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Text-to-Video generation: "a horse galloping on a street"
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Text-to-Video generation: "a panda is playing guitar on times square"
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Pipeline of AIGC
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Inference

Training

Real-World Data



Generative Models

Given: observed data points {x;}/=,

Unknown: the groundtruth data distribution p(x)

Training Data

’--------

p(x)



Given: observed data points {x;}I-,
Unknown: the groundtruth data distribution p(x)
Training: to learn a model to capture p(x)

Sampling: generate from the learned distribution

Generative Models

7

A Good Generative Model

Good for training
+

Good for sampling

N\

’--------

Learned

Generated Data




Generative Models

Good old methods

Normalizing Flow

VAE

J

 Complicated math

 Mediocre quality

GAN

.

EBM

* GAN and VAE have fast sampling

* Training them is HARD



Generative Models

Good old methods

Modern methods

Normalizing Flow GAN
VAE EBM

Autoregressive ] [ Diffusion ]

 Complicated math
 Mediocre quality
* GAN and VAE have fast sampling

* Training them is HARD

Simple math Complicated math

Great quality Great quality
Slow sampling * Slow sampling

Stable training e Stable training



Good old methods |

Generative Models

s

7

\

Normalizing

7

\

VAE

* Cof

* Me

\_
* GAN and VAE have tast sampling

* Training them is HARD

Don’t we deserve something that is:

1.
2.
3.
4.

Simple math
Great quality
Fast sampling
Stable training?

e Stable training

~N

Modern methods

Diffusion ]

nplicated math

at quality

'—srcrw-;a'mp'lm'g—'—sﬁw sampling

e Stable training



Life Made Simple by Rectified Flow

Simple math

-- See right

Great quality
-- FLUX, Kling...

Fast sampling
-- One-step

Stable training
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Rectified Flow — Problem of Interest

Given: observed data points from two distributions

0 1
{x 7i1=1"’ Ty, {X; }?=1"’ T

Goal: find a transport map T such that,

Z1:=T(Zy) ~my when Z, ~ m,

Generative Models Domain Transfer




Rectified Flow — How?

One-step generation is not hard...
When your target distribution is simple

._

o o—  ©

mo ~ N(0,1) 4 : a single data point

. 2
meln EX0~7T0,X1~7T1 ||T9 (XO) - Xlll



Rectified Flow — How?

It starts to get harder even for two points

g -

mo ~ N(0,1) 4 : two data points

. 2
meln EX0~7T0,X1~7T1 ||T9 (XO) - Xlll



Rectified Flow — How?

It starts to get harder even for two points

Learned mapping - wrong!

—

mo ~ N(0,1) 4 : two data points

. 2
meln EXO~7TO»X1~7T1 ||T9 (XO) - Xlll



Rectified Flow — How?

It starts to get harder even for two points
Regression won’t give good generative models
How to fix?

Learned mapping - wrong!

—

mo ~ N(0,1) 4 : two data points

. 2
meln EX0~7T0,X1~7T1 ||T9 (XO) - Xlll



Rectified Flow — How?

What if the mappings are now straight ODEs?

mo ~ N(0,1) 4 : two data points



Rectified Flow — How?

What if the mappings are now straight ODEs?

mo ~ N(0,1) 4 : two data points

What if we average the velocity field instead?



Rectified Flow — How?

What if the mappings are now straight ODEs?

ODE: & = X, — X,, X, = tX; + (1 — D)X,

50% blue
Average points to mean

. .50% yellow

mo ~ N(0,1) 4 : two data points

What if we average the velocity field instead?
t=0



Rectified Flow — How?

What if the mappings are now straight ODEs?

ODE: & = X, — X,, X, = tX; + (1 — D)X,

More blue
> Average biases
. towards blue

Less yellow
®e -

mo ~ N(0,1) 4 : two data points

What if we average the velocity field instead?
t=0.1



Rectified Flow — How?

What if the mappings are now straight ODEs?

ODE: & = X, — X,, X, = tX; + (1 — D)X,
dt
//O

/V

/'/'
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mo ~ N(0,1) 4 : two data points

What if we average the velocity field instead?



Rectified Flow — How?

What if the mappings are now straight ODEs?

ax
ODE: E =7V

‘.\/O

mo ~ N(0,1) 4 : two data points

What if we average the velocity field instead?

