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2.Solving the Mixing Problem Task: Sample from a Mixture of Gaussians: pg,., = t N ((5,5),1) +
SN ((—5,-5), ).

- Standard Langevin: Gets stuck in one mode; fails to recover the distribution weights.

- Annealed Dynamics: Large noise steps allow the chain to cross low-density regions and recover

Modern generative models (Stable Diffusion, DALL-E) rely on score-based denoising, which learns
gradients instead of densities, but why?

—E
Energy-based models define: p,(z) = =2 — o(2)) R R
0 oo Ground Truth oo Standard Langevin Dynamics oo Annealed Langevin Dynamics

+ By, Energy function (the neural network). o e - .

Ly = fexp(—E9<x)) dz: Normalization constant. b
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Issue: For high-dim images (d ~ 10°), computing Z, is intractable. - IR . R B -

2.The Score Matching Solution: By modeling the gradient of the log-density (the score), Z, vanishes! 00 00- - 00
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Zy is eliminated because it does not depend on z. I R i L] e I

3. Manifold Hypothesis : Real data resides on low-dimensional manifolds. The score is undefined in T R — T S —— YY) E
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empty space — Therefore, the solution is to perturb data with noise (NCSN).
— Takeaway: Multi-scale noise is mandatory for multimodal data!

Goal: Learn the score function sy(z) ~ V, logpg...(x) to bypass the intractable partition con-
stant Z,.

Moving to real images (MNIST), we implemented a simplified U-Net from scratch.

1. Implicit Score Matching (ISM) (Hyvarinen, 2005) Minimizes the Fisher divergence with real
data: 1. The Instability Problem Standard training exhibits high variance.

- Observation: Note the huge spike at Epoch 10 (FID ~ 11.3) for the Custom model.

1 > +tr(V,5y(z)) - Cause: The score network oscillates around the manifold.

JISM(G) — Epdata 5”439(33)”
2. The Solution: EMA Exponential Moving Average (0" < m#’ + (1 — m)#0,) stabilizes weights.
— Problem: Even though no partition function and no true score are needed, computing the . Result: FID drops consistently to 0.22.

Jacobian trace is O(d?), which is intractable for high-dimensional images. | | | | |
3. Hyperparameters Optimal sampling requires small step size e ~ 107 and large T' = 100 to avoid

2. Denoising Score Matching (DSM) (Vincent, 2011) Perturb data with noise & = = + o¢, then “overshooting” (snow noise).
match the conditional score:

Epsilon

| g cooch 1D FID Loss Loss

W,z T2 Cust EMA Cust EMA

JDSM(Q) — Eqa(5~0|$) 5 89(113) 2 ( )»L ( )»L ( ) ( )
_ 1 - - 0.4502 03068

Target Score
- - 5 2.9746 0.6112 0.2095 01288
— Key Insight: Now this alternate objective, inspired by denoising autoencoders, is equivalentto 10 11.3181 03198 01609 01058
C . . |
explicit score matching. No Hessian trace needed! - 0.9717 02249 01471 0.097"
3. Noise Conditional Score Networks (NCSN) (Song and Ermon, 2020) Table T: Impact of EMA on Stability (FID scores from
— Issue: The score is undefined in low-density regions (Manifold Hypothesis) Report Table 1)

: . . . . Figure 1: Impact of e and T on sampling
— Solution: Train a single network sy(x, o) conditioned on geometric noise levels oy > ... > 0,

to populate the ambient space.
b ’ Using the U-Net architecture from (Song and Ermon, 2020) we tested training the model on a

different dataset: Fashion MNIST.

4. Model Collapsing Small models tend to overfit one class and forget the others.

Once the score sy(z, o) is learned, how do we generate images? - Observation: Our custom U-Net only learned the “shirt” class, while the U-Net from (Song and
Ermon, 2020) barely learned other classes at the beginning of the training before collapsing.

- Cause: One potential problem could be the capacity of the model, so we tested increasing the

_ dimensions and adding dropout, which helped maintaining stability for a longer time. Experiments

Ty =T, + §se(azt) + ez, z, ~N(0,1) with other parameters (o, T, €) did not improve stability.

1. Standard Langevin Dynamics Start from random noise x, and iteratively follow the score gradients
towards high-density regions:

— Limitation: Fails to cross low-density regions between modes (poor mixing).

