
CS 5788:  Introduction to Generative Models

Lecture 18: Image manipulation with diffusion models



Case study: generating and manipulating images

stroke to image “swap sunflowers with roses”



Random images
Manifold of cat images

Slide source: N. Snavely & S. Seitz

Recall: diffusion models (and flow matching)



Random images
Manifold of cat images

Slide source: N. Snavely & S. Seitz
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Recall: noise estimation network
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Score function interpretation:



• How do you design this denoiser? 

• How do you condition on other signals? 

• Can we use these models to manipulate images?

Today



…

U-net as a denoiser (in PS3)

U-net

Pros: Simple, relatively easy to train. 
Cons: Not scalable. Heavy coarse-to-fine “inductive bias”. Awkward to 
condition on data that doesn’t live on a grid.

noisy image clean image



Example: architecture used in Stable Diffusion

9
Source: [Rombach et al., “Latent diffusion”, 2021]



Are there more flexible, scalable architectures?



Vision transformer (ViT)
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Figure 26.2: Tokeniza-
tion: converting an
image to a set of vectors.
Wtokenize is a learnable
linear projection from
the dimensionality of
the vectorized crops to
d dimensions. This is
just one of many possi-
ble ways to tokenize an
image.

26.4.2 Data Structures and Notation for Working with Tokens
A sequence of tokens will be denoted by a matrix T2 RN⇥d, in which each token in the
sequence, t1, …, tN , is transposed to become a row of the matrix:

As we will see,
transformers are invariant
to permutations of the
input sequence, so, as far
as transformers are
concerned, groups of
tokens should be thought
of a sets rather than
ordered sequences.
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Graphically, T is constructed from t1, …, tN like this (figure 26.3):
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Figure 26.3: In this chap-
ter, we will represent a
set of tokens as a matrix
whose rows are the token
vectors.

The idea of this notation is that tokens are to transformers as neurons are to neural
nets. Neural net layers operate over arrays of neurons; for example, an MLP takes as input
a column vector x, whose rows are scalar neurons. Transformers operate over arrays of
tokens. A matrix T is just a convenient representation of 1D array of vector-value tokens.

Although we are only
considering vector-valued
tokens in this chapter, it’s
easy to imagine tokens
that are any kind of
structured group. We just
need to define how basic
operators, like summation,
operate over these groups
(and, ideally, in a
differentiable manner).

Transformers consist of two main operations over tokens: (1) mixing tokens via a
weighted sum, and (2) modifying each individual token via a nonlinear transformation.
These operations are analogous to the two workhorses of regular neural nets: the linear
layer and the pointwise nonlinearity.

linear projection

Slide source: P. Isola

[Dosovitskiy et al., 2020]



Self-attention
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t2, that represents the patch of pixels around the torso of the impala. We wish to update this
token via one layer of self-attention. Since the goal of the network is to classify patches, it
would make sense to update t2 to get a better semantic representation of what’s going on in
that patch. One way to do this would be to attend to the tokens representing other patches
of the impala, and use them to refine t2 into a more abstracted token vector, capturing the
label impala. The intuition is that it’s easier to recognize a patch given the context of other
relevant patches around it. The refinement operation is just to sum over the token code
vectors, which has the effect of reducing noise that is not shared between the three attended
impala patches, which amplifies the commonality between them – the label impala. More
sophisticated refinements could be achieved via multiple layers of self-attention. Further,
the impala patch query could also retrieve information from the giraffe and zebra patches,
as those patches provide additional context that could be informative (the animal in the
query is more likely to be an impala if it is found near giraffes and zebras, since all those
animals tend to congregate together in the same biome).

t2

t2

t2

t1t3

attention

sum

Figure 26.11: One way
self-attention could be
used to aggregate infor-
mation across all patches
containing the same
object, and thereby arrive
at a better representation
of the object in t2, the
query patch.

This is just one way self-attention could be used by the network. How it is actually used
will be determined by the training data and task. What really happens might deviate from
our intuitive story: tokens on hidden layers do not necessarily represent spatially localized
patches of pixels. While the initial tokenization layer creates tokens out of local image
patches, after this point attention layers can mix information across spatially distant tokens;

Source: P. Isola
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1.5. THE ATTENTION LAYER 7

code vector. Question to think about:
could you use other
di↵erentiable functions
for query(), key(), and
value()? Would that be
useful?

For a token with code vector z, we have:

q = t.query() = Wqz / query (1.18)

k = t.key() = Wkz / key (1.19)

v = t.value() = Wvz / value (1.20)

The queries, keys, and values of tin can compactly be written as matrices:
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In transformers, all inputs to the net are tokenized, so the textual question “What color is
the bird’s head” will also be represented as a token.

We do not cover them in
this book but methods
from natural language
processing can be used to
transform text into a
token, or a sequence of
tokens.

This token will submit its query vector,
qquestion to be matched against the keys of the tokens that represent di↵erent patches in
the image; the similarity between the query and the key determines the amount of attention
weight that query will apply to the token with that key. The most common measure of
similarity between a query q and a key v is the dot product q

T
v. Querying each token in tin

in this way gives us a vector of similarities. We then normalize this vector using the softmax
function to give us our attention weights A, and finally, rather than applying A over token
codes directly (i.e. taking a weighted sum over tokens), we take a weighted sum over token
values to obtain Zout:

s = [qT
questionk1, . . . ,q

T
questionkN ] (1.22)

A = softmax(s) (1.23)

Zout = AVin (1.24)

Figure 1.2 visualizes these steps:

We use the following
color scheme here and
later in this chapter:

query key value
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Figure 1.2: Mechanics of an attention layer. Queries from the question match keys from the
tokens representing bird heads; value vectors of these two tokens then contribute the most
to the sum that yields tout’s code vector. (Softmax omitted in this example.)
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token depending on how well that token’s content matches the query’s content. The output
token, tout, is the sum of all the tokens weighted by the attention scalars. This scheme will
arrive at a reasonable answer to the questions if the text query “How many animals are in
this photo” gives attention weight 1 to just the tokens representing animal heads and the
text query “What is the color of the impala” gives weight 1

3 just to the impala tokens. Then
the output vector in the former case contains the correct answer 4 in the dimension that
represents number of attended tokens, and contains the RGB colors for brownish in the
dimensions that represent average patch color.

Keeping this intuitive picture in mind, we will now turn to the equations that define the
attention allocation function f . We will focus on the particular version of f that appears in
transformers, which is called query-key-value attention.

1.6.1 Query-Key-Value Attention

Transformers use a particular kind of attention based on the idea of queries, keys, and
values.

The idea of queries, keys,
and values comes from

databases, where a
database cell holds a

value, which is retrieved
when a query matches the
cell’s key. Tokens are like

database cells and
attention is like retrieving

information from the
database of tokens.

In query-key-value attention, each token may be associated with a query vector, a
key vector, and a value vector.

We define these vectors as linear transformations of the token’s code vector, projecting
to query/key/value vectors of length m.

Here is a question to think
about: Could you use

other differentiable
functions to compute the

query, value, and key?
Would that be useful?

For a token t, we have:

q = Wqt / query (1.11)

k = Wkt / key (1.12)

v = Wvt / value (1.13)

In transformers, all inputs to the net are tokenized, so the textual question “How many
animals are in the photo?” will also be represented as a token.

We do not cover them in
this book, but methods
from natural language

processing can be used to
transform text into a

token, or into a sequence
of tokens.

This token will submit its
query vector, qquestion to be matched against the keys of the tokens that represent different
patches in the image; the similarity between the query and the key determines the amount of
attention weight the query will apply to the token with that key. The most common measure
of similarity between a query q and a key k is the dot product qTk. Querying each token in
Tin in this way gives us a vector of similarities:

s = [s1, …, sN]T = [qT
questionk1, …, qT

questionkN]T (1.14)

We then normalize the vector s using the softmax function to give us our attention
weights a2RN⇥1, and finally, rather than applying a over token codes directly (i.e., taking
a weighted sum over tokens), we take a weighted sum over token value vectors, to obtain
Tout:

a = softmax(s) (1.15)

Tout =

2

64
a1vT

1
...

aNvT
N

3

75 (1.16)v1 is the value vector for
t1 =Tin[0, :], and so

forth.

Figure 1.8 visualizes these steps.
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token, tout, is the sum of all the tokens weighted by the attention scalars. This scheme will
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from natural language

processing can be used to
transform text into a

token, or into a sequence
of tokens.

This token will submit its
query vector, qquestion to be matched against the keys of the tokens that represent different
patches in the image; the similarity between the query and the key determines the amount of
attention weight the query will apply to the token with that key. The most common measure
of similarity between a query q and a key k is the dot product qTk. Querying each token in
Tin in this way gives us a vector of similarities:

s = [s1, …, sN]T = [qT
questionk1, …, qT

questionkN]T (1.14)

We then normalize the vector s using the softmax function to give us our attention
weights a2RN⇥1, and finally, rather than applying a over token codes directly (i.e., taking
a weighted sum over tokens), we take a weighted sum over token value vectors, to obtain
Tout:

a = softmax(s) (1.15)

Tout =

2

64
a1vT

1
...

aNvT
N

3

75 (1.16)v1 is the value vector for
t1 =Tin[0, :], and so

forth.

Figure 1.8 visualizes these steps.

1.5. THE ATTENTION LAYER 7

code vector. Question to think about:
could you use other
di↵erentiable functions
for query(), key(), and
value()? Would that be
useful?

For a token with code vector z, we have:

q = t.query() = Wqz / query (1.18)

k = t.key() = Wkz / key (1.19)

v = t.value() = Wvz / value (1.20)

The queries, keys, and values of tin can compactly be written as matrices:

Qin =

0

B@
q
T
1
...

q
T
N

1

CA Kin =

0

B@
k
T
1
...

k
T
N

1

CA Vin =

0

B@
v
T
1
...

v
T
N

1

CA (1.21)

In transformers, all inputs to the net are tokenized, so the textual question “What color
is the bird’s head” will also be represented as a token.

We do not cover them in
this book but methods
from natural language
processing can be used to
transform text into a
token, or a sequence of
tokens.

