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Flow Matching

Slides fronNeurlPR024 Tutorial
Flow Matching for Generative Modeling
Ricky T. Q. Chen - Yaron Lipman - HelHzanu



WHAT IS FLOW MATCHING?

A scalable method to train flow generative models.

HOW DOES IT WORK?

Train by regressing a velocity, sample by following the velocity



Generative Modeling Problem

Rd




Generative Modeling Problem




Model

A Direct Map

*Pros: efficient sampling
- Cons: not probabilistic

«Cons: min-max loss




Model

A Continuoustime Markov process (Xt)0<t<1

Kipn < iL_(Dtht (X))

o

Flow Diffusion Jump




MarginalProbabilitypath

Flow Diffusion

Jump



OurFocus:

Flow Diffusion Jump

"R R

-Simple
-Larger design space
- Faster sampling

*Slower sampling
- Exact likelihood estimator

-ELBO
- Flexible, easier to build



Flowasa generativanodel

X; — l//z(Xo) t € [0,1]

N

Warping Source Xy ~ p

" Markov: Apyp = l//t+h|t(Xt)



Flowasa generativanodel

X; = l//;(X()) . 1€0,1]
SN

Warping Source X, ~ p

T Markov: Apyp = l//t+h|t(Xt)




Flow = Velocity

d
E%(x) = u(y,(x))

Flow

W, (X)

Solve ODE 1 l Differentiate

14,(X)

Velocity

*Pros: velocities are linear

*Cons: simulate to sample



Velocity u, generates p, if

Xy = y(Xo) ~ P,

11




Flow Matching

Train a velocity Sample

generating p, with from Xy ~ p
Po=pandp; =4



Sampling a flow model

Xqu

d 0
—X, = ul(X)

Use any ODE numerical solver.

One that works well: Midpoint



Sampling a flow model

Train a velocity Sample

generating p, with fromX, ~ p
Po=pandp, =¢q



Simplest version of Flow Matching

o

for _ in range(10000):

x_1 = Tensor(make_moons(256, noise=0.05)[0])
x_0 = torch.randn_like(x_1)

x = torch.rand(len(x_1), 1)

xt =(1-1t) *x0+t*x_1

dx_t = x_1 - x_0

optimizer.zero_grad()
loss_fn(flow(x_t, t), dx_t).backward()
optimizer.step()




SimplestversionofFlow Matching

«Arbitrary X, ~ p, X; ~ ¢

- Arbitrary coupling (X, X)) ~ 7y

Why does it work?
* Build flow from conditional flows

* Regress conditional flows

X, =(1-pX,+ 11X,




Build flow from conditional flows

Generate a single target point

I
I I
I
| L
1 Y ’ ’
o1 ]
(x| ]

X, =y (X,|x) =1 —-0X,+ tx,
P (x | X;) conditional probability

u(x|x;) conditional velocity



Build flow from conditional flows

Generate a single target point

T B B \ N
R ~ N
R [ 1 4
E t 7 7 = | L
1 Y | ” = 1 | | | #
.. 4 - | D 30 D |00 e i i - .’ + .
x; | e L x|
X, =y(Xy|x) =1 —-0X,+ tx

px) = [Exlpz“(xlxl) <

Py 1(x]x) conditional probability
average

u(x|x;) conditional velocity



Build flow from conditional flows

Generate a single target point

' I
R '
R 4 R
. t 7 7 | L
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.. 4 - .. + .
x| xp |
X, =y (X,|x) =1 —-0X,+ tx,
pr(x) — [EX1P3|1(X|X1) < pr|l(.~*‘f|v’fl) conditional probability

average

u,(x) = E[“:(XAXO ‘Xr — JC] - u(x|x;) conditional velocity



The Marginalization Trick

Theorem*: The marginal velocity generates the marginal probability path.

u(x) = Elu(X, | X)) | X, = x| p(x) = Ey, py(x| X))



Flow Matching Loss

* Flow Matching loss:

Zz FM(Q) — [EZ‘,XI ’

ul(X) — u(X)

* Conditional Flow Matching loss:

‘gCFM(H) = [EI,XI,XI

”f(Xt) o ut(Xt | Xl)H2

Theorem: Losses are equivalent,

V@"%FM(Q) — VQgCFM(Q)



How to choosey,(x | x;)?

