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Why use Synthetic Data?

- Real data is expensive
- Running out of web data (Muennighoff et al., 2023)
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What scaling laws do we see when using synthetic data?

- Reminder: Scaling laws answer the question:
- How do we partition a fixed amount of compute between
model parameters and training data to achieve optimal
performance (min loss, max accuracy, etc.)?

argmin L(N, D) s.t. FLOPs(N, D) = C

N,D
- Then we fit some curves;
A B
LIND) = —+ —+F
WD) = et ps

(Muennighoff et al,, 2023)
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What scaling laws do we see when using synthetic data?

- In this paper, it's different:
- Model parameters are basically constant (they use ViT-B)
- Data s varied; Compute varies with data

- The question they ask is:

How much synthetic data is needed for desired
performance?
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How much synthetic data is needed for desired performance?

1. For image representation learning (text-image contrastive learning).
synthetic data can perform equivalently to real data
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How much synthetic data is needed for desired performance?

1. For image representation learning (text-image contrastive learning).
synthetic data can perform equivalently to real data

2. For image classification, synthetic data underperforms real data
(Sariyildiz et al., 2023)
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How much synthetic data is needed for desired performance?

1. For image representation learning (text-image contrastive learning).
synthetic data can perform equivalently to real data

2. For image classification, synthetic data underperforms real data
(Sariyildiz et al., 2023)

3. For image classification, synthetic data + real data can outperform
real data (Aziz et al, 2023; Yu et al,, 2023)
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What's the background of this paper?

One of three from a collab btw Lijie Fan at MIT and Yonglong Tian at Google
Research around synthetic data for representation learning

Learning
from data
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What's the background of this paper?

One of three from a collab btw Lijie Fan at MIT and Yonglong Tian at Google
Research around synthetic data for representation learning

1. Real captions & synthetic images
representation learning (Tian et al,, Oct, 2023) Py
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What's the background of this paper?

One of three from a collab btw Lijie Fan at MIT and Yonglong Tian at Google
Research around synthetic data for representation learning

1. Real captions & synthetic images for
representation learning (Tian et al,, Oct, 2023) Fmng
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What's the background of this paper?

One of three from a collab btw Lijie Fan at MIT and Yonglong Tian at Google
Research around synthetic data for representation learning

1. Real captions & synthetic images for
representation learning (Tian et al,, Oct, 2023) Fmng
2. Synthetic captions & synthetic images for
representation learning (Tian et al,, Dec 28,
2023) Hybrid
3. This paper, scaling laws for synthetic data
generation

Learning

from

models
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Three main claims in this paper

1. Synthetic data scaling for image classification:
a. worse than real data (in-domain),
b. better than real data (out-of-domain).
2. Class-based scaling
3. Synthetic data does scale well in CLIP model training



Scaling laws Synthetic Data This Paper Deep Dive

How does synthetic data scale?
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How does synthetic data scale?
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1

How does synthetic data scale?
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How does synthetic data scale? | 1. Stable Diffusion (SD)
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How does synthetic data scale?
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How does synthetic data scale?
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1. Image
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e Classnames:

(“Tench”)
* CLIP templates: Generate either 7 or 80 sentences with
the text templates CLIP used for zero-shot classification
task. (‘a photo of the large tench’)

* IN-Captions: Combine the class name with captions from
ImageNet(IN) training images. Captions are generated by

BLIP2 [44]. (‘Tench, a man holding aTish’)
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How does synthetic data scale? |!dea movelogits from the
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How does synthetic data scale?
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How does synthetic data scale OOD?
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How does synthetic data scale per class?

Inconsistently! - They point to three classes: "scaling’, “easy’, “poor”
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Synthetic Data This Paper

Classnames: Directly use the ImageNet class name.
(‘Tench’)

Classnames + Description: Combine class name with its
WordNet [50] description. (‘tench, freshwater dace-like
game fish of Europe and western Asia ...")

Classnames + Hypernyms: Combine ImageNet class
name with its Wordnet hypernyms. (‘Tench, Tinca tinca,
cyprinid, cyprinid fish”)

Word2Sen: Use a pre-trained TS5 model [60] as used
in [24] to convert the ImageNet class name into a sen-
tence. We generate 100 sentences for each class. (‘a tench
with fish in the distance.”)

