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Fig. 1: Generated images from LACON at a resolution of 512 × 512.

Abstract. The success of modern text-to-image generation is largely at-
tributed to massive, high-quality datasets. Currently, these datasets are
curated through a filter-first paradigm that aggressively discards low-
quality raw data based on the assumption that it is detrimental to model
performance. Is the discarded bad data truly useless, or does it hold un-
tapped potential? In this work, we critically re-examine this question. We
propose LACON (Labeling-and-Conditioning), a novel training frame-
work that exploits the underlying uncurated data distribution. Instead
of filtering, LACON re-purposes quality signals, such as aesthetic scores
and watermark probabilities as explicit, quantitative condition labels.
The generative model is then trained to learn the full spectrum of data
quality, from bad to good. By learning the explicit boundary between
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high- and low-quality content, LACON achieves superior generation qual-
ity compared to baselines trained only on filtered data using the same
compute budget, proving the significant value of uncurated data. Our
project page is available at https://zhiyangliang.github.io/LACON.
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1 Introduction

Large-scale generative foundation models have recently triggered a revolution-
ary wave of progress across diverse modalities, including image [3,4,6,17,24,35],
video [5, 19, 28, 36, 45, 49], and 3D asset [15, 18, 21, 42, 43, 46, 52]. Among these,
text-to-image (T2I) synthesis has witnessed particularly dramatic advancements.
State-of-the-art models, such as Qwen-Image [39], GPT-Image-1 [1], Nano Ba-
nana [2], Hunyuan-Image [7] and Seedream [33], now generate images with
unprecedented visual fidelity, generation diversity, and prompt controllability.
These capabilities are fundamentally reshaping entire fields, from content cre-
ation and digital art to human-computer interaction.

The success of these foundation models is inseparable from one crucial factor:
massive data scale. However, raw scale alone is not the sole determinant of suc-
cess; the quality and cleanliness of this data are widely considered to be equally,
if not more, paramount. It is widely assumed that training on bad or uncurated
data, such as images with low resolution, poor aesthetics, watermarks, or over-
exposure, would tends to degrade model behavior. This very belief has driven
the field to adopt a filter-first paradigm, which is not a minor preprocessing step
but a core, resource-intensive component in recent SOTA pipelines. For exam-
ple, Stable Diffusion [31] is not trained on the full LAION-5B dataset [32], but
on LAION-Aesthetics, a highly-filtered subset based on aesthetic scores. Qwen-
Image [39] proposes a multi-stage filtering pipeline comprising seven sequential
stages, while Hunyuan-Image [7] implemented a comprehensive three-stage pro-
cess, ultimately discarding over 55% of its initial raw data.

While this filter-first paradigm has become the de facto standard, we argue
that it suffers from two major drawbacks. First, it is conceptually wasteful and
statistically inefficient. The vast majority of data (often over 55%) is discarded.
Such bad data (e.g., images with low-aesthetic scores, watermarks, or poor text-
image alignment) is not mere noise; it represents a rich, unexploited source of
information that could potentially improve the underlying knowledge of foun-
dation models. Second, perhaps most critically, filtering creates a fundamental
knowledge gap in the model. By being exclusively exposed to a narrow slice of
the distribution, the model never learns the full spectrum of data quality. It gains
a strong prior for goodness but no explicit understanding of badness, failing to
learn the crucial boundary between high-quality and low-quality content. All of
these motivate us to ask the following question: Can we devise a more efficient
training method that fully exploits existing data, enabling the model to learn
world knowledge, rare concepts, and characteristic low-quality patterns present
in so-called bad samples but underrepresented or absent in high-quality data?

https://zhiyangliang.github.io/LACON
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In this paper, we propose LACON (Labeling-and-Conditioning), a novel
training framework designed to leverage the entire uncurated dataset. Instead
of discarding data based on quality signals (e.g., aesthetic scores, text-image
alignment, watermark probabilities), LACON re-purposes these signals as ex-
plicit, quantitative condition labels s. We then train a conditional text-to-image
model p(x|y, s) to understand not only the text condition y, but also these
fine-grained attribute labels s. This design directly addresses the previously dis-
cussed limitations: it is data-rich, utilizing 100% of the available raw data, and
knowledge-complete, as it explicitly teaches the model the full spectrum of data
quality, from bad to good. Moreover, LACON provides a principled training-time
counterpart to commonly used ad-hoc inference-time heuristics—such as apply-
ing classifier-free guidance with negative prompts by explicitly modeling data
quality during training. Crucially, it shifts the responsibility of quality control
from inference-time guesswork (e.g., tuning negative prompts) to a well-defined
training-time specification. As a result, the model no longer needs to be pushed
away from failure modes it never encountered; instead, it learns to navigate the
quality space directly through the explicit condition s. During inference, we can
then explicitly control output quality to meet product or application require-
ments (e.g., aesthetic quality).

