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Abstract

We show how to use low-quality, synthetic, and out-of-distribution images to
improve the quality of a diffusion model. Typically, diffusion models are trained
on curated datasets that emerge from highly filtered data pools from the Web and
other sources. We show that there is immense value in the lower-quality images
that are often discarded. We present Ambient Diffusion Omni, a simple, principled
framework to train diffusion models that can extract signal from all available images
during training. Our framework exploits two properties of natural images — spectral
power law decay and locality. We first validate our framework by successfully
training diffusion models with images synthetically corrupted by Gaussian blur,
JPEG compression, and motion blur. We then use our framework to achieve state-
of-the-art ImageNet FID and we show significant improvements in both image
quality and diversity for text-to-image generative modeling. The core insight is
that noise dampens the initial skew between the desired high-quality distribution
and the mixed distribution we actually observe. We provide rigorous theoretical
justification for our approach by analyzing the trade-off between learning from
biased data versus limited unbiased data across diffusion times.

1 Introduction

Large-scale, high-quality training datasets have been a primary driver of recent progress in generative
modeling. These datasets are typically assembled by filtering massive collections of images sourced
from the web or proprietary databases [24, 42, 51, 56, 57]. The filtering process—which determines
which data is retained—is crucial to the quality of the resulting models [12, 26, 24, 31, 26]. However,
filtering strategies are often heuristic and inefficient, discarding large amounts of data [49, 42, 24, 12].
We demonstrate that the data typically rejected as low-quality holds significant, underutilized value.

Extracting meaningful information from degraded data requires algorithms that explicitly model the
degradation process. In generative modeling, there is growing interest in approaches that learn to
generate directly from degraded inputs [15, 16, 17, 13,7, 46, 38, 50, 5, 1, 2, 53, 69, 45, 62, 44]. A
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key limitation of existing methods is their reliance on knowing the exact form of the degradation.
In real-world scenarios, image degradations—such as motion blur, sensor artifacts, poor lighting,
and low resolution—are often complex and lack a well-defined analytical description, making this
assumption unrealistic. Even within the same dataset, from ImageNet to internet scale text-to-image
datasets, there are samples of heterogeneous qualities [27], as shown in Figures 4, 25, 28, 26. Given
access to this mixed-bag of datapoints, we would like to sample from a tilted continuous measure of
high-quality images, without sacrificing the diversity present in the training points.

Text-to-image Results

"Close-up of a fire spitting "A photograph of an "A realistic photo of a "A realistic photo of a
dragon, cinematic shot." astronaut riding a pig." camel in Antarctica."
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Figure 1: Effect of using Ambient-o for (a) training a text-to-image model (Micro-Diffusion [52])
and (b) a class-conditional model for ImageNet (EDM-2 [35]). All generations are initialized with
the same noise. The baseline models are trained using all the data equally. Ambient-o changes the
way the data is used during the diffusion process based on its quality. This leads to significant visual
improvements without sacrificing diversity, as would happen with a filtering approach (see Fig. 8).

The training objective of diffusion models naturally decomposes sampling from a target distribution
into a sequence of supervised learning tasks [29, 59, 60, 14, 18, 9, 10]. Due to the power-law structure
of natural image spectra [63], high diffusion times focus on generating globally coherent, semantically
meaningful content [21], while low diffusion times emphasize learning high-frequency details.

Our first key theoretical insight is that low-quality samples can still be valuable for training in the
high-noise regime. As noise increases, the diffusion process contracts distributional differences (see



Theorem 4.2), reducing the mismatch between the high-quality target distribution and the available
mixed-quality data. At the same time, incorporating low-quality data increases the sample size,
reducing the variance of the learned estimator. Our analysis formalizes this bias—variance trade-off
and motivates a principled algorithm for training denoisers at high diffusion times using noisy,
heterogeneous data.

For low diffusion times, our algorithm leverages a second key property of natural images: locality. We
show a direct relationship between diffusion time and the optimal receptive field size for denoising.
Specifically, small image crops suffice at lower noise levels. This allows us to borrow high-frequency
details from out-of-distribution or synthetic images, as long as the marginal distributions of the crops
match those of the target data.

We introduce Ambient Diffusion Omni (Ambient-0), a simple and principled framework for training
diffusion models using arbitrarily corrupted and out-of-distribution data. Rather than filtering samples
based on binary ‘good’ or ‘bad’ labels, Ambient-o retains all data and modulates the training process
according to each sample’s utility. This enables the model to generate diverse outputs without
compromising image quality. Empirically, Ambient-o advances the state of the art in unconditional
generation on ImageNet and enhances diversity in text-conditional generation without sacrificing
fidelity. Theoretically, it achieves improved bounds for distribution learning by optimally balancing
the bias—variance trade-off: low-quality samples introduce bias, but their inclusion reduces variance
through increased sample size.

We will release all our code and trained models in the following URL:
https://github.com/giannisdaras/ambient-omni.

2 Background and Related Work

Diffusion Modeling. Diffusion models transform the problem of sampling from po into the problem
of learning denoisers for smoothed versions of py defined as p; = pg ® N (0, o2(¢)I). We typically
denote with Xy ~ pg the R.V. distributed according to the distribution of interest and X; =
Xo + o(t)Z, the R.V. distributed according to p;. The target is to estimate the set of optimal [y

denoisers, i.e., the set of the conditional expectations: {E[X¢|X; = -]}7_;. Typically, this can be
achieved through supervised learning by minimizing the following loss (or a re-parametrization of it):
J(0) = Ercrjo,11Exo .zt [Hhe(l"t,t) — zo|*| 2.1

that is optimized over a function family H = {hy : 0 € ©} parametrized by network parameters 6.
For sufficiently expressive families, the minimizer is indeed: hg- (x,t) = E[X(|X; = x].

Learning from noisy data. The diffusion modeling framework described above assumes access
to samples from the distribution of interest py. An interesting variation of this problem is to learn
to sample from py given access to samples from a tilted measure py and a known degradation
model. In Ambient Diffusion [15], the goal is to sample from py given pairs (Axg, A) for a matrix
A R™*™ m < n, that is distributed according to a known density p(A). The techniques in this
work were later generalized to accommodate additive Gaussian Noise [13, 16, 1] in the measurements.
More recently there have been efforts to further broaden the family of degradation models considered
through Expectation-Maximization approaches that involve multiple training runs [50, 5].

Recent work from [16] has shown that, at least for the Gaussian corruption model, leveraging the
low-quality data can tremendously increase the performance of the trained generative models. In
particular, the authors consider the setting where we have access to a few samples from Po, let’s
denote them Dg{xg)}iv:ll and many samples from p; , let’s denote them Dy, {x }Z 1, wWhere
Pin = po ® N(0,0%(t,,)1) is a smoothed version of py at a known noise level ¢,,. The clean samples
are used to learn denoisers for all noise levels ¢ € [0, 7] while the noisy samples are used to learn
denoisers only for ¢ > ¢,,, using the training objective:

N3
Jambient (0) = Etel/{(t,,L,T] Z]E (7> |:H h6’ Tt7 (1 - O/(t))'rt - xng)

] ; 2.2

with a(t) = % Note that the objective of equation 2.2 only requires samples from p;,,

(instead of pg) and can be used to train for all times ¢ > t,,. This algorithm uses N1 + N5 datapoints
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to learn denoisers for ¢ > ¢,, and only IV; datapoints to learn denoisers for ¢ < t,,. The authors show
that even for N; << Ns, the model performs similarly to the setting of training with (N + N3)
clean datapoints. The main limitation of this method and its related works is that the degradation
process needs to be known. However, in many applications, we have data from heterogeneous sources
and various qualities, but there is no analytic form or any prior on the corruption model.