We get a vector field that maps to the correct distribution with flows

Please refer to paper for why it holds



Rectified Flow — How?

What if the mappings are now straight ODEs?

ax
ODE: E =7V

o.\/O

mo ~ N(0,1) 4 : two data points

Let’s learn a NN to copy this flow field!

) 2
meln EX0~7T0,X1~7T1 | |v9 (Xt’ t) - v(Xt’ t) | |



Rectified Flow — How?

Let’s learn a NN to copy this flow field!

. 2
meln EX0~7T0,X1~7T1 ||v9 (Xt, t) - U(Xt, t)ll ,WheT'e Xt = tXl + (1 - t)XO

v(X;, t) is the average of all the
velocity vectors passing (X;, t)

2

v (X, t) — Exs X5 = XGlex] + (1 - 0x) = X,]|

mgm EX0~7T0»X1~7T1 ~T00, X1 ~TC



Rectified Flow — How?

Let’s learn a NN to copy this flow field!

. 2
meln EX0~7T0,X1~7T1 ||v9 (Xt' t) - U(Xt, t)ll ,WheT'e Xt = tXl + (1 - t)XO

v(X;, t) is the average of all the
velocity vectors passing (X;, t)

2

v (X, t) — Eys X — X§leX] + (1 - DXy = X,]|

meln EX0~7T0,X1~7T1 ~TL'0,X],_~7T1 [

An equation that holds for L2

_ 2
mb_}n EX0~,T0,X1~R1 ||179(Xt; t) — (X, — X0)||



Rectified Flow — How?

Let’s learn a NN to copy this flow field!

. 2
meln EX0~TE0,X1~TC1 ||v9 (Xt, t) - U(Xt, t)ll ,Whé?‘e Xt = tXl + (1 - t)XO

v(X;, t) is the average of all the
velocity vectors passing (X;, t)

2

v (X, t) — Eys X — X§leX] + (1 - DXy = X,]|

meln EX0~TL'0,X1~TL'1 ~TL'0,X]’_~7T1 [

An equation that holds for L2

_ 2
min Ex ~mox ~my ||770 (Xt t) —‘(X1 - X0)|||

Randomly select two points and compute the velocity



Rectified Flow — How?

Let’s learn a NN to copy this flow field!

. 2
meln EX0~7T0,X1~7T1 ||v9 (Xt' t) - U(Xt, t)ll ,WheTB Xt = tXl + (1 - t)XO

v(X;, t) is the average of all the
velocity vectors passing (X;, t)

2

v (X, t) — Eys X — X§leX] + (1 - DXy = X,]|

meln EX0~TL'0,X1~TL'1 ~TL'0,X],_~7T1 [

An equation that holds for L2

_ 2
min Ex ~mox ~my ||770 (Xt t) —‘(X1 - X0)|||

Randomly select two points and compute the velocity

Derivation is not related to the forms of Ty and w4
-Works for (under mild conditions) arbitrary Ty and !



Rectified Flow — Another View

_ 2
min Ex ~mox,~m, ||U9 (X, t) _‘(Xl — X01||

Randomly select two points and compute the velocity

Training ODEs Learned Flow

0
{x ?=1"’ T
2-GMM

{xil}?=1"’ T
2-GMM

Linear Interpolation: X; = tX; + (1 — t)X, Simulate with ODE solver, e.g., Euler

ax ax
ODEE=X1 _XO ODEE= UQ(X,t)

Probability Flow Ordinary Differential Equation



Rectified Flow — Algorithm

* Given: {x}}L;~ mo, {x{}L 1~ m

» Training Iteration (Batch size = 1):
- Step 1: Randomly sample X, € {x/}, and X; € {x}}-,
« Step 2: Randomly sample t € [0,1]
» Step 3: Compute gradient with loss

2
L(6) = [IX; — Xo — ve (Xp, )",
where X, =tX;+ (1-1t)X,



Rectified Flow — Implementation

Algorithm 2 Train (Data)

initialize Model
for x0, x1 in Data: # x0, x1: samples
Optimizer.zero_grad()
t = torch.rand(batchsize) # Randomly sample ¢ 0,1
Loss = ( Model (t+x1+(1-t)+x0, t) - (x1-x0) ).pow(2).mean()
Loss.backward()
Optimizer.step()

return Model

Algorithm 3 Sample (Model, Data)

coupling = []

for x0, . in Data: # x0: samples from = (batchsizexdim)
x1 = model.ODE_solver (x0)
coupling.append((x0, x1))

return coupling




CIFAR10

VP SDE 2000 9.58 2.55
subVP SDE 2000 9.56 2.61
VP ODE 140 9.37 3.93
subVP ODE 146 9.46 3.16
Rectified Flow 127 9.60 2.58