We demonstrate the effectiveness of the LACON framework using a diffusion-
based text-to-image generative model through extensive experiments. Our key
contributions are threefold:

– We introduce LACON (Labeling-and-Conditioning), a novel training frame-
work that fundamentally reframes the data curation problem. Instead of
the filter-first paradigm, LACON leverages 100% of the uncurated data by
re-purposing quality signals as explicit, learnable conditions.

– We demonstrate that LACON achieves superior generation quality. By learn-
ing the clear boundary between high-quality and low-quality data, our model
significantly outperforms baselines trained only on filtered data with the
same compute budget, proving the value of bad data.

– LACON unlocks powerful and quantitative controllability. Our paradigm
enables fine-grained control over generation, such as explicitly conditioning
on low-quality or high-quality attribute labels as illustrated in Figure 2.

2 Related Work

2.1 Text-to-Image Model

Text-to-image generation has advanced rapidly in recent years, producing visu-
ally compelling and semantically aligned outputs. Current approaches largely
fall into two dominant paradigms: autoregressive models and diffusion-based
models. Autoregressive methods [9, 40, 48, 51] represent images as sequences of
discrete tokens and leverage large-scale Transformer architectures to model the
joint text–image distribution. This formulation enables strong compositional-
ity and scalability but often struggles with fine-grained spatial coherence due
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Fig. 2: Comparison of generation from the baseline trained on full raw data
and LACON under different attribute conditions. From left to right: (1) model
trained on the full raw dataset without quality conditioning; (2) LACON conditioned
on a low aesthetic score saes; (3) LACON conditioned on a high aesthetic score saes;
(4) LACON jointly conditioned on high aesthetic score saes and high clarity score scla.

to the sequential nature of generation. In contrast, diffusion-based approaches
[8, 14, 26, 29, 31, 33, 37, 39] synthesize images by progressively denoising Gaus-
sian noise under text conditioning. Variants such as latent diffusion [31] and
DiT-style architectures [37, 39] have set new benchmarks for photorealism and
high-resolution fidelity. These models excel at capturing rich visual details and
global consistency, though they typically require iterative sampling, which can
be computationally expensive. Despite their impressive generative capabilities,
both paradigms—especially state-of-the-art systems like [20,22,39] depend heav-
ily on massive, high-quality image–text datasets for training.

2.2 Data Utilization

Existing state-of-the-art text-to-image models overwhelmingly adopt a filter-first
paradigm, where massive raw datasets are aggressively pruned through multi-
stage pipelines before training [7, 12, 39]. For example, Qwen-Image [39] applies
sequential thresholds to eliminate images with low brightness, poor clarity, or
artifacts such as watermarks and mosaics. Seedream [12] goes further by train-
ing defect detectors and masking defective regions during gradient computation,
while Hunyuan-Image [7] employs aesthetic scoring models to enforce unified
quality thresholds across all content types. These strategies share a common
goal: distill a small, high-quality subset from web-scale corpora to maximize
visual fidelity. However, this paradigm is inherently wasteful and statistically
biased. By discarding over half of the raw data, models lose exposure to rare
concepts and characteristic low-quality patterns, creating a blind spot in their
understanding of the full quality spectrum. In contrast, LACON explores a new
strategy: rather than filtering out bad data, we repurpose quality signals as ex-
plicit conditioning labels, enabling the model to learn both high-quality and
low-quality distributions. This approach transforms data curation from a de-
structive process into a constructive one, leveraging almost 100% of available
data while preserving controllability.
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2.3 Controllable Generation

