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ABSTRACT

State-of-the-art performance has been achieved in recent years
on tasks such as search, recommendation and classification using
Visuo-Lingual Multi-Modal models. While the pretrained Vision-
Language models like Contrastive Language-Image Pre-training
(CLIP) have achieved promising zero-shot performance on sev-
eral generalized tasks by learning vision-language concepts in a
common space, the natural hierarchical relationship between them
remains unexplored. In this work we propose PoinCLIP: a hyper-
bolic Poincaré geometry based vision-language model that learns
joint text-image representation considering the hierarchical rela-
tion between the two. We compare the performance of PoinCLIP
with CLIP model for zero-shot image classification and retrieval
tasks to demonstrate the efficacy of the proposed method.
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1 INTRODUCTION

Vision Language Models Large vision-language models like CLIP
[30] and ALIGN [14] learn visual concepts from their natural lan-
guage description via multi-modal contrastive learning. In con-
trastive learning [16], an anchor item representation is compared
with a similar and a dissimilar item with the aim of bringing similar
item representation together and pushing different ones away. The
effectiveness [34] of these models results from their pretraining
over a diverse large-scale image-text dataset sources from the web,
allowing them to learn diverse concept from real world resulting in
their impressive generalizability over a variety of tasks in zero-shot
setting like classification and retrieval. These models assume the
geometry of the higher dimensional representation space as affine
Euclidean [12, 25], making it harder to capture the visual-text hi-
erarchical concepts. The entity containing more general concepts

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

SIGIR °24, July 18, 2024, Washington D.C., USA

© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.

should be located close to the root of the hierarchy tree than the
entity encapsulating a more specific and complex information. Hy-
perbolic spaces [4, 31] are natural candidate for capturing this
hierarchical information about data points as their volume grows
exponentially away from the origin, against polynomial growth in
case of Euclidean space. Hyperbolic space can be thought of as a
continuous version of a tree with it’s root at the origin.

Vision Language Hierarchy The saying "A picture is worth a
thousand words" conveys the information difference between an
image and words describing them. For example, in Figure 1, the
picture can be broken down into individual concepts consisting of
"kitty" and "doggo", which might be transformed in different manner
to generate caption, for e.g. 'my dog’s innocence brings smile to my
face’,’a dog and a cat having fun in field’,etc. Following equivalence,
a many words can be put together encapsulating complex concept
to build an informative image. Injecting these inductive biases in
the training of multi-modal models [30, 32] will allow them to learn
a more generalizable and interpretable representation.

Hyperbolic Space Representation with PoinCLIP In this
work we project the image-text concepts onto a Poincaré ball model
of hyperbolic space while following the state of the art contrastive
methodology, to help capture the hierarchical information about
the image-text pair, in addition to their semantic similarity. The
contribution of this work can be described as:

e We introduce PoinCLIP, a Poincaré ball based hyperbolic
representation model trained using ViTs and Transformer
encoder based contrastive loss using RedCap dataset con-
taining 12M image-text pairs.

e We introduce an embedding entropy based entailment loss
to enforce the hierarchy between image-text in the Poincaré
space.

We compare the performance of the proposed method with strong
baseline CLIP and MERU to demonstrate it’s competitiveness.

happy doggo

cute lil' kitty young doggo

Chillin'in the grass with my furry pals, puppy and kitten!

Just a cat punching above it's weight in the field!

avery cool cat

sweet creature!

my dog's innocence brings a smile to my face

Figure 1: A picture is worth a thousand words. Left: Given an
informative image it is possible to generate several textual
concepts leveraging the visuo-lingual hierarchy. Right: Like-
wise, beginning from a simple text concept, it is possible to
come up with complex visuo-lingual concepts by leveraging
their hierarchical relation.
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Figure 2: Overall Model Architecture. Left: Describes the
baseline CLIP architecture based on which we have de-
fined PoinCLIP. Image and text are encoded by Vision and
Text Transformers respectively before being normalized and
compared for contrastive loss calculation Right: Describes
PoinCLIP architecture. It differs from CLIP in aspect that
encoder output is scaled and projected onto Poincaré space
before computing contrastive loss and entailment loss for
optimization.

2 RELATED WORK

The idea of hyperbolic space to better represent multi-modal entities
is very recent and there are few related work in this field. MERU
[9] attempts to capture the image-text semantics using Lorentz
hyperboloid space. However, Lorentz manifold has less representa-
tion capacity compared to Poincaré ball as described in [28]. [10]
discusses application of hyperbolic space based approach to learn
hierarchical information just between the different image samples.

