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Outline

= Diffusion models
= Text-to-Image generation

= Image-Poser: composition of Text-to-Image and Image-to-Image
models
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Diffusion Model

» Leading model to generate images

= Stochastic autoencoder
= encoder introduces noise
= decoder denoises the data

= Stochastic decoder transforms a noisy vector into a desired image
(possibly conditioned on semantic info such as a prompt, class, etc.)
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Forward Diffusion Process

q(Xs | Xt.1)

Xt

Distribution of the
noised images Output Mean p;,  Variance X,

] L
g(ze|zi—1)| = N (e W1 — Brxe—1), |Be])

Notations:

t :time step (from 0 to 7)

X0 : a data sampled from the real data distrition g(x) (i.e. xg ~ g(x))

B; : variance schedule (0 < f; < 1, and Sy = small number, f7 = large number)
I :identity matrix

From Steins (medium.com)
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Stochastic Transformation

= Recall the reparameterization trick:

» When x ~ P(x) = N(x|u, 0%)
then x = oe + u where e ~ N(€|0,1)

» Since q(x;|x.—1) = N(xt‘\/l — lgtxt—lugtl)
Then x; = /1 — Bex;_4 + \/Ee where € ~ N(€|0,1)
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Stochastic Transformation

= We can speed up the noise process by computing x, in one step:

X = J@xo + /1 — @€

where € ~ N(€|0,1)

@ =[li.;a;and a; = 1 - ;

See https://medium.com/@steinsfu/diffusion-model-clearly-explained-cd331bd41166 for derivation

= In the limit, x., is a random vector from an isotropic Gaussian

lim x, = \/@Xy ++/1 — &€ = € since @, — 0

t—o o0
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Reverse Denoising Process

From Steins (medium.com)

q(x; | xp1)

| q(x¢-1]xt) |
Xt-] X

» Forward factorization: q(xg, x4, ..., x7) = q(xo) [Tr=1 q(x¢|X—1)

» Reverse factorization: q(xg, X1, ..., x7) = [11o1 q(xr—1|x) g(x7)
= Since joint distribution is Gaussian then g(x;_q|x;) is also Gaussian

v q(x¢—qlxe) = N(xp—q|fig(x¢, t), 0¢d)
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Reverse Conditional Gaussian

= The reverse conditional q(x;_{|x;) = N(x;_1|fi; (x, t), 0:1) does not have a closed
form, but Ho, Jain and Abbeel (2020) derived the following approximation for fi,:

B 1 1—a;
fe(xg,t) = — (xt — Et)

v\ T-g,

where €; = N(€|0, 1) is the noise introduced at step t

= We do not know €;, but we can train a neural network €4 (x;, t) to approximate it:

Minimize L(0) = ||€; — €g(x¢, t)] Ii
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Training Algorithm

Repeat

= xo ~ q(xo)
= t ~uniform({1,...,T})
=e~N(0,I)

'xt=1/(,7tx0+ 1_&156
2
" 0 < 0 +1Vglle — eg(xs, D,
Until convergence
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[ ] [ ] [ ]
Training Algorithm
For each training step:

1. Randomly select a time step & encode it

Time step embedding

encode . Sl
t=14 »0.12/0.31/0.34] -
2. Add noise to image
Noisy Original Gaussian
image image noise

BI
| I
=
2
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3. Train the UNet

Noisy
image
i,

gan

Time step
embedding

loss
[INet E -'

True noise &

H.(

Predicted noise

From Steins (medium.com)
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UNet

From Cai, Wu and Chen 2022
Layer7

LayerT

r-
>

Layerb
Laye r'

Special type of
fully convolutional
neural network

' Conv+BatchNormalization+RelLU ﬁ Pooling operation

‘ Upsampling Layer — Skip-Connection
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Data Generation Algorithm

= xr ~ N(x|0,1)
» Fort=T,..,1do
=e~N(e|l0,)ift > 1,elsee =0
1

1 . 1—at
\/a_t<xt \/1—_C_Zt69 (xt, t)) + 0t€

= Return x|,

[ | xt—l =
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Data Generation Algorithm

