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Abstract

State-of-the-art performance has been achieved in re-
cent years on tasks such as product search, recommen-
dation, and classification using visuo-lingual multi-modal
models. While pretrained vision-language models like CLIP
have shown strong zero-shot capabilities by aligning vision
and language in a shared space, they often fail to cap-
ture the natural hierarchical relationships common in real-
world retail data. In this work, we propose HyperVLM:
a vision-language model built on hyperbolic Poincaré ge-
ometry that learns joint image-text representations while
explicitly modeling their hierarchical structure. We com-
pare HyperVLM with CLIP on zero-shot image classifica-
tion and retrieval tasks, highlighting its improved perfor-
mance on tasks involving fine-grained category distinctions
which is critical in large-scale retail environments. We also
integrate our method into BLIP’s ITC loss module, showing
enhanced retrieval accuracy. Our proposed approach holds
immense value for recommendation and search systems in
retail, where understanding complex product relationships
and scalable retrieval is essential.

1. Introduction

Vision Language Models Large vision-language models

like CLIP [34] and ALIGN [17] learn visual concepts from

their natural language description via multi-modal con-

trastive learning. In contrastive learning [19], an anchor

item representation is compared with a similar and a dis-

similar item with the aim of bringing similar item represen-

tation together and pushing different ones away. The ef-

fectiveness [40] of these models results from their pretrain-

ing 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

*Equal contribution.

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, 29], making it harder to capture the visual-text hierar-

chical concepts. The entity containing more general con-

cepts should be located close to the root of the hierarchy

tree than the entity encapsulating a more specific and com-

plex information. Hyperbolic spaces [3, 35] 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 differ-

ence between an image and words describing them. For ex-

ample, in Figure 1, the picture can be broken down into in-

dividual concepts consisting of ”kitty” and ”doggo”, which

might be transformed in different manner to generate cap-

tion, for e.g. ’my dog’s innocence brings smile to my face’,

’a dog and a cat having fun in field’, etc. Following equiv-

alence, 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 mod-

els [34, 36] will allow them to learn a more generalizable

and interpretable representation.

Hyperbolic Space Representation with HyperVLM 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 addi-

tion to their semantic similarity. The contribution of this

work can be described as: i. We introduce HyperVLM, a

Poincaré ball based hyperbolic representation model trained

using ViTs and Transformer encoder based contrastive loss

using RedCap dataset containing 12M image-text pairs.

ii. We introduce an embedding entropy based entailment

loss to enforce the hierarchy between image-text in the
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Poincaré space. We compare the performance of the pro-

posed method with strong baseline CLIP and MERU to

demonstrate it’s competitiveness.

2. Related Work
2.1. Vision-Language Models
Vision-language models have seen remarkable progress in

recent years, with contrastive learning emerging as a dom-

inant paradigm for aligning visual and textual representa-

tions. CLIP [34] pioneered large-scale contrastive learning

between images and text, demonstrating impressive zero-

shot transfer capabilities across various downstream tasks.

Following CLIP, several models have further advanced this

approach: ALIGN [17] scaled up training to even larger and

noisier datasets, while BLIP [22] introduced bootstrapping

techniques to improve the quality of image-text pairs. More

recently, models like FLAVA [38] and Florence [47] have

incorporated additional pre-training objectives beyond con-

trastive learning to enhance multi-modal understanding.

Despite their success, these models predominantly op-

erate in Euclidean space, which limits their ability to cap-

ture hierarchical relationships inherent in visual and textual

concepts. Our work addresses this limitation by leveraging

hyperbolic geometry to better represent these hierarchical

structures.

2.2. Hyperbolic Representations
Hyperbolic geometry has gained attention in machine learn-

ing due to its ability to efficiently embed hierarchical struc-

tures [30, 35]. The Poincaré ball model, in particular, has

been successfully applied to various domains including nat-

ural language processing [39], graph representation learn-

ing [2], and recommender systems [42].

In the context of vision, HypIR [9] applied hyperbolic

geometry to image retrieval, demonstrating improved per-

formance by capturing hierarchical relationships between

images. MERU [8] extended this approach to multi-modal

settings, using the Lorentz model of hyperbolic space to

represent image-text pairs. However, as noted in [33], the

Lorentz model has lower representation capacity compared

to the Poincaré ball model, which motivates our choice of

geometry in HyperVLM.

2.3. Hierarchical Multi-Modal Representations
Several approaches have attempted to capture hierarchical

relationships in multi-modal data without explicitly using

hyperbolic geometry. Hierarchical CLIP [48] introduced

a hierarchical contrastive learning objective that considers

class hierarchies during training. Similarly, HCSC [45]

proposed a hierarchical contrastive learning framework for

fine-grained visual categorization.

