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Abstract. CLIP (Contrastive Language-Image Pre-training) has be-
come a de facto paradigm for image-text alignment, but it struggles
with long-context descriptions (> 77 tokens) due to absolute positional
encoding and pretraining on short captions. In long contexts, sentences
are often reordered, summarized, or partially omitted. Although prior
works extend CLIP with longer positional encodings, they often suffer
from degraded image-text alignment under such text perturbations. We
attribute this limitation to the Euclidean contrastive objective, which
enforces strict one-to-one matching and lacks explicit mechanisms for
modeling hierarchical relationships between global context and its con-
stituent elements. To address this issue, we propose HyFL-CLIP, a hy-
perbolic fine-tuning framework that distills the well-established text-
image alignment learned in Euclidean CLIP into hyperbolic space via
cross-manifold similarity distillation, leveraging its geometry to capture
hierarchical and entailment relations. Our method models hierarchical
semantics by linking summarized token-wise features, long-context de-
scriptions, constituent short textual components, and images, capturing
part–whole relationships via hyperbolic entailment with Einstein mid-
point aggregation. Experiments on diverse benchmarks, including long-
context cross-modal retrieval, cross-modal retrieval with caption pertur-
bations, intra-modality retrieval, and short-text cross-modal retrieval,
show that HyFL-CLIP achieves more robust long-context understand-
ing. In particular, it yields up to 19.5% improvement in long-text cross-
modal retrieval under textual perturbations over the best prior method.
We also show HyFL-CLIP can be seamlessly integrated into other model
frameworks by applying it to Stable Diffusion XL (SDXL). The project
page is available at https://janeyeon.github.io/hyflclip.

Keywords: hyperbolic representation learning · long-context vision-language
alignment · cross-manifold distillation

1 Introduction

Vision-language contrastive pre-training has laid the foundation for a wide range
of vision-language learning tasks. Models such as CLIP [48], ALIGN [23] have
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Fig. 1: Robust long-context retrieval under caption perturbation. In long
contexts, sentence order or structure may change preserving overall semantics, making
robust text-image alignment essential. However, prior works on long-context under-
standing CLIP often exhibit degraded alignment under such perturbations. For ex-
ample, even when only the sentence order is shuffled (Order shuffling), they fail to
retrieve the correct image, missing key semantic elements such as the red pedestrian
traffic signal, the black car, and the pedestrian wearing a white and red outfit.

achieved remarkable performance in text-image alignment by projecting image
and text representations into a shared embedding space via contrastive learning.
As a result, such models have been widely adopted not only for downstream tasks
such as zero-shot classification and retrieval, but also for broader applications
including image generation [46,50] and large multi-modal systems [2,32,35,71].

However, long-text inputs (> 77 tokens) remain challenging for CLIP, as
it is primarily trained on datasets composed of short captions and inherently
supports a maximum input length of 77 tokens [67]. Existing approaches typi-
cally address this by extending positional encoding and aligning coarse and fine
grained features in CLIP [3, 41, 63, 67], and designing training strategies to bet-
ter learn long-text representations [13, 41, 60]. Although prior works on CLIP
finetuning for long-context understanding [3, 13, 41, 60, 63, 67] have significantly
improved long text-image retrieval performance, we observe that they remain
highly sensitive to (i) changes in the number or ordering of sentences that con-
stitute the long context and (ii) the deletion or substitution of only a few words
(See Fig. 1). This limitation may partly stem from CLIP’s training paradigm,
which primarily relies on one-to-one text-image matching and does not explicitly
model entailment or part-whole relationships among semantic components. As
a result, the global meaning of a long description can become concentrated on
a few salient tokens, making the model sensitive to the removal or reordering
of tokens or sentences and leading to degraded image–text alignment. Modeling
long descriptions therefore requires capturing hierarchical relationships between
the global context and its constituent semantic components.
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Recently, hyperbolic space has been actively explored in vision–language con-
trastive learning to better model hierarchical relationships [11,43,49]. Unlike Eu-
clidean space used by CLIP, hyperbolic space has negative curvature and natu-
rally represents tree-like structures. However, most hyperbolic Vision-Language
Models (VLMs) [11, 19, 43, 49, 56, 66] or Large Language Models (LLMs) [18]
are trained from scratch, limiting their ability to leverage strong pretrained Eu-
clidean models such as CLIP [48]. While recent studies have begun exploring
fine-tuning approaches, they typically focus on single-modality adaptation or
specific tasks [33,44,61,66,68,69].