This token will submit its query
vector, qtext to be matched against the keys of the tokens that represent di↵erent patches in
the image; the similarity between the query and the key determines the amount of attention
weight that query will apply to the token with that key. The most common measure of
similarity between a query q and a key v is the dot product q

T
v. Querying each token in tin

in this way gives us a vector of similarities. We then normalize this vector using the softmax
function to give us our attention weights A, and finally, rather than applying A over token
codes directly (i.e. taking a weighted sum over tokens), we take a weighted sum over token
values to obtain Zout:

s = [qT
textk1, . . . ,q

T
textkN ] (1.22)

A = softmax(s) (1.23)

Zout = AVin (1.24)

Figure 1.2 visualizes these steps:

We use the following
color scheme here and
later in this chapter:

query key value
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bird’s 
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o
key()
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query()

Figure 1.2: Mechanics of an attention layer. Queries from the question match keys from the
tokens representing bird heads; value vectors of these two tokens then contribute the most
to the sum that yields tout’s code vector. (Softmax omitted in this example.)
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token depending on how well that token’s content matches the query’s content. The output
token, tout, is the sum of all the tokens weighted by the attention scalars. This scheme will
arrive at a reasonable answer to the questions if the text query “How many animals are in
this photo” gives attention weight 1 to just the tokens representing animal heads and the
text query “What is the color of the impala” gives weight 1

3 just to the impala tokens. Then
the output vector in the former case contains the correct answer 4 in the dimension that
represents number of attended tokens, and contains the RGB colors for brownish in the
dimensions that represent average patch color.

Keeping this intuitive picture in mind, we will now turn to the equations that define the
attention allocation function f . We will focus on the particular version of f that appears in
transformers, which is called query-key-value attention.

1.6.1 Query-Key-Value Attention

Transformers use a particular kind of attention based on the idea of queries, keys, and
values.

The idea of queries, keys,
and values comes from

databases, where a
database cell holds a

value, which is retrieved
when a query matches the
cell’s key. Tokens are like

database cells and
attention is like retrieving

information from the
database of tokens.

In query-key-value attention, each token may be associated with a query vector, a
key vector, and a value vector.

We define these vectors as linear transformations of the token’s code vector, projecting
to query/key/value vectors of length m.

Here is a question to think
about: Could you use

other differentiable
functions to compute the

query, value, and key?
Would that be useful?

For a token t, we have:

q = Wqt / query (1.11)

k = Wkt / key (1.12)

v = Wvt / value (1.13)

In transformers, all inputs to the net are tokenized, so the textual question “How many
animals are in the photo?” will also be represented as a token.

We do not cover them in
this book, but methods
from natural language

processing can be used to
transform text into a

token, or into a sequence
of tokens.

This token will submit its
query vector, qquestion to be matched against the keys of the tokens that represent different
patches in the image; the similarity between the query and the key determines the amount of
attention weight the query will apply to the token with that key. The most common measure
of similarity between a query q and a key k is the dot product qTk. Querying each token in
Tin in this way gives us a vector of similarities:

s = [s1, …, sN]T = [qT
questionk1, …, qT

questionkN]T (1.14)

We then normalize the vector s using the softmax function to give us our attention
weights a2RN⇥1, and finally, rather than applying a over token codes directly (i.e., taking
a weighted sum over tokens), we take a weighted sum over token value vectors, to obtain
Tout:

a = softmax(s) (1.15)

Tout =

2

64
a1vT

1
...

aNvT
N

3

75 (1.16)v1 is the value vector for
t1 =Tin[0, :], and so

forth.

Figure 1.8 visualizes these steps.
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What is 
the color 
of the 
impala?
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Figure 1.8: Mechan-
ics of an attention layer.
Queries from the ques-
tion match keys from the
tokens representing bird
heads; value vectors of
these two tokens then
contribute the most to the
sum that yields tout’s code
vector. (Softmax omitted
in this example.)

1.6.2 Self-Attention

We use the following
color scheme here and
later in this chapter:

query key value

As we have now seen, attention is a general-purpose way of dynamically pooling informa-
tion in one set of tokens based on queries from a different set of tokens. The next question
we will consider is which tokens should be doing the querying and which should we be
matching against? In the example from the last section, the answer was intuitive because
we had a textual question that was asking about content in a visual image, so naturally
the text gives the query and we match against tokens that represent the image. But can we
come up with a more generic architecture where we don’t have to hand design which tokens
interact in which ways?

Self-attention is just such an architecture. The idea is that on a self-attention layer, all
tokens submit queries, and for each of these queries, we take a weighted sum over all tokens
in that layer. If Tin is a set of N input tokens, then we have N queries, N weighted sums,
and N output tokens to form Tout. This is visualized below in figure 1.9.

A

o f

self attn layer

Tin

Tout

Figure 1.9: A self-
attention layer.
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token depending on how well that token’s content matches the query’s content. The output
token, tout, is the sum of all the tokens weighted by the attention scalars. This scheme will
arrive at a reasonable answer to the questions if the text query “How many animals are in
this photo” gives attention weight 1 to just the tokens representing animal heads and the
text query “What is the color of the impala” gives weight 1

3 just to the impala tokens. Then
the output vector in the former case contains the correct answer 4 in the dimension that
represents number of attended tokens, and contains the RGB colors for brownish in the
dimensions that represent average patch color.

Keeping this intuitive picture in mind, we will now turn to the equations that define the
attention allocation function f . We will focus on the particular version of f that appears in
transformers, which is called query-key-value attention.

1.6.1 Query-Key-Value Attention

Transformers use a particular kind of attention based on the idea of queries, keys, and
values.

The idea of queries, keys,
and values comes from

databases, where a
database cell holds a

value, which is retrieved
when a query matches the
cell’s key. Tokens are like

database cells and
attention is like retrieving

information from the
database of tokens.

In query-key-value attention, each token may be associated with a query vector, a
key vector, and a value vector.

We define these vectors as linear transformations of the token’s code vector, projecting
to query/key/value vectors of length m.

Here is a question to think
about: Could you use

other differentiable
functions to compute the

query, value, and key?
Would that be useful?

For a token t, we have:

q = Wqt / query (1.11)

k = Wkt / key (1.12)

v = Wvt / value (1.13)

In transformers, all inputs to the net are tokenized, so the textual question “How many
animals are in the photo?” will also be represented as a token.

We do not cover them in
this book, but methods
from natural language

processing can be used to
transform text into a

token, or into a sequence
of tokens.

This token will submit its
query vector, qquestion to be matched against the keys of the tokens that represent different
patches in the image; the similarity between the query and the key determines the amount of
attention weight the query will apply to the token with that key. The most common measure
of similarity between a query q and a key k is the dot product qTk. Querying each token in
Tin in this way gives us a vector of similarities:

s = [s1, …, sN]T = [qT
questionk1, …, qT

questionkN]T (1.14)

We then normalize the vector s using the softmax function to give us our attention
weights a2RN⇥1, and finally, rather than applying a over token codes directly (i.e., taking
a weighted sum over tokens), we take a weighted sum over token value vectors, to obtain
Tout:

a = softmax(s) (1.15)

Tout =

2

64
a1vT

1
...

aNvT
N

3

75 (1.16)v1 is the value vector for
t1 =Tin[0, :], and so

forth.

Figure 1.8 visualizes these steps.

Source: P. Isola



Diffusion transformer (ViT for diffusion)

[Peebles and Xie, 2023] 
see also [Jabri et al., 2022]

Samples on ImageNet in 2023

Use a vision transformer estimates noise from latents.



How do you condition on language?

“Sprouts in the shape of 
text 'Imagen' coming out of 

a fairytale book.”

“A dragon fruit wearing 
karate belt in the snow.”

Source: L. Shen, [C. Saharia et al. Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding. NeurIPS 2022]

https://imagen.research.google/paper.pdf


16

Conditioning on language

Case study: Stable Diffusion 3 
[Esser et al., 2024]
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CLIP features, i.e., joint embedding 
between text and images.

Features from an LLM.

Conditioning on language
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[BigGAN, Brock et al. 2018]
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Recall: latent space interpolation (previously with GANs)



Interpolating images via text embeddings

Source: [Ramesh et al., “DALL-E 2”]

Interpolate between text features (CLIP), generating an image at each point.

t t′￼

text_embedding2image ((1 − w)t + wt′￼ for w ∈ [0,1])



Manipulating images



Recall: image-to-image translation (previously with GANs)

Satellite photo

Translator

Google Map

Adapted from P. Isola

For GANs, this required a special architecture and loss.  
Do we need this for diffusion models as well?



What’s special about diffusion models?

• They iteratively generate images. 

• They can be guided by tweaking the score function. 

• The iterative process has a schedule: i.e., generate 
noisy images first, then clean ones.



23
Add noise to this image, then run the reverse diffusion process.

Denoising from intermediate noise levels
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Denoising from intermediate noise levels

t = 0



[Meng et al. “SDEdit”, 2022]

Add noise to a sketch

<latexit sha1_base64="p9KWuRrF8oK0fUQ1iydTql4icYQ="></latexit>

q(xt|x0) = N(xt;
p
↵̄tx0, (1� ↵̄t)I)

xt =
p
↵̄tx0 +

p
1� ↵̄t✏, for ✏ ⇠ N(0, 1)

xt�1 = m ⇤ xknown noisy + (1�m) ⇤ xfilled

<latexit sha1_base64="p9KWuRrF8oK0fUQ1iydTql4icYQ="> mFwYhrRq2YekCo5r5XoGOiCbX+Dpt+CfH6yDfB6fNefNg7+HDQPn5dr2MLPUKPUQfF6AU6Rm/RCeojGnwLfoUoDMIf4e9Go7GxSA2DWvMQrbzG9h+F6Q3H</latexit>

q(xt|x0) = N(xt;
p
↵̄tx0, (1� ↵̄t)I)

xt =
p
↵̄tx0 +

p
1� ↵̄t✏, for ✏ ⇠ N(0, 1)

xt�1 = m ⇤ xknown noisy + (1�m) ⇤ xfilled

<latexit sha1_base64="p9KWuRrF8oK0fUQ1iydTql4icYQ="></latexit>

q(xt|x0) = N(xt;
p
↵̄tx0, (1� ↵̄t)I)

xt =
p
↵̄tx0 +

p
1� ↵̄t✏, for ✏ ⇠ N(0, 1)

xt�1 = m ⇤ xknown noisy + (1�m) ⇤ xfilled

Sketch to photo



26 [Meng et al. “SDEdit”, 2022]

<latexit sha1_base64="p9KWuRrF8oK0fUQ1iydTql4icYQ="></latexit>

q(xt|x0) = N(xt;
p
↵̄tx0, (1� ↵̄t)I)

xt =
p
↵̄tx0 +

p
1� ↵̄t✏, for ✏ ⇠ N(0, 1)

xt�1 = m ⇤ xknown noisy + (1�m) ⇤ xfilled

Denoise from   0t →

Denoise using diffusion model trained on real images.

