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Abstract
Multimodal datasets are a critical component in recent breakthroughs such as Stable Diffusion
and GPT-4. yet their design does not receive the same research attention as model architectures or
training algorithms. To address this shortcoming in the ML ecosystem, we introduce DATACOMP,
a testbed for dataset experiments centered around a new candidate pool of 12.8 billion image-text

pairs from Common Crawl. Participants in our benchmark design new filtering techniques or
curate new data sources and then evaluate their new dataset by running our standardized CLIP

training code and testing the resulting model on 38 downstream test sets. Our benchmark
consists of multiple compute scales spanning four orders of magnitude, which enables the study
of scaling trends and makes the benchmark accessible to researchers with varying resources.
Our bascline experiments show that the DATACOMEr workflow lcads to better training scts. In
particular, our best baseline, DATACOMP-1B, enables training a CLIP ViT-L/14 from scratch
to 79.2% zcro-shot accuracy on ImageNet, outperforming OpenAl’'s CLIP ViT-L/14 by 3.7
percentage points while using the same training procedure and compute. We release DATACOMP
and all accompanying code at www.datacomp.ai.

Gadre et al. DataComp: In search of the next generation of multimodal datasets. NeurlPS D&B 2023.



The bitter lesson

“The biggest lesson that can be read
from 70 years of Al research is that
general methods that leverage
computation are ultimately the most
effective, and by a large margin.”

Rich Sutton. The bitter lesson. 2019.




The data lesson addendum?

“The biggest lesson that can be read
from ... Al research is that general
methods that leverage computation are
ultimately the most effective,”
especially when applied In
conjunction with rigorous dataset
construction.




Datasets are the foundation of progress in ML
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The standard ML research pipeline
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A. Select datasets 8 B. Train ) C. Evaluate @




This pipeline has produced better models

e Architectures
 Optimizers
e Normalization

 Tuned hyperparameters

e Activation functions
* Weight initialization schemes

o Stable training tricks



But how much performance are we
leaving on the table by fixing datasets?




Dataset iteration for better models?

* Diversity?

 Hard vs. easy examples”?
* Class distributions?

o [abel quality?

e Scale? Clearly this is a platypus says ImageNet



DataComp is a benchmark
for dataset development




Enter DataComp
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Interlude: DataComp targets CLIP training
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Lol that’s a weird frog

Radford et al. Learning Transferable Vision Models From Natural Language Supervision. ICML 2021.



Interlude: CLIP for zero-shot inference

* With vision-language features we can create arbitrary image classifiers.

Input image Prompts to create Similarity scores
classifier give class label

A photo of a dog.

A photo of a frog.

Radford et al. Learning Transferable Vision Models From Natural Language Supervision. ICML 2021.



Interlude: Why CLIP?

ImageNet

ResNet101 CLIP ViT-L
76.2% 76.2%

64.3% 70.1%

———1 —————— 1
377% 88.9%
— 7 — 1
32.6% 72.3%

ObjectNet
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- F e £ | ’ ' 25.2% 60.2%

ImageNet Sketch
o ——————— 1
2.7% TT1%

ImageNet Adversarial

https://openai.com/research/clip



Interlude: Why CLIP?

 Many model vision models utilize
CLIP backbones for V&L tasks,
segmentation, detection, image
generation, embodied tasks, etc.

 Reasonable signal that improving
CLIP models also leads to
downstream model gains

Alayrac et al. Flamingo: A visual language model for few-shot learning.

ﬁk Pretrained and frozen

Trained from scratch

Output: text

Perceiver Perceiver

Resampler Resampler
t {
Vision Vision
Encoder Encoder
* %

> a very serious cat.
f
n-th LM block *
n-th GATED XATTN-DENSE
1st LM block *
* 1st GATED XATTN-DENSE
Processe d text

<image> This is a very cute dog.<image> This is

Interleaved

|

visual/text data

2 This is a very cute dog. This is

Figure 3: Flamingo architecture overview. Flamingo is a family of visual language models (VLMs)
that take as input visual data interleaved with text and produce free-form text as output.

NeurlPS 2022.




Re-enter DataComp

? - COMMON '
| W3 POOL
:

A. Choose Scale B. Select Data C. Train D. Evaluate E. Submit




Choosing a scale

A. Choose Scale



DataComp is compute accessible

 Academics may have less resources

and usually can’t train many FLOPs , samir gadre
‘ @sy _gadre
* |Industry labs may not want to academia industry
participate unless DataComp can
prOdUCe SOTA models g0SSip

» Solution: different compute scales for 2:51AM - Jun 25, 2023

participants



Scale configurations

small medium large xlarge

_______________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

_______________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

compute analogy




Scale configurations

small medium large xlarge
"""""""" samplesseen  12eM
""""""""""""""" model  VTBA2
""" taining A0 hours 8

_______________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

compute analogy fine-tune IN-1k




Scale configurations

medium

_______________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

_______________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

_______________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

compute analogy

fine-tune IN-1k

training IN-1k




Scale configurations

medium

.......................................................................................................................................................................................................................................................................................................................................................................................................

