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Introduction

I Generative Learning Trilemma
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Xiao, Z,, Kreis, K., & Vahdat, A. (2022). Tackling the Generative Learning Trilemma with Denoising Diffusion GANSs. In International Conference on Learning Representations (ICLR).
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Introduction

I Flow matching
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Flow Models

I Reference: NeurlPS 2024 Tutorial

Tutorial

Flow Matching for Generative Modeling

Ricky T. Q. Chen - Yaron Lipman - Heli Ben-Hamu

East Exhibition Hall C

[ Abstract ] ( Project Page }

Tue 10 Dec 9:30 am. PST — noon PST

NEURAL INFORMATION
PROCESSING SYSTEMS

FLOW MATCHING Flow Matching Tutorial

Heli Ben-Ham, en, Yaron Lipman

8 9 @

Heli Ben-Hamu Ricky T. Q. Chen Yaron Lipman [AE== ] QOMeta

https://neurips.cc/virtual/2024/tutorial /99531

Flow Matching Guide and Code

Yaron Lipman', Marton Havasi', Peter Holderrieth?, Neta Shaul®, Matt Le', Brian Karrer',
Ricky T. Q. Chen', David Lopez-Paz!, Heli Ben-Hamu®, Itai Gat'

IFAIR at Meta, 2MIT CSAIL, *Weizmann Institute of Science

Flow Matching (FM) is a recent framework for generative modeling that has achieved state-of-the-art
performance across various domains, including image, video, audio, speech, and biological structures.
This guide offers a comprehensive and self-contained review of FM, covering its mathematical foun-
dations, design choices, and extensions. By also providing a PyTorch package featuring relevant
examples (e.g., image and text generation), this work aims to serve as a resource for both novice and
experienced researchers interested in understanding, applying and further developing FM.

Date: December 10, 2024
Code: flow_matching library at https://github.com/facebookresearch/flow_matching 00 Meta

https://arxiv.org/abs/2412.06264




Flow Models

I Generative Models

« Source =X (input, p,) / Target == (=0|0|E| &) (output, p,)
2E|= IPHE SIS 2 MM 0| 22 St&

« Source £X0|M target FX = tHE g= 9=
Source (py) Target (p4)
Image .
synthesis o AN
Inpainting




Flow Models

I Generative Models

«  GAN*, VAE** Z2 HEH2 source 2Z0|| A target 2EE o

o0l mapping
- FHE 4d S50t bt
!

=
- THE: O0lH =& ot50| od =

IO

Source (pg) Target (p,)

¢ ="

*Goodfellow, I, Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., ... & Bengio, Y. (2014). Generative adversarial nets. Advances in neural information processing systems, 27.
**Kingma, D. P., & Welling, M. (2013, December). Auto-encoding variational bayes.




Flow Models

I Generative Models

 Normalizing flow* &2 source EZ0f| A target =22 A H 2 Holgt
- Z3H: likelihood A4t 75

. EFY: QB0 Jh5E DY RXRTL W, 850|

/|

BEX

Source (pg) Target (p,)

.—ﬂ»—ﬂ»—ﬂ»
- -l Tl 0

*Rezende, D., & Mohamed, S. (2015, June). Variational inference with normalizing flows. In International conference on machine learning (pp. 1530-1538). PMLR.
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Flow Models

I Generative Models

- Diffusion models*2 source #XZ0|AM target =X 2 CHAHCZ Mo
- HHE. =TT OOl 2x otE Tts, of50| 28X
- THE MES5ET EE
Source (py) Target (p1)

.—m-m-mz

*Ho, J,, Jain, A, & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in neural information processing systems, 33, 6840-6851.
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Flow Models

I Flow Model

=L SIA

«  Flow model: source 2% p, & target =& p, 2= HF = flow(y,)E = 22
Flow(,): Xo& X, 2 mappingdiF= &4 (diffeomorphism / O|£7+5 /

« SIX|2t continuous time A0 A flowE XFEHEOZ st&6H|= 082

X; =1Y,(Xp), where Xy~py
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Flow Models

I Velocity Field

 Velocity field& &S5l flows 7t

- Velocity field(u,): flow2| O|&

d _ dX,
Elpt(XO) = u; (P(Xop)) dt u (Xe)

S
=
o

Moz At
2 "ol tAlE X, 2| HetEQl ODEE EH 7ts




Flow Models

I Flow and Velocity field

 Velocity field& A4St & ODEE &

™
Euler method2t 22 ODE solverg S5l A

Solve ODE

Euler Solever: X;., =X;+ h-u,(X;)

Yos

Y105

J:-- =

IRCWIED
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Xo Xos5 = Xo + 0.5u(Xp) X1 =Xo5+ 0.5u(5(Xo5)
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Flow Models

I Probability Paths

Probability path(p,): source X% p,E target 2% p, Q2 HatL|&= - St

Xo~DPo

Xo5~Pos

tA|

S|
(|

=
.

