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Diffusion Models: Markovian Perspective

Use variational lower bound

A Assumption:
T

A P(ﬂ?o T H $t 1|$t

A Forward Process:

A gailees) = N Ve, (1 - a)D)
A p(ZL'T) = N(KDTQ O:I)

A Reverse Process:
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A Maximum Likelihood Estimation (MLE)

is Equivalent to

arg;nin Eivvi2,1) [[Eq(zt|m0) [Dx(g(xi-1]ze, o) || Pﬂ(mt—1|$t))]]



Vanilla Score Matching
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Real Data Distribution

A Sparse

A Disconnected

A Non-overlapping modes




Vanilla Score Matching

A Limitations:

A Poorly defined for real-world data

A Inaccurate score estimation for low-

density region

A Poor sampling with large low-density

region




Score-Based Generative Model

Diffused Data Distributions .
Data Noise

A Extending the distribution

~

A
P (@) = / p@)N (@, 07T)dz

A Score Matching for all noise levels

~

T
A argmin 30 ADE,., w.) [Is0(. 1) - Viog pr, (1)}

t=1

qa(xo) q(x1) q(x2) q(x3) q(xr)

https://miro.medium.com/v2/resize:fit: 1400/ 1*gum PfXwQ YKNNnnIGXAGUIRA.png



Score-Based Generative Model

A Limitations of vanilla score matching: A Advantages of score-based generative model

A Poorly defined for real-world data A The support of a Gaussian noise distribution is

the entire space.

A Inaccurate score estimation for low- A Increase the area of each mode by adding
density region noise.

A Poor sampling with large low-density A Different modes are connected by adding
region noise.

https://miro.medium.com/v2/resize:fit: 1400/ 1*gum PfXwQ YKNNnnIGXAGUIRA.png



Diffusion Models: Stochastic Differential Equation Perspective

Forward SDE (data — noise) -
Probability Flow ODE:
x( dx = f(x, t)dt + g(t)dw

0)
A deterministic reverse process

A score function
‘(7 dx = [f(x,t) — ¢°(t)Vx log p:(x)|| dt + g(t)dw

Reverse SDE (noise — data)

dx = [f(x,t) - %g(t)2vx logpt(x)]dt

Exact Solution form of PF-ODE

The only unknown term is the score function. Ay
Ty = — T, — / e ép(Ex, N)dA.
Train a neural network through score matching! Qs s
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Diffusion Models
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Time to generate one image [s]

. Slow Inference Speed

How to speed up the diffusion generation?

A Reducing the number of function
evaluation (NFE).

A Better Solvers.

~

A Adversarial post-training.

A Parallel Sampling.

A Distillation.

Naive distillation.
Guided distillation.
Score distillation.
Consistency distillation.
Rectification.
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DPM-Solver
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Diffusion Models

*LAFITE e Diffusion
e GAN
o StyleGAN-T oI BM GLlDE
Stable Diffusione®
eImagen eDiff-]e
1 3 5 10 15 20 25 30 35

Time to generate one image [s]

. Slow Inference Speed

How to speed up the diffusion generation?

A Reducing the number of function
evaluation (NFE).

A Better Solvers.

A Adversarial post-training.

A| Parallel Sampling.

A Distillation.

Naive distillation.
Guided distillation.
Score distillation.
Consistency distillation.
Rectification.
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Picard Iteration




Lower Bound of Picard Iteration = Sequential Denoising

1=0
t—1

1 i 1 t
_ | k X
= (mo + T ;5(%‘ ; f)) Fs(mt, T)

1 t
= :cf_"l + fs(mica f)

1 t

1 t
=z} + Zs(al, ) = T,



Parareal Algorithm

SO - @ @

(a) Sequential Sampling

(b) SRDS

fi_ll [f-(mzatzatz—l—l)] ([g p+1 tzat%—l—l)] g(wzat%at%—l—l))

Fine Solver (Parallel) Coarse Solver (Sequential)
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Diffusion Models

*LAFITE e Diffusion
e GAN
o StyleGAN-T oI BM GLlDE
Stable Diffusione®
eImagen eDiff-]e
1 3 5 10 15 20 25 30 35

Time to generate one image [s]

. Slow Inference Speed

How to speed up the diffusion generation?