We propose HyFL-CLIP (Hyperbolic Fine-tuning for Long-context CLIP),
which enhances robust long-context understanding by modeling semantic part-
whole relationships. HyFL-CLIP transfers the well-established text-image align-
ment learned by Euclidean CLIP into hyperbolic space. To the best of our knowl-
edge, this is the first work to leverage Euclidean vision–language relationships
for generalized tasks in hyperbolic space. We summarize token-wise features
using Einstein midpoint aggregation to connect long-context descriptions and
their constituent elements with the visual modality. Part-whole relationships are
modeled through hierarchical entailment, which relaxes strict one-to-one match-
ing imposed by contrastive learning and aligns semantically related elements to
better capture hierarchical structures. We demonstrate that HyFL-CLIP outper-
forms prior arts [3,13,41,60,63,67] across diverse long-context benchmarks. By ef-
fectively leveraging hyperbolic space, our model remains robust even when parts
of the input text are missing or perturbed, whereas Euclidean baselines exhibit
larger performance drops. Furthermore, HyFL-CLIP achieves up to 19.5% per-
formance improvement on long-context cross-modal retrieval under caption per-
turbations, highlighting its ability to more robustly capture hierarchical seman-
tic relationships in long contexts. We further adapt HyFL-CLIP to SDXL [46],
demonstrating that it can be seamlessly integrated into existing frameworks.
Our contributions are as follows:

– We introduce HyFL-CLIP, a hyperbolic fine-tuning framework that trans-
fers the well-established image–text alignment learned by Euclidean CLIP
into hyperbolic space, enabling well-pretrained Euclidean Vision–Language
Models to operate effectively in hyperbolic representations.

– We bridge Euclidean and hyperbolic representations via cross-manifold sim-
ilarity distillation, while aligning image and text using a hyperbolic geodesic
contrastive loss. A hierarchical entailment loss further relaxes strict one-to-
one contrastive matching, enabling the model to better capture relationships
between global context and its semantic components.

– HyFL-CLIP achieves strong performance across diverse long-context un-
derstanding benchmarks, consistently outperforming Euclidean baselines. In
particular, it shows improved robustness under caption perturbations, main-
taining stable retrieval performance even when the input text is reordered,
partially removed, or corrupted.
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2 Related Works

2.1 Vision-language foundation models

Vision–Language Models (VLMs) learn a shared embedding space between im-
ages and text, becoming key components for cross-modal understanding [15,24,
47,52,54]. CLIP [48] aligns image and text using a contrastive objective, achiev-
ing strong zero-shot performance in tasks such as image–text retrieval and clas-
sification. Building on this paradigm, many pretrained VLMs [20, 21, 25, 29, 37]
have been developed and widely used for vision–language tasks.

Although contrastive loss of CLIP is powerful, it also has several limitations.
First, contrastive learning treats all non-paired samples as negatives in binary [5],
even though some may share semantic overlap and act as false negatives in prac-
tice [9,22]. In addition, CLIP-style training often relies heavily on the CLS token
for global alignment, which can limit the model’s ability to capture hierarchi-
cal [16,38] or fine-grained structural associations [3,70]. To address these limita-
tions, various approaches in Euclidean space have been explored [3,9,16,22,70] to
improve the contrastive learning framework. In this work, we instead transfer the
well-trained similarity geometry of CLIP into hyperbolic space and further refine
it using hyperbolic entailment. This allows the model to more robustly retrieve
correct image-text pairs even when long-context descriptions are perturbed.