More closely related to our work, Order Embeddings

cute lil' kitty young doggo

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

my dog's innocence brings a smile to my faceJust a cat punching above it's weight in the field!

sweet creature!

 kitty vibing on the beach!a cat and dog playing in fielda smiling corgi pose!

happy doggo

a b

a very cool cat

Figure 1. A picture is worth a thousand words. Left: Given an in-

formative image it is possible to generate several textual concepts

leveraging the visuo-lingual hierarchy. Right: Likewise, begin-

ning from a simple text concept, it is possible to come up with

complex visuo-lingual concepts by leveraging their hierarchical

relation.

[41] and Hyperbolic Entailment Cones [13] proposed meth-

ods to model partial order relationships in embedding

spaces. Our approach builds upon these ideas by introduc-

ing an entropy-based method to dynamically determine the

entailment direction between image and text pairs, rather

than making a fixed assumption about their hierarchical re-

lationship.

3. Hyperbolic Geometry

In this section, we will walk through some key concepts

of hyperbolic geometry which are relevant to our approach.

Hyperbolic geometry, also known as Lobachevskian geom-

etry 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 + 1)bh − 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
2

Euclidean space as the area and circumference of the hy-

percircle only grows quadratically and linearly respectively

against an exponential growth in case of hyperbolic space.

An intuitive overview on the key concepts of hyperbolic ge-

ometry is discussed in supplementary material.

3.1. Manifold

A manifold is a topological space that locally resembles Eu-

clidean space. A precise definition from topology is that an

n-dimensional manifold M is a topological Hausdorff space

with a countable base which is locally homeomorphic to

R
n. For every point p in M , there exists an open neigh-

bourhood U and a homeomorphism h: U → V which maps

the set U onto an open set V ⊂Rn. Thus the point is either

an isolated point (when n = 0), or it has a neighborhood

which is homeomorphic to the open ball
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Figure 2. Overall Model Architecture. Left: Describes the baseline CLIP architecture based on which we have defined HyperVLM. Image

and text are encoded by Vision and Text Transformers respectively before being normalized and compared for contrastive loss calculation

Right: Describes HyperVLM 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.

Dn = {(x1, x2, ..., xn) ∈ R
n : x2

1 + x2
2 + ...+ x2

n < 1}

Riemannian manifold refers to real and smooth manifold

with Riemannian tensor, which is metric tensor and can be

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 Tp(M) ∈ R

n, for any

two tangent vectors X(p) and Y (p), q : TpM × TpM →
R defines a smooth function for the point p ∈ M

3.2. Curvature
In simple terms, curvature of a curve is its measure of devia-

tion from a straight line and that of a surface is the measure

of its 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.

3.3. Hyperbolic Space
Hyperbolic n-space, denoted H

n, is the unique simply

connected, n-dimensional Riemannian manifold which has

constantly negative sectional curvature. Let (H, d) denote a

metric space, it is said to be a hyperbolic metric space if the

following conditions are satisfied:

• for any points p, q ∈ H that are the endpoints of a unique

metric segment is isometric to the interval of real line

[0, d(p, q))
• let the unique point t = αp⊕ (1− α)q where α ∈ [0, 1],

it satisfies dpt = 1 − αdpq, dtq = αdpq 3) for all

x, y, p, y ∈ H and β ∈ [0, 1] we have dβx⊕1−βp, βy⊕
1− βq ≤ βdxy + 1− βdpq

3.4. Poincaré Disk
A Poincaré disk is a hyperbolic geometric model in which

we represent a line as an arc of a circle whose ends are per-

pendicular to the disk’s diameter. It’s a useful model that

uses hyperbolic geometry to discover continuous hierarchi-

cal relations among data pairs by embedding them into n

dimensional Poincaré hypersphere. Mathematically, we can

define an n-dimensional Poincaré ball in constant negative

curvature value of K = −1 as:

P
n
K=−1 = {x ∈ R

n : ||x||2 < 1} (1)

where ||.|| represents the Euclidean norm of a data point.
The metric tensor for a Poincaré ball is represented as

g
PK=−1
x = (γK=−1

x )2gEx where γK=−1
x = 1

1−||x||2 is the

conformity factor and gEx is the metric tensor for Euclidean

space represented as gEx = diag([1, 1, ...1]). The distance
dh(p1, p2) between two samples p1 and p2 in the Poincaré
space P

n
K=−k is calculated as:

dh(p1, p2) =
2√
k
tanh−1(

√
k‖(−p1)⊕k p2‖2) (2)

Where ||.|| represents the Euclidean norm of a data point.
We map Euclidean feature into hyperbolic Poincaré ball

manifold via hi = expK=−1
0 (xEuc

i ) where hi represents
the transformed xi value in the hyperbolic space. The ex-
ponential map value expkx for a vector p in a space having
curvature value K is calculated as:

expKx (p) = x⊕K

(
tanh

(√−KγK
x ||p||

2

)
p√−K||p||

)
(3)