Data filtering. One of the most crude, but widely used, approaches for dealing with heterogeneous
data sources is to remove the low-quality data and train only the high-quality subset [42, 24, 22].
While this yields better results than naively training on the entire distribution, it leads to a decrease in
diversity and relies on heuristics for optimizing the filtering. An alternative strategy is to train on the
entire distribution and then fine-tune on high-quality data [12, 52]. This approach better trades the
quality-diversity trade-off but still incurs a loss of diversity and is hard to calibrate.

Training with synthetic data. A lot of recent works have shown that synthetic data can improve the
generative capabilities of diffusion models when mixed properly with real data from the distribution
of interest [23, 3, 4]. In this work, we show that it helps significantly to view synthetic data as
corrupted versions of the samples from the real distribution and incorporate this perspective into the
training objective.

3 Method

We propose a new framework that extends beyond [16] to enable training generative models directly
from arbitrarily corrupted and out-of-distribution data, without requiring prior knowledge of the
degradation process. We begin by formalizing the setting of interest.

Problem Setting. We are given a dataset D = {w((;)} ;v 1 consisting of N datapoints. Each point
in D is drawn from a mixture distribution py, which mixes pg (the distribution of interest) and an
alternative distribution gg that may contain various forms of degradation or out-of-distribution content.
We assume access to two labeled subsets, S, Sp, where points in S are known to come from the
clean distribution pg, and points in S from the corrupted distribution ¢y. While this assumption
simplifies the initial exposition, we relax it in Section E.1. We focus on the practically relevant regime
where |S¢|< |D|—i.e., access to high-quality data is severely limited. The objective is to learn a
generative model that (approximately) samples from the clean distribution py, leveraging both clean
and corrupted samples in its training.

We now describe how degraded and out-of-distribution samples can be effectively leveraged during
training in both the high-noise and low-noise regimes of the diffusion process.

3.1 Learning in the high-noise regime (leveraging low-quality data)

Addition of gaussian noise contracts distribution distances. The first key idea of our method is
that, at high diffusion times ¢, the noised target distribution p, and the noised corrupted distribution
Pt become increasingly similar (Theorem 4.2), effectively attenuating the discrepancy introduced
by corruption. This effect is illustrated in Figure 2 (top), where we compare a clean image and its
degraded counterpart (in this case, corrupted by Gaussian blur). As the diffusion time ¢ increases, the
noised versions of both samples become visually indistinguishable. Consequently, samples from pg
can be leveraged to learn (the score of) p;, for t > tﬁi“. We formalize this intuition in Section 4, and
we also quantify that for large ¢ there are statistical efficiency benefits for using a large sample from
Do versus a small sample from py .

Heuristic selection of the noise level. From the discussion so far, it follows that to use samples
from jy, we need to assign them to a noise level ™", One can select this noise level empirically,
i.e. we can ablate this parameter by training different models and selecting the one that maximizes
the generative performance. However, this approach requires multiple trainings, which can be costly.
Instead, we can find the desired noise level in a principled way as detailed below.

Training a classifier under additive Gaussian noise. To identify the appropriate noise level, we
train a time-conditional classifier to distinguish between the noised distributions p; and ¢; across

noise

various diffusion times ¢. We use a single neural network cj***(x,t) that is conditioned on the
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Figure 2: A time-dependent classifier trained to distinguish noisy clean and blurry images (blur
kernel standard deviation oz = 0.6). At low noise the classifier is able to perfectly identify the blurry
images, and outputs a probability close to 0. As the noise increases and the information in the image
is destroyed, the clean and blurry distributions converge and the classifier outputs a prediction close
to 0.5. The red line plots the threshold (selected at 7 = 0.45), which is crossed at o, = 1.64.

diffusion time ¢, following the approach of time-aware classifiers used in classifier guidance [20].
The classifier is trained using labeled samples from S¢ (clean) and Sp (corrupted) via the following
objective:

Jnoise(0) = Z Es, 2o [—log cg®™ (x4, )] + Z Ey,yo [—log(l — g™ (y,))] (3.1
ToESa YoESB

Annotation. Once the classifier is trained, we use it to determine the minimal level of noise that must
be added to the low-quality distribution g so that it closely approximates a smoothed version of the
high-quality distribution py. Formally, we compute:

. . 1 i
o =inf < t €[0,7] : ol Z Ey,yo (67 (ye,t)] > 7 ¢, (3.2)
Yo€SB

for 7 = 0.5 — € and for some € > 0. Subsequently, we form the annotated dataset D5 =
{(w” + i ZO Y U{ (0, 0) |z € S}, where the random variables Z () are i.i.d. standard
normals. In particular, our annotated dataset indicates that we should only use the samples from D
for diffusion times ¢ > ¢7', for which the distributions have approximately merged and hence it is
safe to use them. In fact, the optimal classifier assigns time ¢,, that corresponds to the first time for
which drv (ps, q¢) < .

Sample dependent annotation. One potential issue with the aforementioned annotation approach
is that all the samples in D are treated equally. But, as we noted, the points in D could be drawn
from a distribution pg that mixes pg and qo. In this case, all the samples in D that came from the pg
component, will still get a high annotation time, leading to information loss. Instead, we can opt-in
for a sample-wise annotation scheme, where each sample w((f) gets assigned a time ¢ based on:
tmin = inf{t € [0,7]: E g5 (wy, t)] > 7}, for 7 = 0.5 — € and for some € > 0.

wt\wéi) [

From arbitrary corruption to additive Gaussian noise. The afore-described approach reduces
our problem of learning from data with arbitrary corruption to the setting of learning from data
corrupted with additive Gaussian noise. The price we pay for this reduction is the information loss
due to the extra noise we add to the samples during the annotation stage. We can now extend the
objective function (2.2) to train our diffusion model. Suppose our annotated dataset is comprised of



samples {(x(i) tmin) 1 Then our objective becomes:

pmin» bg
K

L2
Jambiontfo(e) = Eteu[O,T] Z Em”zi?‘m |:‘ ‘Oé(t, tinm)hg(l‘t, t) =+ (1 — a(t, t?m»l‘t - 1‘2(5;3‘“ :| s
itmingy g

2 2 ymin
where a(t, tin) = %(tgt)
Learning something from nothing? The proposed framework comes with limitations worth
considering. First, unless the diffusion noise level tends to infinity, the distributions p; and ¢,
never fully converge—there is always a bias when treating samples from g; as if they were from p;.
Moreover, the method is particularly well-suited to certain types of corruptions but is less effective
for others. Because the addition of Gaussian noise suppresses high-frequency components—due
to the spectral power law of natural images—our approach is most effective for corruptions that
primarily degrade high frequencies (e.g., blur). In contrast, degradations that affect low-frequency
content—such as color shifts, contrast reduction, or fog-like occlusions—are more challenging. This
limitation is illustrated in Figure 3: masked images, for example, require significantly more noise to
become usable compared to high-frequency corruptions like blur. In the extreme, the method reduces
to a filtering approach, as infinite noise nullifies all information in the corrupted samples.