CLIP templates: Generate either 7 or 80 sentences with
the text templates CLIP used for zero-shot classification
task. (‘a photo of the large tench’)

IN-Captions: Combine the class name with captions from
ImageNet(IN) training images. Captions are generated by
BLIP2 [44]. (‘Tench, a man holding aTish’)

Deep Dive
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Background Methodology Dataset Age Dataset Quality Composition

Pretraining LLMs

- Fine-tuning LLMs pretrained from large datasets is the norm.
- Why pretraining datasets are curated in a certain way is unclear.

GPT A
I_ I_ a M A Specific (pri;zt:g Knowledge
PaLM
C4 LIB;.;RY —pre-training—)x Supervised
\X/e bTeXt fine-tuning
Gigantic web-scale dataset Base LLM

https://neodj.com/developer-blog/fine-tuning-retrieval-augmented-generation/
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Dataset

Background Methodology Dataset Age Dataset Quality Composition

Pretraining Dataset Curation

Semi-curated, task-specific datasets C4 dataset
Wikipedia, BookCorpus, One Billion Cleaned, curated version of Common
\Word Benchmark. Crawl for Ts.
(Yang et al., 2019) Radford et al., 2019

(Zhu et al., 2015), Raffel et al., 2020
(Chelba et al., 2013)

Use of web-scraped data WebText

Use of Common Crawl for XLNet. Websites from highly-ranked
Reddit posts for GPT-2.

- Web text, books, news, code, Wikipedia, dialog, multilingual data.
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Background Methodology Dataset Age Dataset Quality Composition

Pretraining Dataset Curation

(1) Some are specialized but most use varied domains.

REPRESENTED DOMAINS (%) | FiLTERS Data
MobDEL Wikt WEeB Books Diatoc Cobe Acabp || P C4 M-L | Tox QuaL | PuB YEAr
BEerT 24 X X H Part 2018
GPT-2 X X H Part 2019
RoOBERTA 7 3 X v H Part 2019
XLNET 8 3 X v H Part 2019
T5 <1 X v H H v 2019
GPT-3 3 16 X 4 7% C X 2021
GPT-J/NEeo 1.5 38 15 4.5 13 28 Part C 2020
GLAM 6 46 20 28 X v C X 2021
LaMDA 13 24 50 13 v v 10% C C X 2021
ArLrHACODE - X X H X 2021
CopeGEN 1 24 10 3 40 22 Part H Part 2020
CHINCHILLA 1 10 4 v v H C X 2021
MINERVA <1 1.5 <1 2.5 <1 v v  <1% C X 2022
BLOOM 5 60 10 5 10 10 v v 8 H C | Part 2021
PALM 4 28 13 50 5 X v 22% C X 2021
GALACTICA 1 7 1 7 4 Part H Part 2022
LLAMA 45 - 45 2 45 25 Part v 4% @ Part 2020
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Pretraining Dataset Curation

(1) Some are specialized but most use varied domains.

REPRESENTED DoMAINS (%) FiLTERS Data
MobEL Wiki | WeB | Books Diatoc Cope Acap | P | C4 | M-L | Tox Quar | PuB  YEARr
BEerT 24 X X H Part 2018
GPT-2 X X H Part 2019
RoBERTA 7 3 X v H Part 2019
XLNET 8 3 X v H Part 2019
T5 <1 X v H H v 2019
GPT-3 3 16 X v 7% C X 2021
GPT-J/Neo 1.5 38 15 4.5 13 28 v | Part C 2020
GLaM 6 46 20 28 X v C X 2021
LAMDA 13 24 50 13 v v 10% C C X 2021
ArrHACODE - X X H X 2021
CopeGEN 1 24 10 3 40 20 v | Part H Part 2020
CHINCHILLA 1 10 4 v v H C X 2021
MINERVA <1 1.5 <1 25 <1 v v | <1% C X 2022
BLOOM 5 10 5 10 10 v v 71% H C Part 2021
PALM 4 28 13 50 5 X v 22% C X 2021
GALACTICA 1 7 1 7 v Part H Part 2022
LLAMA 45 45 2 45 2.5 Part | « 4% C Part 2020

(2) Frequent use of web data and C4.
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Pretraining Dataset Curation

(1) Some are specialized but most use varied domains.

