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What are scaling laws?

Why should | care?

Our work on scaling diffusion

What makes diffusion different?
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The Compute Allocation Problem

e Hero runs are expensive
e (Guessing does not scale
e How big of a model? How long to train?



What are Scaling Laws

Hestness / Amodei -> Kaplan -> Hoffmann -> Modern Day
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Why Should | Care

e Avoid spending unnecessary compute Overtraining is...
e Compute efficiency = less money = longer Catastrophic Free

training on bigger model = better model

e Sometimes we want to overtrain. When is
overtraining “safe”?

e Pre-training still matters (apparently)

Compute Optimal
Configuration

Loss (log)

] === Scaling Law

] == Loss Trajectory C < Copt

{1 == Loss Trajectory C > Copt
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We Know a lot About LLM Scaling...

Sealing Laws for Neural Language Models
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Cerebras-GPT: Open Compute-Optimal Language Models
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Scaling Laws with Vocabulary:
Larger Models Deserve Larger Vocabularies
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Universal One-third Time Sealing in Learning Peaked Distributions

BROKEN NEURAL SCALING LAWS
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...and Relatively Little About Diffusion Scaling

2404.01367v2 [cs.CV] 10 Dec 2024

arXiv

Published in Transactions on Machine Learning Research (12/2024)

Bigger is not Always Better:
Scaling Properties of Latent Diffusion Models

Kangfu Mei* kmeil Gjlu.edu
Johns Hopkins University

Zhengzhong Tu'! tzz@tamu.edu
Tezas AEM University

Mauricio Delbracio
Google

mdelbra@google. com

Hossein Talebi
Google:

htalebi@google. com

Vishal M. Patel
Johns Hopkins University

patel36@ihu.edu

Peyman Milanfar

oo

‘milanfar@google.com

Reviewed on OpenReview: https: //openrevieu. net/ forun? id=0uTphf jris

Abstract

‘We study the scaling properties of latent diffusion models (LDMs) with an emphasis on their
sampling efficiency. While improved network architecture and inference algorithms have
shown to effectively boost sampling efficiency of diffusion models, the role of model size—a
critical determinant of sampling efficiency—has not been thoroughly examined. Through
empirical analysis of established text-to-image diffusion models, we conduct an in-depth
investigation into how model size influences sampling efficiency across varying sampling
steps. Our findings unveil a surprising trend: when operating under a given inference bud-
get, smaller models frequently outperform their larger equivalents in generating high-quality
results. Moreover, we extend our study to demonstrate the generalizability of the these find-
ings by applying various diffusion samplers, exploring diverse downstream tasks, evaluating
post-distilled models, as well as comparing performance relative to training compute. These
findings open up new pathways for the development of LDM scaling strategies which can be
employed to enhance generative capabilities within limited inference budgets.

1 Introduction

Latent diffusion models (LDMs) ( ,2027), and diffusion models in general, trained on large-
scale, high-quality data ( , 2014; , 2022) have emerged as a powerful and robust
framework for generating impressive results in a variety of tasks, including image synthesis and editing (
 2022; , 2023; ; ¥ ), video
creation ( , 2023;  2023; , 2023; ), andio production (

; ), and 3D synthesis ( , 2023; % )- Despite their versatility, the major

“This work was done during an internship at Google.
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SCALING LAWS FOR DIFFUSION TRANSFORMERS
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ABSTRACT

Diffusion transformers (DiT) have already achieved appealing synthesis and scal-
ing properties in content recreation, e.g. image and video generation. However,
scaling laws of DIT are less explored, which usually offer precise predictions re-
garding optimal model size and data requirements given a specific compute bud-
get. Therefore, experiments across a broad range of compute budgets, from 1e17
10 6618 FLOPs are conducted to confirm the existence of scaling laws in DiT for
the first time. Concretely, the loss of pretraining DiT also follows a power-iaw
relationship with the involved compute. Based on the scaling law, we can not only
determine the optimal model size and required data but also accurately predict the
text-to-image generation loss given a model with 1B parameters and a compute
budget of 1.5¢21 FLOPs. Additionally, we also demonstrate that the trend of
pretraining loss matches the generation performances (e.g., FID), even across var-
ious datasets, which complements the mapping from compute to synthesis quality
and thus provides a predictable benchmark that assesses model performance and
data quality at a reduced cost.