Sketch to photo

SDEdit: Stochastic Differential Editing

Add noise to a sketch

<latexit sha1_base64="p9KWuRrF8oK0fUQ1iydTql4icYQ="></latexit>

q(xt|x0) = N(xt;
p
↵̄tx0, (1� ↵̄t)I)

xt =
p
↵̄tx0 +

p
1� ↵̄t✏, for ✏ ⇠ N(0, 1)

xt�1 = m ⇤ xknown noisy + (1�m) ⇤ xfilled

<latexit sha1_base64="p9KWuRrF8oK0fUQ1iydTql4icYQ="></latexit>

q(xt|x0) = N(xt;
p
↵̄tx0, (1� ↵̄t)I)

xt =
p
↵̄tx0 +

p
1� ↵̄t✏, for ✏ ⇠ N(0, 1)

xt�1 = m ⇤ xknown noisy + (1�m) ⇤ xfilled

<latexit sha1_base64="p9KWuRrF8oK0fUQ1iydTql4icYQ="></latexit>

q(xt|x0) = N(xt;
p
↵̄tx0, (1� ↵̄t)I)

xt =
p
↵̄tx0 +

p
1� ↵̄t✏, for ✏ ⇠ N(0, 1)

xt�1 = m ⇤ xknown noisy + (1�m) ⇤ xfilled



Input Output

Sketch to photo

Source: [Meng et al. “SDEdit”, 2022]
Input Output
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Stroke-based image editing

Source: [Meng et al. “SDEdit”, 2022]

Source image Regenerated imageImage + stroke



Video-to-video translation with SDEdit and Sora

rewrite the video in a pixel art styleoriginal generated video



Video-to-video translation with SDEdit and Sora

change the video to a medieval themeoriginal generated video



Creating paired images

Adapted from A. HołyńskiHertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”

Generating two images with similar prompts:

The images are quite different.



Creating paired images

Adapted from A. HołyńskiHertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”

What we’d like instead:



What’s happening inside the network?

Slide source: A. HołyńskiHertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”
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Empirical observation: cross-attention between text and 
image often conveys style, content, and structure.

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”

Attention visualization



Attention visualization

35 Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”

“a furry bear 
watches a bird”



Attention visualization

36 Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”

“a furry bear 
watches a bird”

What if we manipulate the attention maps?
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Change text prompt, resample using same random seed.

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



38 Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”

What if we also freeze the attention maps?
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Freeze the attention map for “apples” or “basket” during generation.

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



40 Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”

This is a neat trick. Can we train a model that captures these abilities?



Prompt-to-Prompt

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



Bootstrapping to instruction-based image editing



43 Source: [Brooks et al., “InstructPix2Pix”, 2023]

Generating training data for instruction-based editing



Inpainting (hole filling)

Input Samples

Source: [Lugmayr et al., RePaint]

Do we need a new model for this?



Source: [Lugmayr et al., RePaint]

Constrain the pixels each denoising iteration.

Zero-shot inpainting



Source: [Lugmayr et al., RePaint]

Pseudocode:

Constrain pixels each iteration.

Zero-shot inpainting



Inverse problems

unknown image 
(with holes filled)

masked image mask (as a matrix)

• We solved this by tweaking the reverse diffusion process. 

• This approach works for inverse problems, too!

• Inpainting is an example of a linear inverse problem.  

• We want to recover an unknown image  ,  given measurements 
 obtained by corrupting  by a linear transformation : 

x ∈ ℝn x ∼ p(x)
y ∈ Rm x A ∈ ℝm×n

y = Ax



Recovering the high frequencies of an image

+

low pass y high pass

=

reference image x

y = Ablurx

Break an image down into “low pass” (by blurring) and “high pass” (everything else). 
Since blurring is a linear transformation, we can write this as a linear inverse problem:

[Choi et al., “ILVR”, 2021]



Recovering the high frequencies of an image

+

low pass y high pass

=
reference image x

Each iteration of the reverse diffusion process: 
• Generate  from  as usual (by denoising). 
• Force the low frequencies of  to match those of the reference image 
       

xt−1 xt
xt−1

x′￼t−1 = (xt−1 − Ablurxt−1) + add_noise(y)

[Choi et al., “ILVR”, 2021]



Recover the high 
frequencies, freezing 
various numbers of low 
frequencies.

Figure source: [Choi et al., “ILVR”, 2021]



+

low pass

“a photo of a lightbulb”

diffusion 
model

=

What if we use a very different prompt?

[Geng et al., “Factorized Diffusion”, 2024]Aaron ParkDaniel Geng





Charles Allan Gilbert 
All Is Vanity. 1892.

These are examples of hybrid 
images: images that change their 
appearance when seen from a 
distance [Oliva et al., 2006].



Why does this work?



= + +

[Burt & Adelson, “Laplacian Pyramid”, 1983, Oliva et al., “Hybrid Images”, 2006]

<latexit sha1_base64="0VEJylYRK9vm49JtYqDpB9XXyIY=">AAACLHicbZDLSsNAFIYn9VbrLerSzWAR6qYktajLYjcuK9gLtCFMppN26GQSZiZiCfV93PgqgriwiFufw0kbsLb+MPDznXOYc34vYlQqy5oaubX1jc2t/HZhZ3dv/8A8PGrJMBaYNHHIQtHxkCSMctJUVDHSiQRBgcdI2xvV03r7gQhJQ36vxhFxAjTg1KcYKY1cs94LkBp6fvI4eUrlu3bpF53PUWUJ+e7FInHNolW2ZoKrxs5MEWRquOZbrx/iOCBcYYak7NpWpJwECUUxI5NCL5YkQniEBqSrLUcBkU4yO3YCzzTpQz8U+nEFZ3RxIkGBlOPA053pinK5lsL/at1Y+ddOQnkUK8Lx/CM/ZlCFME0O9qkgWLGxNggLqneFeIgEwkrnW9Ah2Msnr5pWpWxflqt31WLtJosjD07AKSgBG1yBGrgFDdAEGDyDV/ABpsaL8W58Gl/z1pyRzRyDPzK+fwBJqqoK</latexit>

x f1(x) f2(x) f3(x)

near farin between

Frequency and distance

Decomposition into linear factors

linear transformations









Thanks to Walter Scheirer and Luba Elliot for suggesting this!



What about other types of illusions?



[Visual Anagrams: Generating Multi-View Optical Illusions with Diffusion Models, CVPR 2024]

Aaron ParkDaniel Geng

Salvador Dalí, 
Paranoiac Face. 1937.



<latexit sha1_base64="im1e/4T9eS0sJniQeODaVSCpcus=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiTia1l047KCfUATymQ6aYdOHszciCX0N9y4UMStP+POv3HSZqGtBwYO59zLPXP8RAqNtv1tlVZW19Y3ypuVre2d3b3q/kFbx6livMViGauuTzWXIuItFCh5N1Gchr7kHX98m/udR660iKMHnCTcC+kwEoFgFI3kuiHFkR9kT9M+9qs1u27PQJaJU5AaFGj2q1/uIGZpyCNkkmrdc+wEvYwqFEzyacVNNU8oG9Mh7xka0ZBrL5tlnpITowxIECvzIiQz9fdGRkOtJ6FvJvOMetHLxf+8XorBtZeJKEmRR2x+KEglwZjkBZCBUJyhnBhCmRImK2EjqihDU1PFlOAsfnmZtM/qzmX94v681rgp6ijDERzDKThwBQ24gya0gEECz/AKb1ZqvVjv1sd8tGQVO4fwB9bnD5Mskg0=</latexit>xt

Generating an illusion

“an oil painting of people 
around a campfire”

<latexit sha1_base64="RPYSgfi3NcyV3Xj1RiM6EwYRPZM=">AAACBnicbVDLSsNAFJ34rPUVdSlCsAh1UxLxtSy6cVnBPqAJYTKdtEMnD2ZuSkvIyo2/4saFIm79Bnf+jZM2C209cOFwzr3ce48XcybBNL+1peWV1bX10kZ5c2t7Z1ff22/JKBGENknEI9HxsKSchbQJDDjtxILiwOO07Q1vc789okKyKHyASUydAPdD5jOCQUmufjRyUxvoGFKfszjLqnaAYeD56Thz4dTVK2bNnMJYJFZBKqhAw9W/7F5EkoCGQDiWsmuZMTgpFsAIp1nZTiSNMRniPu0qGuKASiedvpEZJ0rpGX4kVIVgTNXfEykOpJwEnurMj5TzXi7+53UT8K+dlIVxAjQks0V+wg2IjDwTo8cEJcAnimAimLrVIAMsMAGVXFmFYM2/vEhaZzXrsnZxf16p3xRxlNAhOkZVZKErVEd3qIGaiKBH9Ixe0Zv2pL1o79rHrHVJK2YO0B9onz+BxpnK</latexit>

vflip(xt)

“an oil painting 
of an old man”

Diffusion 
Model

Diffusion 
Model
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✏idt
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✏flipt
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v�1
flip(✏

flip
t )
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✏avgt
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xT ⇠ N (0, I)

Generating an illusion





TF.rotate(noisy_image, 135)

180° 135°

TF.rotate(noisy_image, 180)



Diffusion 
Model
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<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>

✓◆
Diffusion 

Model



<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=
<latexit sha1_base64="cMNfW39I1xcb4hfT3GLr2Lw8/jY=">AAAB+nicbVDLTsMwEHR4lvJK4cjFokLiVCWI17GCC8ci0YfUhshxndaq40T2hlKFfgoXDiDElS/hxt/gtjlAy0grjWZ2tbsTJIJrcJxva2l5ZXVtvbBR3Nza3tm1S3sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgeuI3H5jSPJZ3MEqYF5Ge5CGnBIzk26XhfQfYI2Sa9yQRYx98u+xUnCnwInFzUkY5ar791enGNI2YBCqI1m3XScDLiAJOBRsXO6lmCaED0mNtQyWJmPay6eljfGSULg5jZUoCnqq/JzISaT2KAtMZEejreW8i/ue1UwgvvYzLJAUm6WxRmAoMMZ7kgLtcMQpiZAihiptbMe0TRSiYtIomBHf+5UXSOKm455Wz29Ny9SqPo4AO0CE6Ri66QFV0g2qojigaomf0it6sJ+vFerc+Zq1LVj6zj/7A+vwBMM+Ung==</latexit>

wsignal
t

<latexit sha1_base64="YWovUTJ6Ky6VtMbeZ0PX4biogeo=">AAAB+XicbVC5TsNAEF1zhnAZKGksIiSqyEZcZQQNZZDIISXGWm/GySrrtbU7DkRW/oSGAoRo+RM6/obNUUDCk0Z6em9GM/PCVHCNrvttLS2vrK6tFzaKm1vbO7v23n5dJ5liUGOJSFQzpBoEl1BDjgKaqQIahwIaYf9m7DcGoDRP5D0OU/Bj2pU84oyikQLbfnxoIzxhLhOuYRRgYJfcsjuBs0i8GSmRGaqB/dXuJCyLQSITVOuW56bo51QhZwJGxXamIaWsT7vQMlTSGLSfTy4fOcdG6ThRokxJdCbq74mcxloP49B0xhR7et4bi/95rQyjKz/nMs0QJJsuijLhYOKMY3A6XAFDMTSEMsXNrQ7rUUUZmrCKJgRv/uVFUj8texfl87uzUuV6FkeBHJIjckI8ckkq5JZUSY0wMiDP5JW8Wbn1Yr1bH9PWJWs2c0D+wPr8AXODlDQ=</latexit>

wnoise
t

<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)