.......................................................................................................................................................................................................................................................................................................................................................................................................

.......................................................................................................................................................................................................................................................................................................................................................................................................

compute analogy

fine-tune IN-1k

training IN-1k

training IN-21k




Scale configurations

small medium large xlarge
"""""""" samplesseen  128M 1M 1288 1288
""""""""""""""" model  ViTB/82  VITBE2  VTBA  ViTLA4
""" tanng A1Ohows 8 80 1000 40000

.......................................................................................................................................................................................................................................................................................................................................................................................................

compute analogy ~ fine-tune IN-1k ~ training IN-Tk ~ training IN-21k ~ training OAI CLIP




Scale configurations

small medium large xlarge
"""""""" samplesseen  128M 1M 1288 1288
""""""""""""""" model  ViTB/82  VITBE2  VTBA  ViTLA4
""" tanng A1Ohows 8 80 1000 40000

.......................................................................................................................................................................................................................................................................................................................................................................................................

compute analogy ~ fine-tune IN-1k ~ training IN-Tk ~ training IN-21k ~ training OAI CLIP

No constraint on
dataset size! Real
constraints are pool
size and compute.




Example of samples seen

» Participating at the medium scale Initial pool

(128M samples seen)

e Filter a dataset to 64M samples After filtering

 Each sample will then get seen twice Medium scale

training

(in expectation) during training



Selecting data



Two tracks: Filtering and BYOD

Filtering Bring your own data (BYOD)

Cobble together
many sources

SSSSSS



CommonPool to facilitate the filtering track

« 88B url-(alt)text pairs from 40B potential candidates
CommonCrawl

 40B attempted image downloads
 16.8B successfully downloaded
* 13.1B retained after pre-processing

12.8B xlarge candidate pool

e 12.8B sampled for the xlarge pool



Pre-filtering for safety and eval decontamination

 Near deduplication against downstream
evaluation images

« NSFW image removal

e NSFW text removal

* Face blurring automatically in download
tooling

* Notably, not pre-processing for “quality”

 Dataset safety is an active area of
research!



Metadata

Original width/height

Caption

Image sha256

CLIP features (B/32 and L/14)
CLIP scores

Face bounding boxes (for
automatic blurring)
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Bring your own data (BYOD)

Filtering is only one way to curate
datasets

Combine other data sources (e.g.,
YFCC-15M, CC12M, RedCaps,
etc.)

CommonPool filtering ++

The BYOD track allows this
flexibility






Fixed training configurations

* Hyperparameters based on OpenAl,
LAION (open_clip) runs

"medium": {
"batch size'": 4096,
"learning_rate'": 5e-4,

* Fixed, so participants cannot modify "train_num_samples": 128_000_000,

"warmup": 500,
“"model”: "ViT-B-32",
"beta2": None,

 Ablations on architecture, batch size,
etc. show relatively consistent trends,
suggesting dataset and modeling
choices can be considered
iIndependently




Evaluate

D. Evaluate



Downstream eval sets

ImageNet v2 ImageNet-A  ImageNet-O  ImageNet-R KITTI CIFAR-10 CIFAR-100  CLEVR Counts CLEVR Dist.  Caltech-101

» 38 core classification and ﬁ 5 E EZ ‘ Y . . SXe

»
ret ri eval taS kS MNIST MSCOCO ObjectNet  Oxford-llIT Pet Pascal VOC  Camelyonl/ CountryZ2ll LIb Dollar Street LurcSAI

gl 4 4 Pl b B w

e Evaluations are zero-shot

SST2 STL-10 SUN397 FGVC Aircraft FMo\W FairFace Flickr Flowers-102
. ] -
. . -, | D' -
no fine-tunin 2 ' | & "Wl
' .
w y
SVHN Stanford Cars UTKFace WinoGAVIL ‘WildCam Food-1C1 GISRB GeoDL ImageNet 1k ImageNet Sketch

« We look at both ImageNet . o m a . I

and average acc.




Submit



datacomp.al

DataComp Home Participate Tracks FAQs Workshop Team Leaderboard

, ‘... DataComp

Welcome to DataComp, the machine learning benchmark where the models are fixed and the
challenge is to find the best possible data!