RePRESENTED DoMAINS (%) FiLTERS Data

MobEL Wiki WeB Books Diatoc Cope Acap | P C4 M-L | Tox | QuarLf| PuB  YEar

BEerT 24 X X H Part 2018

GPT-2 X X H Part 2019

RoBERTA 7 3 X v H Part 2019

XLNET 8 3 X v H Part 2019

T5 <1 X v H H v 2019

GPT-3 3 16 X v 7% C X 2021

GPT-J/Neo 1.5 38 15 45 13 28 v Part C 2020

GLaM 6 46 20 28 X v C X 2021

LaMDA 13 24 50 13 v v 10% C C X 2021

ArrHACODE - X X H X 2021

CopeGEN 1 24 10 3 40 20 v Part H Part 2020

CHINCHILLA 1 10 4 v v H C X 2021

MINERVA <1 1.5 <1 25 <1 v v <1% C X 2022 (3) Qualit
BLOOM 5 6oy 10 5 10 10 | v v pA%Y H | c || pat 2021 (37QUaAlty
PALM 4 28 13 50 5 X v 22% C X 2021 filters are
GALACTICA 1 7 1 7 q ¢ Part H Part 2022 applied.
LLAMA 45 82N 45 2 45 2.5 Part 4% C Part 2020

(2) Frequent use of web data and C4.
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- Quality filters:

Content Text Quality
Filtering Extraction Filtering
- Classifier & heuristics
- ==_defined & =4=-defined
- TOXiCity filters: Repetition Document Test-set
- Black-box com mercnally Removal Deduplication Filtering

available APls

Dataset Quality and Toxicity

- Lack of ground truth for
definitions of quality. 0.99

0.04

093
0.99

Scaling Language Models: Methods, Analysis & Insights from Training Gopher (Rae et al., 2022) 015
Perspective API by Jigsaw



https://arxiv.org/pdf/2112.11446.pdf
https://perspectiveapi.com/
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Evaluation of Dataset Curation on Pretrained Models

1) C4 (Raffel et al., 2020)
- Cleaned version of Common Crawl
2)  The Pile (Gao et al., 2020)
- Common Crawl + books, code,
various domains, etc. Toxic

Select Pretraining Data

- Both are deduplicated
(Lee et al,, 2022).

Low
quality
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Evaluation of Dataset Curation on Pretrained Models

Select Pretraining Data

Toxic

1) Dataset age

2) Quality and toxicity
filtering

3) Domain composition

Low
quality
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Evaluation of Dataset Curation on Pretrained Models

Pretrain
Select Pretraining Data Model

Toxic

1) Dataset age

2) Quality and toxicity
filtering

3) Domain composition

Low
quality

1) LM-XL (1.5B)
2) LM-sMALL
(20M)
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Evaluation of Dataset Curation on Pretrained Models

1) Fine-tune
2) Evaluate

. Evaluate Change in
Pretrain Performance on

Select Pretraining Data Model Dewnsireai Ticks

1) Dataset age Toxic Toxic Generation
2) Quality and toxicity Toxic Identification
filteri ﬂg . 2012 Eval Tasks

3) Domain CompOSItIOH
2020 Eval Tasks

Low
quality

Domain-Specific
Knowledge

1) LM-XL (1.5B)
2)  LM-smaLL
(20M)
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Impact of Data Curation on Data Characteristics

- Time
- Percent non-ascii characters increasing.
- Text quality decreasing.
- Toxicity and quality
- Inversely correlated (e.g., books).
- Domains
- Books are high quality but high toxicity.
- Technical domains have lower quality. — poor filters
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Impact of Dataset Age on Pretrained Models

Majority of models downloaded on HuggingFace < 2020.
Create time-snapshots of Common Crawl (C4).

Percentage of year mentions in dataset
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Impact of Dataset Age on Pretrained Models

Temporal misalignment between pre-training and evaluation datasets
impact performance negatively.
More fine-tuning does not improve performance.