A Reducing the number of function
evaluation (NFE).

A Better Solvers.

A Adversarial post-training.

A Parallel Sampling.

/A Distillation. )
A Naive distillation.
A Guided distillation.
A Score distillation.
A Consistency distillatior].
A

Rectification. /




Understanding Diffusion Models from the PF-ODE path

We know the derivative w.r.t. time o.

dx = [f(x,t) — %g(t)zvx logpt(x)]dt

N

PF-ODE Discretized numerical solving. Naive distillation.

Discretization errors!
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Distillation Techniques: Progressive Distillation
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Algorithm 2 Progressive distillation

Require:
Require:
Require:
Require:

Trained teacher model %X,(z;)
Data set D

Loss weight function w()
Student sampling steps N

for K iterations do
0+n > Init student from teacher
while not converged do

x~7D

t=1/N, i~ Cat[l,2,...,N]

e~ N(0,I)

Zi = 04X + 0€

# 2 steps of DDIM with teacher
t'=t—0.5/N, t'=t—1/N

zy = owXy(2e) + 75 (2e — 0Xn(21))

zZyr = Ry (2yr) + T (20 — Xy (20))

Zyrr —(a‘tn /a‘t)zt
Qe — (crtu/at)at

= logef/o?] ,
Le — w(A)|% — %o (20) 3
0« 60— ’YVQLQ

i = > Teacher X target

end while

n<+0 > Student becomes next teacher

N < N/2 1> Halve number of sampling steps
end for
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Distillation Techniques: Consistency Distillation

fﬂ(xt’atl

fﬂ (Xt . t

Xt, t)

f@(XT:T)

(xt’ ) t,)

Noise

(x7,T)

Algorithm 2 Consistency Distillation (CD)

Input: dataset D, initial model parameter @, learning rate
n, ODE solver ®(-,-; ¢), d(-,-), A(-), and p
0 <0
repeat
Sample x ~ D and n ~ U[1, N — 1]
Sample x;,, ~ N(x;t2_ ,I)

)A(fi Xt + (tn - tn+1)‘I’(xtn+1a tn+1§¢)

L£(0,07;9) <
A(tn)d(Fo(Xt, s s tns1), Fo- (57, t))
6 —0—nVeLl(0,607;9)
60— < stopgrad(u6— + (1 — p1)0)
until convergence




Training

Inference (multistep)

Distillation Techniques: Phased Consistency Distillation

Diffusion Models Consistency Models Consistency Trajectory Models  Phased Consistency Models
Fit score function Fit ODE solution Fit arbitrary ODE trajectories  Fit phased ODE solutions
Discretization error Stochasticity error

A_O XL A

Training and inference mismatch

Algorithm 1 Phased Consistency Distillation with CFG-augmented ODE solver (PCD)

Input: dataset D, initial model parameter @, learning rate 7, ODE solver ¥(, -, -, -), distance metric d(-, -),
EMA rate p, noise schedule e, o+, guidance scale [wmin, Wmax|, number of ODE step k, discretized timesteps
to=€e<t; <ty <---<ty=T,edgetimesteps so = tg < 81 < 82 < -~ < spr = tn € {t;} ¢ to
split the ODE trajectory into M sub-trajectories.
Training data : Dx = {(x,¢)}
0 0
repeat

Sample (z,¢) ~ Dz, n ~U[0, N — k] and w ~ [Wmin, Wmax]

Sample x:,,,, ~ N(a, 207, T)

Determine [$m, Sm+1] given n

xfn — (T + W)W (X, 00 bntky tny €) — WU (Xt gy btk tny @)

Ksp, = fén(xtn+k s bntk, C) and ism = fﬂ— (Xf; ylny C)

Obtain X, and X, through adding noise to X,,, and X5,

L£(8,07) = d(Xs,,,Xs,,) + A(ReLU(1 + %) + ReLU(1 — %))

0+ 0 —nVel(0,07)

6~ «+ stopgrad(pu@~ + (1 — p)8)
until convergence




Application: AnimateLCM

e AnimateLCM support
o NOTE: You will need to use autoselect or lcm or 1lcm[10@_ots] beta_schedule. To use fully with LCM,
be sure to use appropriate LCM lora, use the lcm sampler_name in KSampler nodes, and lower cfg to
somewhere around 1.0 to 2.0. Don't forget to decrease steps (minimum = ~4 steps), since LCM converges
faster (less steps). Increase step count to increase detail as desired.