£
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Flow Models

[l Flow Matching (FM)

Flow model: source 2= p, & target =& p, 22 HESF £ flow(y,)E &= 2 E
Flow= velocity fieldE S3lAl AHAHE

Flow model2 velocity fieldE StES 2 =M source @ 20| A target EX=2| HelZ =

SHX| 2 velocity fieldE MYM O 2 A ASH| 02 &

Flow(y,)

Velocity field(u,)

X =1Y:(Xyp), where Xo~po

St (X, T X, =X, +hou(X,)

Solve ODE

2
Lry(0) = E; NU(O’l)’Xt~pt||ulQ(Xt) — ut(Xt)“z
o EF2
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Flow Models

I Conditional Flow Matching (CFM)

 Target & X, 0| Ei$t condition= S3iAl conditional velocity field& =&

« £ lossQ| gradient= &Y = CFM lossZE StSSIEELE FM loss2 StEE RS ¢S = AS

28 E

LFM(B) = Et~U(0,1); Xt~pt||u?(xt) o “t(Xt)Hi
VoLppy(0) = VgLcpy(0)

' (Flow Matching*, ICLR 2023)

Lerm(0) = Et-y(0,1), Xp~py, X1~po || UL (Xe) — ut(thxl)”

*Lipman, Y., Chen, R. T., Ben-Hamu, H., Nickel, M., & Le, M. Flow Matching for Generative Modeling. In The Eleventh International Conference on Learning Representations.
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Flow Models

I Training — 1. Data

« Sourcelf target %2 O|O|E =& & A EQ

Image synthesis: source® targetO| =& / Inpainting: source?} targetd| 2|EX

Xo~DPo
Source (pg) Target (p,)
Image _
synthesis o 1 (X0, X1) = p(Xo)p(X1)
Inpainting o 1(X0,X1) = pXo|X)P(X1)
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Flow Models

I Training — 2. Probability Paths

IIE
o

Source?} target # X E HAHSI= o

rir

|.
FI

2| X probability path(p,)E 2|57 |'_ o=

o

Target =X X; = condition2 2 Z-&3|A conditional probability path(p,;)E &2
Conditional probability path& 2 target sample x,0fl CHSH A HSHE2EM probability pathE &2

Conditional Probability path

pt|1(xt|x1) = N(xg; txg, (1 — O)2I)

pt|1(xt|x1)

© Xq

Source (py) Target (pq)

Probability path

Pe(xy) = jpt|1(xt|x1)p1(x1)dx1

_ Pe(xe)
A N

Source (py) Target (p,)
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Flow Models

I Training — 3. Ve|ocity Field Conditional Probability path

« Conditional velocity field AAt Pej1(x|x1) = N(x; txq, (1 — )’ — X1 =tx; + (1 -0)X,

Conditional Velocity Field Velocity Field

dX;1
dtl = ut(xt|1) = u(X¢|xq)

u(xelx1) = x1 — X

— Xe—txq
-1 1—t
X1 Xt

B

Source (py) Target (p1) Source (py) Target (p1)
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Flow Models

I Training — 4. Conditional Flow Matching

>

« Conditional velocity fieldE &-&3dl &

=R EfZ1
2
Lerm(0) = Evoy(0,1), X,~py, X1~py |18 (Xp) — ut(Xt|X1)||2

Conditional
Probability path  Pei1(XelX1) = N(x; txq, (1 — 0)°D)

Conditional

Velocity field u(xex1) = x1 — Xo

2
Lerm(0) = Ey0,1), Xp~py, X1~pq |18 (Xe) — (X1 — Xo)”2
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Flow Models

I Code ( Conditional
_ . — )2
Probability path ~ Pti1(Xel¥1) = N(xg; txq, (1 = )°I)
« Training

Conditional _

Velocity field Uy (xelx1) = x1 — Xo
25 flow = Flow() )
26 optimizer = torch.optim.Adam(flow.parameters(), 1e-2)
27  loss_fn = nn.MSELoss()
258
29 for _ in range(‘lDDﬂD):
30 Xx_1 = Tensor(make_moons(256, noise=0.05)[0]) p— AHZ= 3]
31 x_0 = torch.randn_like(x_1) 30: target —= p, O A X1 'i' Er..OE|
392 t = torch.rand(len(x_1), 1) 31: source =i p001|*‘| XoOo= ©
33 xt =(1-1t)*x0+t*x_1 32: t= U(0,1)0] A J}:I,*;Eol
34 dx_t = x_1 - x_0 o (1 - "
. optimizer. zero grad() 33: x; _dgl' t)lx0 -II— tx.1 (C;-)'ngltlonal %rlobablllty path)
s6 | loss_fn(flow(x_t, t), dx_t).backward() 34: conditional velocity filed x, — x,
37 optimizer.step() 35~37: CFM loss 75”*" EE” O'||:'||O|
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Flow Models