HQ images used by :- -: HQ data excluded by filtering LQ data included
all methods i _ 4| butusedby Ambient— by training on everything

MotionBlur

Masking

T T
0.0 0.2 0.3 0.5 0.7 0.9 1.3 2.1 32

Figure 3: Visual summary of our method for using low-quality data at high-noise. We see how
the various corrupted images become indistinguishable from the High Quality (HQ) after a minimum
noise level. These noisy versions of Low Quality (LQ) images are actually high-quality data, which
filtering approaches discard, but Ambient Omni uses.

3.2 Learning in the low-noise regime (synthetic and out-of-distribution data)

So far, our algorithm implicitly results in varying amounts of training data across diffusion noise
levels. At high noise, the model can leverage abundant low-quality data, whereas at low noise levels,
it must rely solely on the limited set of high-quality samples. We now extend the algorithm to enable
the use of synthetic and out-of-distribution data for learning denoisers at low-noise diffusion times.

To achieve this, we leverage another fundamental property of natural images: locality. At low
diffusion times, the denoising task can be solved using only a small local region of the image, without
requiring full spatial context. We validate this hypothesis experimentally in the Experiments Section
(Figures 15, 16, 17, 18), where we show that there is a mapping between diffusion time ¢ and the



crop size needed to perform the denoising optimally at this diffusion time. Intuitively, the higher the
noise, the more context is required to accurately reconstruct the image. Conversely, for lower noise,
the local information within a small neighborhood suffices to achieve effective denoising. We use
crop(t) to denote the minimal crop size needed to perform optimal denoising at time ¢. If there are
two distributions pg and Py that agree on their marginals (i.e. crops), they can be used interchangeably
for low-diffusion times. Note that the distributions don’t have to agree globally, they only have to
agree on a local (patch) level. Formally, let A(¢) be a random patch selector of size crop(¢). Let also
Do, Po two distributions that satisfy:

A(t)#po = A(t)#po, (3.3)

where A(t)#po denotes the pushforward measure” of py under A(t). Then, the cropped portions
of the tilted distributions provide equivalent information to the crops of the original distribution for
denoising.

Training a crops classifier. Note that the condition of Equation (3.3) can be trivially satisfied if A(t)
masks all the pixels or even if A(t) just selects a single pixel. We are interested in finding what is
the maximum crop size for which this condition is approximately true. Once again, we can use a
classifier to solve this task. The input to the classifier, ¢, ", is a crop of an image that either arises
from pg or Py, and the classifier needs to classify between these two cases.

Annotation and training using the trained classifier. Once the classifier is trained, we are now
interested in finding the biggest crop size for which the distributions pg, pg cannot be confidently
distinguished. Formally,

1 X
= 10T e D [T AWE)] > T (3.4)
YoESB

for 7 = 0.5 — € and for some small € > 0°. For times ¢ < t2*, the out-of-distribution images from
Do can be used with the regular diffusion objective as images from py, as for these times the denoiser
only looks at crops and at the crop level the distributions have converged.

The donut paradox. Each sample can be used for ¢ > t;“i“ and for ¢ < %%, but not for ¢t €
(tpax ¢min) We call this the donut paradox as there is a hole in the middle of the diffusion trajectory
for which we have fewer available data. These times do not have enough noise for the distributions
to merge globally, but also the required receptive field for denoising is big enough so that there are
differences on a crop level. We show an example of this effect in Figure 14.

Table 1: ImageNet results with and without classifier-free guidance.

Train FID | Test FID | Model Size
ImageNet-512 FID FIDv2 FID FIDv2 Mparams NFE
no CFG  w/CFG | noCFG w/CFG | no CFG w/CFG | no CFG w/CFG
EDM2-XS 3.57 291 103.39 79.94 3.77 3.68 115.16 93.86 125 63
Ambient-0-XS @& 3.59 2.89 107.26 79.56 3.69 3.58 115.02 92.96 125 63
EDM2-XXL 1.91 (1.93) 1.81 42.84 33.09 2.88 2.73 56.42 46.22 1523 63
Ambient-o-XXL & 1.99 1.87 43.38 33.34 2.81 2.68 56.40 46.02 1523 63
Ambient-o-XXL+crops @ 1.91 1.80 42.84 32.63 2.78 2.53 56.39 45.78 1523 63

4 Theory

We study the 1-d case, but all our claims easily extend to any dimension. We compare two algorithms:

Algorithm 1. Algorithm 1 trains a diffusion model using access to n; samples from a target density
po, assumed to be supported in [0, 1] and be A;-Lipschitz.

Algorithm 2. Algorithm 2 trains a diffusion model using access to n; + ny samples from a density
Po that is a mixture of the a target density py and another density ¢, assumed to be supported in [0, 1]

and be Ap-Lipschitz: po = -1L—po + -2 qo.

2Given measure spaces (X1, 1) and (X2, 32), a measurable function f : X1 — X>, and a probability
measure p : $1 — [0, 00), the pushforward measure f+#p is defined as (f#p)(B) = p(f~*(B)) VB € Zs.

3We subtract an € to allow for approximate mixing of the two distributions and hence smaller annotation
times.
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Figure 4: Results using CLIP to obtain the high-quality and the low-quality sets of ImageNet.

We want to compare how well these algorithms estimate the distribution p; := py ® N (0,02). We

use pg ),pg ) to denote the estimates obtained for p; by Algorithms 1 and 2 respectively.

Diffusion modeling is Gaussian kernel density estimation. We start by making a connection
between the optimal solution to the diffusion modeling objective and kernel density estimation. Given
a finite dataset {W () }2_, | the optimal solution to the diffusion modeling objective should match the
empirical density at time ¢, which is:

1 & (WD g
Pi =n—atz ( ) “.1)

where ¢(u) = \/%e_“z/ 2 is the Gaussian kernel. We observe that equation 4.1 is identical to a
Gaussian kernel density estimate, given samples { W ()} 4,
We establish the following result for Gaussian kernel density estimation.

Theorem 4.1 (Gaussian Kernel Density Estimation). Let (WO be a set of n mdependent
samples from a \-Lipschitz density p. Let p be the empirical density, p, = p ® N(0,0?%) and
= p®N(0,0?). Then, with probability at least 1 — § with respect to the sample randomness,

R 1 1 logn + log(1V A +10g26
drv(po,bo) S —+n+\/ ( ) /

= 4.2)

The proof of this result is given in the Appendix.

Comparing the performance of Algorithms 1 and 2. Applying Theorem 4.1 directly to the pg

density, we immediately get that the estimate ﬁgl) (x) obtained by Algorithm 1 satisfies:

dTV(pt’ﬁgl))<i+ 1 n logn1-|-log(1\//\1)+1og2/§
Yo oofm oZm;

(4.3)

Let us now see what we get by applying Theorem 4.1 to Algorithm 2, which uses samples from the

tilted distribution pg. Since this distribution is ( )\1 + o +n2 /\2> -Lipschitz, we get that:
o 1 1 log(n +n2) +log(1V -2\ + 52-No) +1og 2/0
drv (e, 1) < + + - £ ’
(n1+mn2) o +n2) of(n1 +n2)

“This connection has been observed in prior works too, e.g., see [32, 8].
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(a) High quality crops (b) Low quality crops
Figure 5: Results using CLIP to find (a) high-quality and (b) low-quality crops on ImageNet.

where p; 1= po ® N(0,02).
Further, we have that: dry (p, 5t) < dovy (5r, pe) + drv (e, By ). We already have a bound for
the second term. To bound the first term, we prove the following theorem.