1.   Noisy image is weighted sum of signal and noise

2.   Noise must be i.i.d. standard Gaussian



<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=

1.   Noisy image is weighted sum of signal and noise

2.   Noise must be i.i.d. standard Gaussian

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>✓ ◆

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>

✓◆
<latexit sha1_base64="NwGGLh7KJH6m1IUq5ExMsb+mMPo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswOvTAyO7uZmSUhhC/w4kFjvPpJ3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU0HGqGNZZLGLVCqhGwSXWDTcCW4lCGgUCm8HwfuY3R6g0j+WjGSfoR7QvecgZNVaqjbrFklt25yCrxMtICTJUu8WvTi9maYTSMEG1bntuYvwJVYYzgdNCJ9WYUDakfWxbKmmE2p/MD52SM6v0SBgrW9KQufp7YkIjrcdRYDsjagZ62ZuJ/3nt1IS3/oTLJDUo2WJRmApiYjL7mvS4QmbE2BLKFLe3EjagijJjsynYELzll1dJ46LsXZevapelyl0WRx5O4BTOwYMbqMADVKEODBCe4RXenCfnxXl3PhatOSebOYY/cD5/AOZxjQQ=</latexit>v

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>✓ ◆

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>

✓◆
<latexit sha1_base64="NwGGLh7KJH6m1IUq5ExMsb+mMPo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswOvTAyO7uZmSUhhC/w4kFjvPpJ3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU0HGqGNZZLGLVCqhGwSXWDTcCW4lCGgUCm8HwfuY3R6g0j+WjGSfoR7QvecgZNVaqjbrFklt25yCrxMtICTJUu8WvTi9maYTSMEG1bntuYvwJVYYzgdNCJ9WYUDakfWxbKmmE2p/MD52SM6v0SBgrW9KQufp7YkIjrcdRYDsjagZ62ZuJ/3nt1IS3/oTLJDUo2WJRmApiYjL7mvS4QmbE2BLKFLe3EjagijJjsynYELzll1dJ46LsXZevapelyl0WRx5O4BTOwYMbqMADVKEODBCe4RXenCfnxXl3PhatOSebOYY/cD5/AOZxjQQ=</latexit>v

<latexit sha1_base64="cMNfW39I1xcb4hfT3GLr2Lw8/jY=">AAAB+nicbVDLTsMwEHR4lvJK4cjFokLiVCWI17GCC8ci0YfUhshxndaq40T2hlKFfgoXDiDElS/hxt/gtjlAy0grjWZ2tbsTJIJrcJxva2l5ZXVtvbBR3Nza3tm1S3sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgeuI3H5jSPJZ3MEqYF5Ge5CGnBIzk26XhfQfYI2Sa9yQRYx98u+xUnCnwInFzUkY5ar791enGNI2YBCqI1m3XScDLiAJOBRsXO6lmCaED0mNtQyWJmPay6eljfGSULg5jZUoCnqq/JzISaT2KAtMZEejreW8i/ue1UwgvvYzLJAUm6WxRmAoMMZ7kgLtcMQpiZAihiptbMe0TRSiYtIomBHf+5UXSOKm455Wz29Ny9SqPo4AO0CE6Ri66QFV0g2qojigaomf0it6sJ+vFerc+Zq1LVj6zj/7A+vwBMM+Ung==</latexit>

wsignal
t

<latexit sha1_base64="YWovUTJ6Ky6VtMbeZ0PX4biogeo=">AAAB+XicbVC5TsNAEF1zhnAZKGksIiSqyEZcZQQNZZDIISXGWm/GySrrtbU7DkRW/oSGAoRo+RM6/obNUUDCk0Z6em9GM/PCVHCNrvttLS2vrK6tFzaKm1vbO7v23n5dJ5liUGOJSFQzpBoEl1BDjgKaqQIahwIaYf9m7DcGoDRP5D0OU/Bj2pU84oyikQLbfnxoIzxhLhOuYRRgYJfcsjuBs0i8GSmRGaqB/dXuJCyLQSITVOuW56bo51QhZwJGxXamIaWsT7vQMlTSGLSfTy4fOcdG6ThRokxJdCbq74mcxloP49B0xhR7et4bi/95rQyjKz/nMs0QJJsuijLhYOKMY3A6XAFDMTSEMsXNrQ7rUUUZmrCKJgRv/uVFUj8texfl87uzUuV6FkeBHJIjckI8ckkq5JZUSY0wMiDP5JW8Wbn1Yr1bH9PWJWs2c0D+wPr8AXODlDQ=</latexit>

wnoise
t

<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)



<latexit sha1_base64="MAGNfvq3XdIV7aOb6qQrM5p7nsI=">AAAB+HicbVDLSsNAFJ34rPXRqEs3g0Wom5KIVJdFNy4r2Ae0IUymk3boZBJmboo19EvcuFDErZ/izr9x2mahrQcGDufcyz1zgkRwDY7zba2tb2xubRd2irt7+wcl+/CopeNUUdaksYhVJyCaCS5ZEzgI1kkUI1EgWDsY3c789pgpzWP5AJOEeREZSB5ySsBIvl0aV3oRgWEQZo9TH859u+xUnTnwKnFzUkY5Gr791evHNI2YBCqI1l3XScDLiAJOBZsWe6lmCaEjMmBdQyWJmPayefApPjNKH4exMk8Cnqu/NzISaT2JAjM5C6mXvZn4n9dNIbz2Mi6TFJiki0NhKjDEeNYC7nPFKIiJIYQqbrJiOiSKUDBdFU0J7vKXV0nrourWqrX7y3L9Jq+jgE7QKaogF12hOrpDDdREFKXoGb2iN+vJerHerY/F6JqV7xyjP7A+fwC1bpMk</latexit>

v(xt)

Which transformations work?



<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=

1.   Noisy image is weighted sum of signal and noise

2.   Noise must be i.i.d. standard Gaussian

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>✓ ◆

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>

✓◆
<latexit sha1_base64="NwGGLh7KJH6m1IUq5ExMsb+mMPo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswOvTAyO7uZmSUhhC/w4kFjvPpJ3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU0HGqGNZZLGLVCqhGwSXWDTcCW4lCGgUCm8HwfuY3R6g0j+WjGSfoR7QvecgZNVaqjbrFklt25yCrxMtICTJUu8WvTi9maYTSMEG1bntuYvwJVYYzgdNCJ9WYUDakfWxbKmmE2p/MD52SM6v0SBgrW9KQufp7YkIjrcdRYDsjagZ62ZuJ/3nt1IS3/oTLJDUo2WJRmApiYjL7mvS4QmbE2BLKFLe3EjagijJjsynYELzll1dJ46LsXZevapelyl0WRx5O4BTOwYMbqMADVKEODBCe4RXenCfnxXl3PhatOSebOYY/cD5/AOZxjQQ=</latexit>v

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>✓ ◆

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>

✓◆
<latexit sha1_base64="NwGGLh7KJH6m1IUq5ExMsb+mMPo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswOvTAyO7uZmSUhhC/w4kFjvPpJ3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU0HGqGNZZLGLVCqhGwSXWDTcCW4lCGgUCm8HwfuY3R6g0j+WjGSfoR7QvecgZNVaqjbrFklt25yCrxMtICTJUu8WvTi9maYTSMEG1bntuYvwJVYYzgdNCJ9WYUDakfWxbKmmE2p/MD52SM6v0SBgrW9KQufp7YkIjrcdRYDsjagZ62ZuJ/3nt1IS3/oTLJDUo2WJRmApiYjL7mvS4QmbE2BLKFLe3EjagijJjsynYELzll1dJ46LsXZevapelyl0WRx5O4BTOwYMbqMADVKEODBCe4RXenCfnxXl3PhatOSebOYY/cD5/AOZxjQQ=</latexit>v

<latexit sha1_base64="cMNfW39I1xcb4hfT3GLr2Lw8/jY=">AAAB+nicbVDLTsMwEHR4lvJK4cjFokLiVCWI17GCC8ci0YfUhshxndaq40T2hlKFfgoXDiDElS/hxt/gtjlAy0grjWZ2tbsTJIJrcJxva2l5ZXVtvbBR3Nza3tm1S3sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgeuI3H5jSPJZ3MEqYF5Ge5CGnBIzk26XhfQfYI2Sa9yQRYx98u+xUnCnwInFzUkY5ar791enGNI2YBCqI1m3XScDLiAJOBRsXO6lmCaED0mNtQyWJmPay6eljfGSULg5jZUoCnqq/JzISaT2KAtMZEejreW8i/ue1UwgvvYzLJAUm6WxRmAoMMZ7kgLtcMQpiZAihiptbMe0TRSiYtIomBHf+5UXSOKm455Wz29Ny9SqPo4AO0CE6Ri66QFV0g2qojigaomf0it6sJ+vFerc+Zq1LVj6zj/7A+vwBMM+Ung==</latexit>

wsignal
t

<latexit sha1_base64="YWovUTJ6Ky6VtMbeZ0PX4biogeo=">AAAB+XicbVC5TsNAEF1zhnAZKGksIiSqyEZcZQQNZZDIISXGWm/GySrrtbU7DkRW/oSGAoRo+RM6/obNUUDCk0Z6em9GM/PCVHCNrvttLS2vrK6tFzaKm1vbO7v23n5dJ5liUGOJSFQzpBoEl1BDjgKaqQIahwIaYf9m7DcGoDRP5D0OU/Bj2pU84oyikQLbfnxoIzxhLhOuYRRgYJfcsjuBs0i8GSmRGaqB/dXuJCyLQSITVOuW56bo51QhZwJGxXamIaWsT7vQMlTSGLSfTy4fOcdG6ThRokxJdCbq74mcxloP49B0xhR7et4bi/95rQyjKz/nMs0QJJsuijLhYOKMY3A6XAFDMTSEMsXNrQ7rUUUZmrCKJgRv/uVFUj8texfl87uzUuV6FkeBHJIjckI8ckkq5JZUSY0wMiDP5JW8Wbn1Yr1bH9PWJWs2c0D+wPr8AXODlDQ=</latexit>

wnoise
t

<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)