1. Sample a Gaussian noise

xp~ N0, ) Eg T=1000
X100 ~ MO0, I)

Noisy image Predicted noise Denoised image  Noisy image Predicted noise

\1 EBI'\f' t) .\‘[‘.‘ \1 E,}(_\:. 1)

—>» UNet >

2. Iteratively denoise the image

Noisy image Predicted noise Denoised image  Noisy image  Predicted noise Time step embedding

i o £
X 1000 Ct,',\l.. [)

\1‘\ 0 8,.,| ,\‘A-. [) P 1

—> UNet 3. Output the denoised image

Denoised image X,

Time step embedding
t=1000

From Steins (medium.com)
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Results

Ho, Jain and Abbeel (2020)

Figure 3: LSUN Church samples. FID=7.89 Figure 4: LSUN Bedroom samples. FID=4.90

Diffused source Source Rec. A=0.1 A=0.2 A=0.3 A=0.4 A=0.5 A=0.6 A=0.7 A=0.8 A=0.9 Rec. Source
X, ~ alx, [ xo)

Denoised
interpolation

- ==
N\

. Image
wiw

manifold

Pixel-space Source Xo
interpolation

Source

Figure 8: Interpolations of CelebA-HQ 256x256 images with 500 timesteps of diffusion.
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Latent Diffusion Model (a.k.a. Stable Diffusion)

= Rombach, Blattman et al., 2022
= Speed up: performing the diffusion in a low dimensional latent space

= Conditional generation: condition denoising on text, images, etc.

T From Steins (medium.com)

[_atent data
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° " Conditioning k
Fu I I A rc h Ite ct u re k‘% E —>? Forward Diffusion Process >a l Semantic Map |
X0 =

“r Text

Repeat 7 times
Representations

Images

J ] :71,;‘ J I |
GD&-_:(_tHE&....:_e =

Yo -0 <1 7-1 t T
T
e = Time s :
Denoising UNet gg enl:f,l:d;;i_, Semantic Map |
B L L S R RS S e i
T s o «— I Text
- Q Q| Il | @ Q Concat Representations
"= KVIKY KV, KV
- Images
A I {‘ ___________________ I I o2
Switch

From Steins (medium.com)
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Results

= Rombach, Blattman et al., 2022

Text-to-Image Synthesis on LAION. 1.45B Model.

’A street sign that reads ’A zombie in the ’An image of an animal ’An illustration of a slightly ’A painting of a ’A watercolor painting of a ’A shirt with the inscription:

“Latent Diffusion” ’ style of Picasso’ half mouse half octopus’ conscious neural network’ squirrel eating a burger’ chair that looks like an octopus’ “I love generative models!” ’

—
" LATENT )
DIFFUSION

Generative
Models!

Figure 5. Samples for user-defined text prompts from our model for text-to-image synthesis, LDM-8 (KL), which was trained on the
LAION [78] database. Samples generated with 200 DDIM steps and 7 = 1.0. We use unconditional guidance [32] with s = 10.0.
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Text to Image Generation

"an astronaut
riding a horse"

v

Encoded
text ~ . .
Text encoder J O »  Diffusion model J - Decoder

64x64 initial

noise patch ¢

64x64 latent loop
tch
s x50

Credit: tensorflow.org/
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Many Image Models

Text-to-image generation Image-to-image generation

FLUX.1-dev

InstructPix2Pix

DALL-E 3
GPT-Image-1
PixArt-a o MagicBrush
Gemini 2.5 Flash
Stable Diffusion 3.5 Large
FLUX Kontext

Stable Diffusion XL
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Image-POSER

P - .
-~
Current Command Extract j
"Add one more Formula-1 car so there Com:1and
<>

A
a2t are 5 in total. Ensure the car is
integrated naturally into the scene."