To reverse map a vector p from hyperbolic space of cur-
vature value K to Euclidean space, we apply logarithmic
mapping as following:

logKx (p) =
2√−KγK

x

arctanh
(√−K||v||

) v

||v|| (4)

Where v is calculated as −x⊕K p and ⊕K represents the
Möbius addition defined as follow:

x⊕K y =

(
1− 2K〈x, y〉 −K||y||2)x+

(
1 +K||x||2) y

1− 2K〈x, y〉+K2||x||2||y||2 (5)

Where 〈x, y〉 represents the inner product between x and

y in hyperbolic space.

3.5. Why This Matters for Vision-Language Models
The key insight of our work is that vision-language relation-

ships are inherently hierarchical. For example, the concept

”animal” encompasses ”dog,” which encompasses ”golden

retriever.” Similarly, an image might contain multiple con-

cepts at different levels of specificity. By embedding both

images and text in hyperbolic space, we can:
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• Preserve hierarchical relationships between concepts

• Represent both general and specific concepts effectively

• Model the partial order relationships between modalities

• Capture the fact that some concepts entail others

This geometric approach allows our model to learn more

nuanced relationships between visual and textual concepts

than is possible in Euclidean space, leading to improved

performance on a variety of tasks as demonstrated in our

experiments.

4. Methodology

In this section we discuss the learning objective and mod-

elling details of HyperVLM to learn the hierarchy aware

representations for input text and images. HyperVLM is

based on CLIP methodology consisting of a vision trans-

former based image encoder and a text transformer based

text encoder using byte pair encoding. Both encoders gen-

erate 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. Additionally, we:

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 Figure 2. This is fol-

lowed by transformation of the embeddings (νim, νtxt)
from Euclidean geometry to hyperbolic Poincaré geometry

as (him, htxt) following the eq. 3 w.r.t the origin.

Numerical Overflow Prevention Since transfer from

Euclidean space to hyperbolic space to calculate (him, htxt)
requires an exponential operation, the norm of embeddings

changes from order of
√
n to e

√
n, potentially causing nu-

merical overflow. To fix this, embedding scaling is applied

before exponential mapping via two learnable parameters

λim and λtxt initialized to 1/
√
n to prevent the norm of the

embedding from numerical overflow in the Poincaré space.

Training Objectives Our training objective is to enforce

semantic similarity and structural partial order relation be-

tween given image-text pairs to improve the generalization

capability of vision-language models. To this end, we opti-

mize for image-text contrastive loss and entailment loss.

4.1. Contrastive Loss

We have implemented same multi-class N-pair version of

the contrastive loss as used in CLIP [34] 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 Lcont to enforce image-text semantic similarity.

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

yjtime

Loss = ext(xspace,ytime) - aper(Xspace)

xjspace

  yitime

sweet creature!
O

   xispace

Loss = 0

  

yltime
Sterling Silver Clear AB Crystal

Dangle Earrings Made with
Swarovski® Elements Jewelry

Women Jewelry Fashion Earrings
Drop & Dangle

eVogues Plus size Glitter

print Necklace accented Top 

   xkspace

yktime

xl
space

Figure 3. Entailment Cone (projection from Poincaré space on

Euclidean Space). Loss pushes ytime embedding inside an entail-

ment cone projected by embedding x and is defined as the dif-

ference between exterior angle ∠OXY , and half aperture of the

cone. Loss is zero if the ytime is already inside the cone. Indices

i and j in superscripts represent two different instances of image-

text pairs.

4.2. Entailment Loss

We apply an additional entailment loss from [8] with modi-

fication to enforce partial order relationship between image-

text pairs. In [8], the assumption is that text always en-

tails 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 structure of space-time is knitted together by

the causal connections represented by the causal graph, the

analog of entailment cone. An entailment cone is essen-

tially a structure representing the “time evolution” from a

particular initial condition [43]. Keeping this view in per-

spective and given that image-text embeddings from respec-

tive transformers are learned in same latent space, we can

determine the relative position in entailment cone compar-

ing the entropy of embeddings with the assumption that en-

tropy 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 informa-

tion entropy [16] of embeddings as:

H(xemb) = −
n∑

i=1

xi log2 xi (6)

where H is the entropy of embedding xemb and xi rep-

resents the content of size n embedding for ith dimension.