2.2 Long-context understanding with CLIP

CLIP [48] can face challenges when handling text sequences longer than 77 to-
kens, as it is trained primarily on short captions and uses absolute positional
encoding [67]. A common strategy is to extend CLIP to longer sequences using
interpolated positional encoding and coarse to fine cross-modal alignment strate-
gies, as explored in Long-CLIP [67] and HiMo-CLIP [63]. Subsequent works fur-
ther enhance token-wise fine-grained visual–textual correspondence [3]. Other
approaches introduce architectural modifications, such as relative positional en-
coding [41], dual-branch training for jointly handling short and long contexts [60],
and dual-teacher distillation frameworks for long-context learning [13].

However, these approaches still rely on Euclidean embeddings with one-to-
one image–text alignment and do not explicitly model hierarchical inclusion
relationships, which can lead to performance degradation under semantically
preserving text modifications. In contrast, we leverage hyperbolic space to explic-
itly model hierarchical structures that connect summarized token-wise features,
long-context descriptions, and the short textual components that compose them.
By linking global semantic summaries with their constituent textual elements,
the model can robustly preserve semantic understanding even when parts of the
text are removed, reordered, or perturbed.

2.3 Hyperbolic representation learning in Vision-language models

Hyperbolic geometry provides an embedding space well suited for modeling fine-
grained and hierarchical relationships [14,53]. Due to its inherent tree-like struc-
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ture, hyperbolic space naturally captures hierarchical data. As a result, hyper-
bolic embeddings have been widely applied in various domains, including graph,
image understanding, and text [4, 7, 12,27,31,36,55,57,65].

Recently, several works have explored the use of hyperbolic geometry in
VLMs [11, 19, 43, 49, 56, 66]. These models align image and text embeddings us-
ing geodesic contrastive losses, while further model hierarchical structure within
the same modality [11,49] or across modalities via part–to–whole relations [43].
Also, some Large Language Models (LLMs) [18] adopt hyperbolic manifold to
better capture the hierarchical structure inherent in language.

Although prior works show promising results, they are generally trained from
scratch and remain disconnected from well-pretrained Euclidean models, limiting
their ability to leverage strong representations from models such as CLIP. While
recent attempts address this gap by fine-tuning pretrained CLIP, they are often
restricted to single-modality settings [61,66,68] or specific tasks and experimen-
tal setups [33,44,69], which may limit their applicability in more general settings.
In contrast, we perform hyperbolic fine-tuning starting from a pretrained CLIP
model. By guiding the model with an entailment objective, our approach pre-
serves CLIP’s strong representations while enabling the text embedding space
to capture relationships across different levels of semantic abstraction, leading
to improved performance in long-context understanding.

3 Preliminaries

3.1 Hyperbolic geometry in the Lorentz model

Hyperbolic space is a Riemannian manifold with constant negative curvature
−κ, where κ ∈ R+. In this work, we employ the Lorentz (Minkowski) model as
the underlying geometric space for hyperbolic fine-tuning, by distilling represen-
tations from a pre-trained Open-CLIP [10] model into the Lorentz manifold.

We consider the (n + 1)-dimensional Minkowski space Rn+1 equipped with
the Lorentzian inner product defined as below:

⟨p,q⟩L = −ptimeqtime + ⟨pspace,qspace⟩, (1)

where ⟨·, ·⟩ denotes the standard Euclidean inner product.
Under this metric, the n-dimensional Lorentz manifold Ln is defined as the

upper sheet of the two-sheeted hyperboloid given by:

Ln =

{
p ∈ Rn+1

∣∣∣∣ ⟨p,p⟩L = − 1

κ
, ptime > 0

}
. (2)

Each point p ∈ Ln is represented as below:

p = [ptime,pspace] , ptime =

√
1

κ
+ ∥pspace∥2. (3)

where pspace ∈ Rn denotes the spatial component, || · || denotes the Euclidean
norm, and the expression for ptime follows from the Lorentz manifold constraint.
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The geodesic distance between two points p,q ∈ Ln is given by:

dL(p,q) =
√
1/κ cosh−1 (−κ⟨p,q⟩L) . (4)

The hyperbolic radius of an embedding p corresponds to its hyperbolic distance
from the hyperboloid origin o, measured by dL(p,o).