PubCLS NewSum TwiERC

4
S 2016 2016 PCH 52 | 848 | 859 [NEREI
>
£
E -
$2019 750 763 77.1 732 2019 PUIEN 646 | 844 WETCEM 840 | 838 | 846
[ I
2022 740 75.7 76.8 734 2022 227 312 27.4 17.8 2022 827 837 844 829 827 836
2010 2012 2014 2016 2010 2012 2014 2016 2014 2015 2016 2017 2018 2019
AIC PONA
2013 98.0 H 913 944 887 2013 715 820 822 749
2
S 2016 982 [ELPENCCRN o051 885 2016 ! i 82.2 824 76.0
>
£
E -
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Impact of Dataset Age on Pretrained Models

- Impact is worse when pretraining precedes evaluation years.
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Impact of Domain Composition on Pretrained Models

- Common Crawl, OpenWeb and Books have strongest positive effects.
- Domain heterogeneity (multiple sources, domains) is critical.

Common Contrast
Wiki Web Books Biomed Academic Sense Sets Average
Full Dataset (100%) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 °
No Social (99%) 08 57 26 0.1 ! £ i 0.4 0
No Wiki (98%) -1.3 “ &ifu) 0.2 -0.3 -4
No Books (93%) -35 1.0 0.0 -2.7 L5
No OpenWeb (93%) -2.0 [ 0.1 -1.0 14
No Legal (91%) 27 29 38 0.4 0.6 &
No Academic (87%) 03 25 0.3 09 02 =
No Pubmed (85%) 03 3.0 39 ‘“ 12 4
No Code (81%) -0.5 -3.1 2.9 -1.2 -0.1
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Impact of Quality/Toxicity Filters on Pretrained Models

- Quality Use classifier employed by PaLM and GLaM
- 0 (high, i 4) -> 1 (low)
- High quality examples are books, certain webpages (Du et al.,
2022)

- Toxicity: Jigsaw's Perspective API
- 0 (low, |4 -> 1 (high)
- Has been shown to be unreliable (Pozzobon et al., 2023)
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Impact of Quality/Toxicity Filters on Pretrained Models

- Quality filters improve (1) toxic identification and (2) QA tasks.

Quality Filtering, LM-XL C4
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Impact of Quality/ Toxicity Filters on Pretrained Models

- Quality filters improve (1) toxic identification and (2) QA tasks.

Common Contrast

Wiki Web Books Biomed Academic Sense Sets Average

Inverse T=0.5 (73%) 21 20 7 1.2 sl IG
4

Full Dataset (100%) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
-2

T-0975(01%) 12 07 22 § 25
i 1 -0

T=0.95 (84%) 12 0 ° 49 10
--2

T=09(73%) 03 08 “ 12
-4
T=07(46%) 12 08 07 I
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Impact of Quality/ Toxicity Filters on Pretrained Models

- Toxicity filters worsen downstream task performance.
- Likely due to toxicity and quality tradeoff.

Common Contrast
Wiki Books Biomed Academic Sense Sets Average

Full Dataset (100%) 0.0

T=0.95 (98%) -1.0 04 02 05 06 1.7 1.3 02 .
T=0.9 (95%) n 11 06 02 02 07 g
T=0.7 (86%) 1.4 0.1 0.1 0.9 D2 1.2 -
T=0.5 (76%) “ 0.9 1.1 03 0.1 ’ 2.0 =

. | -3
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Discussion Questions



Discussion Questions

1

Scaling Laws of Synthetic Images
for Model Training ... for Now

How can we use the real vs. synthetic set
up to learn about the synthetic+real data
case?

Which do we care more about: Scaling
laws for image classifiers or Scaling laws
for representation learning algorithms?
Why is there a gap between these?
Why does Stable Diffusion do so much
better on the sketch and artistic
rendering OOD imagenet datasets?
Why are the “poor” classes so difficult?

A Pretrainer’s Guide to Training Data: Measuring
the Effects of Data Age, Domain Coverage,
Quality, & Toxicity

1.  How will the intuitions gained from
this research guide the way we
approach fine-tuning models for new
tasks?

2. Will the trends we see here apply to
areas of ML/DL outside of LLMs?

3. How can we determine when older
datasets will start negatively
impacting training tasks?

4. How do we address the tradeoff
between quality and toxicity?