1 INTRODUCTION

Scaling laws in large language models (LLMs) (Kaplan et al., 2020; Hestness et al., 2017, Henighan
et al.; 2020; Hoffmann et al., 2022) have been widely observed and validated, suggesting that pre-
training performance follows a power-law relationship with the compute C. The actual compute
could be roughly calculated as C' = 6N D, where N is the model size and D is the data quantity.
‘Therefore, determining the scaling law helps us make informed decisions about resource allocation

maximize computational efficiency, namely, figure out the optimal balance between model size
and training data (i.e., the optimal model and data scale) given a fixed compute budget. However,
scaling laws in diffusion models remain less explored.

‘The scalability has already been demonstrated in diffusion models, especially for diffusion trans-
formers (DiT). Specifically, several prior works (Mei et al., 2024; Li et al., 2024) reveal that larger
models always result in better visual quality and improved text-image alignment. However, the scal-
ing property of diffusion transformers is clearly observed but not accurately predicted. Besides, the
absence of explicit scaling laws also hinders a comprehensive understanding of how training budget
relate to model size, data quantity, and loss. As a result, we cannot determine accordingly the opti-
‘mal model and data sizes for a given compute budget and accurately predict training loss. Instead,
heuristic configuration searches of models and data are required, which are costly and challenging
to ensure optimal balance.

In this work, we characterize the scaling behavior of diffusion models for text-to-image synthesis,
resulting in the explicit scaling laws of DiT for the first time. To investigate the explicit relation-
ship between pretraining loss and compute, a wide range of compute budgets from 1e17 to 6e18
FLOPs arc used. Models ranging from 1M to 1B are pretrained under given compute budgets. As
shown in Fig.[Tfa), for each compute budget, we can fit a parabola and extract an optimal point that
corresponds to the optimal model size and consumed data under that specific compute constraint.
Using these optimal configurations, we derive scaling laws by fitting a power-law relationship be-
tween compute budgets, model size, consumed data, and training loss. To evaluate the derived

“Equal Supervision
"Corresponding Author.



Training Loss

There are good reasons for this
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Abra: Scaling for Diffusion

0.68
o
,0.66
n
0
o
-
Bo.64
g \
2 0
< <
g o
5002 model size § °
— 60m = 500m N,
— ]20m == 1b
0.60
m— 250m 2b
M
T T 1 T
108 10% 10%° 102 102
C (FLOPs)
210 4
E = TPP=191C*0:0010 2 1010 _ = N=0.0301C*04%1 el 'a ] = D=3.78C*0%% e
T 205 T s ;“, T 1012 ‘.
: - | £ ] o I | :
B e = - | 5 =
8200 T ..—.'-.""w- o 10° 3 ‘ : o !
e 1 o E y 3 1 010 3 ¥ 3 1
= H s 1 1 - E 1
= 1 3 4 . 1 3 3 . 1
2195 + 1 = ./ H a ] ./ s
€ 1 € 10° 4 1 £ 1 1
S i S 1 & ! S0 M !
190 T 1 L T 1 1 1 1 _I I
1018 020 022 1024 1018 1020 1022 1024 1018 020 22 1024
C (FLOPs) C (FLOPs) C (FLOPs)



KDD (best CFG) CLIP (best CFG) FID-DINOV2 (best CFG)

bucketed loss EMA (n=10k)
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Generative Metrics Scale

—e— R(t) per size (PCHIP)
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But Optimal CFG is Heavily Metric and Scale Dependent
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Overtraining is Actually Quite Cheap!
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Linear Probing (Visual Understanding) Scales
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(1.0 = compute-optimal)

L/L™(C)

Heterogeneous Scaling Reveals a Dichotomy
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Loss Response Curves Scale

mean per-timestep loss £ (ve, t)
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rescaled loss £ = (L —L)/(Lfinai — L)

14

Scaling Collapse
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f=(L— L) (Lfina1 — L)

14

moving-average smoothing window = 100 steps (2 logged points)

(a) Universal collapse — entire run (L=0.0077)
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What is a good image?

e Low CFG: Looks great globally, poor fine-grained coherence
e High CFG: Great fine-grained coherence, low global aesthetics

Cfg '2 4

60m




Lessons

Diffusion model training is computationally expensive.

Overtraining diffusion models is practically free.

A few hundred TPP (200-300) is the sweet spot for image diffusion models.
Video diffusion models are probably 6-10x more expensive.

Tuning CFG is a must when comparing two models.

Despite everything in me screaming “NO!": CLIPScore might be the best
quantitative metric.

SRS



The Future

e How can we increase the semantic information content per token?

e Running on hardware means we need to make smaller models work.
Distillation?

e Understanding the generative space: CFG / realism / diversity. Low-hanging
fruit with very low compute needs.



Scaling Embodied Intelligence

e Justuse Astra?
e Bitter lesson strikes again
e Do WAMs beat VLA in the long-run?



Thank you!