Controllability [50] has long been a central theme in text-to-image synthesis, with
prior work introducing adapter modules or conditional branches to steer gener-
ation beyond raw text prompts [31]. For instance, IP-Adapter [47] injects image
prompts via decoupled cross-attention, Elite [38] encodes user-specific visual
concepts into textual embeddings, and VMix [41] introduces aesthetics adapters
for disentangled style control. Recent works have begun to turn data-side sig-
nals into training conditions rather than using them only for data selection.
Coherence-Aware Diffusion [10] makes a strong case for conditioning on annota-
tion coherence instead of filtering out low-coherence samples, while MIRO [11]
extends this idea to multi-reward-conditioned T2I pretraining. Concept-aware
batch sampling [13] also exploits data-side concepts to organize vision-language
pretraining batches. These works show the benefit of reusing data-side infor-
mation, but they focus on annotation reliability, reward-conditioned preference
modeling, or batch construction rather than explicitly modeling the quality spec-
trum of uncurated T2I data. LACON is related in spirit, but focuses more on
repurposing signals typically used for data filtering and curation, such as aes-
thetics, watermark probability, clarity, entropy, and luminance, as conditioning
labels. This turns filtering-oriented scores into controllable quality dimensions
and allows the model to learn from diverse raw samples instead of treating qual-
ity only as a criterion for sample removal. At inference time, LACON exposes
these dimensions as controllable inputs, enabling fine-grained and interpretable
control over attributes such as watermark level and aesthetic score.

3 Method

This section details our proposed method, LACON (LAbeling-and-CONditioning),
for training text-to-image models on uncurated data. We begin in Section 3.1
by providing a brief overview of the prerequisite generative model framework
used in our experiments. In Section 3.2, we introduce the core components of
LACON, detailing our data attribute labeling process, the mechanism for label-
conditioning, and the associated training strategy. Finally, we describe the flex-
ible test-time inference strategies enabled by our approach in Section 3.3.

3.1 Preliminaries

Text-to-image (T2I) generative models aim to learn the complex conditional
probability distribution p(x|y), where x is the image and y is corresponding
text condition. After training, the model allows the sampling of high-quality
and diversified visual contents from this distribution given prompts. In the past,
most successful T2I models [7, 39] have been trained using filtered high-quality
data. In this paper, we propose LACON, a model-agnostic framework that can
be generalized to various generative methods [16,30,34,44], to fully leverage the
potential of uncurated dataset.
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Fig. 3: Overview of LACON. High-level training pipeline that repurposes quality
signals as explicit attribute conditioning during training.

Table 1: Configuration of cluster-centroid anchors for each attribute embedding. The
number and placement of anchors (pi) are selected based on the value range of the
corresponding quality signals.

Metric (smetric) Meaning Value Range Clipping Tokens (N) Centroid Anchors (pmetric
i )

Aesthetic (saes) Aesthetic quality 0–10 None 10 {0.5, 1.5, . . . , 9.5}
Watermark (swat) Watermark probability 0–1 None 10 {0.05, 0.15, . . . , 0.95}
Clarity (scla) Perceptual sharpness 0–1M+ > 3000 10 {150, 450, . . . , 2850}
Entropy (sent) Information density 0–8 None 8 {0.5, 1.5, . . . , 7.5}
Luminance (sluma) Visual brightness 0–1 None 10 {0.05, 0.15, . . . , 0.95}

We demonstrate its efficacy by integrating LACON into a diffusion model.
Following standard practice, we adopt the flow matching objective [23, 25] with
linear interpolation path xt = (1−t)x+tϵ, where x ∼ p(x) and ϵ ∼ N (0, I), and
train the target generative model to predict the velocity vθ(xt, t,y) = ϵ− x. To
ensure the training efficiency, we use Sana [44], a highly efficient DiT-based [27]
T2I framework, as our model backbone.

