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Background

CLIP (Contrastive Language-Image Pre-Training)

(1) Contrastive pre-training (2) Create dataset classifier from label text
plane
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Radford, Alec, et al. "Learning transferable visual models from natural language supervision." International conference on machine learning. PMLR,
2021.
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Background

MERU (Hyperbolic Image-Text Representations)

CLIP: embed images and
text in a Euclidean space
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pic of my labrador  a catand a dog  my cat is photogenic
in the snow playing in the street look at those eyes!
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curious kitty

MERU: embed images and
text in a hyperbolic space
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Desai, Karan, et al. "Hyperbolic image-text representations." International Conference on Machine Learning. PMLR, 2023.
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Why Hyperbolic:

Better capture hierarchy informations
Geometric properties to embed tree-like data
Better representation space

Grid-like Tree-like

Polynomial level Exponential level
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What is Hyperbolic:

Negative constant curvature space
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How to Represent Hyperbolic:
e.g. Poincaré disk model
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How to Represent Hyperbolic:
e.g. Poincaré disk model

| Ix — ylI3
dih(x,y) = ar('()sh(l + 2 =— |.
N (1= [1x[I3) (1 = [lyl2)

Poincare disk model
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MERU uses Lorentz model
use R*7to represent Lr

v
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MERU uses Lorentz model  Every vector x € R™*! can be written as [Xspace, Ztime)s

use R+7to represent L7 where Xspace € R and Zime € R.

Inner Product: (x,y), = (Xspace; Yspace) — Ttime Ytime

v
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Background

MERU uses Lorentz model  Every vector x € R™*! can be written as [Xspace, Ztime)s

n .
use R+7to represent L7 Where Xspace € R™ and Zyime € R.

F N

Inner Product: (x,y), = (Xspace; Yspace) — Ttime Ytime

Norm: [|x]|z = v/I(x, %) |

Lorentz model with constantcurvature —c:

= {x e R"": (x,x)s = ~ 1/, ¢ > 0}

> Satisfy:
Ltime — \/1/(3 + ”Xspace”2
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MERU uses Lorentz model Geodesics: dc(x,¥) = v/1/e-cosh™' (—c (x,¥)z)

use R"*7to represent L~ Tangent space for z: 7,£" = {v e R*"! : (z,v); = 0}

Project to Tangent space:

v = proj, (1) = u+c z (z,u).

v
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sinh(v/¢ [[v]lz)

Exponential map:  x = expm,_(v) = cosh(v/c ||v||z) z + \%

Ve vz

cosh™ ' (—c (z, %))

Ve (zx))? —1

Logarithmic map:

v = logm, (x) = proj, (x)
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« MERU Model Design

Contrastive Loss

L2 normalize
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Background

« MERU Model Design

Contrastive Loss

L2 normalize
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« MERU Model Design

N
. 1
Contrastive Loss S
L= E log

exp(cos(zf,z?)/T)
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Not cos similarity,

Z;,V: . exp(cos(z!,zT)/7) but geodesics

J

Entailment loss  Lentai(X,y) = max(0, ext(x,y) — aper(x))

A )) | -
tAYy
== 0 (image)

loss = ext(x,y) — aper(x)

-1 Ytime ~+ LTtime C (Xa Y>£'

[Xepacelly/ (e x,¥)2)? — 1

ext(x,y) = cos

aper(x) = sin™" (\/E ||iiace H)

Le, M., Roller, S., Papaxanthos, L., Kiela, D., and Nickel, M. Inferring Concept Hierarchies from Text Corpora via Hyperbolic Embeddings. In
Proceedings of the Annual Meeting on Association for Computational Linguistics (ACL), 2019. 3, 4, 9
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—Image, [

Apple cider cocktail infused
with .

Image
Local box, I

Text, T

Text of
Local box, T%*

used to cook

Mineral water with . ina -
(a) (b)
Object-scene hierarchy
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Contrastive:

Entailment:

Total Loss:

SELE P
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_ 1 eXP(dL(gj(Ii),gT(Ti))/T) I
'ZEZB 0g ZkB=1’k7éi eXp(dL(g[(Ii),gT(Tk))/T) .

L*

cont

1
hCC(IJ T7 IbO:E?Tbox) — 4 (Lzont (I T) + Lcont (T I) + Lcont (Iboaz T) + Lcont (Tboar, Il)

specific- 1nf0 contrast general- mfo contrast

L,:(p,q) = max(0, ¢(p,q) — nw(q))

hCE(I, T, I°°®, T%%) = L7,,(I°°%, T°%) + L (I, T) + Ly (I, 1°°) + L3, (T, T°%)
1r1ter—m0da1:try entailment intra- modahty entailment
hC = hCC +~yhCE. e A PO
Tbox
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top-down view
of hyperboloid

Image box (I;™)
Text box (T"™)
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Full Text Embedding H

hCC learning
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 Datasets

« Grounded vision-language pairs
« Grounded Image-Text Pairs (GRIT) dataset: 20.5 million pairs

« RedCaps

« Conceptual Captions 3M (CC3M)

deocrated Chrostmas tree
Tl

PR

People sitting by the pool
for a Virginia wedding
reception

Tela Golden retriever against
deocrated Chrostmas tree in
the room

Cucumber in a glass of water

For Cate (left), her experience
at Rio left her "heartbroken.

