Diagnosing and Improving Diffusion Models by Estimating the Optimal Loss Value
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Diffusion-Model Training Loss
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= Optimal loss J{ = tr Covyx,x,)[Xo] > 0 and unknown!

Loss value does not reflect e o e orsen Hoseenctiae
absolute fit to data: |
« Cannot diagnose training "
status from training loss.
* Cannot compare data
fitness across time steps. ™
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Optimal Loss Estimators
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Optimal loss on various datasets
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Scalable Estimators by Dataset Subsampling

BENIS % 3

me[M]

B = L 3

e [M]

2

1 m 1

ZZG[L]XE))Kt(XI(S )
m A

Svern Kilxg L x6)

l m 1
D el xg) Ko (x™ x{)
m 14
D relw] Kt(xg ),x(() ))

X

large variance

X

large bias

D Corrected: Properly balancing variance and bias!
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Error and variance of cDOL estimators at logo=1.25
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Optimal loss by various estimators on CIFAR-10

Error of the cDOL estimator

" Std of the cDOL estimator

0.25

0.20

0.15

loss

0.10

)
C=1(DOL) C=20 C=40 C=60
cDOL Estimators

C=B0  C=100 C= =(SNIS)

- DOL (L=2500)

-~ ¢DOL (L=2500, C=80)
- ¢DOL (L=5000, C=40)
-- ¢DOL (L=5000, C=60)
-~ ¢DOL (L=10000, C=20)

full-dataset (reference)

cDOL (L=2500, C=60)

cDOL (L=10000, C=40)

logo

3 4 5

Stepwise loss gap vs. generation performance:
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Principled Training Schedule Design
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Table 3: Comparison between existing training schedules and ours on ImageNet-256 dataset.

Method Generation w/o CFG Generation w/ CFG
FID(}) IS(T) Pre() Rec(f) FID() IS() Pre(f) Rec(T)
Pixel-space Diffusion Models
ADM (Dhariwal and Nichol, 2021) 10.94 - 0.69 0.63 394 2159 0.83 0.53
RIN (Jabri et al., 2022) 342 1820 - - - - -
Simple Diffusion (Hoogeboom et al., 2023) 277 2118 — - 2,12 2563 — -
VDM-++ (Kingma and Gao, 2023) 240 2253 — - 2,12 267.7 — -
SiD2 (Hoogeboom et al., 2024) - - - - 1.38 - - -
Latent Diffusion Models
MaskDiT (Zheng et al., 2023) 569 17719 0.74 0.60 228 2766 0.80 0.61
DiT (Peebles and Xie, 2023) 9.62 1215 0.67 0.67 227 2782 0.83 0.57
SIiT (Ma et al., 2024) 861 1317 0.68 0.67 206 2703 0.82 0.59
FasterDiT (Yao et al., 2024) 791 1313 0.67 0.69 2.03 2640 0.81 0.60
MDT (Gao et al., 2023a) 623 1430 0.71 0.65 1.79 2830 0.81 0.61
MDTv2 (Gao et al., 2023b) - - - - 1.58 3147 0.79 0.65
REPA (Yu et al., 2024) 5.90 — - - 142 305.7 0.80 0.65
LightningDiT (Yao et al., 2025) 2,17 2056 0.77 0.65 135 2953 0.79 0.65
+ reproduction 229 2062 0.76 0.66 142 2929 0.79 0.65
+ our schedule 2.08 2208 0.77 0.66 1.30 3013 0.79 0.66

Principled Scaling Law Study
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