Fast samplmg + high-quality

(C) LSUN Bedroom ’ (D) AFHQ Cat
256 Resolution

(B) CelebA HQ

(A) LSUN Church



Rectified Flow — Common Misunderstandings

1. Straight Line

2. Why does it avoid crossing?



Rectified Flow

Don’t we deserve something that is:
1. Simple math
Great quality

2.
3. Fastsampling ©
4. Stable training?




Rectified Flow - Sampling

* In computer, we solve ODEs by Euler discretization
Xere = Xe + e v(X, t)
€: step size

Large €: Fast, inaccurate ; Small €: Accurate, slow



Rectified Flow - Sampling

* In computer, we solve ODEs by Euler discretization
Xere = Xe + e v(X, t)
€: step size

Large €: Fast, inaccurate ; Small €: Accurate, slow

Curved Trajectory Straight Trajectory
One-step, Exact
./
N=1e=1/N
N=5¢e=1/N

dX = v(X, t)dt



Rectified Flow - Reflow

Why not straight?

mo ~ N(0,1) 4 : two data points



Rectified Flow — Reflow

What if we change the teacher?

ODE: & = X, — X,, X, = tX; + (1 — D)X,
dt
//O

//

.\’—>/>/'

e
./'/* —,

mo ~ N(0,1) 4 : two data points
There is no more crossing in the learned flow!

Good coupling only!
Keeps the correct distribution 14!

And thus keeps the math correct



Rectified Flow - Reflow

Construct new straight-line teachers

ODE: & = X, — X,, X, = tX; + (1 — D)X,

g
-
—
_r—

O

mo ~ N(0,1) 4 : two data points



Rectified Flow - Reflow

New flow — straighter!

ax
ODE: E =7V

.-
g O

mo ~ N(0,1) 4 : two data points

Learning NN by copying this new field gives faster model

. 2
mgln EX0~7TO,X1=ODEvold(X0) ||779 (Xe, t) — v (X, £) ||



Rectified Flow — Implementation of Reflow

Algorithm 4 Reflow (Data)

Coupling = Data
for k=1,...,K:
Model = Train (Coupling)

Coupling = sample (Model, Data)
return Coupling

Algorithm 2 Train (Data)

initialize Model

for x0, x1 in Data:
Optimizer.zero_grad()
t = torch.rand(batchsize) sndomly sampl
Loss = ( Model (t#+x1+(1-t)+x0, t) - (x1-x0)
Loss.backward()
Optimizer.step()

return Model

) .pow (2) .mean ()




Rectified Flow — Difference Between Distillation & Reflow

Distillation Reflow
. 2 (! 2
mq;n EXo~7To,X1=0DEvold(Xo)”fciJ(XO) - Xl” melnj EX0~7I0,X1=ODEvold(XO) [||(X1 — Xo) — vg(Xe, t)|| ] dt
0
e Qutput: One-step generation * Qutput: Straighter Flow, Any-step generation
* Not invertible * Invertible
* The resulting flow is more friendly for distillation




CIFAR10

1-Rectified Flow 9.60 2.58
2-Rectified Flow 110 9.24 3.36
3-Rectified Flow 104 9.01 3.96
1-Rectified Flow 1.13

2-Rectified Flow 1 8.08 12.21
3-Rectified Flow 1 8.47 8.15
1-Rectified Flow+Distill 9.08 6.18

N o SOTA

2-Rectified Flow+Distill 1 9.01 4.85

- - (when arXiv)
3-Rectified Flow+Distill 1 8.79 5.21



2-Rectified Flow

Stable Diffusion

an|eA |axIid



Rectified Flow

Don’t we deserve something that is:
1. Simple math n Sam Altman &
Great quality

2
3. Fast sam pling scaling laws are decided by god;
4 Stable training? And so is the correctness of RF!