* AnimateLCM-12V support, big thanks to Fu-Yun Wang for providing me the original diffusers code he created
during his work on the paper
o NOTE: Requires same settings as described for AnimateLCM above. Requires Apply AnimateLCM-I2V
Model Gen2 node usage so that ref_latent can be provided; use Scale Ref Image and VAE Encode
node to preprocess input images. While this was intended as an img2video model, | found it works best
for vid2vid purposes with ref_drift=0.0 , and to use it for only at least 1 step before switching over to
other models via chaining with toher Apply AnimateDiff Model (Adv.) nodes. The
apply_ref_when_disabled can be set to True to allow the img_encoder to do its thing even when the
end_percent is reached. AnimateLCM-I2V is also extremely useful for maintaining coherence at higher
resolutions (with ControlNet and SD LoRAs active, | could easily upscale from 512x512 source to
1024x1024 in a single pass). TODO: add examples

Downloads last month
73,760




1-step

2-step

Application: AnimateLCM




Consistency Training

ho(xi,t) <=1 + ho- (Xr,7)

CD: Solving ODE with €g (X, t)

Bootstrapping

Low upper-bound

Ar
T~ €p(Xy, t)f e A+ O((\ — \)?)
)‘Y Stable Consistency Tuning A t
r'\ ,:fb Solving ODE through
i 4 approximating . o '
. N €(x;, 1) Consistency Distillation

CT is a special case of SCT with
only one reference sample xg

A'r
rre(x,txg) | e A+ O((A — A)?)
At

CT: Solving ODE with €(X¢, t; Xg)
High training variance
X i.i.d samples x, ~ P,

Consistency Training



Ground Truth of Score Estimation: Stable Consistency Tuning

Vi, log Pt(xt | €) = Ep(xy|xs,c) [Vx, log Pr(xt | %0, ¢)]

_E P(xg | x¢, €)
P(xo|c) ] P(x | c)

th log Pt (Xt | X0 C)

) P(Xt | X0, C)
P(xo|c) i P(Xt | C)

—E —P(Xt | XO)
P(xo|c) | P(x; | c)

i=0,...n—1 (4)
1 P(x; |x0 ) (4)
- > P, Vi, log Py (x; | x3”)
{x§7 }~P(x0c)

Vi, logP(x; | xg,c)

th log Pt (Xt | XO):|

&

" )i Dot PO [0,

&

Vi, log P (Xt | X(()i))

i=0,...n—1 (5)
1 P :
_ 1 Z (x: | x57) V., log Py (x | X(()%))
no S o enion Pl | x$)
(%P }~P(xo|c) “x§e{x{} T\t TR0



VoLysp(0) £ Ei e [w(t) (€pretrain (X1, 1, Y©) — €4(x4, t, ¢, Y))

A DS(R photo of dog

wearing red cunglossec —
at the beach”

ﬁ - ; g l‘ -~
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Distillation Techniques: Score Distillation

06

Backpropagation

— _—
e, =+ addnoise ¢’ 6 ¢ - =- L
BN i » L diff
D LoRA
3

Backpropagation

Algorithm 1 SwiftBrush Distillation

dg(0,c)

1:

2:
3:

A A A

10:
11:
12:
13:
14:
15:
16:

Require: a pretrained text-to-image teacher €y, a
LoRA teacher €4, a student model fp, two learning rates
m and 72, a weighting function w, a prompts dataset
Y, the maximum number of time steps 7' and the noise
schedule {(c, 0¢)}1_; of the teacher model
Initialize: ¢ < 1, 0 <
while not converged do

Sample input noise z ~ N (0, I)

Sample text caption input y ~ Y

Compute student output &g = fy(z, y)

Sample timestep ¢ ~ U(0.027",0.987)