2. Annealed Dynamics (The Fix) (Song and Ermon, 2020) Use the learned noise levels o, > ... > o,
as a schedule:

- Start (High o): Large steps explore the whole space (good mixing).

- End (Low o): Small steps refine details on the data manifold.

Algorithm: For each noise level o,

a.
Tip1 € Ty T Ezse(azt, 0;) + /7

where step size a;; decreases with o,. Figure 2: Left and middle: (Song and Ermon, 2020)'s U-Net on Fashion MNIST sampled at 30000 and
40000 epochs. Right: Slightly bigger model with dropout, sampled at 40000 epochs.

Before generating images, we validate the method on 2D toy distributions.

1. Vlsuathng the Score F|Eld We tra|rIEd d Slmple MI_P onaa CII’Cle dlStI’IbUtIOﬂ. Several d|rect|ons merit explora“on:
- The learned score sy, forms a vector field pointing towards the high-density manifold. . ODE samplers can be improved:
- Observation: The score is accurate near data but undefined/random far from it. . Diffusion can be used in other applications, like audio, 3D shapes, or molecules:
3 reditedscore (sgma=0 00899959776452552 2. Ground Tth - Theoretical work can be done to understand why diffusion generalizes so well.
AR R R VIVE L L b L0040 7, T RASIENEANNNNN RN | TTTTTLLL L0077 ]
NN T2 NN 777777 o 5 Eror ap {Log Scal)
N 1 NN rerms o] (e
?jiiiéékk\\\\\\\\\\‘ V11T AL A A AL A A e NN NN VNI T80 0007070
g W77 A W77
N 1~ NN W2
5.0 ‘Hmaaxaxx\\\hhﬁ E; ’F _E-:'f ‘é‘é;rfi//////f//f// 5.0 _“‘“““\‘“\\\\\\bu\\\-kk\\"&& ¥ ﬁg,% ??/,//),'//f/////////z | 5
NI, e B SN Ny
T A NNN N L L 277 7 A e SSSSSSSSINNWRNNNN N | | R
251 e ENNN | LA 2.5 TSSO NN N | 1 77 e |
saaasr SR NN R ass —— DanaaaaRRSRRNNAN ; Ry essssenes ML
P e T ] - T, i S ] . [ . . . . . . .
e aeaees S xecseems I Seaaaaas: Seetoet\\R i assses sassasaans NN Hyvarinen, A. Estimation of Non-Normalized Statistical Models by Score Matching. Journal of
il vessswsss; el BNNSN St St T NS B ' 5
Dy . AR BN S-St ———" - 55 5 S A I\ S S S g - -
e DR N A —— essrsssry 5 A/ B NN N ——" ; Machine Learnin g Resear ch, 6(24), 695-709, 2005.
—2.5 ‘/////////‘//) )(f/ ;’ .!' i \\ \\ \\\\\ T e e P T e e e | 20 e AT S f \,\\\\\\‘3‘5‘\ P T T e e e | |
B S I I A LR O ] S el a o A VNS O ] -
8 §~§§\ . ] R ] o _ _ _ _ _ o _
N it NN R e NN Song, Y, and Ermon, S. Generative Modeling by Estimating Gradients of the Data Distribution, 2020.
IR RN REEIS AN R Y 2 IR ) )
IS AN R R R AR RRRRRO RO ISR/ a5
ISR R RRRRR RS RSROR RN LI AT L] :
asi 2t Y =077/ RIS . . . - .
NN AN = = = o 5 s = Vincent, P. A Connection Between Score Matching and Denoising Autoencoders. Neural Computation,
IO v s a3 R B R R AR R R RS AR MR CRNNNNNNNN N o VI I Y S Y S A 8 'j L NN NN | ' ' o ' ' ' ' :
-10.0 —-7.5 =5.0 —-2.5 0.0 2.5 5.0 7.5 10.0 -10.0 -7.5 =5.0 —-2.5 0.0 2.5 5.0 1.5 10.0 23(7)’ 1 661—1 674’ 2011. httpS//d OIO rg/1 011 62/N ECO_a_O 0142

victorinturnel@ens-paris-saclay.fr, thomaswinninger@telecom-sudparis.eu


https://doi.org/10.1162/NECO_a_00142