« Optimal Transport minimizes Kinetic Energy:

|

|
J Ey, lu(X)IPdr < [EXO,XIJ lin(Xo | X1 2dr
0 0

Linear conditional flow:

«Minimizes bound /{l

*Reduces KE of initial coupling %
0

-Exact OT for single data points
+Not Optimal Transport Wf(x | xl) = IX) (I —1x
(but in high dim straighter)




Flow Matching vs Diffusion

Model Diffusion Models Flow Matching
Path type Stochastic, noisadded SDE paths | DSterministic ODbased velocity

fields

Training supervision

Predict noise/score via variational
objective

Direct regression of velocity field

Sampling cost

Thousands of iterative denoising ste

Fewer steps (1€100) using ODE
solvers

Theoretical robustness

Inverse of 2nebrder PDE; unstable
under approximation

Firstorder PDE: more stable inversia
and smakHerror behavior

Flexibility of paths

Fixed schedules and stochastic
transitions

Supports optimal transport,
deterministic and stochastic mixes




Summary on Flow Matching

AFlow Matching learns direct velocity fieldto transform noise into
data deterministically.

ADiffusion models learn teeverse a stochastic noising process

AFM can be seen asgeneralizationof diffusion models, with
Improved sample efficiency, stability, and flexibility.

AUnder Generator Matching, both are unified under the common goal
of transforming distributions via wetlefined paths.

Alf you want to know more about Flow Matching, have a look
at NeurlPS 2024Flow Matching for Generative Modeling" tutorial



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

3D Generative Models



3D Generative Models

/Optimization—Based\




ScoreDistillationSampling

Distilling3Dinformationfrom 2D



ScoreDistillationSampling

Alntroducedby "DreamFusionTextTo-3D using2D Diffusion"Poole et
al.




Why Use 2D Diffusion Modetsr 3D?

A2D diffusion models (e.g., Stable Diffusion) have been trained on
arge-scale imagetext datasets.

Aln contrast, 3D datasets are scarce and costly to collect.
Aldea: Leverage 2D diffusion models to guide 3D scene generation.

AScore Distillation Sampling (SDS) allows us to da thising 2D
supervision to optimize 3D content.




DreamFusion Setup

AUse a3D representation that supports differentiable rendering (e.g., a
NeRFGaussian Splatting).

ARender samples fromrandom viewpoint

ARun diffusion on the rendered view and backpropagate to optimize
the 3D representation, so that each rendered view Is consistent with
the model's expectations

x
\ -’ 2 4? ". < "
) d nsty ﬂb d op | A ARty NS
MLP

NeRF T P(camera) e ~N(0,I)

"a DSLR photo of a
peacock on a surfboard" Imagen

y "Ihmsformers Iﬁd, (Zt |y, t)

Backpropagate onto NeRF weights



DreamFusion ScoreDistillationSampling

ARecall the diffusion training objective:

Lpitr (¢, x) = Lt~ 4(0,1),e~N(0,1) [w(t)Hed)(atx + o165 t) — 6“%]

AHere, X is the render fronNeRF

ADirectly computing the gradient leads to a Jacobian term over the U
Net:

Zt = dtx + OC

X O€s(Zs; Yy, T Ox
Vo Lpit(¢,x = g(0)) = E; [w{t} (€s(z¢;y,t) — €) *?5(; y,t) o ]
o g P Bl Mgy

Noise Residual U-Net Jacobian Generator Jacobian

AProblem: Computing the Met Jacobian is expensive



DreamFusion ScoreDistillationSampling

AHowever, it turns out we can consider removing thé&lex Jacobian!
AGiven image distributions diﬁusionomodel e(x|y) = Vlogp,(x|y)
AMaximal loglikelihood estimation:minE, [[—log p(g(6, c) | y)]

) Ix Zt = Atx + OC
p Ziy Yy, 1L
VoLpir (¢, x = g(0)) = Ex,c l’w{t} (€p(ze;y,t) —€) LY 50 ]
gy - i . o r
Noise Residual U-Net Jacobi Generator Jacobian

VoLsps(p,x = g(0)) = Eq {w(t) (€p(zt;y,1) — €)

ox
00



DreamFusion Algorithm

ASDS can be used to optimize a 3D
representation, likiNeRF

_normals n -' _ shading |

Y o ’ peacock on a surfboard" Imagen
LN > el
7 _ s e

« Random sample a camera pose and
render an image: x = g(6, ¢)

« Sampletand e ~ A(0,1).
o letX = ax + oe.

« Update @ via SDS gradient:

-
VoLsps = e, [w(t)(et(jil 5) — &) e

o6

« Stop gradient trick:
VoLsps = V4E, .. [stopgrade (X |y) — €] g(6, 0|

rendering

00101 . P(( amera) e ~N(0,I)

Backpropagate onto NeRF weights

"a DSLR photo of a




DreamFusiont Limitations

ALimitations:
AJanus problem

ASpeed:

A We have to run many
diffusionstepsto reach
model convergence.
(up to 30 mins!)