Mohebbi, Abdulrahman, Miao, e Env |

: : 3 Previous Image = o R (o d
Poupart, Kothawade (2026) |  RemainingCommands =5 . 6 eTZ:Z:f .m:;:'::'.’ai&
N : : i Current Command = "Generate a
Image-POSER: Reflective RL | D2@set - e s formuiarcare \ it

racing in the grand prix."

for Multi-Expert Image R . il 4———Previous mage— 4

° LK) 1 . 6 e [ o
Generation and Editing, et | , : VLMReward
\ ] /

Embedded State s

(Current Command, Remai
Commands)

undeI‘ I‘eVieW. Current Command)
A 0,0
> -

3 ..

o

Select Expert a; —— Z
Frozen
—p
Experts DQN Agent 2
Reward Score = 0.7
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RL for model selection

= State: embedding([current command, remaining commends])

= Actions: set of text-to-image and image-to-image models
= E.g., {FLUX-1.dev, DALL-E, Pix-Art, Stable Diffusion, GPT-Image, Gemini,
InstructPix2Pix, Magic Brush, FLUX-Kontext}

= Reward function: Vision Language Model that critiques and rates each
image

= DQN: (state, action) = total reward
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Image-to-Image Generation Example

Add a person sitting in each of the four empty chairs without changing the layout of any of the chairs, tables or
background. Add a bowl of fruit on top of the table to the right. Make only the person sitting in the far back left
chair hold an dpple

; wwmsm!ss.«:m A O Y SR T
Remove all fruit from this Add a realistic bowl of

scene without disrupting
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Additional Examples

Fill in the empty white hole on the center watermelon slice as well as the

] Rotate the Ferrari so that the car is facing forwards and we see the front. Make
cucumber on the right of the cake. Add three more black seeds to the the car black instead of red. Change the title above it to be 'GREAT MOTORCARS'
watermelom for a total of six. Maintain the rest of the image and keep the cake instead of "MILLER MOTORCARS' while keeping the same font.
and other compositions the same.
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Text-to-Image Qualitative Comparison

Prompt PixArt-o SD 3.5 Large FLUX.1-dev  Gemini 2.5 Flash GPT Imagel Image-POSER

\ /B

i)

A basketball court in the middle of New
York City. Six players are playing 3v3.
There are also two spectators watching.

One player is mid-dunk in this sequence.

A soccer field under a bright noon sun.
The scoreboard in the back reads
"HOME 3 : AWAY 1’ in amber LEDs. A
midfielder in red jersey #7 is mid-kick,
right leg fully extended; a defender in
blue jersey slides in from the lower left.

Six paper boats float in a baking tray full
of marbles, while a red pepper mill to the
right of a blue mug watches the regatta.

y %’ WATERLOO
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Image-to-Image Qualitative Comparison

Input Image Instruction MagicBrush FLUX Kontext Gemini 2.5 Flash GPT Imagel  Image-POSER

Change the colors of the cars in the -
middle and on the right to match the car ==
on the left. Add six sailboats out in the
distant ocean background.

Change the color of the kitchen cabinets
to be vintage green. Add a stuffed turkey
cooking inside the oven visible from the
window. Add a stack of exactly three
pots on the kitchen countertop and one
single frying pan on the stove.

Apply an animated style to this image.
Remove the existing bills and replace
them with three new bills poking out of
the wallet. The bills should read, ‘$100’,
‘$20’, and ‘$50’ in that sequence. All the
bills should be green.
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Human Evaluation

Table 3: Win Rates from User Study. Table shows the average rate at which annotators preferred
Image-POSER’s outputs over a given baseline (higher is better for Image-POSER).

Text-to-Image

SD35Large SDXL DALL-E3 FLUX.1 GoT-R1-7B PixArt-« GenArtist GPT Image 1 Gemini 2.5 Flash
0.80 4 0.07 0.97 & 0.03 0.80 & 0.07 0.80 £ 0.07 097 £0.03 0.93 4+ 0.05 0.93 + 0.05 0.67 £ 0.09 0.57 £ 0.09

Image-to-Image

MagicBrush InstructPix2Pix FLUX Kontext GPT Image 1 Gemini 2.5 Flash
0.97 £0.03 0.97 £ 0.03 0.80 £ 0.07 0.67 & 0.09 0.60 £ 0.09
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