
A Theoretical Results817

A.1 Kernel Estimation818

Assumption A.1. The density p is λ lipschitz.819

Let {X(i)}ni=1 a set of n independent samples from a density p that satisfies Assumption A.1. Let p̂820

be the empirical density on those samples.821

We are interested in bounding the total variation distance between pσ := p ⊛N (0, σ2) and p̂σ =822

p̂⊛N (0, σ2). In particular,823

p̂σ(x) =
1

nσ

n∑
i=1

ϕ

(
X(i) − x

σ

)
, (A.1)

where ϕ(u) = 1√
2π

e−u2/2 is the Gaussian kernel. We want to argue that the TV distance between824

pσ and p̂σ is small given sufficiently many samples n. For simplicity, let’s fix the support of p to be825

[0, 1]. We have:826

dTV(pσ, p̂σ) =
1

2

∫ 1

0

|pσ(x)− p̂σ(x)|dx =

L−1∑
l=0

∫ (l+1)/L

l/L

|pσ(x)− p̂σ(x)|dx (A.2)

Now let us look at one of the terms of the summation.827

∫ (l+1)/L

l/L

|pσ(x)− p̂σ(x)|dx =

∫ (l+1)/L

l/L

|pσ(x)− pσ(l/L) + pσ(l/L)− p̂σ(x)|dx (A.3)

≤
∫ (l+1)/L

l/L

|pσ(x)− pσ(l/L)|dx+

∫ (l+1)/L

l/L

|pσ(l/L)− p̂σ(x)|dx. (A.4)

We first work on the first term. Using Lemma A.6:828 ∫ (l+1)/L

l/L

|pσ(x)− pσ(l/L)|dx ≤ λ

∫ (l+1)/L

l/L

|x− l/L|dx (A.5)

=
λ

2L2
. (A.6)

Next, we work on the second term.829 ∫ (l+1)/L

l/L

|pσ(l/L)− p̂σ(x)|dx =

∫ (l+1)/L

l/L

|pσ(l/L)− p̂σ(l/L) + p̂σ(l/L)− p̂σ(x)|dx (A.7)

≤
∫ (l+1)/L

l/L

|pσ(l/L)− p̂σ(l/L)|dx+

∫ (l+1)/L

l/L

|p̂σ(l/L)− p̂σ(x)|dx. (A.8)

According to Lemma A.5, we have that p̂σ is λ̂ = 1
σ2

√
2πe

Lipschitz. Then, the second term becomes:830 ∫ (l+1)/L

l/L

|p̂σ(l/L)− p̂σ(x)|dx ≤ λ̂

∫ (l+1)/L

l/L

|l/L− x|dx =
λ̂

2L2
. (A.9)

It remains to bound the following term831 ∫ (l+1)/L

l/L

|pσ(l/L)− p̂σ(l/L)|dx =
|pσ(l/L)− p̂σ(l/L)|

L
(A.10)

We will be applying Hoeffding’s Inequality, stated below:832
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Theorem A.2 (Hoeffding’s Inequality). Let Y1, ..., Yn be independent random variables in [a, b] with833

mean µ. Then,834

Pr

(∣∣∣∣∣ 1n
n∑

i=1

Yi − µ

∣∣∣∣∣ ≥ t

)
≤ 2 exp

(
−2nt2/(b− a)2

)
. (A.11)

Recall that p̂σ can be written as835

p̂σ(x) =
1

n

n∑
i=1

ϕ((X(i) − x)/σ)

σ
=

1

n

n∑
i=1

Yi, (A.12)

in terms of the random variables Yi := ϕ((X(i)−x)/σ)
σ . These random variables are supported in836 [

0, 1√
2πσ2

]
. So, for any x, we have that:837

Pr (|p̂σ(x)− E[p̂σ(x)]| ≥ t) ≤ 2 exp
(
−4πσ2nt2

)
. (A.13)

Taking t =
√

log(2L/δ)
4πσ2n and using the above inequality and the union bound, we have that, with838

probability at least 1− δ, for all l ∈ {0, 1, . . . , L− 1}:839

|p̂σ(l/L)− E[p̂σ(l/L)]| ≤
√

log(2L/δ)

4πσ2n
. (A.14)

Let us now compute the expected value of p̂σ(x).840

E[p̂σ(x)] = E

[
1

nσ

n∑
i=1

ϕ

(
X(i) − x

σ

)]
(A.15)

=
1

nσ

n∑
i=1

E
[
ϕ

(
X(i) − x

σ

)]
(A.16)

=
1

σ

∫
p(u)ϕ

(
x− u

σ

)
du ≡ (p⊛N (0, σ2))(x) = pσ(x). (A.17)

Combining equation A.14 and equation A.17, we get:841

|p̂σ(l/L)− pσ(x)| ≤
√

log(2L/δ)

4πσ2n
. (A.18)

Putting everything together we have:

dTV(pσ, p̂σ) ≤
λ

2L
+

1

2Lσ2
√
2πe

+

√
log(2L/δ)

4πσ2n
.