Unlike previous approaches that assume a fixed direc-

tion of entailment, our method dynamically determines the
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ViT-S/16

CLIP 60.1 24.4 33.8 27.5 1.4 15.0 73.7 47.0 88.2 18.6 31.4 5.2 10.0 50.2 50.1
MERU 52.0 24.7 33.7 28.0 1.3 16.2 72.3 49.2 91.1 30.4 32.0 4.8 7.5 51.0 50.0
HyperVLM 53.6 27.7 35.1 27.6 1.6 17.6 71.9 47.9 90.9 30.8 32.1 5.1 10.4 53.8 50.8

ViT-B/16

CLIP 65.5 33.4 33.3 29.8 1.4 17.0 77.9 50.9 92.2 25.6 31.0 5.8 10.4 54.1 51.5
MERU 67.7 32.7 34.8 30.9 1.7 17.2 79.3 52.1 92.5 30.2 34.5 5.6 13.0 49.8 49.9

HyperVLM 70.4 35.4 34.9 31.3 2.1 17.9 78.5 51.3 91.9 31.7 33.5 5.5 12.1 49.6 50.0

ViT-L/16

CLIP 72.0 36.4 36.3 32.0 1.1 16.5 78.8 48.6 93.7 26.7 35.4 6.1 14.8 51.2 51.1
MERU 68.7 35.5 37.2 33.0 2.2 17.2 80.0 52.1 93.7 28.1 36.5 6.2 11.8 52.7 49.3

HyperVLM 74.3 38.8 37.5 33.3 2.6 18.5 80.1 51.3 93.8 27.9 37.2 6.5 12.0 55.7 50.0

Table 1. Comparison of Proposed Method HyperVLM vs Baseline Methods on different datasets. The metrics in color represent the best

performance metric for particular dataset. We observe that HyperVLM outperforms all methods in 13 out of 18 datasets.

text → image image → text
R5 R10 R5 R10

ViT-S/16

CLIP 29.9 40.1 37.5 48.1
MERU 30.5 40.9 39.0 50.5
HyperVLM 30.5 40.2 40.4 50.7

ViT-B/16

CLIP 32.9 43.3 41.4 52.7

MERU 33.2 44.0 41.8 52.9

HyperVLM 33.3 43.7 42.1 53.4

ViT-L/16

CLIP 31.7 42.2 40.6 51.3
MERU 32.6 43.0 41.9 53.3

HyperVLM 32.6 42.7 43.2 53.8

Table 2. Zero Shot Image and Text Retrieval on COCO Dataset.

Metric in color represent best performance for the task.

direction based on the relative entropy:

x =

{
ximg, if H(ximg) < H(xtxt)

xtxt, otherwise
(7)

y =

{
xtxt, if H(ximg) < H(xtxt)

ximg, otherwise
(8)

This adaptive approach allows our model to capture more

nuanced hierarchical relationships that better reflect the true

information content of each modality, rather than imposing

a predetermined structure. Figure 3 gives an overview of the

entailment loss as projected in Euclidean space. Exterior

angle ∠Oxy is defined as:

ext(∠Oxy) = arcos

(
〈x, y〉 (1 + ||x||2)− ||x||2((1 + ||y||2)
||x||.||x− y||√1 + ||x||2||y||2 − 2〈x, y〉

)

(9)

While the aperture of the entailment cone is defined as:

aper(x) = arcsin

(
K

1− ||x||2
||x||

)
(10)

We calculate the entailment loss as:
Lentail(x, y) =

max(0, ext(∠Oxy)− aper(x))− λregext(∠Oxy)
(11)

where λreg is the regularization coefficient. Hence, the

overall loss to be optimized becomes L = Lcont+λLentail

is λ is entailment regularization factor.

5. Experiments
Model Architecture We implement HyperVLM using

different size versions of Vision Transformers (S/B/L) as vi-

sion encoders with a patch size of 16, freezing the positional

encoding layer of the model. The text encoder follows the

CLIP architecture with a 12-layer, 512-dimensional Trans-

former with 77 maximum length byte pair encoding. For

the hyperbolic space representation, we use a Poincaré ball

of 512 dimensions with learnable curvature K for Poincaré

space transformation after embedding scaling.

Optimization We use the AdamW Optimizer [24] with

weight decay of 0.2 and (β1, β2) = (0.9, 0.98). Weight de-

cay is disabled for all gains, biases, and learnable scalars.

The model is trained for 120K iterations with a batch size

of 1024 (≈ 10 epochs). The maximum learning rate is

5 × 10−4, which increases linearly for the first 4K itera-

tions, followed by cosine decay to 0 [23].

Evaluation Protocol We evaluate HyperVLM against CLIP

and MERU on 18 diverse datasets for zero-shot classifi-

cation and on the COCO dataset for retrieval tasks. Ad-

ditionally, we evaluate image-text and text-image retrieval

accuracy using the BLIP architecture [22] by implement-

ing our ITC loss calculation module in Poincaré hyperbolic

space with entropy-based image-text entailment order, com-

paring it with the Euclidean space BLIP architecture on

the COCO dataset and Amazon Product Recommendation

Clothes dataset [27] (see Table 6).