A unified leaderboard

Select the track and scale

Filtering track BYOD track

Leaderboard
o ImageNet  Average
Created Submission - pert.
1 10-02-2023 Data Filtering Networks 0.371 0.373
2 09-08-2023 The Devil Is in the Details 0.320 0.371

3 08-17-2023 T-MARS: Improving Visual Representations by Circumventing Text Feature Learning 0.330 0.361



DataComp leads to
better models



Teaser results

ImageNet-1k
accuracy

____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

Dataset Dataset size Samples seen Architecture

____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________
____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________
___________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________




Teaser results

Dataset ~ Datasetsize ~ Samplesseen  Architecture ootk
| ? % accuracy
OpenAl WIT 0.4B 13B ViT-L/14 75.5

____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

___________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________




Teaser results

Dataset Dataset size Samples seen Architecture lmj(?fd?'j; <
OpenAl WIT 0.4B 138 ViT-L/14 75.5
woNaooM 048 e v e
““““““““ woN2e 238 e wiuis 71
““““““““ won2B 208 aB  wiwae om0




Teaser results

Dataset Dataset size Samples seen Architecture Im;(gceul\rlgct:;jk
OpenAl WIT 0.4B 138 ViT-L/14 75.5
woNaooM 048 e v e
““““““““ woN2e 238 e wiuis 71
““““““““ won2B 208 aB  wiwae om0
““““““““ wON2B 238 se wigd 785

DataComp-1B~ 1.4B 138 O ViITU14 792




Teaser results

Dataset Dataset size Samples seen Architecture mageNet-Tk
| | g accuracy
OpenAl WIT 0.4B 13B ViT-L/14 /5.5
LAION-400M 0.4B 13B ViT-L/14 (2.8
LAION-2B 2.3B 138 ViT-L/14 /3.1
___________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________ +3.7pp

LAION-2B 2.3B 34B ViT-H/14 /8.0
LAION-2B 2.3B 34B ViT-g/14 /8.5
DataComp-1B~ 1.4B 138 o ovitva (0 792




Teaser results

Dataset

ImageNet-1k
accuracy

____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

___________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

___________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

Dataset size Samples seen Architecture
0.4B 138 ViT-L/14
0.4B 138 ViT-L/14
2.3B 13B ViT-L/14
2.3B 34B ViT-H/14

LAION-2B

ViT-g/14

/8.9

DataComp-1B

Vil-L/14

79.2

Ox
compute
savings



How did we get there? Baselines!

* No filtering

* CLIP-score filtering

» Basic: filtering based on aspect ratio,
caption length, etc.

* |Image-based filtering: clustering
against ImageNet-1k train

- d Porsche Cayman S

» Jext-based filtering: looking for
ImageNet-1k synsets CLIP filtering (pool top 30%)



How did we get there? Baselines!
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How did we get there? Baselines!
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How did we get there? Baselines!

CLIP ViT-L/14 30% filter
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How did we get there? Baselines!

CLIP ViT-L/14 30% filter
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How did we get there? Workflow!

 Ran many experiments at small and medium
scale

 Best methods we run at large scale .

 Best at large (often same as at medium), we

run at xlarge .




DataComp-1B

 Combination of 2 baseline strategies
(CLIP-filter n image-based)

* First (public) training set that’s better
than OpenAl’s.



Dataset size is not the full story

ImageNet Average over 38 datasets
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Dataset size is not the full story

ImageNet Average over 38 datasets
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Consistent ordering across scales

= small vs medium (ImageNet) medium vs large (ImageNet)
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2 0.1 9 v No filtering
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Consistent ordering across scales

small vs medium (ImageNet)
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BYOD mixing can help

e BYOD seems to help up to large

scale
i large i Xlarge
» Currently diminishing returns at S S S
| CLIP-fitern 53 - -
Xlarge image-based ' |
. 4BYOD
» Lots left to explore here (rich, fonees 686 792

scalable sources beyond
CommonCrawl?)



Future directions

Curating more dataset sources

Improved filtering and dataset balancing
methods

Further (weak) supervision signals
Additional modalities

Broader evaluation on vision, vision-
language, robotics tasks, and model bias



arXiv:2306.15658v1 [cs.CV] 27 Jun 2023

People are already iterating on DataComp

CLIPA-v2: Scaling CLIP Training with 81.1% Zero-shot ImageNet Accuracy
within a $10,000 Budget; An Extra $4,000 Unlocks 81.8% Accuracy

Xianhang Li"  Zeyu Wang" Cihang Xe

*ecuad technical contrdution
UC Santa Crez
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Figure 1: Compared b OpenCLIP |11}, our CLIPA-v2 models achicve higher performance with lower trainng cost.