Choosing L = n ·max{λ, 1} we get that:

dTV(pσ, p̂σ) ≲
1

n
+

1

σ2n
+

√
log n+ log(1 ∨ λ) + log 2/δ

σ2n
.

A.2 Evolution of parameters under noise842

Proof of theorem 4.2: We will use the following facts:843

Fact 1 (Direct corollary of the optimal coupling theorem). There exists a coupling γ of P and Q,844

which samples a pair of random variables (X,Y ) ∼ γ such that Prγ [X ̸= Y ] = dTV(P,Q).845

Fact 2. For any x, y ∈ Rd: dTV(N (x, σ2I),N (y, σ2I)) ≤ ∥x− y∥/2σ846
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Proof. The KL divergence between N (µ1,Σ1) and N (µ2,Σ2) is

KL(N (µ1,Σ1),N (µ2,Σ2)) =
1

2

(
tr(Σ−1

2 Σ1) + (µ2 − µ1)Σ
−1
2 (µ2 − µ1)− d+ log

|Σ2|
|Σ1|

)
.

Applying this general result to our case:

KL(N (x, σ2I),N (y, σ2I)) =
1

2

(
∥x− y∥2

σ2

)
.

We conclude by applying Pinsker’s inequality.847

A corollary of Fact 2 and the optimal coupling theorem is the following:848

Fact 3. Fix arbitrary x, y ∈ Rd. There exists a coupling γx,y of N (0, σ2I) and N (0, σ2I), which849

samples a pair of random variables (Z,Z ′) ∼ γx,y such that Prγx,y [x+Z ̸= y+Z ′] = ∥x− y∥/2σ.850

Now let us denote by P̃ = P ⊛N (0, σ2I) and Q̃ = Q⊛N (0, σ2I). To establish our claim in the851

theorem statement, it suffices to exhibit a coupling γ̃ of P̃ and Q̃ which samples a pair of random852

variables (X̃, Ỹ ) ∼ γ̃ such that: Prγ̃ [X̃ ̸= Ỹ ] ≤ dTV(P,Q) · D
2σ . We define coupling γ̃ as follows:853

Let us argue the following:854

Lemma A.3. The afore-described sampling procedure γ̃ is a valid coupling of P̃ and Q̃.855

Proof. We need to establish that the marginals of γ̃ are P̃ and Q̃.856

Lemma A.4. Under the afore-described coupling γ̃: Prγ̃ [X̃ ̸= Ỹ ] ≤ dTV(P,Q) · D
2σ .857

Proof. Event X̃ ̸= Ỹ happens, when X ̸= Y and, conditioning on this event, when X + Z ̸=858

Y + Z ′ happens. By Fact 1, Prγ [X ̸= Y ] = dTV(P,Q). By Fact 3, for any realization of (X,Y ),859

PrγX,Y
[X + Z ̸= Y + Z ′] = ∥X−Y ∥

2σ ≤ D
2σ , where we used that P and Q are supported on a set860

with diameter D. Putting the above together, the claim follows.861

2862

A.3 Auxiliary Lemmas863

Lemma A.5 (Lipschitzness of the empirical density). For a collection of points X(1), . . . , X(n)864

consider the function p̂σ(x) =
1
nσ

∑n
i=1 ϕ

(
X(i)−x

σ

)
, where ϕ(u) = 1√

2π
e−u2/2 is the Gaussian865

kernel. Then pσ is
(

1
σ2

√
2πe

)
-Lipschitz.866

Proof. Let us compute the derivative of p̂σ:867

p̂′σ(x) =
1

nσ

n∑
i=1

d

dx
ϕ

(
x−X(i)

σ

)
(A.19)

=
1√
2πnσ

n∑
i=1

exp
(
−(X(i) − x)2/(2σ2)

) X(i) − x

σ2
(A.20)

≤ 1√
2πσ2

max
u

exp(−u2/2)u (A.21)