Theorem 4.2 (Distance contraction under noise). Consider distributions P and QQ supported on a
subset of R? with diameter D. Then

drv(P®N(0,0%1),Q ® N'(0,0%1)) < drv(P,Q) - %

Applying this theorem we get that: drv (5r, i) < 55 dTv(po Po) < 5
for the second inequality we used that dv (po, po) < o +n2 —2_drv(po, go

Ot 1+n2 dTV (p07 qo) where

Putting everything together, Algorithm (2) achieves an estimation error:

drv (pe, 92) <

1 n 1 n log(n1 +n2) +1log(1V 5L -1 + 22-X2) + log 2/8 n Ny
(n1+mn2)  oZ(ni +no) o?(n1 + na) or(n1 + na)

drv(po, qo)-



Comparing this with the bound obtained in Equation 4.3, we see that if n is sufficiently larger than
nq or if Ay < \q, there is a t?;i“ such that for any ¢ > tg‘in, the upper-bound obtained by Algorithm
2 is better than the upper-bound obtained by Algorithm 1. That implies that for high-diffusion times,
using biased data might be helpful for learning, as the bias term (final term) decays with the amount
of noise. Going back to equation 4, note that the switching point ¢ > i depends on the distance
drv (P, pr) that decays as shown in Theorem 4.2. Once this distance becomes small enough, our
computations above suggest that we benefit from biased data. The classifier of Section 3.1, if optimal,
exactly tracks the distance drv (pt, p:) and, as a result, tracks the switching point.

5 Experiments

Controlled experiments to show utility from low-quality data. To verify our method, we first
do synthetic experiments on artificially corrupted data. We use EDM [34] as our baseline, and we
train networks on CIFAR-10 and FFHQ. For the first experiments, we only use the high-noise part of
our Ambient-o method (Section 3.1). We underline that for all of our experiments, we only change
the way we use the data, and we keep all the optimization and network hyperparameters as is. We
compare against using all the data as equal (despite the corruption) and the filtering strategy of
only training on the clean samples. For evaluation, we measure FID [28] with respect to the full
uncorrupted dataset (which is not available during training).

For the blurring experiments, we use a Gaussian kernel with standard deviation op =
0.4,0.6,0.8,1.0, and we corrupt 90% of the data. We show some example corrupted images in
Appendix Figure 10a. To perform the annotations for our method, we train a blurry image vs clean
image classifier under noise, as explained in Section 3.1. For the experiments in the main paper, we
use a balanced dataset for the training of the classifier. We ablate the effect of having fewer training
samples for the classifier training in Appendix Section D where we show that reducing the number of
clean samples available for classifier training leads to a small drop in performance. Once equipped
with the trained classifier, each sample is annotated on its own based on the amount of noise that is
needed to confuse the classifier (sample dependent annotation). We present our results in Table 2a.
As shown, for all corruption strengths, Ambient Omni, significantly outperforms the two baseline
methods. In the one to the last column of Table 2a, we further show the average annotation of the
classifier. As expected, the average assigned noise level increases as the corruption intensifies.

Ablations. We ablate the choice of using a fixed annotation vs sample-adaptive annotations in
Appendix Table 7. We find that using sample-adaptive annotations achieves improved results.
Nevertheless, both annotation methods yield improvements over the training on filtered data and
the training on everything baselines. To show that our method works for more corruption types, we
perform an equivalent experiment with JPEG compressed data at different compression ratios and
we achieve similar results, presented in Appendix Table 3. We ablate the impact of the amount of
training data and the number of training iterations on the classifier annotations in Appendix Section
D. We show results for motion blur (Figure 11 and Section B.1) and for the FFHQ dataset (Table 4).

Table 2: In a controlled experiment with restricted access only to 10% of the clean dataset, our
method of Ambient-o uses corrupted and out-of-distribution data to improve performance.

(a) Gaussian blurred data at different levels. (b) Additional out-of-distribution data.
Method Parameters Values (7 3) 5-tmin FID Source Data  Additional Data Method &%  FID
Only Clean (10%) - - 8.79 None - - 12.08

Cats Fixed o 0.2 11.14

1.0 45.32 .
Cats Fixed o 0.1 9.85
] 209
All data 08 o 2 Dogs (10%) Cats Fixedo 005  10.66
0‘4 2 ;17 Cats Fixed o 0.025  12.07
‘ - Cats Classifier 0.09 8.92
1.0 2.84 6.16 Procedural Classifier  0.042  10.98

. 0.8 1.93 6.00

Ambient-o © 0.6 138 534 Cats (10%) None - - 5%
0.4 0.22 2.44 D0g§ Classmer 0.13 5.11
Wildlife Classifier 0.08 4.89

Controlled experiments to show utility from out-of-distribution images. We now want to validate
the method developed in Section 3.2 for leveraging crops from out-of-distribution data. To start with,
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we want to find the mapping between diffusion times and the size of the receptive field required
for an optimal denoising prediction. To do so, we take a pre-trained denoising diffusion model and
measure the denoising loss at a given location as we increase the size of the context. We provide the
corresponding plot in the Supplemental Figures 17, 15. The main finding is that while providing
more context always leads to a decrease in the average loss, for sufficiently small noise levels, the
loss nearly plateaus before the full image context is provided. That implies that the perfect denoiser
for a given noise level only needs to look at a localized part of the image.

Equipped with the mapping between diffusion
times and crop sizes, we now proceed to a fun
experiment. Specifically, we show that it is pos-
sible to use images of cats to improve a gener-
ative model for dogs (!) and vice-versa. The
cats here represent out-of-distribution data that
can be used to improve the performance in the
distribution of interest (in our toy example, dogs
distribution). To perform this experiment, we
train a classifier that discriminates between cats
and dog images by looking at crops of various
sizes (Section 3.2). Figure 6 shows the predic-  Fjgure 6: Patch level probabilities for dogness in a
tions of an 8 x 8 crops-classifier for an image  cat image.

of a cat, illustrating that there are a number of

crops that are misclassified as crops from a dog

image. We report results for this experiment in Table 2b and we observe improvements in FID arising
from using out-of-distribution data. Beyond natural images, we show that it is even possible to
use procedurally generated data from Shaders [6] to (slightly) improve the performance. Figure 21
shows an example of such an image and the corresponding predictions of a crops classifier. Table 2b
contains more results and ablations between annotating all the out-of-distribution at a single noise
level vs. sample-dependent annotations.

Image split into patches Probability of patch being inside a dog image.

075 0.84 [0:75 JXT TRy NI N

(vF8 0.61 041 037 068 057 O

033 005 0.18 057 066 059 0.3

0s ﬁ 003 001 ﬁ on o

0:56| 0.03 0.09 029 005 020 O.

0.10 007 028 026 004 O

0.63 0.

0.60 052 0.

Takeaway 1: It is possible to use low-quality in-distribution images and high-quality
out-of-distribution images to produce high-quality in-distribution images.