J




Initialization

MO[ PaynoyY-|

MO PAYTIY-T

5

MO[d voccoom.._ MO[ PaYhOaY-T



Questions?



Applications — Stable Diffusion 3(, Kling...)

ImageNet CCi2M
variant CLIP FID CLIP FID
rank averaged over of 0247 4970 0217  94.90
- edm(-1.20, 1.20) 0236 63.12 0200 116.60
variant all  Ssteps 50 steps eps/linear 0245 4842 0222  90.34
vicos 0244 5074 0209  97.87
riflognorm(0.00,1.00) ~ 1.54  1.25 1.50 v/linear 0246 5168 0217 10076

riflognorm(1.00, 0.60) 498 Sl 200 rf/lognorm(0.50, 0.60)  0.256  80.41 0.233 120.84

rf/lognorm(0.50, 0.60) ~ 2.71 8.50 1.00 rf/mode(1.75) 0.253 4439 0218 94.06
rf/mode(1.29) 275 325 3.00 rf/lognorm(1.00,0.60) 0254 114.26 0234 147.69
rf/lognorm(0.50, 1.00)  2.83 1.50 2.50 rfflognorm(-0.50, 1.00) 0248  45.64 0219  89.70
eps/linear 2.88 425 2.75 rf/lognorm(0.00, 1.00) 0250 4578 0.224  89.91
rf/mode(1.75) 3.33 2.75 2.75

rf/cosmap 4.13 3.75 4.00 Table 2. Metrics for different variants. FID and CLIP scores of
edm(0.00, 0.60) 5.63 13.25 3.25 different variants with 25 sampling steps. We highlight the best,
f 5.67 6.50 575 second best, and third best entries.

v/linear 6.83 5.75 7.75 ,

edm(0.60, 1.20) 9.00 13.00 9.00 . — edm(-1.20, 1.20)

—— eps/linear
—— rf/lognorm(0.00, 1.00)

v/cos 9.17 12.25 8.75 120

My(t; m=0.0,5=0.5)

A m=085-10 edm/cos 11.04 1425 1125 o
mitm= ~05,510) edm/rf 1304 1525 1325 o B
edm(-1.20, 1.20) 1558 2025  15.00 - o e

20 Table 1. Global ranking of variants. For this ranking, we apply
I non-dominated sorting averaged over EMA and non-EMA weights,
two datasets and different sampling settings.

10 20 30 40 50

number of sampling steps

Prove the effectiveness of RF , , , ,
Figure 3. Rectified flows are sample efficient. Rectified Flows

throu g h EXTENSIVE expe riments perform better then other formulations when sampling fewer steps.
For 25 and more steps, only rf/lognorm(0.00, 1.00) re-
mains competitive to eps/linear.




Applications — InstaFlow

Will the rectified flow pipeline still work in Stable Diffusion level?

Stable Diffusion: N-step 30
] ¥ 1 3 ® LAFITE
'y A 3 3 <
S
~N
S
O 20
O
% g o7 R Tagro, o R FE Fages, tog' 3 * £ s
Noise Step 1 Step 2 Step N-1 Image E StyleGAN-T ——
: = & nstaFlow-0.98 DM GUDE geene
-3 rctaFlow-1 7R L o9
InstaFlow: One-Step 2 ® InstaFlow-1.78
- 10 O Parti-38
N Stable Diffusion @ _jmagen 0Iff
N times faster TR @ gimasen g
5

0.1 1.0 10.0
Image (log) Time to Generate One Image (s)




Applications — InstaFlow

Will the rectified flow pipeline still work in Stable Diffusion level?

Stable Diffusion: N-step 30
) 4 ke I E S ® LAFITE
' <
S
~N
S
i bty 8 20
! T 4 9
Noise Step 1 Step 2 Step N-1 Image < StyleGAN-T ake A
e x 2 v DM GUDE gcene
InstaFlow: One-Step 2 ¢
= 10 @ Parti-3B
. Stable Diffusion @ _jmagen 0IfF
N times faster TR T eimaen g
> 0.1 1.0 10.0

(log) Time to Generate One Image (s)

 Text-Conditioned Reflow:
Random text from text dataset Text-conditioned model

1
Vg+1 = argminExONﬂ—o, |:/ II (Xl — Xo) — ’U(Xt,t | T) ||2 dt] y
v 0
with| X; = ODE[v;](Xo | 7)| and X, = tX; + (1 — t) X,

Text-conditioned generation
» Text Dataset: 1.6M data points from LAION-2B (aesthetics score 6.0+)

* Model: Stable Diffusion (as 1-Rectified Flow)

* Training cost: 199 A100 GPU days (InstaFlow 0.9B)



Applications — InstaFlow

Will the rectified flow pipeline still work in Stable Diffusion level?