<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=

1.   Noisy image is weighted sum of signal and noise

2.   Noise must be i.i.d. standard Gaussian

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>✓ ◆

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>

✓◆
<latexit sha1_base64="NwGGLh7KJH6m1IUq5ExMsb+mMPo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswOvTAyO7uZmSUhhC/w4kFjvPpJ3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU0HGqGNZZLGLVCqhGwSXWDTcCW4lCGgUCm8HwfuY3R6g0j+WjGSfoR7QvecgZNVaqjbrFklt25yCrxMtICTJUu8WvTi9maYTSMEG1bntuYvwJVYYzgdNCJ9WYUDakfWxbKmmE2p/MD52SM6v0SBgrW9KQufp7YkIjrcdRYDsjagZ62ZuJ/3nt1IS3/oTLJDUo2WJRmApiYjL7mvS4QmbE2BLKFLe3EjagijJjsynYELzll1dJ46LsXZevapelyl0WRx5O4BTOwYMbqMADVKEODBCe4RXenCfnxXl3PhatOSebOYY/cD5/AOZxjQQ=</latexit>v

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>✓ ◆

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>

✓◆
<latexit sha1_base64="cMNfW39I1xcb4hfT3GLr2Lw8/jY=">AAAB+nicbVDLTsMwEHR4lvJK4cjFokLiVCWI17GCC8ci0YfUhshxndaq40T2hlKFfgoXDiDElS/hxt/gtjlAy0grjWZ2tbsTJIJrcJxva2l5ZXVtvbBR3Nza3tm1S3sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgeuI3H5jSPJZ3MEqYF5Ge5CGnBIzk26XhfQfYI2Sa9yQRYx98u+xUnCnwInFzUkY5ar791enGNI2YBCqI1m3XScDLiAJOBRsXO6lmCaED0mNtQyWJmPay6eljfGSULg5jZUoCnqq/JzISaT2KAtMZEejreW8i/ue1UwgvvYzLJAUm6WxRmAoMMZ7kgLtcMQpiZAihiptbMe0TRSiYtIomBHf+5UXSOKm455Wz29Ny9SqPo4AO0CE6Ri66QFV0g2qojigaomf0it6sJ+vFerc+Zq1LVj6zj/7A+vwBMM+Ung==</latexit>

wsignal
t

<latexit sha1_base64="YWovUTJ6Ky6VtMbeZ0PX4biogeo=">AAAB+XicbVC5TsNAEF1zhnAZKGksIiSqyEZcZQQNZZDIISXGWm/GySrrtbU7DkRW/oSGAoRo+RM6/obNUUDCk0Z6em9GM/PCVHCNrvttLS2vrK6tFzaKm1vbO7v23n5dJ5liUGOJSFQzpBoEl1BDjgKaqQIahwIaYf9m7DcGoDRP5D0OU/Bj2pU84oyikQLbfnxoIzxhLhOuYRRgYJfcsjuBs0i8GSmRGaqB/dXuJCyLQSITVOuW56bo51QhZwJGxXamIaWsT7vQMlTSGLSfTy4fOcdG6ThRokxJdCbq74mcxloP49B0xhR7et4bi/95rQyjKz/nMs0QJJsuijLhYOKMY3A6XAFDMTSEMsXNrQ7rUUUZmrCKJgRv/uVFUj8texfl87uzUuV6FkeBHJIjckI8ckkq5JZUSY0wMiDP5JW8Wbn1Yr1bH9PWJWs2c0D+wPr8AXODlDQ=</latexit>

wnoise
t

<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)

<latexit sha1_base64="PFApdYvuAcxpFpy59oaLJzUJn+A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XVjcsK9oFtKZk004ZmMkNyRyhD/8KNC0Xc+jfu/Bsz7Sy0eiBwOOdecu7xYykMuu6XU1haXlldK66XNja3tnfKu3tNEyWa8QaLZKTbPjVcCsUbKFDydqw5DX3JW/74JvNbj1wbEal7nMS8F9KhEoFgFK300A0pjvwgvZr2yxW36s5A/hIvJxXIUe+XP7uDiCUhV8gkNabjuTH2UqpRMMmnpW5ieEzZmA55x1JFQ2566SzxlBxZZUCCSNunkMzUnxspDY2ZhL6dzBKaRS8T//M6CQaXvVSoOEGu2PyjIJEEI5KdTwZCc4ZyYgllWtishI2opgxtSSVbgrd48l/SPKl659Wzu9NK7TqvowgHcAjH4MEF1OAW6tAABgqe4AVeHeM8O2/O+3y04OQ7+/ALzsc3rOaQ7w==</latexit>

A
<latexit sha1_base64="PFApdYvuAcxpFpy59oaLJzUJn+A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XVjcsK9oFtKZk004ZmMkNyRyhD/8KNC0Xc+jfu/Bsz7Sy0eiBwOOdecu7xYykMuu6XU1haXlldK66XNja3tnfKu3tNEyWa8QaLZKTbPjVcCsUbKFDydqw5DX3JW/74JvNbj1wbEal7nMS8F9KhEoFgFK300A0pjvwgvZr2yxW36s5A/hIvJxXIUe+XP7uDiCUhV8gkNabjuTH2UqpRMMmnpW5ieEzZmA55x1JFQ2566SzxlBxZZUCCSNunkMzUnxspDY2ZhL6dzBKaRS8T//M6CQaXvVSoOEGu2PyjIJEEI5KdTwZCc4ZyYgllWtishI2opgxtSSVbgrd48l/SPKl659Wzu9NK7TqvowgHcAjH4MEF1OAW6tAABgqe4AVeHeM8O2/O+3y04OQ7+/ALzsc3rOaQ7w==</latexit>

A



<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=

1.   Noisy image is weighted sum of signal and noise

2.   Noise must be i.i.d. standard Gaussian

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>✓ ◆

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>

✓◆
<latexit sha1_base64="NwGGLh7KJH6m1IUq5ExMsb+mMPo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswOvTAyO7uZmSUhhC/w4kFjvPpJ3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU0HGqGNZZLGLVCqhGwSXWDTcCW4lCGgUCm8HwfuY3R6g0j+WjGSfoR7QvecgZNVaqjbrFklt25yCrxMtICTJUu8WvTi9maYTSMEG1bntuYvwJVYYzgdNCJ9WYUDakfWxbKmmE2p/MD52SM6v0SBgrW9KQufp7YkIjrcdRYDsjagZ62ZuJ/3nt1IS3/oTLJDUo2WJRmApiYjL7mvS4QmbE2BLKFLe3EjagijJjsynYELzll1dJ46LsXZevapelyl0WRx5O4BTOwYMbqMADVKEODBCe4RXenCfnxXl3PhatOSebOYY/cD5/AOZxjQQ=</latexit>v

<latexit sha1_base64="cMNfW39I1xcb4hfT3GLr2Lw8/jY=">AAAB+nicbVDLTsMwEHR4lvJK4cjFokLiVCWI17GCC8ci0YfUhshxndaq40T2hlKFfgoXDiDElS/hxt/gtjlAy0grjWZ2tbsTJIJrcJxva2l5ZXVtvbBR3Nza3tm1S3sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgeuI3H5jSPJZ3MEqYF5Ge5CGnBIzk26XhfQfYI2Sa9yQRYx98u+xUnCnwInFzUkY5ar791enGNI2YBCqI1m3XScDLiAJOBRsXO6lmCaED0mNtQyWJmPay6eljfGSULg5jZUoCnqq/JzISaT2KAtMZEejreW8i/ue1UwgvvYzLJAUm6WxRmAoMMZ7kgLtcMQpiZAihiptbMe0TRSiYtIomBHf+5UXSOKm455Wz29Ny9SqPo4AO0CE6Ri66QFV0g2qojigaomf0it6sJ+vFerc+Zq1LVj6zj/7A+vwBMM+Ung==</latexit>

wsignal
t

<latexit sha1_base64="YWovUTJ6Ky6VtMbeZ0PX4biogeo=">AAAB+XicbVC5TsNAEF1zhnAZKGksIiSqyEZcZQQNZZDIISXGWm/GySrrtbU7DkRW/oSGAoRo+RM6/obNUUDCk0Z6em9GM/PCVHCNrvttLS2vrK6tFzaKm1vbO7v23n5dJ5liUGOJSFQzpBoEl1BDjgKaqQIahwIaYf9m7DcGoDRP5D0OU/Bj2pU84oyikQLbfnxoIzxhLhOuYRRgYJfcsjuBs0i8GSmRGaqB/dXuJCyLQSITVOuW56bo51QhZwJGxXamIaWsT7vQMlTSGLSfTy4fOcdG6ThRokxJdCbq74mcxloP49B0xhR7et4bi/95rQyjKz/nMs0QJJsuijLhYOKMY3A6XAFDMTSEMsXNrQ7rUUUZmrCKJgRv/uVFUj8texfl87uzUuV6FkeBHJIjckI8ckkq5JZUSY0wMiDP5JW8Wbn1Yr1bH9PWJWs2c0D+wPr8AXODlDQ=</latexit>

wnoise
t

<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)

<latexit sha1_base64="PFApdYvuAcxpFpy59oaLJzUJn+A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XVjcsK9oFtKZk004ZmMkNyRyhD/8KNC0Xc+jfu/Bsz7Sy0eiBwOOdecu7xYykMuu6XU1haXlldK66XNja3tnfKu3tNEyWa8QaLZKTbPjVcCsUbKFDydqw5DX3JW/74JvNbj1wbEal7nMS8F9KhEoFgFK300A0pjvwgvZr2yxW36s5A/hIvJxXIUe+XP7uDiCUhV8gkNabjuTH2UqpRMMmnpW5ieEzZmA55x1JFQ2566SzxlBxZZUCCSNunkMzUnxspDY2ZhL6dzBKaRS8T//M6CQaXvVSoOEGu2PyjIJEEI5KdTwZCc4ZyYgllWtishI2opgxtSSVbgrd48l/SPKl659Wzu9NK7TqvowgHcAjH4MEF1OAW6tAABgqe4AVeHeM8O2/O+3y04OQ7+/ALzsc3rOaQ7w==</latexit>

