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• Theoretical Foundations: From SDEs to Score-Based Modeling

• Training Objectives and Sampling Mechanisms

• Advanced Extensions: DDIM, Consistency Models, and CTMs
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Evolution of Diffusion Models
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DPM [ICML’15]
2015 / 3 (Stanford)

DDPM [NeurIPS’20]
2020 / 6 (UCB)

DDIM [ICLR’21]
2020 / 10 (Ermon)

Score-based SDE [ICLR’21]
2020 / 11 (Ermon)

EDM [NeurIPS’22]
2022 / 6 (NVIDIA)

CM [ICML’23]
2023 / 3 (OpenAI)

CTM [ICLR’24]
2023 / 10 (Sony AI)

Flow
Matching!
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Image manifold M

Rn pθ ≈ pdata

What is Generative Model Learning?

3

Data Manifold Assumption
Natural high-dimensional data concentrate close to a non-linear low-dimensional 
manifold
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Image manifold M

Rn

What is Generative Model Learning?

5

Data Manifold Assumption
Natural high-dimensional data concentrate close to a non-linear low-dimensional 
manifold

∼ pθ
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Recap ODE and SDE
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dx

dt
= f(x, t)dx = f(x, t)dt or

vector field

ODE solution
(Do not intersect)

dx = xdt

The arrow indicates the direction of movement at 
the moment of downward shift

f(x, t)

dx = f(x, t)dt+ g(t)dw

dx = xdt+ 1

2
dw

SDE solution

diffusiondrift

xt

g(t)dw
f(x, t)dt

xt+dt
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The Goal of Diffusion Models
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N (0, I)

Data
Noise

Building a bridge between noise and data



NTU CSIE Communications and Multimedia Laboratory (CMLab)

What is Diffusion Model?
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Pure
Noise

Forward Process: add noise step by step, from data to pure noise

Reverse Process: generate data from pure noise by denoising

Creating noise from data is easy; creating data from noise is generative modeling – Yang Song
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Diffusion Models

9

N (0, I)
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Diffusion Models

10

pT (xT ) = N (0, I)p0(x0) pt(xt)
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Diffusion Models

11

pT (xT ) = N (0, I)p0(x0) pt(xt)

How to illustrate this process?
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Score-based Diffusion Models [Song+ ICLR’21]
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N (0, I)

x0

xt

xT

dxt = f(xt, t)dt+ g(t)dw

xt+dt

xt

g(t)dw
f(xt, t)dt

xt+dt

Forward SDE

dxt = [f(xt, t)− g(t)2∇xt
log pt(xt)]dt+ g(t)dw̄

Reverse SDE (Stochastic)

Score function

dxt = [f(xt, t)−
1

2
g(t)2∇xt

log pt(xt)]dt

Reverse ODE (Deterministic) Have the same {pt(xt)}Tt=0

https://openreview.net/forum?id=PxTIG12RRHS
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Score-based Diffusion Models [Song+ ICLR’21]
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pT (xT ) = N (0, I)p0(x0) pt(xt)

∂tpt(x) = − divx

[(

f(x, t)−
1

2
g2(t)∇x log pt(x)

)

pt(x)

]

Conservation Law!

https://openreview.net/forum?id=PxTIG12RRHS
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Score-based Diffusion Models [Song+ ICLR’21]
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N (0, I)

x0

xt−dt

xt

xT

dxt = f(xt, t)dt+ g(t)dw

xt+dt

dxt = [f(xt, t)− g(t)2∇xt
log pt(xt)]dt+ g(t)dw̄

xt

g(t)dw
f(xt, t)dt

xt+dt

Forward SDE

Reverse SDE (stochastic)

Score function

dxt = [f(xt, t)−
1

2
g(t)2∇xt

log pt(xt)]dt

Reverse ODE (deterministic) Have the same {pt(xt)}Tt=0

What is intuition of score function? 