Sample added noise € ~ N (0, 1)

Compute noisy sample Z; = ;o + o€

0 0—m [w(t) (ey(Zt, 1, y) — €p(4,t,y)) B_jgu]

Sample timestep t' ~ U(0,T)

Sample added noise ¢’ ~ N (0, I)

Compute noisy sample Zy = ap &g + o€

6 — ¢ - mVlles(an, t'y) — |
end while
return trained student model fy




Distillation Techniques: Score Distillation

T

£0) =DM p0,0) = [ w(OB a1, [Ape @) 0 (@)

Generator gg : p, — Pe, Pot = Po * N (0, ), sg4(x¢) = Vx, log pa+(xt)

impossible to compute %Se,t(xt)



Score Divergence Gradient Theorem

T

£0) =DM p0,0) = [ w(OB a1, [Ape @) 0 (@)

, 0
Ethpsg[G],t [d (Spe,t (mt) - SQ’t (wt))%spe,t(mt)] (36)

9 , T
o IR T | C{CWSHCARPNER)] [{spsgm,t(wt)vmtlogqt(wtm)}].

89 ®y|eg~ag (g |2g)

Simplify

dy (s, t) - xo

Ignore



Application: Casual Vid

Bidirectional Teacher CausVid (Ours)

Preparing... Preparing...

Progress: 0/1 Progress: 0/15

> xuhuang-8464291930-0-0:472752: 473617 C INFO NET/OFI NIC group 5 2
@->-1 [24]) > Xuly an 0464291930-0-0:472752:473617 INFO NET/OFI NIC group 6 #0

1/ 1/-1->8->-1 [28] -1/~1/-1-> f=1=> ¥ 1472752:473617 INFO NET/OFI NIC group 6 e #1

l\lhudn)—\Abd?‘)l'Q%(‘—ﬁa’) 1473617 C INFO NET/OFI NIC group 6 de #2

xuhuang-0464291930-0-9 2 473617 v INFO NET/OFI NIC group 6 3

06858 [8] NCCL INFO Connec all rings ng-2464291938-0-9:472 473617 (@ CL INFO NET/OFI NIC group 7 #0

thudnq~046‘h‘}1°’9 Lan 06058 (@) NCCL INFO Connected all tr xuhuang-8464291930- 2:473617 INFO NET/OFI NIC group 7 ce #1
7 2 #2

huang-0464291930-0— 06058 [0] NCCL INFO 32 coll channels, 32 collnet channels, 8 nvls 946429193009 473617 INFO NET/OFI NIC group
channels, 32 p2p channels, 32 p2p channels per peer 3 1473617 INFO NIC group 7 device #3 3
xuhuang-0464291930-0-0:504194:506058 (@) NCCL INFO TUNER/Plugin: Failed to find ncclTunerPlugin_ xuhuang-8464291930-0-8 21473617 CCL INFO NET/OFI Libfabric provider associates MRs w
v2, using internal tuner instea ith domains
xuhuang-0464291930-0-0:504194:506058 [0] NCCL INFO ncclCommInitRank comm @x55a809dbc94@ rank @ n xuhuang-8464291930-0- 1473617 ¥ INFO Using non-device net plugin version @
ranks 1 cudaDev © nvmlDev © busId 53000 commId @x54a3128ee@cl121fbc - Init COMPLETE iuhudr'g- 0464291930-0-0:472 1473617 NCCL INFO Using network AWS Libfabric




Distillation Techniques: Rectified Flow
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Distilled (V

N=1000

N=1
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A High-quality few-step generation.
A Flexibility on inference steps.

~
A

A Simple forms.