Abstract

The recemt work CLIA [ ] presents an invere scal-
ng law for CLIP training — whereby the larger the im-
speftext encoders used, the thorter the seauence lengrh of
weapeftent tokere that con be applied in traiming.  This
Snding enables as to tra‘n kigh-performance CLIP mod-
els with significaatly reduced computation:. Buildieg upon
thir wors, we herwby precens CLIPAA2 with two key con-
ributions. Technically, we find this inverse scaling law is
slso applicable ix the f ing suage, enoling fusther re-
duwction n comparanional necds, Empivically, we explove
CLIPA & scale, extending the experiments up to ree H/I4
wodel with ~13B image-text pairs seen dusing traizing.

Owr results ane exciting — by wly allecaring o budget
of $10.000, our CLIP medel achirves an ‘mpressive zero-
thor ImageNet accuracy of 81, 1%, surpassing the prior best
CLIP meodel (from OpenCLIP, 801%) by |.0% and mean-
while reducing the computational cost by ~39x. Moreover,
with an sdditioncl investment of $4.000. wr can further el-
rvare the zero-shet ImageNet accuracy to 81 8%,

1. Introduction

CLIP [!7] has emerged as the pioncening foundation
mocel that badges the gap besveen tert and images, usher-
ing somputer vision ‘esearch into the “post-lvageNet” era
LIO0 TR 20,00 18, 20 22, 25, 4], However, the demanding

putational requi » of CLIP kinder its widesproad
exploration. The recest work CLIPA |1 7] offers a compu-
taticnally efficient sclution — with the introdoction of an
fraverye scaliy fow O CLIF asnisg, it reveas tsa buger
models can be trained with fewer input tokers. BuiMing
upan this observatios, CLIPA demonstrates i efficacy in
sceranos with mated competational resources, leading to
a substantial reductin in the training cost of CLIP.

This repart provices a follbw.up o2 CLIPA. Firstly, we
validase thatthe inverse scalieg law is also app icable when
finccuning models with inpet okens at full resolution, This
further reduces the taining cost of CLIPA, Secondly, we
imvestigate the perfomnance of CLIPA at scale across vani-
ous aspects, including model size (upto H/14) data (up to
DataComp-1B [¢] ani LAION-2B [ "] datasets). and tnin-
ing ichedule (wp to ~13B sasrples seen),

T-MARS : Improving Visual Representations by
Circumventing Text Feature Learning

Pratyush Maini*' Sachin Goyal*”
Zachary C. Lipton' J. Zico Kolter"* Adid Raghuaathan'
Camegie Mellon University' Besch Center for Al
{pratyushmaini,sachingoyal ,zlipton,zkolter raditi)fcmu. edu

Absiract

Large web-sourced maltimoda datasets have powered a slew of wew metwods
for kaming gemeral.purpose visual representations, advincing the state of the
an n compuer vision and revelwionizng cero- and few-shot reccgnivon. One
crucial decision facing practitiecrs is how, if atall, o carate these ever-larger
datasets. For example, the creators of the LAION-SB cataset close to retain
oaly image-caption pasrs whoie CLIP similanty scoee exceaded a desigeated
thresbold. In this pape:, we propase a new state-of -the-art data filenag appeoach
motivated by sur observation that nearly 407 of LAION's images contain tex: that
overlaps signficantly with the caption. hituitively, such daia could be wasteful as
it incentivizes models © perforn optical character recogmation rather than leaming
visal features, However, saively removisg all sucy data cosld also be wastefil, as
it thiows away images that contain visaal features [in additon to overlapping lext).
Our simple ard scalabl approach, T-MAES (Text Masking and Re-Scoring), flters
out ealy thos: pairs waere the rext dominates the remaaning visual features—by
first masking owt the text and then filtering out those witha low CLIP similarity
scoe: of the masked image. Experimentally, T-MAL cutperforma the top-rmaked
method on the “medsm scale™ of Datalomp (adata filering ben:hmark) by a
margin of 6.1% on leageNet and 4.7% on VTAB. Additionally, oar systematic
evalsation on various dsta pool szes from 2M to 64M shows that the accuracy gains
enjoyed by T-MARS lincarly increase as duta and compute are scaled exponentally.
Cod: is availible st httpa: //github. com/loctalab/T-MARS,