A
<latexit sha1_base64="PFApdYvuAcxpFpy59oaLJzUJn+A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XVjcsK9oFtKZk004ZmMkNyRyhD/8KNC0Xc+jfu/Bsz7Sy0eiBwOOdecu7xYykMuu6XU1haXlldK66XNja3tnfKu3tNEyWa8QaLZKTbPjVcCsUbKFDydqw5DX3JW/74JvNbj1wbEal7nMS8F9KhEoFgFK300A0pjvwgvZr2yxW36s5A/hIvJxXIUe+XP7uDiCUhV8gkNabjuTH2UqpRMMmnpW5ieEzZmA55x1JFQ2566SzxlBxZZUCCSNunkMzUnxspDY2ZhL6dzBKaRS8T//M6CQaXvVSoOEGu2PyjIJEEI5KdTwZCc4ZyYgllWtishI2opgxtSSVbgrd48l/SPKl659Wzu9NK7TqvowgHcAjH4MEF1OAW6tAABgqe4AVeHeM8O2/O+3y04OQ7+/ALzsc3rOaQ7w==</latexit>

A

<latexit sha1_base64="9vdmmZGDFKmr9zJnZ6+qE369u/0=">AAACDXicbVDLSsNAFJ34rPUVdekmWAVXJRFfy6IblxXsA5oQJpObduhkEmYmQgn5ATf+ihsXirh1786/cdoG0dYDFw7n3Mu99wQpo1LZ9pexsLi0vLJaWauub2xubZs7u22ZZIJAiyQsEd0AS2CUQ0tRxaCbCsBxwKATDK/HfucehKQJv1OjFLwY9zmNKMFKS7556GY8BBEITCB30wHmKolz/IOi8PPCN2t23Z7AmidOSWqoRNM3P90wIVkMXBGGpew5dqq8HAtFCYOi6mYSUkyGuA89TTmOQXr55JvCOtJKaEWJ0MWVNVF/T+Q4lnIUB7ozxmogZ72x+J/Xy1R06eWUp5kCTqaLooxZKrHG0VghFUAUG2mCiaD6VosMsE5G6QCrOgRn9uV50j6pO+f1s9vTWuOqjKOC9tEBOkYOukANdIOaqIUIekBP6AW9Go/Gs/FmvE9bF4xyZg/9gfHxDUVGnPg=</latexit>

| {z }

Transformed 
Signal

<latexit sha1_base64="9vdmmZGDFKmr9zJnZ6+qE369u/0=">AAACDXicbVDLSsNAFJ34rPUVdekmWAVXJRFfy6IblxXsA5oQJpObduhkEmYmQgn5ATf+ihsXirh1786/cdoG0dYDFw7n3Mu99wQpo1LZ9pexsLi0vLJaWauub2xubZs7u22ZZIJAiyQsEd0AS2CUQ0tRxaCbCsBxwKATDK/HfucehKQJv1OjFLwY9zmNKMFKS7556GY8BBEITCB30wHmKolz/IOi8PPCN2t23Z7AmidOSWqoRNM3P90wIVkMXBGGpew5dqq8HAtFCYOi6mYSUkyGuA89TTmOQXr55JvCOtJKaEWJ0MWVNVF/T+Q4lnIUB7ozxmogZ72x+J/Xy1R06eWUp5kCTqaLooxZKrHG0VghFUAUG2mCiaD6VosMsE5G6QCrOgRn9uV50j6pO+f1s9vTWuOqjKOC9tEBOkYOukANdIOaqIUIekBP6AW9Go/Gs/FmvE9bF4xyZg/9gfHxDUVGnPg=</latexit>

| {z }

Transformed 
Noise



<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=

1.   Noisy image is weighted sum of signal and noise

2.   Noise must be i.i.d. standard Gaussian

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>✓ ◆

<latexit sha1_base64="X2JLQSu6jbg6SgqFM19UZ1mQB1w=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUWom5KIr2XRjcsK9gFNKJPppBk6mYSZG6GE7N34K25cKOLWH3Dn3zhts9DWw71wOOdeZu7xE84U2Pa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJaJvEPJY9HyvKmaBtYMBpL5EURz6nXX98M/W7D1QqFot7mCTUi/BIsIARDFoamFWX0wDqbhJiAXGUuYHEJHNyXbkr2SiEk4FZsxv2DNYycQpSQwVaA/PLHcYkjagAwrFSfcdOwMuwBEY4zStuqmiCyRiPaF9TgSOqvGx2S24da2VoBbHULcCaqb83MhwpNYl8PRlhCNWiNxX/8/opBFdexkSSAhVk/lCQcgtiaxqMNWSSEuATTTCRTP/VIiHWaYCOr6JDcBZPXiad04Zz0Ti/O6s1r4s4yugIVVEdOegSNdEtaqE2IugRPaNX9GY8GS/Gu/ExHy0Zxc4h+gPj8weieJtw</latexit>

✓◆
<latexit sha1_base64="NwGGLh7KJH6m1IUq5ExMsb+mMPo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswOvTAyO7uZmSUhhC/w4kFjvPpJ3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU0HGqGNZZLGLVCqhGwSXWDTcCW4lCGgUCm8HwfuY3R6g0j+WjGSfoR7QvecgZNVaqjbrFklt25yCrxMtICTJUu8WvTi9maYTSMEG1bntuYvwJVYYzgdNCJ9WYUDakfWxbKmmE2p/MD52SM6v0SBgrW9KQufp7YkIjrcdRYDsjagZ62ZuJ/3nt1IS3/oTLJDUo2WJRmApiYjL7mvS4QmbE2BLKFLe3EjagijJjsynYELzll1dJ46LsXZevapelyl0WRx5O4BTOwYMbqMADVKEODBCe4RXenCfnxXl3PhatOSebOYY/cD5/AOZxjQQ=</latexit>v

<latexit sha1_base64="cMNfW39I1xcb4hfT3GLr2Lw8/jY=">AAAB+nicbVDLTsMwEHR4lvJK4cjFokLiVCWI17GCC8ci0YfUhshxndaq40T2hlKFfgoXDiDElS/hxt/gtjlAy0grjWZ2tbsTJIJrcJxva2l5ZXVtvbBR3Nza3tm1S3sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgeuI3H5jSPJZ3MEqYF5Ge5CGnBIzk26XhfQfYI2Sa9yQRYx98u+xUnCnwInFzUkY5ar791enGNI2YBCqI1m3XScDLiAJOBRsXO6lmCaED0mNtQyWJmPay6eljfGSULg5jZUoCnqq/JzISaT2KAtMZEejreW8i/ue1UwgvvYzLJAUm6WxRmAoMMZ7kgLtcMQpiZAihiptbMe0TRSiYtIomBHf+5UXSOKm455Wz29Ny9SqPo4AO0CE6Ri66QFV0g2qojigaomf0it6sJ+vFerc+Zq1LVj6zj/7A+vwBMM+Ung==</latexit>

wsignal
t

<latexit sha1_base64="YWovUTJ6Ky6VtMbeZ0PX4biogeo=">AAAB+XicbVC5TsNAEF1zhnAZKGksIiSqyEZcZQQNZZDIISXGWm/GySrrtbU7DkRW/oSGAoRo+RM6/obNUUDCk0Z6em9GM/PCVHCNrvttLS2vrK6tFzaKm1vbO7v23n5dJ5liUGOJSFQzpBoEl1BDjgKaqQIahwIaYf9m7DcGoDRP5D0OU/Bj2pU84oyikQLbfnxoIzxhLhOuYRRgYJfcsjuBs0i8GSmRGaqB/dXuJCyLQSITVOuW56bo51QhZwJGxXamIaWsT7vQMlTSGLSfTy4fOcdG6ThRokxJdCbq74mcxloP49B0xhR7et4bi/95rQyjKz/nMs0QJJsuijLhYOKMY3A6XAFDMTSEMsXNrQ7rUUUZmrCKJgRv/uVFUj8texfl87uzUuV6FkeBHJIjckI8ckkq5JZUSY0wMiDP5JW8Wbn1Yr1bH9PWJWs2c0D+wPr8AXODlDQ=</latexit>

wnoise
t

<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)

<latexit sha1_base64="PFApdYvuAcxpFpy59oaLJzUJn+A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XVjcsK9oFtKZk004ZmMkNyRyhD/8KNC0Xc+jfu/Bsz7Sy0eiBwOOdecu7xYykMuu6XU1haXlldK66XNja3tnfKu3tNEyWa8QaLZKTbPjVcCsUbKFDydqw5DX3JW/74JvNbj1wbEal7nMS8F9KhEoFgFK300A0pjvwgvZr2yxW36s5A/hIvJxXIUe+XP7uDiCUhV8gkNabjuTH2UqpRMMmnpW5ieEzZmA55x1JFQ2566SzxlBxZZUCCSNunkMzUnxspDY2ZhL6dzBKaRS8T//M6CQaXvVSoOEGu2PyjIJEEI5KdTwZCc4ZyYgllWtishI2opgxtSSVbgrd48l/SPKl659Wzu9NK7TqvowgHcAjH4MEF1OAW6tAABgqe4AVeHeM8O2/O+3y04OQ7+/ALzsc3rOaQ7w==</latexit>

A
<latexit sha1_base64="PFApdYvuAcxpFpy59oaLJzUJn+A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XVjcsK9oFtKZk004ZmMkNyRyhD/8KNC0Xc+jfu/Bsz7Sy0eiBwOOdecu7xYykMuu6XU1haXlldK66XNja3tnfKu3tNEyWa8QaLZKTbPjVcCsUbKFDydqw5DX3JW/74JvNbj1wbEal7nMS8F9KhEoFgFK300A0pjvwgvZr2yxW36s5A/hIvJxXIUe+XP7uDiCUhV8gkNabjuTH2UqpRMMmnpW5ieEzZmA55x1JFQ2566SzxlBxZZUCCSNunkMzUnxspDY2ZhL6dzBKaRS8T//M6CQaXvVSoOEGu2PyjIJEEI5KdTwZCc4ZyYgllWtishI2opgxtSSVbgrd48l/SPKl659Wzu9NK7TqvowgHcAjH4MEF1OAW6tAABgqe4AVeHeM8O2/O+3y04OQ7+/ALzsc3rOaQ7w==</latexit>