≤ 1

σ2
√
2πe

. (A.22)

868

Lemma A.6 (Lipschitzness of a density convolved with a Gaussian). Let p be a density that is869

λ-Lipschitz. Let pσ = p⊛N (0, σ2I). Then, pσ is also λ-Lipschitz.870
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Figure 8: Visualization of images, latents, and decoded latents as image is progressively blurred with
increasing Kernel Standard Deviation σB

Proof. Let us denote with ϕσ(·) the Gaussian density with variance σ2. We have that:871

pσ(x)− pσ(y) =

∫
(p(x− τ)− p(y − τ))ϕσ(τ)dτ ⇒ (A.23)

|pσ(x)− pσ(y)|≤
∫
|p(x− τ)− p(y − τ)|ϕσ(τ)dτ (A.24)

≤ λ|x− y|·
∫
ϕσ(τ)dτ (A.25)

= λ|x− y|. (A.26)

872

B Additional corruption visualizations873

B.1 ImageNet corruptions874

Figure 8 shows how blurring corruptions manifest in the compressed latent space of the Stable875

Diffusion VAE Encoder [34]. As the blurring strength is increased, the high frequency details,876

observed as noise in the latent space, disappear. Moreover, the visualized latent also becomes more877

purple, which indicates that the second component of the latents, visualized as green, approaches878

zero. This likely suggests that this component encodes high-frequency information.879

B.2 CIFAR-10 corruptions880

Figures 9a, 9b and 10 show gaussian blur, motion blur, and JPEG corrupted CIFAR-10 images881

respectively at different levels of severity. Table 3 shows results for JPEG compressed data at882

different levels of compression. We also tested our method for motion blurred data using severity 3,883

obtaining a best FID of 5.85 (compared to 8.79 of training on only the clean data).884

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

Method Dataset Clean (%) Corrupted (%) JPEG Compression (Q) σ̄min
tn FID

Only Clean Cifar-10 10 0 – – 8.79

Ambient Omni Cifar-10 10 90

15% 1.60 6.67
18% 1.40 6.43
25% 1.27 6.34
50% 1.03 5.94
75% 0.81 5.57
90% 0.63 4.72
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(a) CIFAR-10 images corrupted with blur at in-
creasing levels (Kernel _B=0.4, 0.6, 1.0).

(b) CIFAR-10 images corrupted with JPEG com-
pression at severities 1, 2, 3.

Figure 10: CIFAR-10 images corrupted with motion blur at increasing levels of corruption. The top
row shows severity 1, the middle row shows severity 2, and the bottom row shows severity 3.

B.3 FFHQ-64x64 corruptions885

Figures 11 and 12 show motion blur and JPEG corrupted FFHQ images respectively at different886

levels of severity. Table 4 shows results for the gaussian blur case.887

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

Method Dataset Clean (%) Corrupted (%) Parameters Values (σB) σ̄min
tn FID

Only Clean FFHQ 10 0 - - 5.12

Ambient Omni FFHQ
10 90 0.8 2.89 4.95
10 90 0.6 2.12 4.65
10 90 0.4 0.63 3.32
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Figure 11: FFHQ-64x64 images corrupted with motion blur at increasing levels of corruption. The
top row shows severity 1, the middle row shows severity 2, and the bottom row shows severity 3.

Figure 12: FFHQ-64x64 images corrupted with JPEG compression at increasing levels of corruption.
The top row shows severity 1, the middle row shows severity 2, and the bottom row shows severity 3.
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Table 5: 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:
λamb(σ, σmin) = 1 & σ > σmin 5.49
Adding ambient preconditioning weight:

+ Weight λamb(σ, σmin) = σ4/(σ2 − σ2
min)

2 5.36
Adding stability buffer/clipping:

+ Clip λamb(σ, σmin) at 2.0 5.35
+ Clip λamb(σ, σmin) at 4.0 5.69
+ Buffer λamb(σ, σmin) at 2.0 i.e. σ >

√
2σmin 5.40

+ Buffer λamb(σ, σmin) at 4.0 i.e. σ > (2/
√
3)σmin 5.34

C Ambient diffusion ablations888

In this section, we ablate the ambient pre-conditioning loss weight889

λamb(σ, σmin) = σ4/(σ2 − σ2
min)

2 (C.1)

and its stability buffer, summarized in table 5. Using no ambient pre-conditioning and no buffer,890

we obtain an FID of 5.56 training with 10% clean data and 90% corrupted data with gaussian blur891

