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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 — P2 (/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%: dry (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 _ _ b
KL, 50 Mz, Z2)) = 5 (10055751 + (i = )5 o = ) =+ log 21 ).
Applying this general result to our case:
2 oy _ 1 (llz = y|I?

We conclude by applying Pinsker’s inequality. O

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

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

Now let us denote by P = P ® N(0,0%I) and Q = Q ® N(0, o2I). To establish our claim in the
theorem statement, it suffices to exhibit a coupling 7 of P and () which samples a pair of random
variables (X,Y’) ~ 7 such that: Pr5[X # Y] < dry(P,Q) - 2. We define coupling 7 as follows:

Let us argue the following:

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

Proof. We need to establish that the marginals of 7 are Pand Q. O

Lemma A.4. Under the afore-described coupling 7: Pr5 (X #Y] < drv(P,Q) - %.

Proof. Event X # Y happens, when X # Y and, conditioning on this event, when X + Z #
Y + Z’ happens. By Fact 1, Pry[X # Y| = dpv(P, Q). By Fact 3, for any realization of (X,Y’),

Pro . ,[ X+Z#Y +7'] = IX=YI < D \here we used that P and Q are supported on a set

20 — 20

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

A.3 Auxiliary Lemmas

Lemma A.5 (Lipschitzness of the empirical density). For a collection of points XV, ... X ™)

. S () _ . .
consider the function p,(z) = -5 3" | ¢ (X ~ I) , where ¢(u) = \/%76_11?/2 is the Gaussian

kernel. Then p, is (ﬁ)—upschitz.

Proof. Let us compute the derivative of p,:

. l ~d [z—X®

_lsd A A.19
P () no - dxgzﬁ o ( )

1 - X0 g
= —(X9 — 2)%/(20* A20
T 2 exp (X0 —2)?/(20%)) = (A20)

1
< o] m&xexp(fUQ/Q)u (A21)
1

< —. A.22
~ 02V 2me ( )
O

Lemma A.6 (Lipschitzness of a density convolved with a Gaussian). Let p be a density that is
A\-Lipschitz. Let p, = p ® N'(0,021I). Then, p, is also \-Lipschitz.
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Figure 8: Visualization of images, latents, and decoded latents as image is progressively blurred with
increasing Kernel Standard Deviation o g

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

Po (@) = poly) = ﬁp@ — ) = ply — 7))o (r)dr = (A23)
1Po () — po (3)| < /m — 1) = ply — 7)o (7)dr (A24)
< Na =yl [on(r)ir (A.25)

= Az —y|. (A.26)

O

B Additional corruption visualizations

B.1 ImageNet corruptions

Figure 8 shows how blurring corruptions manifest in the compressed latent space of the Stable
Diffusion VAE Encoder [34]. As the blurring strength is increased, the high frequency details,
observed as noise in the latent space, disappear. Moreover, the visualized latent also becomes more
purple, which indicates that the second component of the latents, visualized as green, approaches
zero. This likely suggests that this component encodes high-frequency information.

B.2 CIFAR-10 corruptions

Figures 9a, 9b and 10 show gaussian blur, motion blur, and JPEG corrupted CIFAR-10 images
respectively at different levels of severity. Table 3 shows results for JPEG compressed data at
different levels of compression. We also tested our method for motion blurred data using severity 3,
obtaining a best FID of 5.85 (compared to 8.79 of training on only the clean data).

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

Method Dataset Clean (%) Corrupted (%) JPEG Compression (Q) c‘rg“i“1 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% 1.03 504
75% 0.81 5.57

90% 0.63 4.72
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(a) CIFAR-10 images corrupted with blur at in- (b) CIFAR-10 images corrupted with JPEG com-
creasing levels (Kernel _B=0.4, 0.6, 1.0). 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.

gss B.3 FFHQ-64x64 corruptions

ggs Figures 11 and 12 show motion blur and JPEG corrupted FFHQ images respectively at different
87 levels of severity. Table 4 shows results for the gaussian blur case.