A

<latexit sha1_base64="9vdmmZGDFKmr9zJnZ6+qE369u/0=">AAACDXicbVDLSsNAFJ34rPUVdekmWAVXJRFfy6IblxXsA5oQJpObduhkEmYmQgn5ATf+ihsXirh1786/cdoG0dYDFw7n3Mu99wQpo1LZ9pexsLi0vLJaWauub2xubZs7u22ZZIJAiyQsEd0AS2CUQ0tRxaCbCsBxwKATDK/HfucehKQJv1OjFLwY9zmNKMFKS7556GY8BBEITCB30wHmKolz/IOi8PPCN2t23Z7AmidOSWqoRNM3P90wIVkMXBGGpew5dqq8HAtFCYOi6mYSUkyGuA89TTmOQXr55JvCOtJKaEWJ0MWVNVF/T+Q4lnIUB7ozxmogZ72x+J/Xy1R06eWUp5kCTqaLooxZKrHG0VghFUAUG2mCiaD6VosMsE5G6QCrOgRn9uV50j6pO+f1s9vTWuOqjKOC9tEBOkYOukANdIOaqIUIekBP6AW9Go/Gs/FmvE9bF4xyZg/9gfHxDUVGnPg=</latexit>

| {z }

Transformed 
Signal

<latexit sha1_base64="9vdmmZGDFKmr9zJnZ6+qE369u/0=">AAACDXicbVDLSsNAFJ34rPUVdekmWAVXJRFfy6IblxXsA5oQJpObduhkEmYmQgn5ATf+ihsXirh1786/cdoG0dYDFw7n3Mu99wQpo1LZ9pexsLi0vLJaWauub2xubZs7u22ZZIJAiyQsEd0AS2CUQ0tRxaCbCsBxwKATDK/HfucehKQJv1OjFLwY9zmNKMFKS7556GY8BBEITCB30wHmKolz/IOi8PPCN2t23Z7AmidOSWqoRNM3P90wIVkMXBGGpew5dqq8HAtFCYOi6mYSUkyGuA89TTmOQXr55JvCOtJKaEWJ0MWVNVF/T+Q4lnIUB7ozxmogZ72x+J/Xy1R06eWUp5kCTqaLooxZKrHG0VghFUAUG2mCiaD6VosMsE5G6QCrOgRn9uV50j6pO+f1s9vTWuOqjKOC9tEBOkYOukANdIOaqIUIekBP6AW9Go/Gs/FmvE9bF4xyZg/9gfHxDUVGnPg=</latexit>

| {z }

Transformed 
Noise



2.   Noise must be i.i.d. standard Gaussian

1.   Noisy image is weighted sum of signal and noise

<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)

<latexit sha1_base64="PFApdYvuAcxpFpy59oaLJzUJn+A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XVjcsK9oFtKZk004ZmMkNyRyhD/8KNC0Xc+jfu/Bsz7Sy0eiBwOOdecu7xYykMuu6XU1haXlldK66XNja3tnfKu3tNEyWa8QaLZKTbPjVcCsUbKFDydqw5DX3JW/74JvNbj1wbEal7nMS8F9KhEoFgFK300A0pjvwgvZr2yxW36s5A/hIvJxXIUe+XP7uDiCUhV8gkNabjuTH2UqpRMMmnpW5ieEzZmA55x1JFQ2566SzxlBxZZUCCSNunkMzUnxspDY2ZhL6dzBKaRS8T//M6CQaXvVSoOEGu2PyjIJEEI5KdTwZCc4ZyYgllWtishI2opgxtSSVbgrd48l/SPKl659Wzu9NK7TqvowgHcAjH4MEF1OAW6tAABgqe4AVeHeM8O2/O+3y04OQ7+/ALzsc3rOaQ7w==</latexit>

A
<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)

<latexit sha1_base64="9vdmmZGDFKmr9zJnZ6+qE369u/0=">AAACDXicbVDLSsNAFJ34rPUVdekmWAVXJRFfy6IblxXsA5oQJpObduhkEmYmQgn5ATf+ihsXirh1786/cdoG0dYDFw7n3Mu99wQpo1LZ9pexsLi0vLJaWauub2xubZs7u22ZZIJAiyQsEd0AS2CUQ0tRxaCbCsBxwKATDK/HfucehKQJv1OjFLwY9zmNKMFKS7556GY8BBEITCB30wHmKolz/IOi8PPCN2t23Z7AmidOSWqoRNM3P90wIVkMXBGGpew5dqq8HAtFCYOi6mYSUkyGuA89TTmOQXr55JvCOtJKaEWJ0MWVNVF/T+Q4lnIUB7ozxmogZ72x+J/Xy1R06eWUp5kCTqaLooxZKrHG0VghFUAUG2mCiaD6VosMsE5G6QCrOgRn9uV50j6pO+f1s9vTWuOqjKOC9tEBOkYOukANdIOaqIUIekBP6AW9Go/Gs/FmvE9bF4xyZg/9gfHxDUVGnPg=</latexit>

| {z }

Transformed 
Noise



<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)

<latexit sha1_base64="PFApdYvuAcxpFpy59oaLJzUJn+A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XVjcsK9oFtKZk004ZmMkNyRyhD/8KNC0Xc+jfu/Bsz7Sy0eiBwOOdecu7xYykMuu6XU1haXlldK66XNja3tnfKu3tNEyWa8QaLZKTbPjVcCsUbKFDydqw5DX3JW/74JvNbj1wbEal7nMS8F9KhEoFgFK300A0pjvwgvZr2yxW36s5A/hIvJxXIUe+XP7uDiCUhV8gkNabjuTH2UqpRMMmnpW5ieEzZmA55x1JFQ2566SzxlBxZZUCCSNunkMzUnxspDY2ZhL6dzBKaRS8T//M6CQaXvVSoOEGu2PyjIJEEI5KdTwZCc4ZyYgllWtishI2opgxtSSVbgrd48l/SPKl659Wzu9NK7TqvowgHcAjH4MEF1OAW6tAABgqe4AVeHeM8O2/O+3y04OQ7+/ALzsc3rOaQ7w==</latexit>

A

2.   Noise must be i.i.d. standard Gaussian

1.   Noisy image is weighted sum of signal and noise

<latexit sha1_base64="GbLZojopJQTAX6+my5ZFGelK2sI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUoivpZFN7qRCvYBTSiT6aQdOpmEmYlQQnZu/BU3LhRx6y+482+cpFlo9cDAmXPu5d57vIhRqSzryyjNzS8sLpWXKyura+sb5uZWW4axwKSFQxaKrockYZSTlqKKkW4kCAo8Rjre+DLzO/dESBryOzWJiBugIac+xUhpqW/uOpIG0AmQGmHEkpu0Zh3mP89PrtODvlm16lYO+JfYBamCAs2++ekMQhwHhCvMkJQ924qUmyChKGYkrTixJBHCYzQkPU05Coh0k/yOFO5rZQD9UOjHFczVnx0JCqScBJ6uzFaUs14m/uf1YuWfuwnlUawIx9NBfsygCmEWChxQQbBiE00QFlTvCvEICYSVjq6iQ7BnT/5L2kd1+7R+cntcbVwUcZTBDtgDNWCDM9AAV6AJWgCDB/AEXsCr8Wg8G2/G+7S0ZBQ92+AXjI9vKDWY3g==</latexit>

⇠ N (0, I)
<latexit sha1_base64="WB4P401nMdG0Mv+VG1aTIDhrtss=">AAAB73icbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmYnvcmQmdl1ZlYIS37CiwdFvPo73vwbJ8keNLGgoajqprsrTDjTxvO+ncLK6tr6RnGztLW9s7tX3j9o6jhVFBs05rFqh0QjZxIbhhmO7UQhESHHVji6nfqtJ1SaxfLBjBMMBBlIFjFKjJXaXSbsFtS9csWrejO4y8TPSQVy1Hvlr24/pqlAaSgnWnd8LzFBRpRhlOOk1E01JoSOyAA7lkoiUAfZ7N6Je2KVvhvFypY07kz9PZERofVYhLZTEDPUi95U/M/rpCa6DjImk9SgpPNFUcpdE7vT590+U0gNH1tCqGL2VpcOiSLU2IhKNgR/8eVl0jyr+pfVi/vzSu0mj6MIR3AMp+DDFdTgDurQAAocnuEV3pxH58V5dz7mrQUnnzmEP3A+fwBFa5Aj</latexit>

=) <latexit sha1_base64="PFApdYvuAcxpFpy59oaLJzUJn+A=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XVjcsK9oFtKZk004ZmMkNyRyhD/8KNC0Xc+jfu/Bsz7Sy0eiBwOOdecu7xYykMuu6XU1haXlldK66XNja3tnfKu3tNEyWa8QaLZKTbPjVcCsUbKFDydqw5DX3JW/74JvNbj1wbEal7nMS8F9KhEoFgFK300A0pjvwgvZr2yxW36s5A/hIvJxXIUe+XP7uDiCUhV8gkNabjuTH2UqpRMMmnpW5ieEzZmA55x1JFQ2566SzxlBxZZUCCSNunkMzUnxspDY2ZhL6dzBKaRS8T//M6CQaXvVSoOEGu2PyjIJEEI5KdTwZCc4ZyYgllWtishI2opgxtSSVbgrd48l/SPKl659Wzu9NK7TqvowgHcAjH4MEF1OAW6tAABgqe4AVeHeM8O2/O+3y04OQ7+/ALzsc3rOaQ7w==</latexit>

A is orthogonalTransformations must be 
orthogonal

<latexit sha1_base64="9vdmmZGDFKmr9zJnZ6+qE369u/0=">AAACDXicbVDLSsNAFJ34rPUVdekmWAVXJRFfy6IblxXsA5oQJpObduhkEmYmQgn5ATf+ihsXirh1786/cdoG0dYDFw7n3Mu99wQpo1LZ9pexsLi0vLJaWauub2xubZs7u22ZZIJAiyQsEd0AS2CUQ0tRxaCbCsBxwKATDK/HfucehKQJv1OjFLwY9zmNKMFKS7556GY8BBEITCB30wHmKolz/IOi8PPCN2t23Z7AmidOSWqoRNM3P90wIVkMXBGGpew5dqq8HAtFCYOi6mYSUkyGuA89TTmOQXr55JvCOtJKaEWJ0MWVNVF/T+Q4lnIUB7ozxmogZ72x+J/Xy1R06eWUp5kCTqaLooxZKrHG0VghFUAUG2mCiaD6VosMsE5G6QCrOgRn9uV50j6pO+f1s9vTWuOqjKOC9tEBOkYOukANdIOaqIUIekBP6AW9Go/Gs/FmvE9bF4xyZg/9gfHxDUVGnPg=</latexit>

| {z }

Transformed 
Noise



Most orthogonal 
transformations are 
uninterpretable…

<latexit sha1_base64="fRsw2qHmHsoo8BO1H2zrJrXZOJk=">AAACBXicbVC7TsMwFHXKq5RXgBEGiwqpLFWCUGEssLBRJPqQmqhyXKe16jiR7SBVURYWfoWFAYRY+Qc2/gYnzQAtR7J0fM69uvceL2JUKsv6NkpLyyura+X1ysbm1vaOubvXkWEsMGnjkIWi5yFJGOWkrahipBcJggKPka43uc787gMRkob8Xk0j4gZoxKlPMVJaGpiHToDU2POTyxQ6lMP8K4LkNq3xk4FZtepWDrhI7IJUQYHWwPxyhiGOA8IVZkjKvm1Fyk2QUBQzklacWJII4Qkakb6mHAVEukl+RQqPtTKEfij04wrm6u+OBAVSTgNPV2ZLynkvE//z+rHyL9yE8ihWhOPZID9mUIUwiwQOqSBYsakmCAuqd4V4jATCSgdX0SHY8ycvks5p3W7UG3dn1eZVEUcZHIAjUAM2OAdNcANaoA0weATP4BW8GU/Gi/FufMxKS0bRsw/+wPj8AeYDmDM=</latexit>

A 2 O(n)

… but any 
permutation 
is orthogonal!