Corruptions of natural datasets — ImageNet results. Up to this point, our corrupted data has
been artificially constructed to study our method in a controlled setting. However, it turns out that
even in real datasets such as ImageNet, there are images with significant degradations such as heavy
blur, low lighting, and low contrast, and also images with fantastic detail, clear lightning, and sharp
contrast. Here, the high-quality and the low-quality sets are not given and hence we have to estimate
them. We opt to use the CLIP-IQA quality metric [64] to separate ImageNet into high-quality (top
10% CLIP-IQA) and low-quality (bottom 90% CLIP-IQA) sets. Figure 4 shows some of the top
and bottom quality images according to our metric. Given the high-quality and low-quality sets, we
are now back to the previous setting where we can use the developed Ambient-o methodology. We
underline that there is a rich literature regarding quality-assessment methods [66, 67, 47, 65] and the
performance of our method depends on how the high-quality and the low-quality sets are defined,
since the rest of the samples are annotated based on which set they are closer to.

We use Ambient-o to refer to our method that uses low-quality data at high diffusion times (Section 5)
and Ambient-o+crops to refer to the extended version of our method that uses crops from potentially
low-quality images at low-diffusion times. Perhaps surprisingly, there are images in ImageNet that
have lower global quality but high-quality crops that we can use for low-noise. We present results in
Table 1, where we show the best FID [28] and FDpnov2 obtained by different methods. We show the
highest and lowest quality crops, alongside their associated full images, of ImageNet according to
CLIP in Figure 5.

As shown in the Table, our method leads to state-of-the-art FID scores, improving over the previous
state-of-the-art baseline EDM-2 [35] at both the low and high parameter count settings. The benefits
are more pronounced when we measure test FID as our method memorizes significantly less due
to the addition of noise during the annotation stage of our pipeline (Section 3.1). Beyond FID, we
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provide qualitative results in Figure 1 (bottom) and Appendix Figures 12, 13. We further show that the
quality of the generated images measured by CLIP increased compared to the baseline in Appendix
Table 5. The observed improvements are proof that the ability to learn from data with heterogeneous
qualities can be truly impactful for realistic settings beyond synthetic corruptions typically studied in
prior work.

Takeaway 2: Real datasets contain heterogeneous samples. Ambient-o explicitly accounts
for quality variability during training, leading to improved generation quality.

Text-to-image results. For our final set of experiments, we show how Ambient-o can be used to
improve the performance of text-to-image diffusion models. We use the code-base of MicroDiffusion
[52], as it is open-data and trainable with modest compute (== 2 days on 8-H100 GPUs). Sehwag et al.
[52] use four main datasets to train their model: Conceptual Captions (12M) [54], Segment Anything
(11M) [40], JourneyDB (4.2M) [61], and DiffusionDB (10.7M) [68]. Of these four, DiffusionDB is
of significantly lower quality than the others as it contains solely synthetic data from an outdated
diffusion model. This presents an opportunity for the use of our method. Can we use this lower-quality
data and improve the performance of the trained network?

100 100
80 = Baseline Ambient-o mmm Baseline Ambient-o
80
80 ba 73 = 70
3 ks s 66 66 68 66
S 65 65 64
b 61 [} 59 59 59
& > 60 54 b7 L 56
3
g c 45) N 48
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(a) DrawBench (b) PartiPrompts

Figure 7: Assessing image quality with GPT-40 on DrawBench and PartiPrompts.

We set oin = 2 for all samples from DiffusionDB and o,;, = 0 for all other datasets and we train
a diffusion model with Ambient-o. We note that we did not ablate this hyperparameter and it is
quite likely that improved results would be obtained by tuning it or by training a high-quality vs
low-quality data classifier for the annotation. Despite that, our trained model achieves a remarkable
FID of 10.61 in COCO, significantly improving the baseline FID of 12.37 (Table 9). We present
qualitative results in Figure 1 and GPT-40 evaluations on DrawBench and PartiPrompt in Figure 7.
Ambient-o and baseline generations for different prompts can be found in Figure 1. As an additional
ablation, we compared our method with the recipe of doing a final fine-tuning on the highest-quality
subset, as done in the works of [52, 12]. Compared to this baseline, our method obtained slightly
worse COCO FID (10.61 vs 10.27) but obtained much greater diversity, as seen visually in Figure 8
and quantitatively through > 13% increases in DINO Vendi Diversity on prompts from DiffDB (3.22
vs 3.65.). This corroborates our intuition that data filtration leads to decreased diversity. Ambient-o
uses all the data but can strike a fine balance between high-quality and diverse generation.

Takeaway 3: Ambient-o treats synthetic data as corrupted data. This leads to superior visual
quality and increased diversity compared to only relying on real samples.
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(b) "an abominable snowman trapped in ice by greg rutkowski"

Figure 8: Examples of mode collapse. Left: baseline model finetuned on a high-quality subset.
Right: Ambient-o model using all the data. As shown, finetuning decreases output diversity.

(a) Measuring fidelity and prompt alignment of (b) Measuring performance on the GenEval benchmark.

generated images on COCO dataset. Objects
P — . . Col
Method FID-30K (|) Clip-FD-30K (})  Clip-score (1) Method Overall Single Two Counting Colors Position allrigu(ziron
Baseline 12.37 10.07 0.345 Baseline 044 097 033 035 0.82 0.06 0.14
Ambient-o & 10.61 9.40 0.348 Ambient-o® 047 097 040 036 0.82 0.11 0.14

Figure 9: Quantitative benefits of Ambient-o on COCO [43] zero-shot generation and GenEval [25].

6 Limitations and Future Work

Our work opens several avenues for improvement. On the theoretical side, we aim to establish
matching lower bounds to demonstrate that learning from the mixture distribution becomes provably
optimal beyond a certain noise threshold. Algorithmically, while our method performs well under
high-frequency corruptions, it remains an open question whether more effective training strategies
could be used for different types of corruptions (e.g., masking). Moreover, real-world datasets often
exhibit patch-wise heterogeneity—for example, facial regions are frequently blurred for privacy,
leading to uneven corruption across image crops. We plan to investigate patch-level noise annotations
to better capture this structure in future work. Computationally, the full-version of our algorithm
requires the training of classifiers for annotations that increases the runtime. This overhead can be
avoided by using hand-picked annotation times based on quality proxies as done in our synthetic data
experiment. Finally, we believe the true potential of Ambient-o lies in scientific applications, where
data often arises from heterogeneous measurement processes.

7 Conclusion

Is it possible to get good generative models from bad data? Our framework extracts value from
low-quality, synthetic, and out-of-distribution sources. At a time when the ever-growing data demands
of GenAlI are at odds with the need for quality control, Ambient-o lights a path for both to be achieved
simultaneously.
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A Theoretical Results

A.1 Kernel Estimation

Assumption A.1. The density p is A lipschitz.

Let {X () »_, aset of n independent samples from a density p that satisfies Assumption A.1. Let p
be the empirical density on those samples.

We are interested in bounding the total variation distance between p, := p ® N(0,0?) and p, =
p ® N(0,0?). In particular,

(i) _ o
pole) = — >0 <XU> (A1)

where ¢(u) = \/#276_“2/ 2 is the Gaussian kernel. We want to argue that the TV distance between

o and P, is small given sufficiently many samples n. For simplicity, let’s fix the support of p to be
[0, 1]. We have:

L-1

(I+1)/L
3 / po(@) — po(@)ldr  (A2)

R e R
drv(Po,po) = 5/0 |po(x) — po(x)|dz = L
=0

Now let us look at one of the terms of the summation.