3.2 Tangent spaces

For each point z ∈ Ln, the tangent space at z is defined as:

TzLn =
{
v ∈ Rn+1 : ⟨z,v⟩L = 0

}
, (5)

which forms an n-dimensional Euclidean vector space consisting of all vectors
orthogonal to z under the Lorentzian inner product. A tangent vector v ∈ TzLn

can be mapped back to the hyperboloid via the exponential map,

expκz(v) = cosh(
√
κ ∥v∥L)z+

sinh(
√
κ ∥v∥L)√

κ ∥v∥L
v. (6)

In contrast, the logarithmic map transports p ∈ Ln to the tangent space at z
as:

logκz(p) =
cosh−1(−κ⟨z,p⟩L)√

(κ⟨z,p⟩L)2 − 1
projz(p), (7)

where projz(p) = p + κ ⟨z,p⟩Lz denotes the projection of p onto the tangent
space TzLn. In our formulation, the reference point z is set to the hyperboloid
origin o = [

√
1/κ,0]. At this point, the tangent space ToLn reduces to an n-

dimensional Euclidean space, as tangent vectors have zero time components and
are fully parameterized by their spatial coordinates, consistent with standard
practice in hyperbolic representation learning [11,43,49].

3.3 Einstein midpoint

In hyperbolic space, the centroid of a set of points is computed via the Einstein
midpoint. We first project hyperbolic points from the hyperboloid model Ln to
the Klein model Kn, where a weighted average admits a closed-form expression.
The Lorentz-Klein projection and its inverse are given by:

ΠL→K(p) =
pspace

ptime
=

pspace√
1
κ + ∥pspace∥2

, ΠK→L(k) =
(1,k)√

κ(1− ∥k∥2)
, (8)

where ΠL→K maps a point p ∈ Ln to its Klein coordinate representation, and
ΠK→L denotes the inverse projection that lifts a Klein point k back onto the
Lorentz hyperboloid.

Given a set of points {xj}Nj=1 ⊂ Ln, their Einstein midpoint x̄ is obtained
by computing a Lorentz-factor-weighted mean in Klein coordinates as:

x̄ = ΠK→L

(∑N
j=1 γj ΠL→K(xj)∑N

j=1 γj

)
, γj =

1√
1− κ ∥ΠL→K(xj)∥2

. (9)
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4 Method

In this section, we introduce our method HyFL-CLIP. We first describe the
problem setting, and then present the key training objectives of our approach:
short-text guided cross-manifold similarity distillation, hyperbolic geodesic con-
trastive learning, hierarchical entailment with Einstein midpoint aggregation,
and an entropy regularizer for stabilizing hyperbolic embeddings.

4.1 Problem formulation

HyFL-CLIP fine-tunes a pre-trained CLIP model, which uses separate encoders
for images and texts to produce aligned representations in a shared embedding
space. We denote the model as f , consisting of image encoder fv and a text
encoder ft. For a text-image pair (I, T ), the visual encoder produces a set of
embeddings fv(I) ∈ R(K+1)×n, consisting of a class token ṽ that captures global
image representation and a set of token-wise embeddings {ṽk}Kk=1 that encode
local visual information. Similarly, the text encoder produces a set of embeddings
ft(T ) ∈ R(L+1)×n, consisting of a sentence-level token t̃ that represents the
overall semantic meaning of the text and token-wise embeddings {t̃l}Ll=1 that
encode token-level linguistic information.

In the original CLIP model, the input text length is limited to 77 tokens
due to the use of learned absolute positional embedding. Before being fed into
ft, text tokens are truncated to the first 77 tokens. To enable CLIP models to
handle longer contexts, prior works [3, 13, 41, 60, 63, 67] extend the positional
embedding via interpolation to support longer input sequences (e.g., up to 248
tokens).

Our goal is to improve long-context understanding by explicitly modeling
hierarchical semantic relationships within long descriptions in hyperbolic space,
while preserving the well-established short text-image alignment learned by CLIP.