0.6 using classifier annotations. In the same setting, adding the ambient pre-conditioning weight892

λamb(σ, σmin) improves FID by 0.13 points. Next, we ablated two strategies to mitigate the impact893

of the singularity of λamb(σ, σmin) at σ = σmin. The first strategy clips the ambient pre-conditioning894

weight at a specified maximum value λMAX
amb , but still trains for σ arbitrarily close to σmin. The second895

strategy also specifies a maximum value, but imposes a buffer896

σ >

√
1 +

1

λMAX
amb − 1

σmin (C.2)

that restricts training to noise levels σ such that λamb(σ, σmin) ≤ λMAX
amb . Clipping the ambient weight897

to λMAX
amb = 2.0 minimally improves FID to 5.35, but clipping to 4.0 significantly worsens it to898

5.69. Adding a buffer at λMAX
amb = 2.0 slightly worsens FID to 5.40, but slackening the buffer to 4.0899

minimally improves FID to 5.34. We opt for the buffering strategy in favor of the clipping strategy900

since performance appears convex in the buffer parameter, and because it obtains the best FID.901

D Classifier annotation ablations902

Balanced vs unbalanced data: We ablate the impact of classifier training data on the setting of903

CIFAR-10 with 10% clean data and 90% corrupted data with gaussian blur with σB = 0.6. When904

annotating with a classifier trained on the same unbalanced dataset we train the diffusion model on905

we obtained a best FID of 6.04, compared to the 5.34 obtained if we train on a balanced dataset.906

Training iterations: We ablate the impact of classifier training iterations on the setting of cifar-10907

with 10% clean data and 90% corrupted data with JPEG compression of severity 2, training the908

classifier with a balanced dataset. We report minute variations in the best FID, obtaining 6.50, 6.58,909

and 6.49 when training the classifier for 5e6, 10e6, and 15e6 images worth of training respectively.910

E Training Details911

E.1 Formation of the high-quality and low-quality sets.912

In the theoretical problem setting we assumed the existence of a good set SG from the clean913

distribution and a bad set SB from the corrupted distribution. In practice, we do not actually possess914

these sets initially, but we can construct them so long as we have access to a measure of "quality".915

Given a function on images which tells us wether its good enough to generate or not e.g. CLIP quality916
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[46] greater than some threshold, we can define our good set SG as the good enough images and SB917

as the complement. From this point on we can apply the methodology of ambient-o as developed,918

either employing classifier annotations as in our pixel diffusion experiments, or fixed annotations as919

in our large scale ImageNet and text-to-image experiments.920

E.2 Datasets921

CIFAR-10. CIFAR-10 [28] consists of 60,000 32x32 images of ten classes (airplane, automobile,922

bird, cat, deer, dog, frog, horse, ship, and truck).923

FFHQ. FFHQ [24] consists of 70,000 512x512 images of faces from Flickr. We used the dataset at924

64x64 resolution for our experiments.925

AFHQ. AFHQ [6] consists of 5,653 images of cats, 5,239 images of dogs and 5,000 images of926

wildlife, for a total of 15,892 images.927

ImageNet. ImageNet [12] consists of 1,281,167 images of variable resolution from 1000 classes.928

Conceptual Captions. Conceptual Captions [39] consists of 12M (image url, caption) pairs.929

Segment Anything-1B. Segment Anything [27] consists of 11.1M high-resolution images anno-930

tated with segmentation masks. Since the original dataset did not have real captions, we use the same931

LLaVA generated captions created by the MicroDiffusion [37] paper.932

JourneyDB. JourneyDB consists of 4.4M synthetic image-caption pairs from Midjourney [44].933

DiffusionDB. DiffusionDB consists of 14M synthetic image-caption pairs, mostly generated from934

Stable Diffusion models [47]. We use the same 10.7M quality-filtered subset created by the MicroD-935

iffusion paper [37].936

E.3 Diffusion model training937

CIFAR-10. We use the EDM [22] codebase as a reference to train class-conditional diffusion938

models on CIFAR-10. The architecture is a Diffusion U-Net [41] with ~55M paramemeters. We use939

the Adam optimizer [26] with learning rate 0.001, batch size 512, and no weight decay. While the940

original EDM paper trained for 200× 106 images worth of training, when training with corrupted941

data we saw best results around 20×106 images. On a single 8xV100 node we achieved a throughput942

of 0.8s per 1k images, for an average of 4.4h per training run.943

FFHQ. Same as for CIFAR-10, except learning was set to 2e− 4, we trained for a maximum of944