30

Stable iffusion 2-Rectified Flow
< | @LAFITE F o e At e ,
g2 I
Noise Step 1 Step 2 Step N-1 Image c StyleGAN-T I
5 S g . w-0.9F DM GLDE ¢eene
InstaFlow: One-Step 2 15 © v-1.78 L.
. = Stable le:monJ:I imagen e0iff-
N times faster ¢ o
ot > 0.1 1.0 10.0 T
o15¢ (log) Time to Generate One Image (s)
g g Z
» Text-Conditioned Reflow: A
Random text from text dataset Text-conditioned model =B
1 .‘5 :
. 2 [y
Vk+1 = arg minE x, ~xo [r~D, l/ || (X1 — Xo) —|v(X,t | T dt] , +
v 0

with| X; = ODE[v|(Xo | 7)| and X; = tX; + (1 — t) X,

Text-conditioned generation
» Text Dataset: 1.6M data points from LAION-2B (aesthetics score 6.0+)

* Model: Stable Diffusion (as 1-Rectified Flow)

* Training cost: 199 A100 GPU days (InstaFlow 0.9B)

4 random samples of
A photo of a cute dog.



Applications — PeRFlow

Generating 1.6M data triplets is expensive. How to avoid that?

Low-Res PeRFlow

Original Probability Flow Piecewise Reflowed Model
Curved Trajectories; Many-Step Piecewise Linear Trajectories; Few-Step

resolution |

One-Step Wonder3D



Word embeddings

Image latents

Applications — JanusFlow

Can we unify text-to-image model?

Clean Image Und. Prompt Gen. Prompt

LLM forward
[:] E] [:] D tLrlaar::?c?rmer block PGv3 transformer block
C} 1 D | D 1 D | '[:] ‘ BEBv with text-image joint attention
O O O 0 @ rov CL P e
-~ -~ — — transformer block
R ' 1 v 8 . -B08y K concat m e e
O O ] C O o -B-Ef-mEak matmul e Ealidee |
[ + -8 8 8 —-- 0 % TI matmul o e O
® | 8 8 8 &
T2i model forward
Playground v3 and all the previous works
(a) Understanding: Autoregression Response (b) Generation: Rectified Flow :' """ \'/ e_l;x_:i_t): """"""""" !
(Next Token Prediction) - (All Image Tokens) :
t I t ;
Text De-Tokenizer ' Gen. Decoder ggec E
' ] ' Zeyde = Z¢ + vpdt E
Large Language Model ; ‘ |
T Overwrite 1
' ' f : 1 zp with Zg4qe i
Und. Encoder f,,,. Text Tokenizer Text Tokenizer . Gen. Encoder g, :
s

. Repeat until t = 1
Noisy Image z;

JanusFlow

LLMs are so magical



Applications — JanusFlow

POPE
VQAv2 8454 GQA
7618 57.55
73.03
64.12 . 48.36
61.52
52.06 18

MME-Perception 1257"“5’36 68.55MMBench

77 1004.91 47.36 ,
100851 752.46 26.18
r \2
-16.82/ 42.27 N7
¥
-13'64 A0.0 \16.33 54.54 :f
’
-10.46 / 66.82 g "
50.0 2266 .
-MJHQ FID y SEEDB
60.0 29:0 Emu3-Chat (88)
InstructBLIP (7B)
—— LLaVA-v1.5-Phi (1.4B)
Show-o (1.3B)
GenEval MM-Vet JanusFlow (Ours, 1.3B)

(a) Benchmark Performances. (b) Visual Generation Results.



Applications — AdaFlow

We can also extend the RF to imitation learning to control robots
An adaptive policy for faster inference — Real-time is important!