4.2 Short-text guided cross-manifold similarity distillation

In pre-trained CLIP, the similarity between short text–image pairs is well learned.
Inspired by prior similarity-based distillation methods that transfer relational
structure through pairwise similarity distributions [58, 62], we use this well-
established geometry as a reference when transferring the learned embedding
space of CLIP into hyperbolic space. Unlike prior methods that typically distill
similarities within the same geometric space, we perform cross-manifold similar-
ity distillation, which aligns the similarity distributions of the Euclidean teacher
and the hyperbolic student. Formally, let ṽi ∈ Rn denote the image embedding,
and let t̃si , t̃

l
i ∈ Rn denote the embeddings of the short and long texts corre-

sponding to the same image, obtained from a pre-trained CLIP model that serves
as the Euclidean teacher. Since CLIP is originally trained on short text–image
pairs, we perform the distillation using the short-text embeddings to preserve
the well-learned similarity geometry. We project these Euclidean embeddings
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into hyperbolic space via the exponential map at the origin: vi = expκo(ṽi), t
s
i =

expκo(t̃
s
i ), t

l
i = expκo(t̃

l
i), where vi, t

s
i , t

l
i ∈ Ln.

We define the Euclidean teacher similarity SE as the cosine similarity between
the short-text and image embeddings. In hyperbolic space, the student similarity
SH is defined as the negative geodesic distance in the Lorentz model (Eq. (4)).
Formally,

SE(t̃si , ṽj) =
⟨t̃si , ṽj⟩
∥t̃si∥∥ṽj∥

, SH(tsi ,vj) = − dL(t
s
i ,vj) . (10)

We construct probability distributions over image candidates induced by the
similarity scores. Given a similarity matrix S and temperature τ , the distribution
is defined as:

P (S, τ)ij =
exp(Sij/τ)∑
k exp(Sik/τ)

. (11)

The Euclidean teacher distribution and hyperbolic student distribution are then
obtained as PE = P (SE(t̃s, ṽ), τE), P

H = P (SH(ts,v), τH). The cross-manifold
distillation loss is defined as the Kullback-Leibler divergence between the teacher
and student distributions, given by:

Ldistill =
1

B

B∑
i=1

KL
(
PE
i· ∥ PH

i·
)
, (12)

where B denotes the batch size, i indexes the query samples in the mini-batch,
and KL(·∥·) denotes the Kullback-Leibler divergence.

4.3 Hyperbolic geodesic contrastive loss

After transferring Euclidean geometric relations through short text–image pairs,
we further optimize the model using long text–image pairs through a geodesic
contrastive objective on the Lorentz manifold Ln. Following the hyperbolic In-
foNCE formulation of [11], we define the image-text contrastive loss Litc in
Lorentz space as follows:

Linfo(v, t; τc) = −
∑
i

log
exp (−dL(vi, ti)/τc)∑
k ̸=i exp (−dL(vi, tk)/τc)

, (13)

where (vi, tk) denotes the matched text-image pair in the batch, while the re-
maining text embeddings {tk}k ̸=i serve as negative samples. The temperature
parameter τc controls the sharpness of the softmax distribution.

We employ a bidirectional contrastive objective for both short text–image
and long text–image pairs, defined as:

Ls
v↔t =

1

2
(Linfo(v, t

s; τc) + Linfo(t
s,v; τc)) , (14)

Lℓ
v↔t =

1

2

(
Linfo(v, t

ℓ; τc) + Linfo(t
ℓ,v; τc)

)
. (15)



Hyperbolic Fine-Tuning of CLIP for Robust Long-Context Understanding 9

In the image, there's a vibrant scene set in a grassy area. 
Dominating the frame is a red metal swing, suspended by 
two sturdy chains. The swing is not empty; it carries two 
bottles of soda, one of Coca Cola and the other of Fanta. 
The Coca Cola bottle, with its iconic red and white label, 
is positioned on the left side of the swing. On the right 
side of the swing, the Fanta bottle stands out with its 
bright orange color and white label. The swing, with its 
bottles, is the main focus of the image, set against the 
backdrop of the grassy area.