3 PRELIMINARIES

Hyperbolic geometry [2], also known as Lobachevskian geometry
[29] is a non-Euclidean geometry where the Euclid’s fifth postulate
of parallels don’t hold true and the space has a constant negative
curvature. Hyperbolic spaces can be thought of as a continuous
versions of tree data structure where the number of nodes until
level h grow exponentially with the value l as ((b+ Db -2)/(b-1)
where b is the branching factor. This tree grows from origin where
h is 0 and it grows in terms of nodes exponentially away from
origin. Such a structural arrangement is not possible in R? Euclidean
space [15] as the area and circumference of the hypercircle only
grows quadratically and linearly respectively against an exponential
growth in case of hyperbolic space. A manifold [3] is a topological
space that locally resembles Euclidean space. Riemannian manifold
[20] refers to a real and smooth manifold with Riemannian tensor,
a metric tensor defined by a family a inner products as follow:
Suppose p is a point on the curve of manifold M with p € M and
denote the tangent space by T,(M) € R”, for any two tangent
vectors X (p) and Y(p),

q: TpMXxTpyM — R

defines a smooth function for the point p € M

3.1 Curvature

In simple terms, curvature of a curve is its measure of deviation
from a straight line and that of a surface is the measure of its
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deviation from a plane. In terms of space, a curved space refers to
spatial geometry which shows some finite curvature w.r.t a plane
surface.

The curvature of Riemannian manifolds can be measured by
Riemann curvature tensor, which assigns a tensor for each point at
Riemannian manifold. The sectional curvature at a point P can be

written as:
< R(u,v)v,u >

<uu><0,0>—<uov >

S(u,v) =

where < .,. > is the inner product, R is Riemannian curva-
ture tensor, the u and v are vectors at tangent space of P that are
linearly independent. There are special cases for Riemannian man-
ifolds which have constant curvature at each point. For instance,
Euclidean geometry has constant zero curvature, and Hyperbolic
geometry has constant negative curvature.

Hyperbolic Space Hyperbolic n-space [18], denoted H", is the
unique simply connected, n-dimensional Riemannian manifold
which has constantly negative sectional curvature.

3.2 Poincaré model of Hyperbolic Geometry

A Poincaré disk is a hyperbolic geometric model in which we repre-
sent a line as an arc of a circle whose ends are perpendicular to the
disk’s diameter. It’s a useful model that uses hyperbolic geometry
to discover continuous hierarchical relations among data pairs by
embedding them into n dimensional Poincaré hypersphere. Mathe-
matically, we can define an n-dimensional Poincaré ball in constant
negative curvature value of K = —1 as:

PR__ ={xeR":||x||* <1} 1)
Where ||.|| represents the Euclidean norm of a data point. The metric

K= (pE=h2gE

= W is the conformity factor and gg is the metric

tensor for a Poincaré ball is represented as gg
where yK="1

tensor for euclidean space represented as g& = diag([1,1, ...1]). The
distance dj, (p1, p2) between two samples p; and p in the Poincaré

space P” is calculated as:

K=-k
2 _
dp(p1, p2) = —= tanh ™" (VKl|(=p1) & p2ll2) (2)
Vk
Where ||.|| represents the Euclidean norm of a data point and &

is Mobiiis addition described shortly. We map Euclidean feature
into hyperbolic Poincaré ball manifold via h; = expgz_l(xf’“‘c)
where h; represents the transformed x; value in the hyperbolic
space. The exponential map value exp]; for a vector p in a space

having curvature value K is calculated as:
V=K ||p||) P
2 V=Kl|pl|

To reverse map a vector p from Hyperbolic space of curvature value
K to Euclidean space, we apply logarithmic mapping as following:

expX(p) = x o (tanh

2
logE(p) = \/__Ty)[c(arctanh (ﬁ”v“) ”Z—“ (4)

Where v is calculated as —x ®x p and @k represents the Mobius

addition defined as follow:

(1-2K(xy) = Kllyll*) x + (1+KIx|*) y
1-2K(x,y) + K2||x[|?[lyl|?

XOgy= &)
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Where (x, y) represents the inner product between x and y in hy-
perbolic space.