3.2 LACON

As established in the previous sections, the filter-first paradigm suffers from
data waste and creates a knowledge gap inside the model. Instead of viewing
quality signals (e.g., aesthetic scores, watermarks) as a pre-training filter, LA-
CON simply re-purposes them as explicit, learnable conditions. Technically, this
approach reframes the T2I generation task. We shift from the standard objec-
tive vθ(xt, t,y) trained on a filtered dataset, to a multi-conditional objective
vθ(xt, t, s,y) trained on the entire uncurated dataset. Here, s is a vector repre-
senting the quantitative attribute labels for each sample.
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Data Attribute Labeling. Without loss of generality, we consider five con-
dition signals, i.e.,aesthetic, watermark, clarity, entropy, and luminance,
which are commonly used in image-filtering pipelines and capture a diverse range
of semantic and low-level image properties. Our training corpus consists of 110M
images collected from publicly available sources. To implement LACON, we
build an automated labeling pipeline that annotates each image with a five-
dimensional conditioning vector s = [saes, swat, scla, sent, sluma]. More details and
label configurations could be found in Table 1.
Condition Embedding. To leverage the conditional vector s, we must convert
them into learnable embeddings that can be ingested by the generative model.
We propose a flexible embedding strategy that converts each continuous scalar
score into a soft vector representation. We process each of the K = 5 attributes
independently. For the k-th attribute (e.g., saes), we define two components:
1) Fixed anchors: A set of N fixed, non-learnable scalar anchor points, p(k) =

{p(k)1 , . . . , p
(k)
N }, where N is chosen based on the value range and granularity of

attribute. These anchors partition the continuous space of the attribute, linearly
spaced across the expected score range of the specific attribute. 2) Learnable
centroids: For each anchor p

(k)
i , we attach a learnable embedding vector, or

centroid token c
(k)
i ∈ Rd, where the embedding dimension d matches the channel

size of the noisy latent xt.
Given k-th attribute sk, we compute its affnity scores u

(k)
i over different

anchor points p
(k)
i using a Gaussian Radial Basis Function (RBF) kernel:

u
(k)
i = exp

(
− (sk − p

(k)
i )2

2σ2
k

)

Here, σk is an attribute-specific parameter determined by half the distance be-
tween adjacent centroid anchors of the k-th attribute, enabling independent
smoothness control for each attribute. We then normalize the affinity scores
to produce the final weights w

(k)
i :

w
(k)
i =

u
(k)
i∑N

j=1 u
(k)
j

The final embedding ek for the k-th attribute is the weighted sum of all N
learnable centroid tokens:

ek =

N∑
i=1

w
(k)
i c

(k)
i

Training. The LACON framework accepts two distinct conditional inputs: the
text prompt y and our new attribute vector s. For prompt y we feed its text
embedding to the model using cross attention to guide the semantics of the
generation. For our new attribute embedding, we adopt a more straightforward
strategy, i.e. context conditioning, which simply concatenates the noisy latents
xt with condition embedding e to form a new token sequence as the DiT input
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so that the model could perceive the complete context from the very first layer.
An high-level illustration of our training framework is provided in Figure 3.
We found that this simple concatenation approach works well and effectively
conditions the entire denoising process on the desired quality attributes.

3.3 Inference Strategy

LACON’s explicit attribute conditioning s could unlock quantitative control over
the generated output to improve the generated visual quality. In this section, we
introduce how to do inference with LACON. We still use standard classifier-
free guidance (CFG) for the text condition y, but we will introduce two ways:
LACON-S and LACON-A to leverage the learned quality attributes.

– LACON-S (standard guidance): The standard and most efficient inference
method. It performs CFG on the text condition y while holding the vector
of quality signals s constant at a single target value (e.g., high aesthetics, no
watermark).

– LACON-A (aggressive multi-condition guidance): a more advanced and com-
putationally intensive scheme that applies CFG to both the text condition y
and each quality attribute sk independently, which allows for dynamic, per-
attribute guidance scaling at inference time. At each denoising step t, we
compute K + 2 parallel predictions and combine all these guidance vectors
by:

vt
a = vbase + ωc · (vtext − vbase)

+ ωaes · (vaes − vtext)

+ ωwat · (vwat − vtext)

+ . . .

+ ωluma · (vluma − vtext)

where vbase = vθ(xt, t,∅, sbase) vtext = vθ(xt, t,y, sbase). We compute one
prediction vs for each of our K = 5 attributes, where only that single at-
tribute is set to its high-quality target, e.g., vaes = vθ(xt, t,y, shigh-aes). ωc is
the text-guidance scale, while ωaes, . . . , ωluma are individual guidance scales
for each quality attribute. This aggressive method provides maximum con-
trollability, allowing a user to dial up or dial down each specific quality metric
at inference time to achieve the preferred results.