AQuality:

A Optimizing from different views
leads to averaging detalils.




Extensiong DreamGaussian

AUses Gaussian Splatting to make optimization faster (1 min)

00:00

Minute Second

Zero-1-to-3 (NeRF) Ours (Gaussian Splatting)



Extensiong DreamGaussian

AProposes a refinement step to generate better textures.

i) Generative Gaussian Splatting

Text/Image
1 Optimize
Diffusion —*
: —
Prior Random
View
SDS Loss

3D Gaussians

iii) UV-Space Texture Refinement

Mapping

Optimize

Random View

-

Add Noise

»

T

0.8

)

ii) Efficient Mesh Extraction

3D Gaussians Textured Mesh

Text/Image

1

Denoising Y
Diffusion —— e ¥,
Prior Multi-step

MSE Loss

Refined Image






OptimizationFree 3D Generative Models



DesignChoices

AlnputConditons b2y S ¢SEGX LYl 3IS&az X0

AOutput 3DRepresentatior{\Voxels Fields, Point Cloudsleshes
3DGSparameters

AExplicitvs Latent Diffusion andRepresentatior(Structured /
UnstructuredLatent)

ADSY SN} 0AQOS .1 01062yS o6D!'bsE ! 953



The Choicef Output Representation

3D Representation *»Point Clouds | W Voxel Grids | [JDepth/Normal Maps | %>Neural Fields | AMesh | HHybrid
Time Efficiency x * % * * * Kk Kk * * K K K * * *
Memory Efficiency * * * % * * * X * % Kk Kk * * * % * * %
Representation Capability * Kk % * K * * * Kk kK * Kk K K * * * * *
NN Compatibility * K * Kk * K * Kk Kk * Kk K Kk k * N

3D Generative Models: A Survey, Shi et al. '22



The Choicef Output Representation

(a) Point cloud generation

Foint clouds

Random vector

(b) Voxel grid generation
3D wvoxel grids

Point cloud Random vector .
=z ]— P Voxel grid
2 —>
geneEion ! § generator
i
GAN models, VAE models N
Sampled points Transformed points Transformed points (c) Neural field generation
Prare Random vector
» —> Network |—> Neural fisld Paint value
® e . — (occupancy, signed
Point coordinate generator distance)
- L -
o _Normalizing flow models . (d) Mesh generation A
Sampled points Denolsed paints Multi-chart
Random vector Image-snace
Natwork | —— Point offsats —» @— — A
J ; generator
Multi-chart representation
Denaised points Random vector
| =z Defarmed mesh
i Y =TT
«+— @ <~——— Foint offsets «——— Network | Template mesh Deformation Network J —
)
4_._.-"”
- \/
Diffusion models \_ Template-based representation J

N/

Random vector

[z ]—> Network ]—»

7/ Faoint value
MLP | — (occupanay, signed
distance)

Feature volume

(e) Generation of hybrid representations

Random vector

=z ]—> Network —>

- Point value
— MLP |— (occupancy, signed
/ distance)

Tri-plane feature maps Y,




3D Generative Models

/ Direct \




ImageConditioned Point Cloud Diffusion

ADirectpoint clouddiffusionmodelconditionedon image
AKeyidea Enrichpointswith projectedfeaturesat eachdiffusionstep

Single Image Gaussian Diffused Diffused & Colored
Input Point Cloud

Projection-Conditioned Point Cloud Diffusion Poiiit Clotid Point Cloud




PC2: projection conditioned diffusion model

ARandom Gaussian pointN a , perspective projectiorf:dg © o
Almage encodeiQ: ‘0" s O q

APixel aligned featuréO "Q(Q“ n , [t]dbilinear interpolation.

ADiffusion model d("Ohd) © s . Predicts update for next step.

Image features are projected onto the point cloud at each iteration of the denoising diffusion process and for point color prediction

; g o g

B B < ES

Single-View |
RGB Image
Input

— — SRl - 0 s ases
1000
Jiffusi
e : Stey
: Point Cloud o Point Cloud Point Cloud
Gaussian Point Cloud with Diffusion Model Partially-Denoised Point Cloud with Diffusion Model Diffused Coloring Model
Point Cloud Projection Conditioning Point Cloud Projection Conditioning Point Cloud

PC2, MelaKyriazi et al. CVPR '23

Diffused & Colored
Point Cloud

48



PC2 Results

Single Image T = 1000 T =667
Input (Gaussian)

T =334

T =166

T=0
(Final Model)

With Color
(Reference View)

06 dMelasKyriaziS (i |

Novel View 1

Novel View 2

t

0]

I+



Strengths and Limitations

AExplicit 3Drepresentation
AStabletraining

ARequiregoint cloudsfor training
ACannotperform novelview synthesis

ASamdimitations asdiffusionmodels i.e. slowinference repeated
forward passestc.