4 METHODOLOGY

In this section we discuss the learning objective and modelling
details of PoinCLIP to learn the hierarchy aware representations
for input text and images. PoinCLIP is based on CLIP methodology
consisting of a vision transformer based image encoder and a text
transformer based text encoder using byte pair encoding. Both
encoders generate image and text representations for input image
and text respectively, which are then passed into a projection layer
to obtain embeddings of a fixed size n. In addition to these steps,
we 1.) Transfer the embeddings from euclidean space to hyperbolic
Poincaré space, and 2.) augment the loss function to enforce the
partial order hieararchical relation between image and text.

Transfer of Embeddings onto the Poincaré Space While
training, the image and text samples are passed to ViT and Text
Transformer encoders respectively followed by a projection layer
as shown in fig. 2. This is followed by transformation of the embed-
dings (Vim, Vixt) from Euclidean geometry to Hyperbolic Poincaré
geometry as (him, hxr) following the eq. 3 w.r.t the origin.

Numerical Overflow Prevention Since euclidean space to
hyperbolic space to calculate (hjm, htxt) requires an exponential
operation, the norm of embeddings changes from order of y/n to
eVn, potentially causing numerical overflow. To fix this, embedding
scaling is applied before exponential mapping via two learnable
parameters Aj, and sy initialized to 1/4/n to prevent the norm of
the embedding from numerical overflow in the Poincaré space.

Training Objectives Our training objective is to enforce seman-
tic similarity as well as structural partial order relation between
given image-text pairs to improve the generalization capability of
vision-language models. To this end, we optimize for image-text
contrastive loss and entailment loss.

4.1 Contrastive Loss

We have implemented same multi-class N-pair version of the con-
trastive loss as used in CLIP [30] with an important difference that
we calculate the similarity via distances in Poincaré space from
eq.3 instead of cosine similarity. For a given batch size N we use
the negative Poincaré space distance to compute contrastive loss
between 1 positive and N — 1 negative pair per image and per text.
The average of image wise and text wise loss is used as overall
contrastive loss L¢on; to enforce image-text semantic similarity.

4.2 Entailment Loss

We apply an additional entailment loss from [9] with modification
to enforce partial order relationship between image-text pairs. In
[9], the assumption is that text always entails the image within the
entailment cone. In contrast, we adopt an entropy based strategy
to determine correct entailment order between text and image per
instance. In Physics, the space-time structure is knitted together by
the causal associations represented by the causal graph, the analog
of entailment cone. An entailment cone is essentially a structure
representing the “time evolution” from a particular initial condition
[36]. Keeping this view in perspective and given that image-text
embeddings from respective transformers are learned in same latent
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Lossipt = ext(Xspace:Ytime) - aPer(Xspace)

oA A Y
“Chilling in the grass with my
furry pals, puppy and kitten!"

"sweet creature!" .-

Figure 3: Entailment Cone(projection from Poincaré space
on Euclidean Space). Loss pushes y;ime embedding inside an
entailment cone projected by embedding x and is defined as
the difference between exterior angle /0XY, and half aper-
ture of the cone. Loss is zero if the y;;;. is already inside the
cone.Indices i and j in superscripts represent two different
instances of image-text pairs

space, we can determine the relative position in entailment cone
comparing the entropy of embeddings with the assumption that
entropy increases with evolution of time along the entailment cone.
For a given image-text pair, the simpler concept with lower entropy
should be entailing more complex concept with higher entropy with
time. We calculate the information entropy [33] of embeddings as:
n
H(xemp) = — Z xilogy x; (6)
i=1
where H is the entropy of embedding x,,,;, and x; represents the
content of size n embedding for i’ hdimension. We define x = Ximgs
the image embedding if H(xijmg) < H(X¢xt) else, x = xx;. Similarly
define y = x4x¢, the image embedding if H(ximg) < H(xsx¢) else,
X = Xix¢ Figure 3 gives an overview of the entailment loss as
projected in euclidean space. Exterior angle ZOxy is defined as:

Gy (1+11x12) = [xlP((1+ [1yl1?) )
Il = ylIV1+ (XTI - 2¢x, )

While the aperture of the entailment cone is defined as:

K1—||x||2) @

1]

ext(£Oxy) = arcos (

aper(x) = arcsin

We calculate the entailment loss as:

Lentait(x,y) = max (0, ext(£0xy) — aper(x)) = Aregext(LOxy)
©)
where Ay is the regularization coefficient. Hence, the overall loss to
be optimized becomes L = Lcont + A Lepnrair Where A is entailment
regularization factor. The ablation study related to A and A¢g is
discussed in the appendix.