4 Experiment

4.1 Experiments Setting

Implementation Details. Our main experiments are conducted on Sana-0.6B
and Sana-1.6B, both pre-trained on 512×512 images. Sana-1.6B is pre-trained
for 150K steps with a global batch size of 2048 on 32 NVIDIA A100 GPUs,
whereas Sana-0.6B is pre-trained for 100K steps with the same global batch size
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Baseline-A Baseline-B Baseline-C Baseline-D LACON-S LACON-A

Input Prompt: A close portrait fills the frame with dense, winter-thick fur—soft dunes of gray and cream 
broken by inky rosette rings—and the glacier-ice clarity of a snow leopard’s eyes, flecked with steel blue and 
pale jade. Melt beads lacquer the leather-black nose, while a dusting of snow freckles the brow and tufted 
ears.The animal’s gaze is steady and unblinking, reflecting a tiny horizon line and the ghost of a ridge. A faint 
curl of breath threads from parted lips, and the stillness feels absolute, like cold captured in amber.

Input Prompt: A tranquil garden at dawn, the soft, misty light filtering through the branches of a weeping 
willow. The tree’s long, delicate tendrils hang low over a small pond, the water's surface disturbed only by the 
gentle ripple of a passing breeze. Vibrant pink and yellow flowers bloom in the pond, their petals reflecting in 
the calm water.The sky above is painted in soft pastel hues of lavender, peach, and pale blue, evoking a sense of 
serene stillness and the gentle promise of a new day.

Input Prompt: A rooftop garden unfolds above a quiet springtime city, its stone terrace laid out with irregular 
slabs that catch the last glints of golden-hour sunlight. Oversized clay pots and low wooden planters 
overflow with fresh greenery—cascading ivy and clusters of pale pink roses. The view opens onto rows of 
terracotta rooftops and distant domes washed in warm amber light. The sky fades from luminous peach near 
the horizon to a clear, gentle blue above, and a faint breeze is implied by a slightly lifted curtain at a nearby 
doorway and a few petals scattered on the stone.

Fig. 4: Visualization comparison of LACON-S and LACON-A against Baselines, which
demonstrate LACON can still achieve superior visual generation quality even when
training on the full set images without filtering.

on 16 NVIDIA A100 GPUs. For high-resolution setting, we further fine-tune
the corresponding pre-trained models for an additional 20K steps. We report
GenEval, DPG, and FID as evaluation metrics. FID is computed on MJHQ-
30K, while GenEval and DPG use 533 and 1,065 test prompts, respectively.
Dataset. Our training dataset contains 110M images collected from a subset of
LAION-2B-EN and our organization’s internal collection. Approximately 100M
images are sampled from the LAION-2B-EN subset, while the remaining images
come from internal data sources. To mitigate inconsistencies caused by hetero-
geneous raw captions, all image captions are generated offline using GPT-4o,
providing consistent and standardized textual supervision.
Baselines. We study how training on subsets constructed using different filter-
ing thresholds affects performance on Sana-1.6B. The thresholds and resulting
retained ratios are summarized in Table 2, and the results on GenEval, DPG,
and FID are reported in Table 3. The results reveal a clear trade-off between
data quantity and data quality: training on an overly small subset leads to sub-
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(a) Aesthetic & Luminance. (b) Clarity & Entropy.

Fig. 5: (a) Comparison of images jointly conditioned on aesthetic score saes
and HSV-luma score sluma. From left to right, the columns correspond to saes = 3, 5,
7. From top to bottom, the rows correspond to sluma = 0.3, 0.4, 0.5. (b) Comparison
of images jointly conditioned on clarity lapvar score scla and entropy score
sent. From left to right, the columns correspond to scla = 200, 1000, 2500. From top to
bottom, the rows correspond to sent = 5, 6, 7.

optimal performance due to insufficient coverage and diversity. As the retained
ratio increases, the training set tends to contain a larger fraction of low-quality
samples. Without explicit quality-aware supervision, these samples can degrade
model performance.

