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Introduction: Photomontage
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The Constructor, El Lissitsky, Album cover for The Beatles,  Mask XXXV, John
1924 Sgt. Pepper’s Lonely Hearts Stezaker, 2007

Club Band, 1967
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Generative Photomontage: Task Description
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Generation of ControlNet:

akin to a dice roll, hard to achieve a single image that captures everything a user wants.
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Input Canny edge

Default

“masterpiece of fairy tale, giant deer, golden antlers”  “..., quaint city Galic”

What if the user wants to keep the dear, moon and background from each result respectively?
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Generative Photomontage: Task Description

Existing methods that add various conditions to text-to-image models for greater user control fail

to adhere closely to the input conditions.

Faithfully preserve & compositing harmoniously, using a stack of ControlNet output image.

ControlNet Inputs ControlNet Outputs

ControlNet

“A robot
from the future”
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Background

Attention

Diffusion Model —

ControlNet

Traditional
Segmentation

Generative
Photomontage
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Background: Attention Mechanism

Calculate similarity in , and weight sum using
* Long-range dependency and dynamic weight
+ Global information capturing
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Background: Cross Attention N RS

Q comes from the image, while K and V come from the conditional control.

Q
Image (bh*w,d)

Resh |
=]

1 f @) (5 n*w,m) (o) Q : Specifies the image’s structure and layout

Context Embedding (b, ,d)
1 .
e / r.
E [ﬁe.’_ll".".lm.l.f'l.-

L3 L

near

K : Compact representation of the generated image

Linear

V : Injects detailed appearance information into the output

Linear

v
(b,n ,d)

Yuval Alaluf, Daniel Garibi, Or Patashnik, Hadar AverbuchElor, and Daniel Cohen-Or. Cross-image attention for zeroshot appearance transfer. In ACM SIGGRAPH, 2024. 10
Mingdeng Cao. Masactrl: Tuning-free mutual self-attention control for consistent image synthesis and editing. In IEEE International Conference on Computer Vision (ICCV), 2023.



Background: ControlNet
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Background: ControlNet

Sketch Normal map Depth map Canny[l |Jedge M- LSD[ 4] line HED[Y!] edge @ ADE20k[Y6] seg. Human pose
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Background: ControlNet

Due to the zero convolutions, ControlNet always predicts high-quality images during the entire training.

At a certain step in the training process, the model suddenly learns to follow the input condition.

/. .
ﬁ.—l'r" : Insufficient prompt Perfect prompt
M (w/o mentioning “house”) Conflicting prompt “a house, high-quality,
. No prompt “high-quality and detailed masterpiece” “delicious cake” extremely detailed, 4K, HQ”
(a) condiltmn )
- zeroconv |

input el
4 H

" origin aj[ copy )

Zero conv
oulpul " (proposed)

neu *
) _condition_

blo
mput — g
4 i i_

output  (w/o zero conv)
(c) -

: condition

mput

origin |

d— i1
(initialize lightweight Z- a8
layers from scratch)

output
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Background: Traditional Segmentation

Max-Flow/Min-Cut

SOurce

source

https://blog.csdn.net/Ponyo HPfishy/article/details/103127138 14
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Background: Traditional Segmentation

Segmentation with 2 labels and
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Property 4.2(a) Property 4.2(b) Property 4.2(c,d)

15
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Generative Photomontage: Task Description

Existing methods that add various conditions to text-to-image models for greater user control fail

to adhere closely to the input conditions.

Faithfully preserve & compositing harmoniously, using a stack of ControlNet output image.
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Generative Photomontage: Task Description

Segmentation
(a)

comp
“A rock on grass” ControlNet K

Multi-label

graph cut ’ ‘

(G) Qmodel Q Q

I I —>» - — ControlNet _
K i K _’ KCfmp. L ﬁ__ >| ( —>
t1 1%

vV V V Vcomp Qcomp Kcomp Vcomp

reshaped I o = inject: self-attention layers

Composition
17
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Step1: Segmentation with Graph Cut

An image stack of images, labeled 1 to

Assign the image label to pixel : =
From sparse to dense: optimization e
ControlNet Input ControlNet Output + User strokes Our Output
“A Japanese-style ,_\ A

stone house” \ ‘ \

(a) +

| |

18



Step1: Segmentation with Feature-Space Graph Cut
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Step1: Segmentation with Feature-Space Graph Cut

Optimization: to minimize the energy cost function.

Obeying the conditional control is highly appreciated. A natural seam is highly appreciated.