https://openreview.net/forum?id=PxTIG12RRHS
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Score Function

15

Probability Density Function p(x)

Score Function: The direction in which the
probability density increases most rapidly∇x log p(x)
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Score-based Diffusion Models [Song+ ICLR’21]
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N (0, I)

x0

xt

xT

xt

√

2t dw

xt+dt

dxt =
√

2t dw

xt+dt

Probability Flow

f(xt, t) = 0, g(t) =
√

2t

Forward SDE

https://openreview.net/forum?id=PxTIG12RRHS
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Score-based Diffusion Models [Song+ ICLR’21]
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N (0, I)

x0

xt−dt

xt

xT

dxt =
√

2t dw

dxt = −t∇xt
log pt(xt)dt

dt

xt−dt

xt

−t∇xt
log pt(xt)

Probability Flow

f(xt, t) = 0, g(t) =
√

2t

Forward SDE

Reverse ODE

https://openreview.net/forum?id=PxTIG12RRHS
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Score-based Diffusion Models [Song+ ICLR’21]
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N (0, I)

x0

xt−dt

xt

xT

xt

√

2t dw

xt+dt

dxt =
√

2t dw

xt+dt

dxt = −t∇xt
log pt(xt)dt

dt

xt−dt

xt

−t∇xt
log pt(xt)

Probability Flow

f(xt, t) = 0, g(t) =
√

2t

Forward SDE

Reverse ODE

Can we compute                                                 ?x0 = xT +

∫ T

0

−t∇xt
log pt(xt)dt

Very difficulty!

https://openreview.net/forum?id=PxTIG12RRHS
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Score-based Diffusion Models [Song+ ICLR’21]
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N (0, I)

x0

xt−dt

xt

xT

xt

√

2t dw

xt+dt

dxt =
√

2t dw

xt+dt

dxt = −t∇xt
log pt(xt)dt

dt

xt−dt

xt

−t∇xt
log pt(xt)

Probability Flow

f(xt, t) = 0, g(t) =
√

2t

Forward SDE

Reverse ODE

1. How do we obtain the score function during sampling?
2. How to solve the reverse ODE?

https://openreview.net/forum?id=PxTIG12RRHS
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Score-based Diffusion Models [Song+ ICLR’21]
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N (0, I)

x0

xt−dt

xt

xT

xt

√

2t dw

xt+dt

dxt =
√

2t dw

xt+dt

dxt = −t∇xt
log pt(xt)dt

dt

xt−dt

xt

−t∇xt
log pt(xt)

Probability Flow

f(xt, t) = 0, g(t) =
√

2t

Forward SDE

Reverse ODE

1. How do we obtain the score function during sampling?
2. How to solve the reverse ODE?

https://openreview.net/forum?id=PxTIG12RRHS


NTU CSIE Communications and Multimedia Laboratory (CMLab)

We train the model to approximate the score function

During sampling, we use the model to predict the score and plug it into SDE/ODE

Training Score-based Diffusion Models 

21

sθ(xt, t) ≈ ∇xt
log pt(xt)

dxt = [f(xt, t)− g(t)2sθ(xt, t)]dt+ g(t)dw̄

LSM(x0; θ) = E
xt|x0

‖sθ(xt, t)−∇xt
log pt(xt)‖22

Score Matching (SM) [Hyvarinen JMLR’05]:

https://jmlr.org/papers/v6/hyvarinen05a.html


NTU CSIE Communications and Multimedia Laboratory (CMLab)

Training Score-based Diffusion Models 

We train the model to approximate the score function

During sampling, we use the model to predict the score and plug it into SDE (ODE)

The training objective can be expressed as

22

sθ(xt, t) ≈ ∇xt
log pt(xt)

dxt = [f(xt, t)− g(t)2sθ(xt, t)]dt+ g(t)dw̄

LSM(x0; θ) = E
xt|x0

‖sθ(xt, t)−∇xt
log pt(xt)‖22 (Score Matching)