Based on this sweep, we define four baselines. Baseline-A is trained from
scratch on a heavily filtered subset (≈ 5% of the raw data) obtained with strict
quality thresholds; this choice corresponds to the most aggressive filtering setting
in our ratio sweep and achieves the worst performance in Table 3. Baseline-B
is trained on a more loosely filtered subset (≈ 65% of the raw data) under
relaxed thresholds; this choice matches the best-performing retention ratio in
Table 3 and serves as the strongest filtered-data reference. Baseline-C is trained
on the full set of 110M unfiltered images. Baseline-D uses the same training data
as Baseline-C, but applies negative-prompt guidance at inference time, which
is conceptually related to our LACON strategy of using low-quality signals to
steer generation toward higher-quality outputs. Specifically, we use the following
negative prompt: low aesthetic score, ugly, bad composition, watermark, logo.

4.2 Main Experiments

Performance Comparison. We compare LACON with the baselines described
in Section 4.1 and report results on GenEval, DPG, and FID for Sana-0.6B
and Sana-1.6B in Table 4. Consistent with the filtering-ratio study, Baseline-



LACON: Training Text-to-Image Model from Uncurated Data 11

Table 2: The filtering thresholds for different filtering ratios.

Ratio saes-min swat-min scla-min sent-min sluma-min sluma-max
≈ 5% 5.0 0.3 800.0 6.0 0.1 0.9
≈ 30% 4.0 0.5 600.0 4.0 0.1 0.9
≈ 50% 3.5 0.6 500.0 3.0 0.1 0.9
≈ 65% 3.0 0.7 400.0 2.0 0.1 0.9
≈ 80% 3.0 0.8 200.0 2.0 0.1 0.9

Table 3: Quantitative comparisons on Sana-1.6B are conducted between models
trained on subsets obtained under different filtering thresholds, evaluated on GenEval,
DPG and FID. The results reveal a clear trade-off between data quantity and data
quality in terms of model performance.

Ratio GenEval ↑ DPG ↑ FID ↓
≈ 5% 58.3 73.4 14.0
≈ 30% 62.1 73.6 13.7
≈ 50% 64.5 74.5 13.4
≈ 65% 68.0 76.1 13.1
≈ 80% 67.5 75.8 13.5
100% 67.0 75.4 13.5

B (filtered data) consistently outperforms Baseline-C/D (full unfiltered data),
whereas the heavily filtered Baseline-A underperforms, reflecting the expected
quality–quantity tension. In contrast, LACON achieves the best performance
across GenEval, DPG, and FID for both 512×512 and 1024×1024 resolutions,
while being trained on the full raw dataset with explicit quality conditioning.
This suggests that samples typically discarded as low quality can still be valuable
when their quality is modeled and leveraged rather than removed. LACON-A
consistently outperforms LACON-S across most metrics and resolutions, as its
stronger guidance yields larger improvements in generation quality and often
produces higher-quality visuals.
Visualization Comparison. The visualization comparisons in Figure 4 fur-
ther demonstrate that LACON produces higher-quality images while enabling
explicit attribute control at inference time. In contrast, training on a heavily fil-
tered subset can create a pronounced knowledge gap, as evidenced by Baseline-A
in Figure 4. More cases are available in Section 4.4. Conversely, training directly
on the raw dataset may introduce characteristic artifacts at generation time.
Beyond inherited watermarks, extremely low-entropy samples can lead to a dis-
tinctive failure mode that manifests as blank boundary regions, as observed for
Baseline-C/D in Figure 4. LACON alleviates both issues while fully leverag-
ing the raw dataset by learning to disentangle high- and low-quality patterns
across multiple quality metrics. At inference time, conditioning on the corre-
sponding quality tokens enables the model to suppress artifacts associated with
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Table 4: Quantitative comparisons on Sana-0.6B and Sana-1.6B, evaluated using
GenEval, DPG, and FID, demonstrate that training on the full unfiltered dataset
with explicit conditioning enables LACON to consistently outperform both filter-first
baselines and unconditioned baselines.