I Code

« Sampling

« Step CHYSH ODE solver M-&7ts (Euler, Heun)

so for 1 in range(n_steps):
51 x = flow.step(x, time_steps[i], time_steps[i + 1])

51:
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Euler Solever: X;., =X;+ h-u,(X;)

'-.-;;.-;;';,:..' _ Yos 1/J1|0.5
l‘%-. —> —’

Xo Xos5 = Xo + 0.5u(Xp) X1 =Xo5+ 0.5u(5(Xo5)
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Flow Matching and Diffusion Models

I Design space
- Data coupling: 7,1 (Xo, X1) = p(Xo)p(X1)

* Probability path: py; (x|x;) = N(x; pe(x1), 00 (x1)* 1)
« Velocity field: u;(x|x;)

/— DDPM 4\ /— Flow matching 4\

pe(x1) = @y_¢x1,  o(x) = [1—a3_, pe(xq) = txq, oi(x1) =1-1
}

Xe1 = a1-¢x1 + ,,1 — ai_Xo

l Diffusion

a1
u(xe|xq) = > (a1_¢X¢ — x1) v
1-aj,
X1—X¢

I i p—
\ where a' =_—a / \ ut(xtlxl) 1-t /

Lipman, Y., Chen, R. T,, Ben-Hamu, H., Nickel, M., & Le, M. Flow Matching for Generative Modeling. In The Eleventh International Conference on Learning Representations.

v

Xt|1 =txq + (1 — t)XO
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Flow Matching and Diffusion Models

I Flow matching loss

* VelocityE parameterizeSt= 241 9| X}0|
*  Flow matching — velocity fieldOf| CHSiA] &t&

- DDPM - velocity fieldE x, prediction (noise prediction)2 2 HEDt & St& (Tutorial* Section 4.8.1 & 1)

w(x) = yE [_'{l|,\'_, x] + 6.E [Xo| X, = 2] (4.55)
G—f G’L . ) ) . o )
= G—_f T+ [0y — oy l’-T_:, I, [-"1 1 |.\_r .I" x1(|mage) pred|ct|on (4.:)6)
vy i Ay |
ot _"” ~ % E[Xo|X: = x|, xy(noise) prediction  (4.57)

*Lipman, Y., Havasi, M., Holderrieth, P., Shaul, N., Le, M., Karrer, B., ... & Gat, . (2024). Flow matching guide and code. arXiv preprint arXiv:2412.06264.
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Flow Matching and Diffusion Models

I Flow Models as Generative Models

Data coupling: 7 ;(X,, X;) / ¥2|2| source EE0f|A| target =X =2| 3t 1y
Probability paths: p;;(x|x;) — Velocity field: u,(x|x;)

Velocity parameterization: velocity, x,-prediction, x;-prediction
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Flow Matching and Diffusion Models

I Why Fast?

ODE= pathZ} M0 77t2F numerical error7f &2

Diffusion pathE2 L= OT path?t 24 9| pathE TtF

A
A, Az Ay
A e
N
Ao
numerical error
Diffusion >

Euler Method

25



Flow Matching and Diffusion Models

I Why Fast?

« Diffusion path& AFESIH sampling stepO| 22 A< O|0|X| EE|E|7F EX| %S

50
—o== Euler
40 Midpoint
A 30 e RK4
i
20
10
0 20 40 60 80
NFE

Flow matching “/|OT

100
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50
o Euler

40 Midpoint
A 30 e RK4
L

20

- 1
10 -
0 20 40 60 80
NFE

Flow matching '/ Diffusion

50
o Euler

40 . Midpoint
A 30 e RK4
o

20

10

0 20 40 &0 80O 100

NFE

Score matching %/ Diffusion

Lipman, Y., Chen, R. T,, Ben-Hamu, H., Nickel, M., & Le, M. Flow Matching for Generative Modeling. In The Eleventh International Conference on Learning Representations.
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Conclusion

I Flow Models
«  Flow model: source &I p,E target =i p; 2 HFE= flow(y,)E = &
- Velocity fieldE S5 flowE A4t — flow model2 velocity field&§ =&
 Diffusion model= flow model?| ¢t &

« T ATt design spaceE ZHA|LL U0 Crdot A=o Hefot 2= AA 7t

27