Distillation Techniques: Rectified Flow

A Linear interpolation.
Xt - tX]_ + (]. - t)X()

1.
i --m- Transport Cost

i --#- Straightness

A v-prediction.
0 Refl llost 2.0
eflow Step
dX t — (X 1 — X 0 ) dt (2)The 1st rectified flow Z* (b) Reflow Z2 (c) Reflow Z° (d) Transport cost,
Z'! = RectFlow((Xo, X1)) zZ? = RactFlou((Z&, z1y) Z3 = RectFlou((Zg, le)) Straightness

A Rectification (Reflow).

e Rectified Flow
s Linear
h, S Interpolation

(a) Linear interpolation (b) Rectified flow Z; (c) Linear interpolation (d) Rectified flow Z{
Xt =tX1+ (1 —t)Xo induced by (Xo,X1) Zy =tZ1+ (1 —t)Zp  induced by (Zo, Z1)



Diffusion Models: A (relative) Unified Perspective

DDPM (Variance Preserving) o; = 4/1 — o.fg

/ EDM (Variance EXplOdIng) o = ]_ Omax — 80
X = X + O+€
\ Rectified Flow 5

| » P O
(Flow Matching)

Sub-VP " p |



The Magic of Rectified Flow: Retraining with Matched Noise-Sample Pairs

Algorithm 1 Flow Matching v-Prediction Algorithm 3 Rectified Flow v-Prediction

Input: Input: noise-data pair (€, %)
Sample x( from the data distribution Sample xyfrom-the-data-distribution
Sample time ¢ from a predefined schedule or Sample time ¢ from a predefined schedule or
uniformly from [0, 1] uniformly from [0, 1]
Sample noise € from normal distribution Sample-noise-e-fromnormal-distribution

X

(%o

Backpropagate and update parameters Backpropagate and update parameters




Rectified Flow Training Is a Subset of Diffusion Training

Algorithm 1 Flow Matching v-Prediction

Input:

Sample x( from the data distribution

Sample time ¢ from a predefined schedule or
uniformly from [0, 1]

Sample noise € from normal distribution

Backpropagate and update parameters

Algorithm 2 Diffusion Training e-Prediction

Input: oy, o

Sample x( from the data distribution

Sample time ¢ from a predefined schedule or
uniformly from [0, 1]

Sample noise € from normal distribution
Compute x; : X; = a4 - Xg + 0y - €

Predict noise € using the model: € =
Model(x;, )

Compute loss: £ = ||é — €||3

Backpropagate and update parameters




Rectified Diffusion: Extending Rectified Flow to General Diffusion Models

.

Noise

1

Pretrained
Diffusion Models

~

Input

l Generate Data (ODE)

— Paired (Noise, Image)

/

Paired (Noise, Image) Tralning Efficient
» Mg Flow Matching Models
Straight ODE path
Rectified Flow v-prediction

One-step Generation

Rectified Diffusion First-Order ODE (Curved or Straight path)
Arbitrary prediction type

(OLII’S) One-step generation

Training Efficient

Paired (Noise, Image) Diffusion Models

Algorithm 4 Rectified Diffusion e-Prediction

Input: noise-data pair (€, Xg), o, 0y

Sample time ¢ from a predefined schedule or
uniformly from [0, 1]

Compute x; : X; = q;Xo+0¢ - €

Predict noise € using the model: € =
Model(x:, t)

Compute loss: £ = ||€ — €]|3

Backpropagate and update parameters




Rectified Diffusion: the Essential Training Target Is First-Order Approximated ODE

Flow-Matching

EDM

tre+ (1=

£ x0

0.0

0.2 0.4 0.6
Dimension 1

Dimension

Dimension 1

1.4

Dimension 1

1.00
Dimension 1

(d) Sub-VP (e) Transformed

Important points of first-order approximated ODE:

A It has the same form of predefined diffusion
forms.

X; = QX + O€

A 1t can be inherently curved.

A It can be transformed into straight lines with
timestep dependent scaling.

— o
Yt = 5, X0 T €



Rectified Diffusion Vs Rectified Flow

1-step FID and CLIP Score of Rectified Diffusion over Training Iterations

30.0
—8— 1-step FID of Rectified Diffusion —&— 1-step CLIP Score of Rectified Diffusion
50 =~ 1-step FID of Rectified Flow (47.91) ---1-step CLIP Score of Rectified Flow (27.29)
______________________________________________________________________ -29.5
45
-29.0
A 40
= -28.5

35 1 -28.0

30 ] L 27.5

25000 50000 75000 100000 125000 150000 175000 200000
Training Iterations

CLIP Score



Rectified Diffusion Vs Rectified Flow

Rectified Flow
1-step

low

Rectified Flow Rectified Flow

Rectified Flow
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Human Preference Learning