512×512 resolution
Model Sana-0.6B Sana-1.6B
Metric GenEval ↑ DPG ↑ FID ↓ GenEval ↑ DPG ↑ FID ↓

Baseline-A 55.0 68.1 14.9 58.3 73.4 14.0
Baseline-B 62.8 70.4 13.4 68.0 76.1 13.1
Baseline-C 60.8 69.7 15.4 67.0 75.4 13.5
Baseline-D 61.0 69.2 15.3 67.1 75.5 13.5

LACON-S (Ours) 64.4 71.9 11.9 70.9 77.3 12.0
LACON-A (Ours) 65.6 71.8 11.8 71.6 78.1 11.2

1024×1024 resolution
Model Sana-1.6B
Metric GenEval ↑ DPG ↑ FID ↓

Baseline-B 68.3 76.3 12.9
LACON-S (Ours) 70.9 77.6 11.4
LACON-A (Ours) 71.5 78.8 11.3

low-entropy samples (e.g., blank boundary regions), resulting in cleaner and
more visually coherent outputs.

4.3 Autoregressive Architecture

We further evaluate LACON against the strongest baseline (Baseline-B) with
Qwen3-0.6B and Qwen3-1.7B using LlamaGen’s VQ-VAE, verifying that our
approach generalizes to autoregressive architectures. Qwen3-1.7B is pre-trained
for 120K steps with a global batch size of 2048 on 32 NVIDIA A100 GPUs,
while Qwen3-0.6B is pre-trained for 100K steps with a global batch size of 1024
on 16 NVIDIA A100 GPUs. We report results on GenEval, DPG, and FID for
both models in Table 5. Across GenEval, DPG, and FID, LACON consistently
outperforms Baseline-B on both Qwen3-0.6B and Qwen3-1.7B, with LACON-A
further surpassing LACON-S at both scales. These results suggest that LACON’s
gains transfer reliably from diffusion to autoregressive generation.

4.4 Knowledge Gap

We evaluate the world-knowledge capabilities of the strongest baseline (Baseline-
B) and LACON. Figure 6 compares images generated for long-tail concepts by
Baseline-B and LACON. Although Baseline-B retains approximately 65% of the
full dataset after filtering, it exhibits a noticeable knowledge gap relative to LA-
CON. We attribute this gap to the fact that filtering can discard concept-relevant
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Table 5: Quantitative comparisons on Qwen3-0.6B and Qwen3-1.7B, evaluated using
GenEval, DPG, and FID, demonstrate that training on the full unfiltered dataset with
explicit conditioning enables LACON to consistently outperform the strongest baseline.

Model Qwen3-0.6B Qwen3-1.7B
Metric GenEval ↑ DPG ↑ FID ↓ GenEval ↑ DPG ↑ FID ↓

Baseline-B 58.9 73.1 12.4 66.4 78.2 12.1
LACON-S (Ours) 61.3 74.9 11.4 69.7 79.4 11.0
LACON-A (Ours) 61.3 75.4 11.2 70.3 80.1 10.9

Fig. 6: The evidence of knowledge gap between Baseline-B (the first row) and LACON
(the second row). From left to right, the concepts are about morpho butterfly, pastel
portrait of elderly woman, mineral terraces, wolf and camel.

Table 6: Comparison of different token-injection strategies: linear interpolation, dis-
crete binning, Fourier-feature embedding, and Gaussian-weighted Cluster Centroids
(GCC), evaluated on GenEval, DPG, and FID.

Method GenEval ↑ DPG ↑ FID ↓
Linear Interpolation 69.5 76.1 12.7

Discrete Binning 69.8 77.2 12.4
Fourier Feature 70.4 77.0 12.5
GCC (Ours) 71.6 78.1 11.2

training samples, thereby reducing coverage of rare or long-tail concepts. These
observations suggest a limitation of the filter-first paradigm: samples deemed
low-quality can still provide non-trivial, largely untapped supervision that helps
models acquire broader world knowledge. By incorporating explicit quality sig-
nals, LACON can leverage such long-tail supervision while better separating
high- and low-quality content, ultimately improving generation performance.
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Table 7: Ablation of individual quality signals in LACON-S, where each signal is
individually removed during inference.