Can we easily compute the score function during training?
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Training Score-based Diffusion Models 

23

LSM(x0; θ) = E
xt|x0

‖sθ(xt, t)−∇xt
log pt(xt)‖22

Score Matching (SM) [Hyvarinen JMLR’05]:

Denoising Score Matching (DSM) [Vincent Neural Comput.’11]:

x0 ∼ pdata

pt(xt|x0)

xt

x0 − xt

σ
2
t

=

+εt ∼ N (0,σ2
t
I)

noise level

LDSM(x0; θ) = E
xt|x0

‖sθ(xt, t)−∇xt
log pt(xt|x0)‖22

https://jmlr.org/papers/v6/hyvarinen05a.html
https://ieeexplore.ieee.org/document/6795935
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Score-based Diffusion Models [Song+ ICLR’21]
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N (0, I)

x0

xt−dt

xt

xT

xt

√

2t dw

xt+dt

dxt =
√

2t dw

xt+dt

dxt = −t∇xt
log pt(xt)dt

dt

xt−dt

xt

−t∇xt
log pt(xt)

Probability Flow

f(xt, t) = 0, g(t) =
√

2t

Forward SDE

Reverse ODE

1. How do we obtain the score function during sampling?
2. How to solve the reverse ODE?

https://openreview.net/forum?id=PxTIG12RRHS
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How to Solve the Reverse ODE?
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xtn−1
= xtn − (tn−1 − tn)tnsθ(xtn , tn)

Euler’s Method (1st order):

0 = t0 t1 t2 tN = Ttn−1 tn

xT

x0
xtn−1 xtn

dxt

dt
= −tsθ(xt, t)

xtn−1
− xtn

tn−1 − tn
+O(n)

≈
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How to Solve the Reverse ODE?
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x
′

tn−1
= xtn − (tn−1 − tn)tnsθ(xtn , tn)

Heun’s Method (2nd order):
dxt

dt
= −tsθ(xt, t)

xtn−1
= xtn −

1

2
(tn−1 − tn)[tnsθ(xtn , tn) + tn−1sθ(x′

tn−1
, tn−1)]

tn−1 tn

xtn−1

xtn

x
′

tn−1

Euler

Error

Heun
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Denoising Diffusion Probabilistic Models (DDPM) [Ho+ NeurIPS’20]
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tt− 1
N (0, I)

x0

xt−1

xt

xt =
√

αtxt−1 +
√

1− αtnt

xt−1 = 1
√

αt

(

xt −
1−αt
√

1−ᾱt

εθ(xt, t)
)

+
√

1− αtn̄t

LDDPM(x0; θ) = Et∼U(1,T ),εt∼N (0,I)‖εθ(xt, t)− εt‖22

α1 · · ·αt

xt =
√

ᾱtx0 +
√

1− ᾱtεt

(Markov Chain)+εt

−εθ(xt, t)

xT

https://proceedings.neurips.cc/paper/2020/hash/4c5bcfec8584af0d967f1ab10179ca4b-Abstract.html
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Denoising Diffusion Implicit Models (DDIM) [Song+ ICLR’21]
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tt− 1

N (0, I)

x0

xt−1

xt

xt =
√

ᾱtx0 +
√

1− ᾱtεt (non-Markov Chain)

xT

xt−1 =
√

ᾱt−1x̂0|t +
√

1− ᾱt−1 − σ2
t εθ(xt, t) + σtnt

+εt

−εθ(xt, t)
x̂0|t =

1√
ᾱt

(

xt −

√

1− ᾱtεθ(xt, t)
)

LDDIM(x0; θ) = Et∼U(1,T ),εt∼N (0,I)‖εθ(xt, t)− εt‖22
The loss function is the same as that used in DDPM. It does not require retraining.