(I+1)/L (I+1)/L
/l 1P () — o (2))de = / 1Po(@) — po(1/) + po(/T) — po(@)|dz (A3

/L /L

(1+1)/L (+1)/L
<[ @ nelde s [ D)~ pe@lds (A

/L l/L
We first work on the first term. Using Lemma A.6:
(1+1)/L (1+1)/L

[ @ pDiae < [ e 1/l (A5)

/L /L

A

= 572" (A.6)

Next, we work on the second term.

(1+1)/L (I+1)/L
/ 1Po (/L) — po ()| de = / Do (/L) — Do (1/L) + o (/1) — po(@)|dz (A7)
/L /L

(I+1)/L (1+1)/L
< /l/L Ips(1/L) = po(l/L)|dz + /Z/L b0 (/L) — po(z)|da. (AS)

According to Lemma A.5, we have that p,, is A= %@ Lipschitz. Then, the second term becomes:

(1+1)/L /L A
J B B et (A.9)
/L 1/L 2L

It remains to bound the following term

/“*WL dp — o (/L) = po(1/L)]
l

Po(1/L) = Do (1/L)|

/ - (A.10)
L

We will be applying Hoeffding’s Inequality, stated below:
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Theorem A.2 (Hoeffding’s Inequality). Let Y7, ..., Y, be independent random variables in [a, b] with
mean [i. Then,

1 n
Pr||=N Y, —ul>t] <2 —ont?/(b—a)?). A.l1
f(nz; M—>_e><p(n/< a)?) (A11)
Recall that p,, can be written as
. L~ o((XD —2)/o) 14
o(x) = — —_ = — Yi, A.12
R -
: . _ XD —2)/0) ; i
in terms of the random variables Y; := =-———"=. These random variables are supported in
[O, \/ﬁ} . So, for any z, we have that:
Pr (|po(z) — E[ps(2)]| > t) < 2exp (—4mo’nt?) . (A.13)
Taking ¢t = % and using the above inequality and the union bound, we have that, with

probability at least 1 — 4, foralll € {0,1,...,L — 1}:

log(2L/6)
4dro?n

|150(Z/L) - E[ﬁo(l/L)H < (A-14)

Let us now compute the expected value of P, (z).

E[p,(z)] = E % zj: ¢ (X()UI)] (A.15)
Lgap ()
- %/p(u)fb (x ; “) du= (p®N(0,02))(z) = p,(z). (A.17)

Combining equation A.14 and equation A.17, we get:

log(2L/6)

1o (/L) = po(@)] <\ =5 = (A.18)

Putting everything together we have:

. A 1 log(2L/96)
d g (oa S .
v (poPo) 2L + 2Lo2+\/27e 4dwo3n

Choosing L = n - max{\, 1} we get that:

+

1 1 log(1V \) + log2/6
drv(po,po) S n+\/0g”+ og(1 V) +log2/d

1
n o2 o2n
A.2 Evolution of parameters under noise

Proof of theorem 4.2: We will use the following facts:

Fact 1 (Direct corollary of the optimal coupling theorem). There exists a coupling « of P and @,
which samples a pair of random variables (X,Y") ~ ~y such that Pr,[X # Y] = drv (P, Q).

Fact 2. Forany z,y € R%: dpy (N (z,021), N (y,0%])) < ||z — y||/20
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Proof. The KL divergence between N (11, ¥1) and N (2, Xo) is

1
KL (i1, 1), N (pta, Zo)) = 3 (tr(22_121) + (2 — p1) S5 (2 — 1) — d + log > :)

Applying this general result to our case:

o2

KL(N (z,021), N (y, 0°1)) = ;(W—y)

We conclude by applying Pinsker’s inequality. [

A corollary of Fact 2 and the optimal coupling theorem is the following:

Fact 3. Fix arbitrary z,y € R?. There exists a coupling 7, , of N'(0,5I) and N (0, 02I), which
samples a pair of random variables (Z, Z') ~ 7, suchthat Pr [z 4+ Z # y+ Z'] = |l —yl|/20.

Now let us denote by P = P ® N(0,02I) and Q = Q ®  N(0, 021) To establish our claim in the
theorem statement, it suffices to exhibit a coupling y of P and Q which samples a pair of random
variables (X,Y) ~ 4 such that: Prs[X # Y] < drv (P, Q)3 D . We define coupling 4 as follows:

1) sample (X,Y") ~ v (as specified in Fact 1), 2) sample (Z, Z' ) ~ vx,y (as specified in Fact 3) and
3)output (X,Y) := (X + Z,Y + 7).

Let us argue the following:

Lemma A.3. The afore-described sampling procedure 7 is a valid coupling of P and Q

Proof. We need to establish that the marginals of 7 are P and Q. We will only show that for
(X,Y) ~ 4 according to the afore-described sampling procedure, the marginal distribution of X is

P, as the proof for Y is identical. Since + is a coupling of P and @, for (X,Y") ~ -, the marginal
distribution of X is P. By Fact 3, conditioning on any value of X and Y, the marginal distribution of

Z is N(0, 021).~Thus~, X = X + Z, where X ~ P and independently Z ~ N (0, o2I), and thus the
distribution of X is P. O

Lemma A.4. Under the afore-described coupling 74: Pry (X #Y] <drv(P,Q) - %

Proof. Notice that, when X =Y, by Fact 3, Z = Z’ with probability 1, and therefore X =Y. So

for event X =+ Y to happen, it must be that X # Y happens and, conditioning on this event, that
X +Z #Y + Z' happens. By Fact |, Pry[X # Y] = dpv(P, Q). By Fact 3, for any realization of
(X,Y),Pry [ X+Z#Y + 7| = X UY” < £, where we used that P and @ are supported on
a set with diameter D. Putting the above together, the claim follows. O

A.3 Auxiliary Lemmas

Lemma A.5 (Lipschitzness of the empirical density). For a collection of points XV, ... X
consider the function py(z) = L 3" | ¢ (X(l;*w) , where ¢(u) = \/%67“2/2 is the Gaussian

kernel. Then p, is (%\/ﬁ)-upschim
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Proof. Let us compute the derivative of p,:

» 1l &Kd [(z—X®
_ilNd (X" Al

76 (2) no ; dﬂcq5 o (A-19)

R . X0 _ 4
= exp (—(X® —2)2/(20%)) =——— A20
27Tna;Xp< ( x)/(a)) o2 ( )
< ﬁ max exp(—u?/2)u (A21)

1

< N (A.22)
O

Lemma A.6 (Lipschitzness of a density convolved with a Gaussian). Let p be a density that is
A-Lipschitz. Let py, = p ® N'(0,0%I). Then, p, is also \-Lipschitz.

Proof. Let us denote with ¢, (-) the Gaussian density with variance o2. We have that:

Po (@) — poly) = ﬂp@c ) = ply — 7))be (r)dr = (A23)
1Po() — Do (y)|< /pu ) = ply — )| (r)dr (A24)
< Az -yl /¢0(7')d7 (A.25)

= Az —y|. (A.26)

O

B Additional Results

B.1 CIFAR-10 controlled corruptions

Figures 10a,11,10b show gaussian blur, motion blur, and JPEG corrupted CIFAR-10 images respec-
tively at different levels of severity. Appendix Table 3 shows results for JPEG compressed data at
different levels of compression. We also tested our method for motion blurred data with high severity,
visualized in the last row of Appendix Figure 11), obtaining a best FID of 5.85 (compared to 8.79 of
training on only the clean data).

i

=
nh

(a) CIFAR-10 images corrupted with blur at in- (b) CIFAR-10 images corrupted with JPEG at com-
creasing levels (cp = 0.4, 0.6, 1.0). pression rates: 25%, 18%, 15% respectively.
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Figure 11: CIFAR-10 images corrupted with motion blur at increasing levels of corruption.