1 Introduction

arXiv:2307.03132v1 [cs.CV] 6 Jul 2023

The paradagm of machine leam ng has shifted from traiming on carciully crafted labelked datases to
training on lirge crawls of the web [1). Vision-lhinguage models like CLIP [40] and BASIC [38]
trained on wieb-scale datasets have demenstrated exceptional zero-shot perfermance across a vide
rangs of vishon tasks, and the cprescntations that they lkam have bocome the de-ficto standard
across a vancty of vision domains. Recently, the OpenCLIP (23] effoet has dmed to ndependently
reproduce the performance of he original CLIP model through the curatica of a similarly szed
LAIDN-A00M [45] dstaset. Fowever. they are still unable to metch the performance of CLIP.
suggesting that data caration could play an impertant rol: even at web-scale, Most recently, the
Laanch of "DaaComp’ [14), » duta filsenag compestion at vanous web-scale, yas further streamlined
cffonts in this ficld.

Data curation at web scale raises unique challenge: compared to the sandard dassificat oa regime. In
webscale datisets, wetypically make on'y a single (or fow) pass(es) over eact training example [21],

" Egual Cortribution

Pregeint. Under review.

arXiv:2307.10350v1 [cs.LG] 19 Jul 2023

Improving Multimodal Datasets with Image Captioning

Thao Nguyen' Samir Yitzhak Cadre? Gabriol harco!
Sewoong Ch'* Ladwig Schmide**®
Abstract

Massive web datasets pay a key role in the swccess of large vision-language models like
CLIP and Flamingo, However, the raw web data 8 noisy, and existing fltering methods to
reduse noiso often come at the oxpense of data divwrsity. Our work focuses on eagtion quility
88 o0e major source of noise, and studies ww gererated captions can increase the utility of
web-scraped datapoints with nondescript text. Thrasgh exploring different mixing strategies for
raw and generated captions, we outperform the beat iltering method propomd by the DataComp
benchmark by 2% om ImageNet and 4% on average ncross 38 tasks, given a candidate pool of 123M
image-text pairs. Our best approach is also 2x better at Flickr and MS-COCD retrieval. We then
analyze wha, makes synthet o captions an efective source of text ssperviskm, In experiimmezting
with differest image captioting models, we also demonstrate that the performance of a model
on standard image eaptioning bencymarks (e.g., NoCaps CIDEr) & not a relinble indicater of
the wtility o the captions 1 generaies lor nultimoial trasing. Flaally, our expenments with
using generated captions at DataComp's large scale (1.28B image-text pais) offer insights into
the hmitaticns of symthetic text, as well as the importance of image curation with incressing
trairing data quantiy.

1 Introduction

Pro-training large multimodal models on image-text pairs sourced from the web has become a
standard approach to obtaining high parformance on vision tasks [3, 24, 36 39]. However, raw web
da:a can de noisy or uninformative (Figure |). Masy existing data preprocessing efforts revolve
arvund human-defined bruristios based on image and text content separately—e.g, capelon length,
presence «f nouns, sentexce complexity, image aspect ratio, minimum image size 3, 10, 45, 46]—or
the relialility of the data source |14]. More complex fltering aporoaches target poorly aligred
image-text pairs, by using traised CLIP models [3% to rank the cosine similaricy score between
image anc text enbeddings [45, or ensuring mentions of image objscts in the captions [16]. These
spavache discamd between 607 (o 90% of e initial dots colleced, sogaidies of whethes the
images themselves are seitable for training,

I Wi waek, wesovk W svstose the ulility of such decasdel eamnples will Uw belp of syutlwlic
captions. To do s, we leverage the DataComyp benchmark [13]. wheee initial data processing is kept
to a minimum, ie. only filteriag out NSFW examples and train-test owrlap. This allbws us to
petform controlled exper ments on the taw Corumon Crawl data and bypass subjective hunan-design
choices that may be employed in the ereation of other datasets (eg,, LAION-5H [45]). We study
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On the horizon

DataComp NLP (DCNLP)

Larger pools (100B candidate
iImage-text pairs)

DataComp for image generation

Multimodal DataComp?

Interleaved DataComp?



Everything Is open source

Central webpage: datacomp.al

, .
> U .

Main repo: github.com/mlfoundations/
datacomp

CLIP training code: github.com/
mlfoundations/open clip

Downloading billions of image-text pairs:
github.com/rom1504/img2dataset

Processing metadata for billions of image-
text pairs: github.com/mlfoundations/
dataset?metadata



https://www.datacomp.ai/
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https://github.com/mlfoundations/datacomp
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https://github.com/mlfoundations/open_clip
https://github.com/rom1504/img2dataset
https://github.com/mlfoundations/dataset2metadata
https://github.com/mlfoundations/dataset2metadata
https://github.com/mlfoundations/dataset2metadata