5 EXPERIMENTS

To establish the competitiveness of Poincaré hyperbolic representa-
tions of PoinCLIP compared to Euclidean representations obtained
from CLIP-style models, we compare zero shot classification and
retreival performances of PoinCLIP, MERU and CLIP. We train
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CLIP 745 60.1 244 338 275 14 150 73.7 639 470 882 186 314 52 100 [[i9MNs0.2 50.1
Vitsjie MERU 756 520 247 337 280 13 162 723 641 492 911 304 320 48 75 145 510 500
= PoinCLIP 75.1 536 27.7 351 27.6 16 17.6 719 621 479 909 30.8 32.1 51 104 148 53.8 50.8
CLIP 789 655 334 333 208 14 170 779 [68IBN50.9 922 256 310 58 104 143 54.1 [5S)
Vits/ie MERU 788 677 327 348 309 17 172 793 [685IB2MI92.5 302 345 56 13.0 135 498 499
PoinCLIP 784 70.4 354 349 313 2.1 17.9 785 67.5 513 919 [BEI335 55 121 150 496 50.0
CLIP 803 72.0 364 363 320 11 165 788 683 486 937 267 354 6.1 [d8I13.6 512 511
Vitijie MERU 68.7 355 37.2 33.0 17.2 80.0 67.5 -937 28.1 365 118 131 527 493

PoinCLIP

i 5 51 55 SO0 > BEE> S| o s BSHoo

Table 1: Comparison of Proposed Method PoinCLIP vs Baseline Methods on different datasets. The metrics in color represent
best performance metric for particular dataset. We observe that PoinCLIP outperforms all methods in 13 out of 18 datasets.

text — image image — text

RS RI0 R5  RI0

CLIP 209 401 375 481

. MERU 305 40.9 390 505

VITS/16.  poincLip 305 402 404 507
CLIP 329 433 414 527

Vit MERU 440 418 529
PoinCLIP 43.7 42.1 534

CLIP 317 422 406 513

Viiijie MERU 326  43.0 419 533
! PoinCLIP 326 427 |32 [538

Table 2: Zero Shot Image and Text Retrieval on COCO Dataset.
Metric in color represent best performance for the task.

PoinCLIP on public RedCaps dataset [8] consisting of 12M image-
text pairs for 120k iterations with 2048 batch size (20 epochs) on
8xV100 GPUs. Model We use different size versions of Vision Trans-
formers (S/B/L) as vision encoder using patch size of 16, freezing the
positional encoding layer of the model. Text encoder is same as that
of CLIP with 12 layer 512 dimensional Transformer with 77 maxi-
mum length byte pair encoding. Poincaré ball of 512 dimensions
and learnable curvature K is used for Poincaré space transforma-
tion post embedding scaling. Optimizer We use AdamW Optimizer
[22] with weight decay of 0.2 and (f1, f2) = (0.9, 0.98). Weight de-
cay is disabled for all gains, biases, and learnable scalars. model is
trained for 120K iterations with batch size 1024 ( 10 epochs). The
maximum learning rate is 5x10~%, which increases linearly for first
4K iterations, followed by cosine decay to 0 [21]. We evaluate the
performance the PoinCLIP with CLIP and MERU on 18 datasets for
zero shot classification and on COCO dataset for retrieval task.

5.1 Results

From table 1, we compare PoinCLIP’s performance for zero shot
classification and observe it performing better than the Euclidean
space CLIP for 14 out of 18 datasets and than Lorentz model based
MERU for 15 out of 18 datasets and on 13 out of 18 datasets overall.
Comparing Top N retrieval recall for COCO dataset in table 2 we see
that PoinCLIP performs better than CLIP on 4 out of 4 tasks while
it performs better than MERU on 3 out of 4 tasks. Overall, PoinCLIP
performs better than all methods on 3 out of 4 tasks demonstrating
the competitveness of the proposed method. Ablation results for
regularization terms A,¢4 and A will be shared in appendix.