The swing is not empty; it carries two bottles of 
soda, one of Coca Cola and the other of Fanta.
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Fig. 2: Overview of our HyFL-CLIP framework. Our HyFL-CLIP transfers
Euclidean text–image alignment into hyperbolic space via a short-text guided cross-
manifold similarity distillation. Hierarchical entailment with Einstein midpoint aggre-
gation abstracts token-wise information within each modality and aligns it with a
global representation. Hyperbolic geodesic contrastive loss aligns both long texts and
their semantic components with the corresponding image, while an entropy regularizer
stabilizes the embedding distribution.

The final hyperbolic geodesic contrastive objective is given by:

Litc = Lℓ
v↔t + λ1Ls

v↔t, (16)

where λ1 is a hyperparameter.

4.4 Hierarchical entailment via Einstein midpoint aggregation

Long-context understanding requires capturing a global representation as well
as modeling the individual components and their semantic inclusion within the
same modality. To capture such hierarchical structure, we construct a parent rep-
resentation by aggregating token-wise features via a similarity-weighted Einstein
midpoint. The weights are determined by their semantic similarity to the global
representation from the opposite modality. We then enforce a hyperbolic entail-
ment constraint between the aggregated representation and the corresponding
global embedding.

For clarity, we first describe the formulation for the long-text tℓ; the same
procedure is applied to the image modality v . Let {tℓi,k}Kk=1 ⊂ Ln denote the
long-text token embeddings of the i-th sample. To measure the semantic impor-
tance of each token-level feature, we compute attention weights αi,k as follows:

αi,k =
exp
(
−dL(t

ℓ
i,k,vi)/τent

)
∑

m exp
(
−dL(tℓi,m,vi)/τent

) , ∑
k

αi,k = 1. (17)

Then we abstract token-wise feature by calculating weighted Einstein midpoint,
multiplying αi,k to the Lorentz factor in Eq. (9). The weighted Einstein midpoint
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is given as:

t̄ℓi = ΠK→L(

∑
k αi,kγi,kΠL→K(t

ℓ
i,k)∑

k αi,kγi,k
), t̄ℓi ∈ Ln. (18)

Entailment loss

𝛰
𝒙

𝒚𝜔(𝒙)
𝜙(𝒙, 𝒚)

𝛰

Hyperbolic 
space

Top down view ↓

Fig. 3: Entailment loss in hy-
perbolic space. Adapted from the
MERU [11], this figure illustrates the
entailment loss in hyperbolic space.
The ϕ(x,y) measures the geodesic
angle between the two embeddings,
and ω(x) denotes the aperture of
the entailment cone centered at x.
Geodesic angle between the two em-
beddings is used to determine if y lies
within the entailment region of x.

We interpret the aggregated represen-
tation t̄ℓi as a more general semantic con-
cept and enforce that the corresponding
global embedding tℓi ∈ Ln lies within its
entailment cone. Following the hyperbolic
entailment formulation in [14, 31], the half-
aperture of the cone centered at t̄ℓi is defined
as:

ω(t̄ℓi) = arcsin

(
2K√
κ ∥t̄ℓi∥L

)
, (19)

where K is a constant controlling stability
near the origin. We enforce the entailment
constraint by penalizing violations of the
cone boundary using the following loss (see
Fig. 3):

Ltℓ

ent =
1

B

B∑
i=1

max
(
0, ϕ(t̄ℓi , t

ℓ
i)− η ω(t̄ℓi)

)
,

(20)
where ϕ(·, ·) denotes the hyperbolic angle
between two embeddings in the Lorentz
model. The above formulation is symmet-
rically applied to the image embeddings v,
yielding Lv

ent. The final hierarchical entail-
ment loss is defined as:

Lent = Lt
ent + Lv

ent. (21)

Thus, our final loss is given as:

L = λ2Ldistill + Litc + λ3Lent + λ4Lreg. (22)