Canwe DenoiseOther Representation®

Videofrom PolyDiff Alliegroet al. '23
MeshDiffusionLiu et al. ICLR '23



Canwe DenoiseOther Representation®

ASDFsrefunctions k -dim space A Diffusion inweight-spaceof

ANeuralimplicits neuralnetworks fixed network architecture
representingfield

r

¢

Overfitting

__D [ 1
B 2 B @ 2l ISl oJ[Unflatten =M
A B
. Synthesis )

HyperDiffusionErkocet al. ICCV '23



Generatingmplicitswith WeightSpace Diffusion

Denoising Process

Shape

HyperDiffusionErkocet al. ICCV '23



3D Generative Models

Latent

Generative Model



Latent Diffusion Models

A Diffusionmodelsare powerful!

ADenoisingBDassetdirectly maybe
Infeasiblebecause

0 High dimensionadlata

0 Discrete(meshes / infitinite-dimensional
(neuralfield) representation

Alnstead compressatausingpretrained
autoencoder(VAE)

A Performdiffusionin latentspace
ADecodebackto originalformat

Example StableDiffusion

Diffusion Model



StructuredvsUnstructuredLatents

Single globdhatentsgenerallystruggleto reconstructhigh-quality shapeswith

fine graineddetails

Therefore a latentrepresentationtypicallyconsistsof multiple latentvectors

StructuredLatents
A Spatiallyalignedlatent vectors

A Interpolation
A Localityawareness

f—\\
/
i 1 X
H 2 PZe
L N
: N
A=
~._. TV
-~V

Hybrid
Features

Voxelstructure Triplanestructure

UnstructuredLatents

A Listof latent vectors(Vecse}
A Structureencodedin features
A Compatiblewith transformers

| - 0




3D Generative Models

Latent

Generative Model

Structured

%




TriplaneDiffusion

ADiffusionmodelsare goodat generating2Dimages

ATriplanesare 2d representationghat canbe usedto describe3D
shapes

Latent noise Denoise 1000x Feature maps Triplanes 3 images

128><128X96/_\ 128x128%96 128x128%32

( N Generated Neural

Occupancy Network i
4
Triplane | %°P*™% |—> ¥ -
Decoder %‘ PR
\ &
\ J b

DDPM Backbone | |

3DNeuralField GeneratiomsingTriplaneDiffusion,Shueet al. CVPR '23
DiffusionSDF, Chou et al. ICCV '23
Direct3D, Wu et aNeurlPS24






TRELLIYoxetBasedStructured 30 atents

Text to 3D
Assets

Image to 3D £ 7
Assets &

Vintage camera Two-story brick house
with leather case with red roof and fence

Flexible
Editing
Detail Local
Variation Editing

Made of wood Silver glossy metal Transparent glass Voxelized, pixelated House — Trees + River

Structured 30Latentsfor Scalableand Versatile 3D Generation Xiang et al. CVPR '25




Structured Latent (SLAT)

A Gridpopulatedwith featuresat activevoxels
z:{(ziapz')}f:la Zi ERC) p; € {0717°'°7N_1}3

A Voxelis activeif it intersectswith the surface

AN =gridresolution L = #activeoxels

A Gridgivesroughgeometryoutline

A Finedetailsand appearanceare expressedhroughfeatures

A Onelatent spacefor different output formats (3DGSNeRF
Mesh)

How canwe learnsuch a latentspace’



Sparse/AE Training Pipeline

AVoxelizeassetand renderfrom multple views
AExtractimagefeaturesand project onto voxels

AAverageover multiple viewsto get sparseimagefeature volume
f = {(fu pi)}szl ) (Thisis not the final latent representationyet!)

3D Assets Encoding & Decodhk

Structured Latent Representation Learnivg

Visual Feat. | p
» .)
- DiNOv2 > | [ % | Info. . Sparse

VAE
Encoder —

- I o e | -
3D P\ Voxeli 8 Pt
D oxelize _ | SN ap | 8 D 3DGSs | RFs | Meshes
I N s e s AR ! Structure
3D assets | et Mo Structured Latents

Sparse

—> Decoder —> m;ﬁ_,_ﬁ




SparseVAE Training Pipeline Ll

APasssparsestructuredimagefeaturesthroughencoder ch :
to obtain SLATepresentation v 8

AShiftingwindow attention to makeuseof localityand 3
iIncreaseefficiency ¥

ASpecificdecoderfor different output formats -.i‘l".“.’..