Young doctor with patient
preparing an x-ray

Waitress

H
1

shutterstock.com - 379424803

banquette : Waitress put
dishes at the table

KHONZ2 pets and their
people

Mating sandhill cranes
dance in the air

Close-up of a Panting
German shepherd sitting,
isolated

Flowers on a field against
an isolated background
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[ GRIT
1 RedCaps

% of samples

0.00 0.25 0.50 0.75 1.00
ratio of sizes box/image
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Experiments e
General datasets Fine-grained datasets Misc. datasets
=] = —
- (=] S =t n —
2 ~ = o i S o E <
% g % 3 3 S = 4 & = % =
o < ! 5 3 % 5 @ = E o 7 5
g E E 5 5 g 8 5 = B B 5 2 38
w/ boxes samples (M) = O O 7 @] n 4 O &) < o = A 31 O
RedCaps
CLIP! X 11.4 325 667 358 267 608 898 725 298 11.1 13 725 449 164 301 277 5.0
VIT CLIP v 11.4 [6.3] 302 765 424 258 623 895 69.6 25.7 85 22 653 386 136 366 285 4.6
Sf116 MERU' X 11.4 314 659 352 268 58.1 893 714 290 83 1.6 71.0 409 170 299 293 47
MERU v 11.4 [6.3] 299 764 399 266 623 895 684 254 89 1.2 672 376 13.0 305 276 43
HyCoCLIP v 5.8 [6.3] 319 774 377 276 645 909 71.1 288 9.7 1.1 705 414 134 227 30.7 44
GRIT
CLIP X 20.5 367 702 426 495 736 897 447 98 69 20 446 148 223 40.7 401 5.1
ViT CLIP v 20.5 [35.9] 36.2 842 548 461 741 916 432 119 60 25 459 181 240 324 355 47
Sf116 MERU X 20.5 354 712 420 486 73.0 898 488 109 65 23 427 173 186 391 389 53
MERU v 20.5 [35.9] 350 85.0 540 446 739 916 41.1 10.1 5.6 22 439 159 245 393 335 438
HyCoCLIP v 20.5 [35.9] 417 8.0 536 3525 757 925 502 147 81 42 3520 205 223 338 457 5.2
ViT CLIP X 20.5 406 789 483 530 767 924 486 100 90 34 459 213 234 371 427 5.7
B/16 MERU X 20.5 40.1 78.6 493 530 728 932 515 119 86 377 485 212 222 317 442 56
HyCoCLIP Ve 20.5 [35.9] 458 888 60.1 572 813 950 592 164 11.6 3.7 568 239 294 358 456 6.5

Zero-shot classification

<26 >
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Text retrieval Image retrieval Hierarchical metrics
Vidion COCO Tl COCO Pl WordNet
encoder ~ Model  w/boxes R@5 R@10 R@5 R@I0 R@5 R@I0 R@5 R@I0 TIEQ) LCAW) JA) Pud) Ru)
CLIP X 693 791 902 952 537 652 811 879 402 239 076 083 084
it CLIP / 607 718 842 913 471 586 731 821 403 238 076 083  0.83
e MERU X 688 788 894 948 536 653 804 875 408 239 076 083  0.83
MERU / 727 819 835 901 466 583 600 717 408 239 075 083  0.83
HyCoCLIP v 695 795 891 939 552 666 815 881 355 217 079 086 085
it CLIP X 714 815 93.6 969 574 685 835 899 360 221 079 085  0.85
VT MERU X 723 820 935 962 574 686 840 900 363 222 078 085  0.85
HyCoCLIP 720 820 926 954 584 693 849 903 317 205 081 087 087
Zero-shot retrieval, detection, and hierarchical classification Model mE
CLIP 51.2
MERU 55.8
RegionCLIP 65.2
HyCoCLIP  68.5
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% of samples

% of samples
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[ Texts

[ Image boxes

[ Text boxes
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» Image boxes
e Texts

e Text boxes
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(b)

Visualizing the learned hyperbolic space of HyCoCLIP in lower dimensions
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SOURCE IMAGE

a bridge of old and new
Asia

a photograph of an indian
landmark

A typical picture of New

York City
the New York City skyline | |
skyline | the skyline of New York 2 Ao Histe
tha clty | A typical picture of New | this photo
middle I York City ] the pic

ROOT

Interpolation

TARGET IMAGE

between points
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