5.1. Results
From Table 1, we compare HyperVLM’s performance for

zero shot classification and observe it performing better

than the Euclidean space CLIP for 14 out of 18 datasets and
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than Lorentz model based MERU for 15 out of 18 datasets

and on 13 out of 18 datasets overall. The results demon-

strate that HyperVLM consistently outperforms both base-

line methods:

• Compared to Euclidean CLIP: HyperVLM achieves su-

perior performance on 14 out of 18 datasets, with par-

ticularly notable improvements on CIFAR-100 (+3.3%),

CUB (+1.3%), and DTD (+2.6%) for the ViT-S/16 model.

For the largest model (ViT-L/16), HyperVLM shows even

more substantial gains, outperforming CLIP by +2.3%

on CIFAR-10, +2.4% on CIFAR-100, and +1.5% on Air-

craft.

• Compared to Lorentz MERU: HyperVLM demon-

strates better performance on 15 out of 18 datasets,

highlighting the advantages of our Poincaré ball model

and entropy-based entailment approach over the Lorentz

model used in MERU.

• Overall Dominance: HyperVLM achieves the best per-

formance on 13 out of 18 datasets when compared against

both CLIP and MERU simultaneously, demonstrating the

robust generalization capabilities of our approach across

diverse visual domains.

The consistent pattern of improvements across such a

wide range of datasets—spanning fine-grained recognition

(CUB, Aircraft), texture classification (DTD), scene recog-

nition (SUN397), and general object classification (CI-

FAR)—demonstrates the robust generalization capabilities

of our approach and its ability to capture meaningful hi-

erarchical relationships that benefit diverse visual under-

standing tasks. Comparing Top N retrieval recall for COCO

dataset in Table 2 we see that HyperVLM performs better

than CLIP on 4 out of 4 tasks while it performs better than

MERU on 3 out of 4 tasks. Overall, HyperVLM performs

better than all methods on 3 out of 4 tasks demonstrating

the competitveness of the proposed method. Ablation re-

sults for regularization terms λreg and λ can be referred in

the Table 4. In Table 6 we observe that the proposed method

outperforms the Euclidean space representation in BLIP ar-

chitecture for image-text and text-image retrieval task.

5.2. Ablation Study
To isolate the contribution of our novel entropy-based en-

tailment direction determination, we conducted ablation

studies comparing HyperVLM with a variant that uses

Poincaré embeddings but assumes a fixed text→image en-

tailment direction (as in MERU).

In Table 3 and 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 en-

tailment where text always entails image in entailment loss.

The zero shot classification and retrieval experiments have

been conducted for ViT S/16 model for 120000 iterations

using RedCaps dataset, same optimizer and learning rate as

the proposed method. As can be observed, the addition of

entailment leads to improvement in 14 out of 18 datasets

in zero shot classification setting while improving perfor-

mance in all 4 zero shot retrieval tasks for COCO dataset.

In Table 4 we run the ablation study for λreg and λ by

training ViT-S/16 HyperVLM model for 1 epoch (6k itera-

tions) and compare the average zero shot retrieval accuracy

for COCO dataset. We find that λreg = 0.1 and λ = 0.1
provides the best performance and was chosen as the value

for our experiments. The entailment loss described in eq. 9

depends on λreg and λ for calculation of the overall entail-

ment loss.

text → image image → text
R5 R10 R5 R10

ViT-S/16
Poincaré 30.1 40.2 39.0 50.2

HyperVLM 30.5 40.2 40.4 50.7

Table 3. Zero Shot Image and Text Retrieval on COCO Dataset.

Metric in color represent best performance for the task. Row corre-

sponding to Poincaré represents the case where no entropy derived

entailment order is enforced in the entailment loss and we assume

that text always entail the image as assumed in MERU. The row

corresponding to HyperVLM represent the case where embedding

entropy derived image-text entailment order is applied in entail-

ment loss.

λ
0 0.01 0.1 0.5 1

λreg

0 20.2 17.5 18.6 16.5 18.7

0.01 20.2 15.4 22.1 16.7 16.0

0.1 20.2 21.1 22.3 18.9 19.0

0.5 20.2 19.2 18.6 16.8 15.7

1 20.2 18.6 18.1 15.4 19.5

Table 4. To select proper values of λ and λreg we run a grid search

for different values and compare the average of average 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 λ = 0.1 and λreg = 0.1. The best perfor-

mance metric in color.