Visual Anagrams
An image that changes appearance 
under a permutation of its pixels



180° Rotations

(an ambigram!)

See Also: Boheng Zhao et al. “AmbiGen,” arXiv 2023



90° Rotations



“Inner Circle”



“Square Hinge”

Thank you to Ryan Burgert for this idea! Inspired by an illusion from Steve Mould.



“Polymorphic” 
Jigsaw Puzzles



“Polymorphic” 
Jigsaw Puzzles



Real puzzles!



Patch Permutations



Hans Holbein, The Ambassadors. 1533



Skews



Skews



<latexit sha1_base64="Kj/ziAjzy536SZoJ+Vf8JIKyra0=">AAACBHicbVC7SgNBFL3rM8bXqmWawSDEwrArvhohaGMZwTwgWcLsZDYZMvtgZjYYlhQ2/oqNhSK2foSdf+NssqAmHhg4c8693HuPG3EmlWV9GQuLS8srq7m1/PrG5ta2ubNbl2EsCK2RkIei6WJJOQtoTTHFaTMSFPsupw13cJ36jSEVkoXBnRpF1PFxL2AeI1hpqWMWhqW2j1Xf9ZL78SG6REc/345ZtMrWBGie2BkpQoZqx/xsd0MS+zRQhGMpW7YVKSfBQjHC6TjfjiWNMBngHm1pGmCfSieZHDFGB1rpIi8U+gUKTdTfHQn2pRz5rq5MN5SzXir+57Vi5V04CQuiWNGATAd5MUcqRGkiqMsEJYqPNMFEML0rIn0sMFE6t7wOwZ49eZ7Uj8v2Wfn09qRYucriyEEB9qEENpxDBW6gCjUg8ABP8AKvxqPxbLwZ79PSBSPr2YM/MD6+AfiNl7A=</latexit>

v(x) = �xInversions



Inversions



Why does this work?



…you get many other scores for free
<latexit sha1_base64="jhtEsnT2hlG+iUgN2toPPh4/hbE=">AAACJXicbVDLSgMxFM34rPVVdekmWAQFKTMi1YUL0Y1LBatCpwyZ9E4NZjIhuSOWYX7Gjb/ixoVFBFf+imntwteBwOGcc8m9J9ZSWPT9d29icmp6ZrYyV51fWFxarq2sXtosNxxaPJOZuY6ZBSkUtFCghGttgKWxhKv49mToX92BsSJTF9jX0ElZT4lEcIZOimqHoWKxZFERpgxv4qS4LyMsQ5n1qHYiwj0WiRRaQ7fcwXLre2w7qtX9hj8C/UuCMamTMc6i2iDsZjxPQSGXzNp24GvsFMyg4BLKaphb0Izfsh60HVUsBdspRleWdNMpXZpkxj2FdKR+nyhYam0/jV1yuKT97Q3F/7x2jslBpxBK5wiKf32U5JJiRoeV0a4wwFH2HWHcCLcr5TfMMI6u2KorIfh98l9yudsImo3m+V796HhcR4Wskw2yRQKyT47IKTkjLcLJA3kiL2TgPXrP3qv39hWd8MYza+QHvI9P3YynVA==</latexit>

rxt log pflipped,t(xt)
<latexit sha1_base64="fQY282wBS8rFb7nGtP6e4Wf54Ag="></latexit>

rxt log protated,t(xt)
<latexit sha1_base64="T1VG1uL0J142rs8v41gZolylfiA=">AAACJnicbVBNS8NAFNz4WetX1aOXxSIoSElEqheh6MWjgtVCU8Jm+1IXN5uw+yItIb/Gi3/Fi4eKiDd/itvag1YHFoaZ99g3E6ZSGHTdD2dmdm5+YbG0VF5eWV1br2xs3pgk0xyaPJGJboXMgBQKmihQQivVwOJQwm14fz7ybx9AG5Goaxyk0IlZT4lIcIZWCiqnvmKhZEHuxwzvwijvFwEWvkx6NLUiQh/zFHScIXSLAyz2fs7tB5WqW3PHoH+JNyFVMsFlUBn63YRnMSjkkhnT9twUOznTKLiEouxnBlLG71kP2pYqFoPp5OOYBd21SpdGibZPIR2rPzdyFhsziEM7OTrSTHsj8T+vnWF00smFSm1Kxb8/ijJJMaGjzmhXaOAoB5YwroW9lfI7phlH22zZluBNR/5Lbg5rXr1WvzqqNs4mdZTINtkhe8Qjx6RBLsglaRJOHskzGZJX58l5cd6c9+/RGWeys0V+wfn8AuL1p+A=</latexit>

rxt log ppermuted,t(xt)

…

Compositionality

By learning the score…
<latexit sha1_base64="7LRTxlTnHWRZvo2xzZpcLXRKfFI="></latexit>

ωω(xt) → ↑↓xt log pt(xt)



Compositionality
<latexit sha1_base64="tXXcxAANlDLCCmVA1N00V0ilMz8=">AAACFHicbVDLSsNAFJ3UV62vqks3g0WoCCURqS6LblxWsA9oSphMJ+3QySTM3Igl5CPc+CtuXCji1oU7/8bpY1FbD1w4nHMv997jx4JrsO0fK7eyura+kd8sbG3v7O4V9w+aOkoUZQ0aiUi1faKZ4JI1gINg7VgxEvqCtfzhzdhvPTCleSTvYRSzbkj6kgecEjCSVzxzJfEF8VI3JDDwg/Qx8yBzRdTHsQflefXUK5bsij0BXibOjJTQDHWv+O32IpqETAIVROuOY8fQTYkCTgXLCm6iWUzokPRZx1BJQqa76eSpDJ8YpYeDSJmSgCfq/ERKQq1HoW86x0fqRW8s/ud1EgiuuimXcQJM0umiIBEYIjxOCPe4YhTEyBBCFTe3YjogilAwORZMCM7iy8ukeV5xqpXq3UWpdj2LI4+O0DEqIwddohq6RXXUQBQ9oRf0ht6tZ+vV+rA+p605azZziP7A+voFLTifiQ==</latexit>

rxt log pt(xt)
<latexit sha1_base64="jhtEsnT2hlG+iUgN2toPPh4/hbE=">AAACJXicbVDLSgMxFM34rPVVdekmWAQFKTMi1YUL0Y1LBatCpwyZ9E4NZjIhuSOWYX7Gjb/ixoVFBFf+imntwteBwOGcc8m9J9ZSWPT9d29icmp6ZrYyV51fWFxarq2sXtosNxxaPJOZuY6ZBSkUtFCghGttgKWxhKv49mToX92BsSJTF9jX0ElZT4lEcIZOimqHoWKxZFERpgxv4qS4LyMsQ5n1qHYiwj0WiRRaQ7fcwXLre2w7qtX9hj8C/UuCMamTMc6i2iDsZjxPQSGXzNp24GvsFMyg4BLKaphb0Izfsh60HVUsBdspRleWdNMpXZpkxj2FdKR+nyhYam0/jV1yuKT97Q3F/7x2jslBpxBK5wiKf32U5JJiRoeV0a4wwFH2HWHcCLcr5TfMMI6u2KorIfh98l9yudsImo3m+V796HhcR4Wskw2yRQKyT47IKTkjLcLJA3kiL2TgPXrP3qv39hWd8MYza+QHvI9P3YynVA==</latexit>

rxt log pflipped,t(xt)
<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

<latexit sha1_base64="ia9pt2FAXXTsmp1a/axWQQ1gLac="></latexit>

x ⇠ pprod(x) / p(x)pflipped(x)

Nan Liu, Shuang Li, Yilun Du, et al. “Compositional Visual Generation.” ECCV 2022 
Yilun Du, et al. “Reduce, Reuse, Recycle.” ICML 2023

<latexit sha1_base64="Y9ANNhwbQek3I6QO7a01EZP7QOc="></latexit>

= rxt log

✓
pt(xt)pflipped,t(xt)

◆

<latexit sha1_base64="WB4P401nMdG0Mv+VG1aTIDhrtss=">AAAB73icbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmYnvcmQmdl1ZlYIS37CiwdFvPo73vwbJ8keNLGgoajqprsrTDjTxvO+ncLK6tr6RnGztLW9s7tX3j9o6jhVFBs05rFqh0QjZxIbhhmO7UQhESHHVji6nfqtJ1SaxfLBjBMMBBlIFjFKjJXaXSbsFtS9csWrejO4y8TPSQVy1Hvlr24/pqlAaSgnWnd8LzFBRpRhlOOk1E01JoSOyAA7lkoiUAfZ7N6Je2KVvhvFypY07kz9PZERofVYhLZTEDPUi95U/M/rpCa6DjImk9SgpPNFUcpdE7vT590+U0gNH1tCqGL2VpcOiSLU2IhKNgR/8eVl0jyr+pfVi/vzSu0mj6MIR3AMp+DDFdTgDurQAAocnuEV3pxH58V5dz7mrQUnnzmEP3A+fwBFa5Aj</latexit>

=)

Very similar to composition in energy-based models, where you can 
add the energy functions together.



Source: Nan Liu, Shuang Li, Yilun Du, et al. “Compositional Visual Generation.” ECCV 2022

Other applications of compositional generation



Zero shot image manipulation via diffusion: summary

• Image translation by denoising from intermediate noise levels. 

• Manipulate cross-attention for prompt-based image editing. 

• Fill holes by constraining pixels during denoising. 

• This approach generalizes to other inverse problems. 

• Compose diffusion models by averaging their noise estimators.



Have a great spring break!