Strategy GenEval ↑ DPG ↑ FID ↓
LACON-S (w/o aes) 69.4 76.6 12.6
LACON-S (w/o wat) 70.2 77.2 12.1
LACON-S (w/o cla) 69.7 76.8 12.5
LACON-S (w/o ent) 69.8 77.0 12.2
LACON-S (w/o luma) 70.4 77.3 12.1
LACON-S 70.9 77.3 12.0

4.5 Ablation Studies

Token-injection Strategies. We compare four token-injection strategies: lin-
ear interpolation, discrete binning, Fourier-feature embedding, and Gaussian-
weighted Cluster Centroids (GCC). For linear interpolation, we initialize two
learnable tokens per metric at the minimum and maximum of its score range,
and obtain each sample’s token by interpolating between the two endpoints ac-
cording to its score. For discrete binning, we use the same number of tokens
per metric as GCC, but quantize scores into bins and assign each sample the
token corresponding to its bin. For Fourier-feature embedding, we encode the
quality score with Fourier features and map the resulting representation to the
token-embedding space via an MLP. GCC is described in detail in Section 3.2.

As illustrated in Table 6, GCC consistently outperforms the other strategies
on GenEval, DPG, and FID. Notably, discrete binning surpasses linear interpo-
lation, indicating that representing each metric with only two learnable tokens
and a purely linear parameterization is overly restrictive, limiting the model’s
ability to exploit its capacity. In contrast, GCC retains the same token budget
as discrete binning but models the score distribution more expressively by softly
assigning each sample to multiple anchors. This smooth, overlap-aware encoding
captures local structure in the score space and yields more stable, sample-efficient
learning from quality-diverse data. Compared with Fourier-feature embedding,
GCC is also more robust: Fourier features impose a fixed oscillatory encoding
that can be sensitive to small score variations and frequency choices, whereas
GCC learns data-adaptive anchors with smooth Gaussian weighting, leading to
more stable gradients and better-calibrated conditioning.
Joint Controllability. Our LACON framework supports joint conditioning on
multiple metric scores, allowing each attribute to vary smoothly from low to
high and enabling fine-grained control along different quality dimensions. Fig-
ure 5(a) illustrates joint control over aesthetic and luminance, while Figure 5(b)
illustrates joint control over clarity and entropy. For each attribute pair, we vary
both attributes across three discrete levels (low/medium/high), resulting in a
3×3 grid with nine combinations. The generated images change smoothly and
coherently along both axes, indicating that LACON provides compositional and
fine-grained control beyond standard text-only conditioning.
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The entropy score reflects image information density. Setting it to a low value
at inference time encourages the model to produce low-information outputs,
often with blank boundary regions, as shown in the first row of Figure 5(b).
This behavior is consistent with the blank-boundary patterns observed in the
second row of Figure 4. Our LACON can alleviate these artifacts by conditioning
on the corresponding quality tokens with a high entropy score at generation time;
similarly, conditioning on a high watermark score suppresses watermark-related
patterns. Thus, even though LACON is trained on raw data that includes low-
entropy or watermarked images, it can still generate clean, high-quality outputs
at inference time through explicit quality control.
Quality Signal Ablation Table 7 shows an inference-time ablation of indi-
vidual quality signals using LACON-S. The quantitative results reveal that all
five attributes are mutually beneficial. Notably, aesthetic quality and perceptual
sharpness emerge as the most influential signals in the conditioning space.
Uncurated Data vs. Curated Data Scaling. Scaling high-quality data ul-
timately depends on scaling raw data, as curated high-quality samples must
be drawn from a sufficiently large and diverse data pool. LACON provides a
paradigm for efficiently exploiting the broader raw-data pool by modeling quality
variations with conditioning labels, rather than relying solely on strict filtering.
Table 3 first shows that proper filtering improves unconditioned training over
directly using raw data, while Table 4 further demonstrates that LACON con-
sistently outperforms both the strongest filter-first baseline and unconditioned
baselines. In this way, LACON turns massive raw data into quality-aware and
controllable supervision for text-to-image training.

5 Conclusion

In this paper, we revisit the prevailing filter-first paradigm in text-to-image gen-
eration and propose LACON, a novel training framework that leverages the full
uncurated data distribution by converting quality signals (e.g., aesthetic scores)
into learnable conditioning tokens. This design enables the model to learn the
complete spectrum of data quality across multiple dimensions, from bad to good,
and to internalize an explicit boundary between them. Across GenEval, DPG and
FID, LACON consistently outperforms baselines trained either on filtered high-
quality subsets or on full raw data without quality conditioning. These results
suggest that data typically discarded as low-quality can be highly valuable when
modeled and controlled rather than removed, underscoring the broader potential
of uncurated data for building stronger and more controllable generative models.
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