20



Segmentation with Feature-Space Graph Cut (Skip)
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Energy Cost for Optimization: pixel-scale layer label assignment

Etotal(L) — E E p, _|_ E E pa QaLpa Lq) S: Stroke  L: Label p, g: pixel from
Unary costs p,q Pairwise costs
= 10°
"
E(p.L,) = < C if S(p,7) =1and L, # i
P, Lp) = :
0 otherwise, . | o
\ Encourage the segmentation boundaries to align with
= 102 the common semantic edges across all images(Ks).
- _|Fa B —14)] ;
SN dem o if Ly, # L,
E(pa q, Lpan) =5 = 10! :
0 otherwise,

is a feature vector derived from the key features K of image at location . To capture

the most important features, consists of the top-10 PCA components of K at location »
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Segmentation with Feature-Space Graph Cut: Max-Flow/Min-Cut

Energy Cost for Optimization: pixel-scale layer label assignment

Eiora (L Z E( p, ) + Z E(p,q,L,, L,), Suppose that there are only

two labels.

Unary costs p,q Pairwise costs

22
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Segmentation with Feature-Space Graph Cut: Max-Flow/Min-Cut
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Generative Photomontage Method: Composition
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Multi-label
graph cut

Segmentation via graph cut

_’

Kcomp

. _}

°J

?

ControlNet

;TM

(c) Qmdel Q Q QQcomp
I I I - “A rock on grass”
K i K Ko
vV V V Vcomp Qcomp Kcomp Vcomp
i
I ‘ reshaped I o s

inject: self-attention layers

24




Generative Photomontage Method: Composition
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D e
(c) Qmodel Q Q

comp
[

=M ®Q

model

l

reshaped

_’I | H

“A rock on grass”

Qcomp Kcomp Vcomp

ControlNet

A A

114

I ZMlz QQ;v

=B

inject: self-attention layers

Graph-cut Result

(image-space visualization)

Inject Q®

25



Generative Photomontage Method: Composition
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Generative Photomontage Method: Composition
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Generative Photomontage Method: Composition

Kcomp

2 . : :
. “ influences the image structure, while
and influence the appearance.”

Graph-cut Result

i B model
(image-space visualization) InJeCt Q Use Q

28
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Generative Photomontage Method: Results

(b) “A futuristic temple”
+

-

C-]

- -y

(c) “A colorful snake on
a branch”

Appearance Mixing

29
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Generative Photomontage Method: Results

ControlNet Input ControlNet Output + User strokes Our Output

(b) “A waffle pancake”

(c) “A dancer”
+

Shape and Artifacts Correction

30
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Generative Photomontage Method: Results

“A red fairy, a green fairy,
and a blue fairy
sitting from left to right “Fairies sitting “Green fairies “Red fairies “Blue fairies

in a brown boat” in a brown boat” sitting in a boat” sitting in a boat” sitting in a boat”

Prompt Alignment

31



Generative Photomontage Method: Evaluation

Input Strokes

g .
32

SAM | ol
(adapted) - &

Our
Graph Cut i '.
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Generative Photomontage Method: Evaluation

Image regions to blend Digital Photomontage  Blended Latent Diffusion  MasaCtrl + ControlNet
(from graph cut) '

I
’

Global apearane ”

Interactive Blended : Deep
O Diginl  Lwem tER e Comig Imige  GP-GAN RS
Photomontage  Diffusion i i Blending i
Masked LPIPS | 0.104 0.085 0.187 0.188 0.198 0.380 0.252 0.220 0.244
PSNR 1 23.44 21.12 21.17 20.66 19.50 20.31 18.35 18.11 20.95
_ AeamGoatibnf Seor 0335 0312 0.386 0.326 0.341 0.394 0301 0207 0487
min: 0.256, avg: 0.337, max: 0.427

Local appearance fidelity 33
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Generative Photomontage Method: Conclusion

Pros:
« Treat ControlNet output as intermediate outputs, avoid complex algorithms.
« Training-free method!

« Gives users more fine-grained control over the final output.

Qur Qutput

ControlNet Input ControlNet Output + User strokes

from the future”

34



Generative Photomontage Method: Conclusion
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Cons:

If the target object has a curvy outline, it may require additional user strokes to obtain a finer
boundary.
If the images differ significantly in scene structure, it will rely more on the user to select

proper regions to form a valid scene.

Needs explanation to the selection of | and the calculation of evaluation standards.
ControlNet ;) N—?E User strokes
Input far

ControlNet
Output

)

User
strokes

Our
Output

35
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