Low quality data High quality data i Human feedback RLHF
Text Demonstration | Comparison Prompts | Three ways for Preference Optimization:
e.g. Internet data data i data E
e . E Trained to give Optimized to generate E
Opt\mlzrfd for Fmetu‘ned for i a scalar score for responses that maximize .
text completion dialogue ! (prompt, response) scores by reward model I
Language Supervised i . Reinforcement ! A D|fferent|a| Reward
. . . : Classification . |
modeling finetuning ' Learning !
Pretrained LLM SFT model Reward model Final model A Relnfo rcement Learnlng
‘ i
Scale >1 trillion 10K - 100K 100K - 1M comparisons 10K - 100K
May 23 tokens (prompt, response) (prompt, winning_response, losing_response) prompts ~
A Direct Preference Optimization
ExampLes GPT-x, Gopher, Falcon, Dolly-v2, Falcon-Instruct InstructGPT, ChatGPT,
Bolded: open LLaMa, Pythia, Bloom, Claude, StableVicuna

sourced StableLM

https://huyenchip.com/2023/05/02/rlhf.html



Reinforcement Learning

The generation process of generative models can be seen as Markov decision process (MDP)

A Large language models.
A Token-by-token prediction.
A Each token sampling can be seen as an action following the implicitly defined policy.
A All the generated tokens can be seen as state.
A Reward Models: LLMs.

A Diffusion models.
A Step-by-step prediction.
A Each step can be seen as an action following the implicitly defined policy.
A Last denoised results can be seen as state.
A Reward models: VLMs or CLIP.



Direct Preference Optimization

Max By pyror [1(2,y)] — Ak [1(y]2)| [ Toct(y]2)]

(yle) = ' (4lo) = s muelylo) exp (%r(x,w)
r*(z,y) = Blog ™ (o) + Blog Z(x)

7Tref(y|5l")



Direct Preference Optimization

exp ([3 log % + Blog Z(m))

*x >_ —
D (yl y2|37) : * (y1|2) log 7 ] T (yz2|x) log Z
exp | Blog — = + Blog Z(x) ) + exp | Blog + Blog Z(z)

Tret (Y1 |T) Tref (Y2 | )
B 1
m* (yz2|z) ™ (y1|x)
]- + exp (/8 log Wref(y22|.’12) 5 g Wref(y1|$))
o (Blog T _ g Tle)).

7Tref(yl |-’E) 7Tref(yQ |.’E)




Differential Reward

Reward

T [— J(OLORA) = 7(X0)

“majestic
lion”

C A
X
T 0 ’Aesthetic Score
Sample(0°™, 8%°F* ¢, x7) PickScore
S Compressibility
DRaFT -— Object Detection

DRaFT-K



Classifier-free guidance

P ) 1Y
Vaz, log Pe(x:lc;t) + Vg, log [M}

Po(x:|c’; 1)

€5 = (w+ 1)eg(xs,c,t) — weg(xy, ', 1)

€g = (w+ Deg (x4,c,t) —w

pos



Diffusion Negative Preference Optimization

Pretrained
Diffusion
Models

Diffusion Models‘

I

(Prompt, Image 1,
Image 2)

Training

Preference Optimization

Diffusion Models‘

[

(Prompt, Image 2,
Image 1)

Switched Image Pairs

Negative Preference Optimization

Preference Aligned
Diffusion Models €0,

Noise, Prompt

[e =(w+ ey

pos (xf’ t, CPOS) - wegneg (xf‘ t, Cne.q)}
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To train Diffusion-NPO, we only need one line code.
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Diffusion Negative Preference Optimization

We only need one line code for Negative Preference Optimization

A Reinforcement learning or differential reward
A Negating the output of reward model

Rnpo(x,¢) =1 — R(x,¢)

A Direct preference optimization
A Switch the order of preference annotations

r = (Xg,X1,C)

NPO — (Xl s X0 5 C)



Diffusion Negative Preference Optimization
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Diffusion Negative Preference Optimization