Data

5.0 A
2.5 4
Y 0.0
-2.5 1

-5.0 L T T T T T

-5.0 -2.5 0.0 2.5 5.0
X

- === Ground Truth
— Diffusion Policy
—— AdaFlow (Euler)

AdaFlow

Prediction
5.0 4 T
2.5 1 /
0.0 \
-2.5 1 :
P S
-5.0 i
-5.0 -=-2.5 0.0 2.5 5.0
x
Predicted Variance
30
20 1
10 4
0 B
-5 0 5

x =-5 x=-25 x=0 x=2.5 x=5
2‘ 2‘ | ?ﬁ 5-%
2.
0 = = = - - 0 = = - - - 0 o = - - 0 0
_2.
-2 —2 -2 & _5.§
0 0:5 1 0 0:5 1 0 0:5 1 0 0:5 i 0 0:5 i
t t t t t
24 24 29 —>x"T""%  I=mmmmmec>gl D e e e
2-
() o = () = [IE T T pp—— 0 1 01
-2
-2 1 -2 4 -2 4 o o e e e T [P 0 e e e Y
0.0 O:S 1:0 0.0 0:5 l',O 0.0 0:5 1'_0 0.0 0:5 1:0 0,0 0:5 1,'0
t t t t t



Applications — AdaFlow

We can also extend the RF to imitation learning to control robots
An adaptive policy for faster inference — Real-time is important!

Low-Variance State High-Variance State Loy m— e High
lefu.smn P’ecz"' Fs?@! ' e I f‘fi@o‘ ' ,55; ' %
Policy i

Noise Step 50 Step 100 Noise Step 50 Step 100

AdaFlow

1 Step

Action Noise Step 5 Step 10 State Variang¢e

t




Applications — More

Smiling Angry Male—Female Curly Hair : fours PVD-DDIM

- -

DiffCLIP

+ede

FlowGrad FlowGrad | StyleCLIP
+RF

+LDM

FlowGrad Point Straight Flow

Fast gradient-based editing with probability flows One-step point cloud generation (100X faster)
[Liu et al., CVPR 2023] [Wu et al., CVPR 2023]



Similarity

Goal: Matching noises with data

Sampling: Fast

RF <-> GANSs

Difference

Explicit vs Implicit

Any-step generation vs One-step

Training: Supervised vs Adversarial

Likelihood vs Non-Likelihood



Similarity
Encoder-Decoder

Gaussian matching

RF <-> VAEs

Difference

Continuous vs One-step

Explicit vs Implicit

Training: Supervised vs Highly noisy

High-quality vs Over-smoothed



RF <-> Normalizing Flows

Similarity Difference

Eliminate the unscalable designs in

RFs are continuous normalizing flows training CNFs with MLE

Not MLE, RF is a new paradigm for
training CNFs




RF <-> Diffusion Models

Similarity
Diffusion models can be transformed to RFs

Mathematically, DMs are equivalent to Gaussian RFs

Likelihood models

Difference

RFs are not restricted to Gaussian 7,

Reflow

RF way is much easier to understand &
practical advantages!



RF <-> Autoregressive Models

Similarity Difference

RF sampling is actually autoregressive Implementation
Xt+€ — Xt + € U(Xt, t)

Even Markovian...




RF <-> Consistency Models

Difference
Similarity Sampling Convergence

PeRFlow 4--8--16 step LCM 4--8--16 step

Sampling: Fast

Relationship with DMs

Invertible vs Non-invertible (Likelihood vs Non-likelihood)

Reconstructed (2-Rectified Flow)

Niny, Ninverse =2 Ninverse = N/ aaaaa =1

= Nyorward

se = Nyorwara

=4

Orthogonal Methods! You can train
consistency models from RF
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GitHub

Rectified Flow: https://github.com/gnobitab/RectifiedFlow

InstaFlow: https://github.com/gnobitab/InstaFlow

PeRFlow: https://github.com/magic-research/piecewise-rectified-flow

AdaFlow: https://github.com/hxixixh/adaflow

FlowGrad: https://github.com/gnobitab/FlowGrad

Point Straight Flow: https://github.com/klightz/PSF

JanusFlow: https://github.com/deepseek-ai/lanus



https://github.com/gnobitab/InstaFlow
https://github.com/magic-research/piecewise-rectified-flow
https://github.com/hxixixh/adaflow
https://github.com/gnobitab/FlowGrad
https://github.com/klightz/PSF

Thank you!

Questions?



