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1. Motivation

Image-text datasets share a long-
tailed class distribution
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But CLIP is not much affected,
especlally when data scales up
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We study the reason on controllable
datasets: ImageNet-Captions and LAIONet

Image from ImageNet ImageNet-Captions Class frequency

AR (linear scale)

Class: payphone  URL: flickr.com/... >

Title: A Phone Call at Night
Desc.: | might have a thing with telephones... <
Tags: phone, telephone, black and white, ...

Retrieve metadata
with Flickr API

LAIONet Class frequency
Caption: Crane loading container ship,by harbor ... (linear scale)
€ ImageNet € ImageNet 1ageNet
Def.: “crane, which is...” “crane (bird) is...” “container ship is....” —
Filter by caption-to-definition 8423621 e:srgaegses

Class: crane, container ship €— ][ &

similarity of CLIP text encoder

2. Study on effective factors

Green dots: (Descriptive) language as supervision signal

Blue crosses: Dynamic classification (using subsampled
vocabulary) as pretext task
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Figure 3: Results on IN-Caps about e text descriptiveness and % vocabulary size. 1) Increasing e text
descriptiveness improves both robustness (a) and discriminability (b) of CLIP, but the tendency varies
if using « less descriptive (template-based) supervision. 2) The gap between SL and CLIP (a) implies
CLIP re-balances predictions, which is replicable by % subsampling the vocabulary SL trains with.

Data factors (imbalance ¥, diversity«&, distribution shift <)
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(a) Distrib. of LAIONet variants (same scale as IN-Caps). (b) Results of CLIP trained on LAIONet variants.

Figure 4: Results on LAIONet about data distribution (level of data imbalance, distribution shift, and
data diversity). 1) Extreme data imbalance makes models more prone to bias (last column vs. others).
2) Distribution shift (ee vs. mm, last column) harms discriminability but could improve robustness if
pre-trained text head is used. 3) Higher data diversity (smaller threshold) also improves robustness.

Data scaling (also achievable via CLIP language pre-training)

Pre-trained knowledge help preserve intra-class variation while not harming inter-class margins

-®- Rand init head =@®= CLIP init head -=®= Frozen CLIP head -®= Frozen RoBERTa head ® SL w/frozen CLIP head
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3. Applications to SL and SSL

SL under extreme long-tail

(or open-world recognition)
Sub. Voc 1s necessary to acquire CLIP knowledge

® CLIP X SL - =  Random init head == Frozen CLIP head - Frozen CLIP head + sub voc. (SL)
a Train w/ 1-shot tail b Train w/ 1-shot tail C Train w/ 0-shot tail d Train w/ 0-shot tail
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Figure 8: An extreme case: we train S models on IN-Caps variants that have tail classes trimmed
to only one shot (a & b) or even zero shot (¢ & d), and evaluate the accuracy on the tail and other
classes. ® CLIP with a frozen pre-trained text encoder shows superior generalization, which can be
acquired by a ® SL. model with % fixed class prototypes from CLIP and % vocabulary subsampling.

SSL (DINO) on uncurated web data vs ImageNet

DINO variants on LAIONet vs. vanilla DINO on ImageNet

5.0 - N

— A \/Q I

X 25 & < &E

RN <

g ¢ i & 5

Vp) il .Q(/(b &‘9

g -25 Kes &

) ) QO

Qo _c g 3 )

o K

o

P

8 Method Vocabulary size

— —10.0 A s Vanilla DINO 1024 m=m 16384
15 mw + Sub voc. w4096 s 65536

Figure 10: Transfer learning results of DINO variants pre-trained on LAIONet vs. vanilla DINO
trained on ImageNet. Extreme data imbalance makes LAIONet much harder for DINO to learn
transferrable representations. The m vocabulary subsampling strategy effectively helps m DINO
alleviate such defects and generally match ImageNet-pretrained performance.

O A
%

1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
Train data scale (million) Train data scale (million) Train data scale (million) Train data scale (million)

7 ]
:'_;10 ;

—&— LAION-400M —— MetaCLIP-400M -100

106 -

- 80

107 -

- 60
104 ;

-40

[y
(]
w

=
o
[S]

-20

ImageNet zero shot accuracy (top-1, %, lineplot)

[

o
[l
1

Pretrain class frequency (ranked by LAION-400M, barplo

R A2 Z e X < <
& @ S E R &R R 2 P S o N ' o S
7S & S LS S & O N > & N @ 2
C RS OO O NN @ 2P DR T ENLLESTD LT S0 ©
N N CAFS AR P O D ST FFESS E &L S
S P\ S S @RS LTI P TORLLNYYO
o R & N F P &S NGRS I R
Q DV N > » < ¥ P 2 NI
3 QD S @ &0 &R &0
& 5’ O & & &
Q‘? (\(OA oﬁ Q\/Q\) *Q\ ‘(\Qz @Q’
2 & Q> & c)co")



