Diffusion

e decomposing the mapping into a sequence of small, incremental transformations
o from a simple distribution (e.g., Gaussian noise)
o to a complex data distribution

e |earn to reverse a gradual noising process

o instead of directly learning a single complex mapping from noise to data

Denoising Diffusion Probabilistic Models (DDPM)

e probabilistic diffusion model that defines a Markovian forward noising process

o data distribution — gradually corrupted by Gaussian noise — normal Gaussian

o close-form transition in the noising (forward) process

e learns to reverse the noising process step by step using a neural network

o gradually denoising Gaussian noise estimated by the network (denoiser)
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Denoising Diffusion Implicit Models (DDIM)

e assume a non-Markovian forward process

e defines a deterministic mapping from & to ;1

o prediction — decomposed into clean data g + noise vectortot — 1 (+
stochastic term)



e skipping steps during sampling — faster inference with fewer steps (accelerating)

Classifier-Free Guidance (CFG)

€ = €uncond T S * (Econd - Euncond)
e conditioning technique for diffusion models (conditional generation)

o not require an external classifier

e by Bayesian theorem
o p(w¢ | y) o< p(y | z¢) p(we)
o Vg, logp(z: | y) = Va, logp(zs) + Vo, logp(y | 24)
o interpreted as approximating the Bayesian posterior (V z, log p(x: | y))
= by amplifying the likelihood term (V, log p(y | z+)) without an explicit
e how it works
o train the model with and without conditioning

o during sampling — combine conditional and unconditional predictions

o guidance scale s 1 — stronger conditioning
m too large scale 1 — diversity |
e pusing samples toward regions that better satisfy the condition

o interpolating between unconditional and conditional noise predictions

Score Function

e V.logp(x): gradient of log density

o how to move a noisy sample toward higher-density regions of the data

distribution.

Tweedie's formula



Elzg | ] = 2 + 02V, logp(z)

e posterior mean estimation using variance-scaled score function

o denoising = estimating the posterior mean using the score of the noisy
distribution

o in the diffusion models — how far | should move in that direction to recover the
clean signal

Flow Matching

e reframes generative modeling as learning a continuous transport

o from a simple distribution to the data distribution ‘Jusln fonard

o velocity regression without explicitly optimizing likelihoods or solving expensive
ODEs during training

e variants dependent on how to define a conditional flow mapping (transformation)
o diffusion models: a special case of flow matching

m where the target velocity corresponds to the score-induced reverse-time
dynamics
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o from a simple distribution (e.g., Gaussian) to the data distribution

e learns a single invertible mapping

e uses the change-of-variables formula: £z i destpive & 2% (- nplaty ¥)
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Continuous Normalizing Flow ODE + log density

e extends normalizing flows to continuous time
instantoreass,
o as the integration of infinitesimal changes
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e models the transformation as an ODE
o dz/dt = ui(z) Tinestep ol w AR oftfz 4322
o density evolution follows the continuity equation:
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o more flexible transformations

o avoids explicit Jacobian determinants
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e drawbacks

o training requires solving ODEs repeatedly l% hheokhood Z/HEVE. iU

= computationally expensive <Uﬁ* Vﬂm,m:g_ It

Flow Matching
Tssport
e matching vector fields instead of densities 2% I"’dl"lz S ZWsat| ok
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o avoids likelihood-based training altogether JWUZ’ Vd U ‘

learns a neural velocity field vg(x, t) to match a target velocity u;(x)
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objective
o L = E[l|vg(zs,t) — ws(z)||?]

advantages

o no need to compute log-densities

o no need to solve ODEs during training

drawbacks aT Ud*’d(‘j feld
o the marginal velocity field u_t(x).is generally intractable




Conditional Flow Matching

e learn a conditional velocity field u;(z|zo, 1)

o instead of learning a marginal velocity field u;(x)

samples are paired:
o x, ~ base distribution

o x, ~ data distribution

learns how to transport xy to x; over time

objective
o L= E[||ve(xs,t) — us(me| o, 21)]|?]

o theoretically grounded by the continuity equation

benefits

o simpler target vector field
o stable training

o avoids density estimation entirely
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e special case of conditional flow matching X .
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o defines straight-line paths between xy and x;: Y G pose g 2434
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e corresponding velocity field is simple and deterministic
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o extremely simple training

o strong empirical performance

widely used in practice due to its simplicity



Diffusion  Transformer (DiT)
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X — Prediction
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ADM (Diffusen Models Beat GANSs)
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