6. Theoretical Insights
6.1. Advantages of Poincaré Ball over Lorentz Hy-

perboloid
The choice of Poincaré ball model over Lorentz hyperboloid

for vision-language representation offers several theoreti-

cal and practical advantages [33]. In the Poincaré ball

model, the representation capacity scales more effectively

with dimension compared to the Lorentz model Ln = {x ∈
R

n+1 : 〈x, x〉L = −1, x0 > 0} [35]. This superior scaling

property emerges from three key aspects:
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ViT-S/16
Poincaré 74.9 55.3 27.5 34.1 28.3 1.5 16.4 72.9 60.0 48.4 90.7 28.3 30.6 4.9 8.3 14.4 48.9 50.2

HyperVLM 75.1 53.6 27.7 35.1 27.6 1.6 17.6 71.9 62.1 47.9 90.9 30.8 32.1 5.1 10.4 14.8 53.8 50.8

Table 5. Comparison of proposed method HyperVLM implementing entropy inferred image-text entailment order, with HyperVLM 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 HyperVLM outperforms the Poincaré method where we always assume text to

be entailing image, in 14 out of 18 datasets.

• Geometric Properties The Poincaré ball model provides

conformal mapping that preserves angles, leading to more

stable optimization. The metric tensor at point x is given

by gDx = ( 2
1−‖x‖2 )

2gE where gEx is the metric tensor for

euclidean space represented as gEx = diag([1, 1, ...1]),
which naturally adapts to the hierarchical structure of the

data [30]. In contrast, the Lorentz model’s metric ten-

sor gLx = diag(−1, 1, ..., 1) remains constant, potentially

limiting its adaptability to complex hierarchical relation-

ships.

• Numerical Stability The bounded nature of the Poincaré

ball (‖x‖ < 1) provides inherent numerical stability dur-

ing optimization [28]. The gradients in Poincaré space

are naturally scaled by the conformal factor, prevent-

ing exponential explosion or vanishing issues common in

Lorentz space where coordinates can grow unboundedly.

This leads to more stable training dynamics:‖∇Df(x)‖ ≤
2

1−‖x‖2 ‖∇Ef(x)‖
• Representation Efficiency For hierarchical structures of

depth d and branching factor b, the Poincaré ball achieves

distortion O(log(d)) compared to O(
√
d) in Lorentz

space [35]. This leads to more efficient embedding of

hierarchical structures, particularly for deep hierarchies:

DistortionD(T ) < c log(d) << c
√
d < DistortionL(T )

where T represents a tree structure and c is a constant.

This efficiency translates to

1. Better preservation of hierarchical relationships.

2. More accurate representation of fine-grained semantic

differences.

3. Improved gradient flow during optimization.

Dataset Model Text Image

R@5 R@10 Mean R@5 R@10 Mean

COCO BLIP 94.10 97.20 95.65 84.50 90.70 87.6

COCO HyperVLM(BLIP) 94.52 97.32 95.92 85.12 91.32 88.22
Amazon Clothes BLIP 2.10 3.30 2.7 6.10 10.50 8.3

Amazon Clothes HyperVLM(BLIP) 2.74 3.83 3.28 6.41 11.60 9.0

Table 6. Comparison of HyperVLM(BLIP) and BLIP Models for

COCO and Amazon Product Recommendation dataset’s Clothes

dataset’s Text-Image and Image-text Retrieval

These advantages make the Poincaré ball particularly

suitable for vision-language modeling where preserving

both hierarchical structure and semantic similarity is cru-

cial.

6.2. Information-Theoretic Hierarchy and Compo-
sitional Entailment

Motivation Vision-language representation learning inher-

ently involves hierarchical structures in both modalities.

For instance, visual concepts form natural hierarchies

(e.g., animal → mammal → dog → breed), and textual

descriptions similarly exhibit hierarchical relationships.

Traditional Euclidean spaces, with their polynomial vol-

ume growth [26], are suboptimal for representing such

hierarchical structures. In contrast, hyperbolic geometry,

characterized by exponential volume growth [14], naturally

accommodates tree-like hierarchical structures.

Information Content and Hierarchical Structure in
Shared Space The fundamental connection between

embedding complexity and hierarchical relationships can

be established through Shannon’s information theory [37].

For embeddings of different modalities projected into

a common space through encoders fθimg
and fθtxt

, the

shared representation ensures that information content

comparison is meaningful. This is because:

1. The encoders map inputs to a common manifold where

geometric and information-theoretic properties are pre-

served

2. The contrastive learning objective ensures semantic

alignment in this shared space

3. The hyperbolic nature of the space maintains consistent

hierarchical relationships across modalities

For an embedding vector x in this shared space, the in-

formation entropy:

H(x) = −
n∑

i=1

pi log pi, pi =
|xi|∑n
j=1 |xj |

represents the evolved information content of the con-
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cept in the common space [7]. This measure provides theo-

retical justification for hierarchical relationships because:

1. The Common Currency Principle When image and

text embeddings are projected into the same space

through encoders fθimg
and fθtxt

, we can meaning-

fully compare their information content—like compar-

ing books in the same library using the same cataloging

system. This works because:

• The encoders map inputs to a common manifold where

both geometric and information-theoretic properties

are preserved

• The contrastive learning objective ensures semantic

alignment in this shared space

• The hyperbolic nature of the space maintains consis-

tent hierarchical relationships

2. Information Evolution: The embedding entropy re-

flects how information evolves from general to specific

concepts in the shared manifold. More specific concepts

require additional information beyond their parent con-

cepts. For example, ”golden retriever” contains all the

information of ”dog” plus additional distinguishing fea-

tures. In our shared embedding space, this principle is

captured by:

Hshared(x) = Hmodal(x) + Ialignment(x)

where Ialignment represents the additional information

gained through cross-modal alignment

3. Information Content Principle: More specific con-

cepts require additional information to be fully specified

beyond their parent concepts, leading to higher entropy

values:

ΔH = H(child)−H(parent) ≥ 0

7. Discussion

We obtain better performance for HyperVLM over Eu-

clidean space CLIP owing to hyperbolic nature of Poincaré

geometry which allows 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 [28]

Poincare geometry has a relatively larger capacity than the

Lorentz model for correctly representing points 2. Entail-

ment loss based on entropy derived relative hierarchy be-

tween image and text at instance level.

7.1. Cross-Modal Generation and Understanding

The improved alignment between visual and textual modal-

ities enables more sophisticated cross-modal generation and

understanding:

• Improved Image Captioning: By understanding the hi-

erarchical relationships between visual concepts, our ap-

proach can generate more accurate and contextually ap-

propriate retail product image captions.

• Visual Question Answering: The ability to model en-

tailment relationships helps in answering questions about

images that require understanding hierarchical relation-

ships (e.g., ”Is there any blue furniture on this e-retail

platform?”).

8. Conclusion

In this work, we present HyperVLM, a Poincaré geometry-

based image-text model tailored to capture the semantic and

hierarchical relationships between visual and textual data.

Motivated by challenges in retail—such as large-scale prod-

uct categorization, fine-grained visual distinctions, and mul-

timodal retrieval—our model leverages the properties of hy-

perbolic space to represent structured product information

more effectively than conventional Euclidean methods.

The main contributions of this work are summarized as

follows:

1. We introduce HyperVLM, a vision-language model that

embeds images and text into a shared hyperbolic space,

enabling the representation of both semantic similarity

and hierarchical relations prevalent in retail product cat-

alogs.

2. An embedding entropy-based method is proposed to dy-

namically infer partial order between image-text pairs.

This allows the model to flexibly determine modality

dominance per instance, rather than relying on fixed as-

sumptions.

3. We show that HyperVLM outperforms Euclidean-based

models (e.g., CLIP) and hyperbolic baselines (e.g.,

MERU) across multiple zero-shot classification and re-

trieval benchmarks, demonstrating consistent gains in

robustness and accuracy.

4. Theoretical justifications are provided for using the

Poincaré ball model, showing how its exponential

volume growth aligns with the tree-like structure of

hierarchical multimodal data.

Our results highlight the value of explicitly modeling

hierarchical structure in vision-language learning, espe-

cially for real-world retail applications involving vast and

evolving product inventories.

In conclusion, HyperVLM offers a scalable and general-

izable framework for structure-aware multimodal represen-

tation. Its effectiveness in zero-shot settings makes it par-

ticularly well-suited for modern retail systems, where ro-

bustness, fine-grained understanding, and adaptability are

essential.
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HyperVLM: Hyperbolic Space Guided Vision Language Modeling for
Hierarchical Multi-Modal Understanding

Supplementary Material

Hyperbolic Geometry: An Intuitive Overview
In this section, we provide an accessible introduction to hy-

perbolic geometry and its relevance to our approach. We

aim to build intuition for these concepts before diving into

the mathematical details.

Hyperbolic Geometry for Hierarchical Data
Imagine trying to draw a large tree with many branches on

a flat piece of paper. As you move away from the root, the

number of nodes grows exponentially, quickly running out

of space. This is precisely the challenge when representing

hierarchical data in Euclidean space—the available space

grows only polynomially (quadratically in 2D), while hier-

archical structures grow exponentially.

Hyperbolic geometry, in contrast, is a non-Euclidean ge-

ometry where the space itself expands exponentially as you

move away from the origin. This property makes it nat-

urally suited for representing hierarchical structures like

trees, taxonomies, and knowledge graphs. In a tree with

branching factor b, the number of nodes at level h grows as

((b+1)bh−2)/(b−1)—an exponential growth that hyper-

bolic space can accommodate naturally.

Key Concepts in Hyperbolic Geometry
To understand hyperbolic geometry, it helps to compare it

with familiar Euclidean geometry:

• Curvature: While Euclidean space has zero curvature

(flat), hyperbolic space has constant negative curvature.