Inspired by entropy-based regularization strategies used in prior works [17, 28],
we introduce a radius-entropy regularization term:

Lreg = −H(p), pi =
exp
(
dL(t

ℓ
i ,o)

)∑
j exp

(
dL(tℓj ,o)

) . (23)

Here, H(p) = −
∑

i pi log pi denotes the entropy of the hyperbolic radius dis-
tribution. This regularization promotes balanced utilization of hyperbolic radii.
More details on the hyperparameter choices are in the supplementary material.
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Intuitively, the entailment cone provides a geometric margin of tolerance.
The global text embedding is trained to lie within the cone of the aggregated
midpoint, which summarizes token-level features. When a perturbation removes
or reorders tokens, the midpoint shifts, but the cone’s nonzero aperture (Eq. 19)
allows tℓi to remain within the entailment region, preserving alignment. By con-
trast, Euclidean contrastive objectives enforce point-to-point matching with no
such margin, making them sensitive to any shift in the aggregated representation.

5 Experiments

5.1 Experimental setup

Training details. Following Long-CLIP [67], we train HyFL-CLIP on dataset
ShareGPT4V [8], which contains 1.2 million image–caption pairs with multi-
sentence annotations and long captions averaging 143.6 words. The batch size is
1024 and we train our models for 2 epochs. We set the learning rate to 1× 10−5

and the weight decay to 2.5× 10−2, and optimize the model using AdamW. Our
model builds upon Open-CLIP, and we experiment with two CLIP architectures,
CLIP-ViT-B/16 and CLIP-ViT-L/14.

Evaluation setup. We evaluate our model against other baselines [3,13,41,60,
63,64,67] on four different tasks:
(1) Zero-shot long/short caption cross modality retrieval. We evaluate
HyFL-CLIP on zero-shot long-caption text-image retrieval using DOCCI [42],
DCI [59], Long-DCI [41], and Urban-1k [67], whose captions average 131.4 to
174.2 tokens. Performance was measured using Top-1 retrieval accuracy. To ex-
amine whether HyFL-CLIP successfully distills the text–image similarity geom-
etry learned from short captions while adapting to long captions, we further
evaluate short-text retrieval on COCO [34] and Flickr30K [45].
(2) Zero-shot long-caption cross-modal retrieval under caption pertur-
bation. Using all datasets from Task (1), we perturb the captions to test whether
models can robustly retrieve the correct images under semantic-preserving mod-
ifications. The perturbations include random word dropping (p = 0.5), random
subsampling of n = 2 or n = 3 sentences, sentence order shuffling, and removal
of the first sentence. Each model is evaluated five times per perturbation, and
Top-1 retrieval accuracy is averaged across all datasets.
(3) Text-to-text intra modality retrieval. We perform text-to-text retrieval
following the evaluation protocol of [40]. For COCO [34], Flickr30K [45], and no-
caps [1] datasets, we ignore the images and use the first caption of each image
as the query, while the remaining captions of the same image are treated as
positives. We use the Karpathy split [26] for COCO and Flickr30K, and the vali-
dation split for nocaps. We further evaluate on purely textual datasets, including
20 Newsgroups [30] and IMDB Reviews [39].
(4) Text-to-image generation. To qualitatively evaluate how HyFL-CLIP can
be integrated into different model frameworks, we apply it to Stable Diffusion
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XL [46] (SDXL). Since SDXL is originally trained with Euclidean text prompts,
we encode text prompts from Long-DCI [41], DrawBench [51] and project them
to the Euclidean tangent space using Eq. (7) before image generation. We com-
pare the results with Long-CLIP [67] integrated with SDXL.

5.2 Experimental results

Zero-shot long-caption cross-modal retrieval. Tab. 1 presents long cap-
tion cross-modal retrieval results. HyFL-CLIP (Ours) consistently outperforms
Euclidean baselines across datasets and architectures. Comparisons with state-
of-the-art hyperbolic VLMs [11,28,43] are in the supplementary material.