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

Method Dataset Clean (%) Corrupted (%) Parameters Values (cp) &{?in 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




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:
Aamb (0, Omin) = 1 & 0 > Opin 5.49
" Adding ambient preconditioning weight:
+ Weight Aymb (0, o min) = 04 /(02 — 02,.)? 5.36
- Adding stability buffer/clipping:
+ C]lp Aamb (U, Jmin) at 2.0 5.35
+ Clip A\amb (0, Omin) at 4.0 5.69
+ Buffer Aymp (0, o min) at 2.0 i.e. ¢ > v/20min 5.40

+ Buffer A\ymp (0, Omin) at 4.01ie. 0 > (2/v3)omn  5.34

C Ambient diffusion ablations

In this section, we ablate the ambient pre-conditioning loss weight
Aamb (0, Omin) = 02/ (02 — 02,)? (C.1)

and its stability buffer, summarized in table 5. Using no ambient pre-conditioning and no buffer,
we obtain an FID of 5.56 training with 10% clean data and 90% corrupted data with gaussian blur
0.6 using classifier annotations. In the same setting, adding the ambient pre-conditioning weight
Aamb (0, Omin) improves FID by 0.13 points. Next, we ablated two strategies to mitigate the impact
of the singularity of A\ynp(0, Omin) at & = 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

amb °
strategy also specifies a maximum value, but imposes a buffer

1
o> 1 + Wamin (CZ)
amb
that restricts training to noise levels o such that Aamb (0, omin) < AM4X. 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 )\gfn‘%x = 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
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 of severity 2, 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.

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 Si 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 quality
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[46] 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 [28] consists of 60,000 32x32 images of ten classes (airplane, automobile,
bird, cat, deer, dog, frog, horse, ship, and truck).

FFHQ. FFHQ [24] consists of 70,000 512x512 images of faces from Flickr. We used the dataset at
64x64 resolution for our experiments.

AFHQ. AFHQ [6] 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 [12] consists of 1,281,167 images of variable resolution from 1000 classes.
Conceptual Captions. Conceptual Captions [39] consists of 12M (image url, caption) pairs.

Segment Anything-1B. Segment Anything [27] consists of 11.1M high-resolution images anno-
tated with segmentation masks. Since the original dataset did not have real captions, we use the same
LLaVA generated captions created by the MicroDiffusion [37] paper.

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

DiffusionDB. DiffusionDB consists of 14M synthetic image-caption pairs, mostly generated from
Stable Diffusion models [47]. We use the same 10.7M quality-filtered subset created by the MicroD-
iffusion paper [37].

E.3 Diffusion model training

CIFAR-10. We use the EDM [22] codebase as a reference to train class-conditional diffusion
models on CIFAR-10. The architecture is a Diffusion U-Net [41] with ~55M paramemeters. We use
the Adam optimizer [26] 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 8xV 100 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 [23] codebase as a reference to train class-conditional diffusion
models on ImageNet. The architecture is a Diffusion U-Net [41] with ~125M paramemeters. We use
the Adam optimizer [26] 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 as a reference to train text-to-image models
on an academic budget [37]. We follow their recipe exactly, changing only the standard denoising
diffusion loss to the ambient diffusion loss. The architecture is a Diffusion Transformer [32] utilizing
Mixture-of-Experiments (MoE) feedforward layers [40, 21], with ~1.1B paramemeters. We use the
AdamW optimizer [26] with reference learning rates 2.4e — 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.
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Data Availability vs. Noise Level
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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 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 14: 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.

E.4 C(lassifier 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.

F Additional Figures
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Receptive Field Size vs. Noise Level
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Figure 15: 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.

Loss vs Context Size
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Figure 16: 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 17: 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.

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

o011 [XEN 035 0.25 [(EIN 004 0.20

046 047 0.

061 041 037 068 0.

35 033 005 018 057 066

os: [ o

056 0.03 009 029 0.05

31 020 010 007 028 026

023 018 012 014 0. 047 060 O.

(a) Cat image and classification probabilities over (b) Cat image and classification probabilities over
patches. 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.

Probabilty of patch

Image spit into patches.

Probabilty of patch being inside a dog image.

(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 19: Patch-based annotations of a cat image from AFHQ using cats vs. dogs classifiers trained
on different patch sizes.
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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.
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(a) Synthetic image and classification probabilities (b) Synthetic image and classification probabilities
over patches. 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.
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(a) Cat image and classification probabilities over (b) Cat image and classification probabilities over
patches. 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) 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.
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(a) Highest quality images from SA1B according
to CLIP.
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(b) Lowest quality images from SA1B according
to CLIP.

Figure 25: CLIP annotations for quality of images from SA1B.



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

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

Figure 27: CLIP annotations for quality of images from JDB.
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Image Quality Distribution
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Figure 28: Distribution of image qualities according to CLIP for ImageNet-512.
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(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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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: No research with human subjects.
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human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
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Justification: No important, original, or non-standard usage of LLMs in the paper.
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for what should or should not be described.
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