This negative curvature is what creates the exponential

expansion of space.

• Straight Lines: In hyperbolic space, the shortest path be-

tween two points (a geodesic) appears curved when visu-

alized in Euclidean space. This is similar to how flight

paths on a globe appear curved on a flat map.

• Distance: Distances in hyperbolic space grow exponen-

tially as you move away from the origin, allowing more

room to separate points that would be crowded together

in Euclidean space.

The Poincaré Disk Model
Among several mathematical models of hyperbolic space,

we use the Poincaré disk model due to its favorable proper-

ties for deep learning. Think of the Poincaré disk as a unit

disk where:

• Points near the center behave similarly to Euclidean space

• As you approach the boundary, distances stretch exponen-

tially

• The boundary represents ”infinity” and can never be

reached

This model allows us to embed hierarchical structures

by placing more general concepts (like ”animal”) near the

center and more specific concepts (like ”golden retriever”)

toward the boundary. The exponential distortion of space

naturally preserves the hierarchical relationships between

concepts.

8.1. Time Complexity Analysis

While hyperbolic embeddings offer significant advantages

for modeling hierarchical relationships, they come with in-

creased computational costs compared to their Euclidean

counterparts. In this section, we analyze the worst-case time

complexity of HyperVLM and compare it with CLIP and

MERU.

8.1.1. Encoder Complexity
The Vision Transformer (ViT) and Text Transformer com-

ponents have identical time complexity in all three models

(CLIP, MERU, and HyperVLM):

• Vision Transformer: O(n2 · d), where n is the number

of image patches and d is the embedding dimension.

• Text Transformer: O(l2 · d), where l is the sequence

length of the text.

8.1.2. Projection and Hyperbolic Mapping
The projection layer in all models has a complexity of

O(d · n). However, HyperVLM and MERU require addi-

tional operations to map Euclidean embeddings to hyper-

bolic space:

• Exponential Mapping: O(d) per embedding for the ex-

ponential map operation expK=−1
0 (xEuc

i ).
• Scaling Operation: O(d) for the learnable scaling pa-

rameters λim and λtxt.

8.1.3. Distance Calculation
The worst-case time complexity for distance calculations

differs significantly:

• CLIP (Cosine Similarity): O(d) per pair of embeddings.

• MERU (Lorentz Distance): O(d) per pair, but with

higher constant factors due to hyperbolic operations.

• HyperVLM (Poincaré Distance): O(d) per pair, with

operations including tanh−1 and Möbius addition ⊕K ,

which have higher computational costs than simple dot

products.
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8.1.4. Entailment Loss Calculation
The entailment loss calculation in HyperVLM introduces

additional complexity:

• Entropy Calculation: O(d) for computing H(xemb) =
−∑n

i=1 xi log2 xi.

• Exterior Angle Calculation: O(d) for computing

ext(∠Oxy), involving multiple vector operations.

• Aperture Calculation: O(1) for computing aper(x).

8.1.5. Batch Processing
For a batch of size B, the contrastive loss computation re-

quires:

• CLIP: O(B2 · d) for computing all pairwise similarities.

• MERU: O(B2 · d) with higher constant factors.

• HyperVLM: O(B2 ·d) for pairwise distances, plus O(B ·
d) for entropy calculations and O(B2 · d) for entailment

loss.

8.1.6. Overall Worst-Case Time Complexity
The overall worst-case time complexity for a forward pass

with batch size B is:

• CLIP: O(n2 · d+ l2 · d+B2 · d)
• MERU: O(n2 · d+ l2 · d+B2 · d) with higher constant

factors

• HyperVLM: O(n2 · d+ l2 · d+B2 · d+B · d)
While the asymptotic complexity remains similar across

models, the constant factors in HyperVLM are higher due

to the more complex operations in hyperbolic space.

8.1.7. Numerical Stability Considerations
Beyond pure computational complexity, operations in hy-

perbolic space require careful handling to maintain numeri-

cal stability:

• The exponential mapping operation can lead to overflow

if not properly scaled, necessitating the learnable scaling

parameters λim and λtxt.

• Operations near the boundary of the Poincaré disk (where

‖x‖ ≈ 1) require higher numerical precision, potentially

increasing computation time.

• The tanh−1 function in the distance calculation becomes

unstable as its input approaches 1, requiring additional

checks and safeguards.

Despite these additional computational costs, the im-

proved performance of HyperVLM across multiple bench-

marks demonstrates that the benefits of modeling hierarchi-

cal relationships in hyperbolic space outweigh the increased

computational complexity. For applications where infer-

ence speed is critical, techniques such as model distillation

or quantization could potentially be applied to reduce the

computational overhead while preserving the advantages of

hyperbolic embeddings.

2379