Table 3: Results for learning from JPEG compressed data on CIFAR-10.

Method Dataset Clean (%) Corrupted (%) JPEG Compression (Q) &{Ein FID
Only Clean Cifar-10 10 0 — — 8.79
15% 1.60  6.67

18% 1.40  6.43

. . . 25% 1.27  6.34
Ambient Omni  Cifar-10 10 90 50% 1.03 5.04
75% 0.81  5.57

90% 0.63  4.72

B.2 FFHQ-64x64 controlled corruptions
In Appendix 4 we show additional results for learning from blurred data on the FFHQ dataset.

Similarly to the main paper, we observe that our Ambient-o algorithm leads to improvements over
just using the high-quality data that are inversely proportional to the corruption level.

Table 4: Results for learning from blurred data, FFHQ.

Method Dataset Clean (%) Corrupted (%) Parameters Values (cp) &{fin FID
Only Clean FFHQ 10 0 - - 5.12
10 90 0.8 2.89 4.95
Ambient Omni FFHQ 10 90 0.6 2.12 4.65
10 90 0.4 0.63 3.32

B.3 ImageNet results

In the main paper, we used FID as a way to measure the quality of generated images. However, FID
is computed with respect to the test dataset that might also have samples of poor quality. Further,
during FID computation, quality and diversity are entangled. To disentangle the two, we generate
images using the EDM-2 baseline and our Ambient-o model and we use CLIP to evaluate the quality
of the generated image (through the CLIP-IQA metric implemented in the PIQ package [37, 36]). We
present results and win-rates in Table 5. As shown, Ambient-o achieves a better per-image quality
compared to the baseline despite using exactly the same model, hyperparameters, and optimization
algorithm. The difference comes solely from better use of the available data.
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Table 5: Additional comparison between EDM-2 XXL and our Ambient-o model using the CLIP
IQA metric for image quality assesment. Ambient-o leads to improved scores despite using the exact
same architecture, data and hyperparameters. For this experiment, we use the models with guidance
optimized for DINO FD since they are the ones producing the higher quality images.

Metric EDM-2 [35] XXL. Ambient-o O xXXL crops
Average CLIP IQA score 0.69 0.71

Median CLIP IQA score 0.79 0.80

Win-rate 47.98% 52.02%

C Ambient diffusion implementation details and loss ablations

Similar to the EDM-2 [35] paper, we use a pre-condition weight to balance the importance of different
diffusion times. Specifically, we modulate the EDM2 weight (o) by a factor:

)\amb(a'y Umin) = (74/(02 —O’iin)Q (C.1)
for our ambient loss based on a similar analysis to [35]. We further use a buffer zone around the
annotation time of each sample to ensure that the loss doesn’t have singularities due to divisions by O.
We ablate the precondition term and the buffer size in Appendix Table 6.

Table 6: Ablation study of ambient weight and stability buffer on Cifar-10 with 10% clean data and
90% corrupted data with blur of 0.6.

Method FID |
No ambient preconditioning weight and no buffer:
Xamb (0, Omin) = 1 & 0 > Opin 5.49
Adding ambient preconditioning weight:
+ Weight Aymb (0, 0min) = 02 /(02 — 02,)? 5.36
Adding stability buffer/clipping:
+ Clip Aamb (0, Omin) at 2.0 5.35
+ C]lp Aamb (0, Jmin) at 4.0 5.69
+ Buffer \ymp (0, Omin) at 2.01.e. 0 > v20min 5.40

+ Buffer A\ymp (0, omin) at 4.01.e. 0 > (2/V3)omin ~ 5.34

For our ablations, we focus on the setting of training with 10% clean data and 90% corrupted data
with Gaussian blur of o = 0.6. Using no ambient pre-conditioning and no buffer, we obtain an
FID of 5.56. In the same setting, adding the ambient pre-conditioning weight A\ymb (0, Omin ) improves
FID by 0.13 points. Next, we ablate two strategies to mitigate the impact of the singularity of
Aamb (0, Omin) 8t 0 = omin. The first strategy clips the ambient pre-conditioning weight at a specified
maximum value AMAX, but still trains for o arbitrarily close to ;. The second strategy also specifies

amb
a maximum value, but imposes a buffer

1
g > 1 + Womm (CZ)
amb
that restricts training to noise levels o such that Aymb (0, omin) < AMAX. Clipping the ambient weight

to AMAX — 2.0 minimally improves FID to 5.35, but clipping to 4.0 significantly worsens it to

amb
5.69. Adding a buffer at \M4X = 2.0 slightly worsens FID to 5.40, but slackening the buffer to 4.0

minimally improves FID to 5.34. We opt for the buffering strategy in favor of the clipping strategy
since performance appears convex in the buffer parameter, and because it obtains the best FID.

D Classifier annotation ablations

Balanced vs unbalanced data: We ablate the impact of classifier training data on the setting of
CIFAR-10 with 10% clean data and 90% corrupted data with gaussian blur with o = 0.6. When
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annotating with a classifier trained on the same unbalanced dataset we train the diffusion model on
we obtained a best FID of 6.04, compared to the 5.34 obtained if we train on a balanced dataset.

Training iterations: We ablate the impact of classifier training iterations on the setting of CIFAR-10
with 10% clean data and 90% corrupted data with JPEG compression at compression rate of 18%,
training the classifier with a balanced dataset. We report minute variations in the best FID, obtaining
6.50, 6.58, and 6.49 when training the classifier for 5e6, 10e6, and 15e6 images worth of training
respectively.

Table 7: Comparison with baselines for training with data corrupted by Gaussian Blur at different
levels. The dataset used in this experiment is CIFAR-10.

Method Clean (%) Corrupted (%) Parameters Values (o) c‘r{f}in FID
Only Clean 10 0 - - 8.79
1.0 45.32

No annotations 10 90 0.8 0 28.26
0.4 2.47

1.0 2.32 6.95

Single annotation 10 90 0.8 1.89 6.66
0.4 0.00 2.47

10 90 1.0 2.84 6.16

Classifier annotations 10 90 0.8 1.93 6.00
10 90 0.4 0.22 2.44

E Training Details

E.1 Formation of the high-quality and low-quality sets.

In the theoretical problem setting we assumed the existence of a good set Sg from the clean
distribution and a bad set S from the corrupted distribution. In practice, we do not actually possess
these sets initially, but we can construct them so long as we have access to a measure of "quality".
Given a function on images which tells us wether its good enough to generate or not e.g. CLIP-IQA
quality [64] greater than some threshold, we can define our good set S¢ as the good enough images
and Sp as the complement. From this point on we can apply the methodology of ambient-o as
developed, either employing classifier annotations as in our pixel diffusion experiments, or fixed
annotations as in our large scale ImageNet and text-to-image experiments.

E.2 Datasets

CIFAR-10. CIFAR-10 [41] consists of 60,000 32x32 images of ten classes (airplane, automobile,
bird, cat, deer, dog, frog, horse, ship, and truck).

FFHQ. FFHQ [33] consists of 70,000 512x512 images of faces from Flickr. We used the dataset at
64x64 resolution for our experiments.

AFHQ. AFHQ [11] consists of 5,653 images of cats, 5,239 images of dogs and 5,000 images of
wildlife, for a total of 15,892 images.