6 DISCUSSION

We obtain better performance for PoinCLIP over Euclidean space
CLIP owing to hyperbolic nature of Poincaré geometry which al-
lows the capture of partial order relation between image and text,
in addition to the semantic relation for learning representation. The
incremental benefit over MERU can be attributed to 2 reasons: 1.
Use of Poincaré space over Lorentz space: As per the work done
in [24] Poincare geometry has a relatively larger capacity than the
Lorentz model for correctly representing points 2. Entailment loss
based on entropy derived relative hierarchy between image and
text at instance level (refer ablation study in appendix table 5).

7 CONCLUSION

In this work we discussed Poincaré geometry based large scale
image-text model that learns image-text partial order hierarchi-
cal relation, in order to capturing their semantic similarity. The
main contribution of this work can be summarised as: 1. Poincaré
Hyperbolic Geometry based Image-Text model capturing image-
text semantic information along with their hierarchical-relation.
2. Embedding entropy based method to decide the entailment or-
der of image-text when enforcing partial order relation ship. We
demonstrate the efficacy of the proposed method via experiments
comparing accuracy for zero shot classification and recall for zero
shot retrieval.
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A APPENDIX

In this section, we describe ablation studies and supplementary ma-
terial related to our experiments. In table 3 and table 5, we observe
the difference between the proposed Poincaré embedding with the
entropy inferred text-image order entailment loss compared with
Poincaré embedding without entropy inferred text-image order
entailment where text always entails image in entailment loss. The
experiment has been conducted for ViT S/16 model for 120000 it-
erations using same optimizer and learning rate as the proposed
method. As can be observed, the addition of entailment leads to im-
provement in 14 out of 18 datasets in zero shot classification setting
while improving performance in all 4 zero shot retrieval tasks for
COCO dataset, proving the efficacy of the proposed entropy based
image-text order entailment loss.

In our experiments, Ar¢q component in the loss function acts as
a regularization against exterior angle reduction indefinitely to
accommodate the tailing component inside the entailment cone of
the entailing component at the cost of generalizability. A;¢q com-
ponent in the loss function acts as a regularization against overall
entailment loss. In table 4 we run the ablation study for A,ey and 4
by training ViT-S/16 PoinCLIP model for 1 epoch (6k iterations) and
compare the average zero shot retrieval accuracy for COCO dataset.
We find that Ay¢q = 0.1 and A = 0.1 provides the best performance
and was chosen as the value for our experiments. The entailment
loss described in eq. 9 depends on Ay¢4 and A for calculation of the
overall entailment loss.

text — image image — text

R5 R10 R5 R10
ViT-S/16 Poincaré 30.1 40.2 39.0 50.2
= PoinCLIP 30.5  40.2 404 507

Table 3: Zero Shot Image and Text Retrieval on COCO Dataset.
Metric in color represent best performance for the task. Row
corresponding to Poincaré represents the case where no en-
tropy derived entailment order is enforced in the entailment
loss and we assume that text always entail the image as as-
sumed in MERU. The row corresponding to PoinCLIP repre-
sent the case where embedding entropy derived image-text
entailment order is applied in entailment loss.

Sarthak Srivastava, Kathy Wu

A
0 001 0.1 0.5 1
0 20.2 175 186 165 187
0.01 20.2 154 221 16.7 16.0
Areg 0.1 202 211 223 189 19.0
0.5 20.2 192 186 16.8 15.7
1 20.2 18.6 181 154 195

Table 4: To select proper values of 1 and A,¢; we run a grid
search for different values and compare the average of aver-
age zero shot retrieval accuracy for different retrieval tasks
for COCO dataset and zero shot classification accuracy for
CIFAR 100 dataset by training ViT-S/16 model for 1 epoch
(6K iterations). We find the best performance at 1 = 0.1 and
Areg = 0.1. The best performance metric in color
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SO SN > SN PN
S S I & SO FF S
1 3 & NeJ NN xP Y (9 . ) \% & &
S EFE S FO T P ST

ViT-S/16 Poincaré 749 553 275 341 283 15 164 729 600 484 90.7 283 306 49 83 144 489 502
1= PoinCLIP 75.1 53.6 27.7 35.1 276 1.6 17.6 719 62.1 479 90.9 30.8 32.1 51 104 14.8 53.8 50.8

Table 5: Comparison of Proposed Method PoinCLIP implementing entropy inferred image-text entailment order, with PoinCLIP
without entropy inferred image-text entailment order where text always entail image on different datasets. The metrics in
color represent best performance metric for particular dataset. We observe that PoinCLIP outperforms the Poincaré method
where we always assume text to be entailing image, in 14 out of 18 datasets.
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