0 0
Deterministic sampling

https://openreview.net/forum?id=St1giarCHLP
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Summary: Discreate vs Continuous
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N (0, I)

x0

xt

xT

dxt = f(xt, t)dt+ g(t)dw

dxt = [f(xt, t)− g(t)2∇xt
log pt(xt)]dt+ g(t)dw̄

Forward SDE

Reverse SDE (stochastic)

tt− 1
N (0, I)

x0

xt−1

xt

xt−1 = 1
√

αt

(

xt −
1−αt
√

1−ᾱt

εθ(xt, t)
)

+
√

1− αtn̄t

xt =
√

ᾱtx0 +
√

1− ᾱtεt

+εt

−εθ(xt, t)

xT

DDPM Score-based SDE

LDDPM(x0; θ) = Et∼U(1,T ),εt∼N (0,I)‖εθ(xt, t)− εt‖22 LDSM(x0; θ) = E
xt|x0

‖sθ(xt, t)−∇xt
log pt(xt|x0)‖22

Discretized in the training phase Discretized during sampling
The error is only affected by the order of the solver
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Experiment Results

30
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Consistency Models (CM) [Song+ ICML’23]
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N (0, I)

x0 xt′

xt
xT

Probability Flow

fθ(xt, t)

fθ(x′

t, t
′)

fθ(xT , T )

(Consistency Function)

fθ(xt, t) = x0, ∀t ∈ [0, T ]

dxt = −t∇xt
log pt(xt)dt

https://openreview.net/forum?id=FmqFfMTNnv
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Training CM
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N (0, I)

x0

xtn+1

xtn

xtN := xT
fθ(x0 + tn+1ε, tn+1)

x0 + tn+1ε

x0 + tnε

fθ(x0 + tnε, tn)

LCM(x0; θ) = Et∼U(1,N),ε∼N (0,I)‖fθ(x0 + tn+1ε, tn+1)− fθ−(x0 + tnε, tn)‖22

EMA
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Sampling with CM
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N (0, I)

x0

Probability Flow

fθ(xtN , tN )

xtN := xTxtN−1

x0 + tN−1ε

fθ(xtN−1
, tN−1)

xtN−2

x0 + tN−2ε

fθ(xtN−2
, tN−2)
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Sampling with CM
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N (0, I)

x0

Probability Flow

fθ(xtN , tN )

xtN := xTxtN−1

x0 + tN−1ε

fθ(xtN−1
, tN−1)

xtN−2

x0 + tN−2ε

fθ(xtN−2
, tN−2)

Can we design a model that learns any-to-any jumps?
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Consistency Trajectory Models (CTM) [Kim+ ICLR’24]
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N (0, I)

x0
xT

Probability Flow

gθ(xtstart , tstart, tend)

CTM learns any-to-any jump on the trajectory – Jesse

xtend

xtstart

ODE(xtstart
, tstart, tend; θ)

xtend
= xtstart

+

∫
tstart

tend

−t∇xt
log pt(xt)dt

dxt = −t∇xt
log pt(xt)dt

≈
≈

gθ(xtstart , tstart, tend)

ODESolver

https://openreview.net/forum?id=ymjI8feDTD
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Training CTM
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N (0, I)

xpred
xT

gθ(xt, t, t
′′)

LCTM(x0; θ) = E
xt|x0

‖xpred(xt)− xtarget(xt)‖22

xt′′
xt

xt′

gsg(θ)(xt′ , t
′, t′′)

ODE(xt, t, t
′; sg(θ))

gsg(θ)(xt′′ , t
′′, 0)

gsg(θ)(xt′′ , t
′′, 0)

t
′ tt

′′

xtarget
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Experiment Results

37

CT: Consistency Training
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Takeaway

• Diffusion models build a bridge between noise and data, forming a powerful 
generative modeling framework.

• Score-based models leverage SDE/ODE formulations and score functions to 
guide the reverse process.

• Variants like DDIM, CM, CTM offer trade-offs in speed, quality, and control.
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Thank you
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