems
to get stuck in an infinite loop when trying to describe images with many elements. After rerun-
ning the captioning process on the 17,320 defective samples initially identified, we found that this
resolved only 122 text-image pairs. As shown in Figure [I8] some images appear particularly chal-
lenging for LLaVa-Next, and even with different seeds, the model consistently struggles to generate
good captions. Therefore, we discarded the remaining 17,198 defective samples, resulting in a final
dataset comprising 19,038,079 text-image pairs.
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Figure 17: Defective text-image pairs identified when re-captioning images using Mistal 7B Instruct-
based LlaVa-Next. Note that captions are cropped due to their excessive length.
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Examples of persistent defective captioning by LLaVa-Next.
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