ImageNet. ImageNet [19] consists of 1,281,167 images of variable resolution from 1000 classes.
Conceptual Captions. Conceptual Captions [54] consists of 12M (image url, caption) pairs.

Segment Anything. Segment Anything [40] consists of 11.1M high-resolution images annotated
with segmentation masks. Since the original dataset did not have real captions, we use the same

LLaVA generated captions created by the MicroDiffusion [52] paper.

JourneyDB. JourneyDB consists of 4.4M synthetic image-caption pairs from Midjourney [61].
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DiffusionDB. DiffusionDB consists of 14M synthetic image-caption pairs, mostly generated from
Stable Diffusion models [68]. We use the same 10.7M quality-filtered subset created by the MicroD-
iffusion paper [52].

E.3 Diffusion model training

CIFAR-10. We use the EDM [34] codebase as a reference to train class-conditional diffusion
models on CIFAR-10. The architecture is a Diffusion U-Net [58] with ~55M paramemeters. We use
the Adam optimizer [39] with learning rate 0.001, batch size 512, and no weight decay. While the
original EDM paper trained for 200 x 10° images worth of training, when training with corrupted
data we saw best results around 20 x 10° images. On a single 8xV100 node we achieved a throughput
of 0.8s per 1k images, for an average of 4.4h per training run.

FFHQ. Same as for CIFAR-10, except learning was set to 2e — 4, we trained for a maximum of
100 x 10° images worth of training, and saw best results around 30 x 10° images worth.

AFHQ. Same as FFHQ.

ImageNet. We use the EDM2 [35] codebase as a reference to train class-conditional diffusion
models on ImageNet. The architecture is a Diffusion U-Net [58] with ~125M paramemeters. We use
the Adam optimizer [39] with reference learning rate 0.012, batch size 2048, and no weight decay.
Same as the original codebase, we trained for ~2B worth of images. On 32 H200 GPUs, XS models
took ~3 days to train, while XXL models took ~7 days.

MicroDiffusion. We use the MicroDiffusion codebase [52] as a reference to train text-to-image
models on an academic budget. We follow their recipe exactly, changing only the standard denoising
diffusion loss to the ambient diffusion loss. The architecture is a Diffusion Transformer [48] utilizing
Mixture-of-Experiments (MoE) feedforward layers [55, 30], with ~1.1B paramemeters. We use the
AdamW optimizer [39] with reference learning rates 2.4¢ — 4/8e — 5/8e — 5/8e — 5 for each of the
four phases and batch size 2048 for all phases. On 8 H200 GPUs, training takes ~2 days to train.

E.4 Classifier training

Classifier training is done using the same optimization recipe (optimizer, learning rate, batch size,
etc.) as diffusion model training, except we change the architecture to an encoder-only "Half-Unet",
simply by removing the decoder half of the original UNet architecture. The training of the classifier
is substantially shorter compared to the diffusion training since classification is task is easier than
generation.

F Additional Figures
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Figure 12: Uncurated generations from our Ambient-o & XXL model trained on ImageNet.
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Figure 13: Uncurated generations from our Ambient-o+crops & XXL model trained on ImageNet.
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Data Availability vs. Noise Level
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Figure 14: Amount of samples available at each noise level when training a generative model for
dogs in the following setting: (1) we have 10% of the dogs dataset uncorrupted, (2) we have the other
90% of the dogs dataset corrupted with gaussian blur with o = 0.6, and (3) we have 100% of the
clean dataset of cats. At low noise levels, we can train on both the high quality dogs and a lot of
the cats, resulting in > 100% of samples available relative to the original dogs dataset size. As the
noise level starts to increase, we stop being able to use to the out-of-distribution cat samples, but start
gaining some blurry dog samples. As the noise level approaches the maximum all the blurry dogs
become available for training, such that the amount of data available approaches 100%.

Loss vs Context Size
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Figure 15: ImageNet-512x512: denoising loss of an optimally trained model, measured at 2 x 2
center patch, as we increase the context size given to the model (horizontal axis) and the noise level
(different curves). As expected, for higher noise, more context is needed for optimal denoising. The
large dot on each curve marks the point where the loss nearly plateaus.
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Receptive Field Size vs. Noise Level
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Figure 16: ImageNet-512x512: context size needed to be within € = 1e — 3 of the optimal loss for
different noise levels. As expected, for higher noise, more context is needed for optimal denoising.
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Figure 17: FFHQ: denoising loss of an optimally trained model, measured at 2 x 2 center patch, as
we increase the context size given to the model (horizontal axis) and the noise level (different curves).
As expected, for higher noise, more context is needed for optimal denoising. The large dot on each
curve marks the point where the loss nearly plateaus.
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Receptive Field Size vs. Noise Level
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Figure 18: FFHQ: context size needed to be within € = 1le — 3 of the optimal loss for different noise
levels. As expected, for higher noise, more context is needed for optimal denoising.
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(a) Cat image and classification probabilities over (b) Cat image and classification probabilities over
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Figure 19: Two examples of cats from the AFHQ dataset. We partition each cat into non overlapping
patches and we compute the probabilities of the patch belonging to an image of a dog using a cats vs
dogs classifier trained on patches. The cat on the right has a lot more patches that could belong to a
dog image according to the classifier, possibly due to the color or the texture of the fur.

Probabilty of patch
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(a) Cat annotated by a cats vs. (b) Cat annotated by a cats vs. (c) Cat annotated by a cats vs.
dogs classifier that operates with dogs classifier that operates with dogs classifier that operates with
crops of size 8. crops of size 16. crops of size 24.

Figure 20: Patch-based annotations of a cat image from AFHQ using cats vs. dogs classifiers trained
on different patch sizes.
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Image SpIt INto patches
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Figure 21: Patch level probabilities for dogness in a synthetic image (procedural program). The cat
has more useful patches than this non-realistic procedural program.
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Figure 22: Two examples of procedurally generated images. We partition each image into non
overlapping patches and we compute the probabilities of the patch belonging to an image of a dog
using a synthetic image vs dogs classifier trained on patches. The image on the right has a lot more
patches that could belong to a dog image according to the classifier, possibly due to the color or the
texture.
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(a) Cat image and classification probabilities over (b) Cat image and classification probabilities over
patches. patches.

Figure 23: Two examples of cat images. We partition each image into nonoverlapping patches and
we compute the probabilities of the patch belonging to an image of wildlife using a cats vs wildlife
classifier trained on patches. The image on the right has a lot more patches that could belong to a
wildlife image according to the classifier, possibly due to the color or the texture.
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Figure 24: Example batch.

(a) Highest quality images from CC12M according (b) Lowest quality images from CC12M according
to CLIP. to CLIP.

Figure 25: CLIP annotations for quality of images from CC12M.
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(a) Highest quality images from SA1B according (b) Lowest quality images from SA1B according
to CLIP. to CLIP.

Figure 26: CLIP annotations for quality of images from SA1B.
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(a) Highest quality images from DiffDB according (b) Lowest quality images from DiffDB according
to CLIP. to CLIP.

Figure 27: CLIP annotations for quality of images from DiffDB.
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(b) Lowest quality images from JDB according to
CLIP. CLIP.

Figure 28: CLIP annotations for quality of images from JDB.
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Image Quality Distribution
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Figure 29: Distribution of image qualities according to CLIP for ImageNet-512.
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