3D Assets Encoding & Decoding

Structured Latent Representation Learning

\

Sparse Sparse

\' Multiview VAE VAE
Avereae —> Encoder —> —> Decoder

W :
3 4 | 3DGSs | RFs | Meshes
ot ’ I Structure g 2)
, Info. Structured Latents




Sparse/AE Training Pipeline [‘l

C:’)Z‘.:fa,. i
AE.g.the output featuresof the 3DGSJlecoder 3D-W-MHA ﬁ
DG5: {(z%)pz)}z 1_){{(01 acfasfaaz y T3 )}kz 1}: 1 3D-SW-MHA g;
AEachactivevoxelis decodedinto K Gaussians e
I 1t k p— k Linear
AGaussiamositions x? = p; + tanh o] e
ATrainedendto-end with renderingloss

Output

3D Assets Encoding & Decoding

Structured Latent Representation Learnlng

Sparse Sparse

VAE VAE
—> Encoder — —> Decoder

ey _,(7" R h
g D 3DGSs | RFs | Meshes
Structured Latents




Decoderdor Different Output Formats

TRELLIgoposeddifferent decodersfor

A GaussiarSplats
A NeRFs
A Meshes

In practice encoderis trained simultaneouslywith 3ADGSlecoder and
other decodersaretrained with frozenencoder

3D Assets Encoding & Decoding

Structured Latent Representation Learning

_______________

: ¥
Visual Feat. | 4 B#&, % 1 P !
Binovzl-> | ). * A i
| 1 |
/ = _>; b  Info.

Sparse

VAE
—> Decoder —

Sparse

VAE
—> Encoder —

. = J‘?( ( “
E D 3DGSs | RFs | Meshes
Structured Latents

e |
D :
2 |

\. Voxelize _ ,

I

|

\




Recap

3D Assets Encoding & Decoding

Structured Latent Representation Learning

_______________

J
/- DINOv2 > [ < 1 Info Sparse
e | Multiview, VAE
ol :W —> Encoder —>
|
|
\. Voxelize .
: Structure g
s

=

Structured Latents

= {(zi,p) }ita

Sparse

VAE
—> Decoder

3DGSs




Trellis Generative Model

Z= {(zi,p)}ita

'

Sparse 7 ENDe P
—> Decoder — %_"“"“ L

D 3DGSs | RFs | Meshes
Structured Latents

Learnmodelto generatestructured latent



Trellis Generative Model

2 Stages:
A CoarseStructureGeneration
A Latent Feature Generation

3D Assets Generation

Structure Generation Structured Latents Generation Latents Decoding
Text Condition = 4 g Text Condition Sparse
Image ow Fl 3DGSs
Transformer o S RFs
—> Dec. —> | Transformer —> —> B~ [ Meshes

:

g1
Structured Latents




StructureGeneration

AGeneratingo < [0, 1]V*V*V js expensive

DxDxDxC

Alnsteadgeneratea compressedeaturevolume S € R7 =777 *%s
ACompressiort Decompressiotearnedby 3D

convolutionalVAE
AFlowtransformermodel Structure Generation

generatesS <)
AConditioninjectionvia ~ Text Condton, =

crossattention . SN AL T

- —> Dec. =& .‘-v’,z s

C

Sparse Structures



TrellisResults




TrellisResults




TrellisResults

Vintagecopperrotary Two-story brickhouse Futuristicroboticarm
telephonewith with red roof and on atable.
intricate detailing fence



Trelliskey Takeaways

ATrainedon 0.5 Miassets 2 Bnparametermodels
AStructured latentrepresentationwith spatialawareness

ACoarsestructure equippedwith featuresencodingfine detailsand
appearance

ASpatialrepresentationallowslocalediting
ATrellissupportsmultiple differentoutput formatsviadistinctdecoders
ALatentmodelto generatehigh quality assetsrom text or image



3D Generative Models

Latent

Generative Model

Unstructured

P—




Shapes to Latent Vectors



3DShape2VecSet: 3D Shéfepresentatiorfor
NeuralFields and Generative Diffusion Models

Key Idealearnto encodea meshin asetof latent vectors andthen predicta
SignedDistanceField

\ /

E—
_ ..,
— ]

— Latent Vectors T

_ Encoder Decoder
Input Object

Output SDF