100× 106 images worth of training, and saw best results around 30× 106 images worth.945

AFHQ. Same as FFHQ.946

ImageNet. We use the EDM2 [23] codebase as a reference to train class-conditional diffusion947

models on ImageNet. The architecture is a Diffusion U-Net [41] with ~125M paramemeters. We use948

the Adam optimizer [26] with reference learning rate 0.012, batch size 2048, and no weight decay.949

Same as the original codebase, we trained for ~2B worth of images. On 32 H200 GPUs, XS models950

took ~3 days to train, while XXL models took ~7 days.951

MicroDiffusion. We use the MicroDiffusion codebase as a reference to train text-to-image models952

on an academic budget [37]. We follow their recipe exactly, changing only the standard denoising953

diffusion loss to the ambient diffusion loss. The architecture is a Diffusion Transformer [32] utilizing954

Mixture-of-Experiments (MoE) feedforward layers [40, 21], with ~1.1B paramemeters. We use the955

AdamW optimizer [26] with reference learning rates 2.4e− 4/8e− 5/8e− 5/8e− 5 for each of the956

four phases and batch size 2048 for all phases. On 8 H200 GPUs, training takes ~2 days to train.957
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Figure 13: 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 σB = 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%.
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Figure 14: ImageNet-512x512: denoising loss of an optimally trained model, measured at 2 × 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.

E.4 Classifier training958

Classifier training is done using the same optimization recipe (optimizer, learning rate, batch size,959

etc.) as diffusion model training, except we change the architecture to an encoder-only "Half-Unet",960

simply by removing the decoder half of the original UNet architecture.961

F Additional Figures962
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Figure 15: ImageNet-512x512: context size needed to be within ϵ = 1e− 3 of the optimal loss for
different noise levels. As expected, for higher noise, more context is needed for optimal denoising.

10 20 30 40 50 60
Context Size

0.00

0.01

0.02

0.03

0.04

0.05

M
SE

 L
os

s o
n 

a 
2x

2 
pa

tc
h

Loss vs Context Size
=0.05
=0.15
=0.25
=0.35
=0.45
=0.55
=0.65
=0.75
=0.85
=0.95

Figure 16: FFHQ: denoising loss of an optimally trained model, measured at 2× 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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Figure 17: FFHQ: context size needed to be within ϵ = 1e− 3 of the optimal loss for different noise
levels. As expected, for higher noise, more context is needed for optimal denoising.

(a) Cat image and classification probabilities over
patches.

(b) Cat image and classification probabilities over
patches.

Figure 18: 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.

(a) Cat annotated by a cats vs.
dogs classifier that operates with
crops of size 8.

(b) Cat annotated by a cats vs.
dogs classifier that operates with
crops of size 16.

(c) Cat annotated by a cats vs.
dogs classifier that operates with
crops of size 24.

Figure 19: Patch-based annotations of a cat image from AFHQ using cats vs. dogs classifiers trained
on different patch sizes.
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r0.45

Figure 20: Patch level probabilities for dogness in a synthetic dog image (procedural program). The
cat has more useful patches than this non-realistic procedural program.

(a) Synthetic image and classification probabilities
over patches.

(b) Synthetic image and classification probabilities
over patches.

Figure 21: 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.

(a) Cat image and classification probabilities over
patches.

(b) Cat image and classification probabilities over
patches.

Figure 22: 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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(a) Example batch. (b) Noisy batch.

Figure 23: Example batch.

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

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

Figure 24: CLIP annotations for quality of images from CC12M.

(a) Highest quality images from SA1B according
to CLIP.

(b) Lowest quality images from SA1B according
to CLIP.

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

(b) Lowest quality images from DiffDB according
to CLIP.

Figure 26: CLIP annotations for quality of images from DiffDB.

(a) Highest quality images from JDB according to
CLIP.

(b) Lowest quality images from JDB according to
CLIP.

Figure 27: CLIP annotations for quality of images from JDB.
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Figure 28: Distribution of image qualities according to CLIP for ImageNet-512.

(a) "portrait of beautiful female model by irakli nadar [...]"

(b) "the great battle of middle earth, unreal engine, trending on artstation, masterpiece"

(c) "an abominable snowman trapped in ice by greg rutkowski"

Figure 29: Examples of mode collapse due to fine-tuning in contrast with our ambient-o model.
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