Table 1: Comparison of zero-shot long-caption cross-modal retrieval. HyFL-
CLIP (Ours) consistently outperforms existing long-context CLIP baselines across all
datasets and model architectures. The best and second-best results are highlighted in
bold and underline, respectively. We report numbers from the original papers when
available; otherwise, we evaluate using our own implementation (marked with ∗). Re-
sults marked with † are obtained using the checkpoints provided by the original authors.

DOCCI [42] DCI [59] Long-DCI [41] Urban-1k [67]

I2T T2I I2T T2I I2T T2I I2T T2I

V
iT

-B
-1

6

Long-CLIP† [67] 63.10 71.49 59.88 61.28 42.21 48.38 79.40 79.60
TULIP [41] - - - - 50.20 50.60 88.10 86.60
HiMo-CLIP* [63] 77.37 79.35 71.09 69.93 58.59 57.00 89.20 89.20
FineLIP* [3] 77.16 79.14 69.38 68.03 57.18 55.22 89.30 86.90
LongD-CLIP [13] - - - - - - 87.20 87.30
SmartCLIP [64] 77.40 78.00 64.90 64.00 53.40 52.80 90.00 87.40
Fix-CLIP [60] - - 59.70 63.00 - - 80.90 81.10
HyFL-CLIP(Ours) 78.41 81.12 71.54 71.79 59.00 58.75 91.80 91.10

V
iT

-L
-1

4

Long-CLIP† [67] 66.78 78.61 64.13 67.83 46.55 54.25 82.40 86.20
TULIP [41] 77.90 79.10 - - 55.70 56.40 90.10 91.10
HiMo-CLIP† [63] 82.35 84.59 74.59 74.54 62.06 61.94 93.00 93.20
FineLIP [3] 82.20 83.10 - - 60.80 60.70 93.20 93.00
LongD-CLIP [13] - - - - - - 91.90 90.80
SmartCLIP [64] 81.60 82.50 68.20 69.80 57.60 58.50 93.30 90.10
Fix-CLIP [60] - - 65.10 66.70 - - 86.80 87.70
HyFL-CLIP(Ours) 82.12 85.39 74.74 76.19 61.92 63.93 94.60 94.30

Zero-shot long-caption cross-modal retrieval under caption perturba-
tion. Tab. 2 presents zero-shot long-caption cross-modal retrieval results under
caption perturbations. The table reports the relative performance change (in %).
HyFL-CLIP (Ours) consistently outperforms other baselines across all datasets
and exhibits the smallest performance drop. This indicates that the hierarchi-
cal entailment loss enables the model to better capture part–whole semantic
relationships and remain robust to perturbations that preserve the underlying
semantic meaning. Full results for all datasets are in the supplementary material.
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Table 2: Comparison of zero-shot long-caption cross-modal retrieval un-
der caption perturbation. Under caption perturbations, other models exhibit large
performance drops, while our method maintains strong performance across all types
and degrees of perturbations. The small numbers shown beside each score indicate the
percentage performance differences (%) relative to the original score. Notation follows
Tab. 1 (∗: our implementation; †: author-provided checkpoints).

Model Word Sent. Order Random
Dropout Removal Shuffling Subsampling

p = 0.5 first random n = 2 n = 3

Long-CLIP† [67] 48.88 ↓35.81 55.41 ↓19.45 61.79 ↓3.46 26.50 ↓91.89 31.29 ↓79.89
HiMo-CLIP* [63] 58.75 ↓27.82 64.44 ↓17.42 72.94 ↓1.88 28.24 ↓83.58 34.84 ↓71.52
FineLIP* [3] 58.70 ↓26.59 64.18 ↓16.25 73.41 ↑1.17 27.20 ↓86.05 33.41 ↓74.32
HyFL-CLIP (Ours) 70.20 ↓9.21 68.22 ↓12.69 76.16 ↑1.27 32.55 ↓75.36 39.05 ↓63.94

Zero-shot short caption cross-
modal retrieval. Tab. 3 presents
the results of zero-shot short-
caption cross-modal retrieval
on COCO and Flickr30k [34, 45]
datasets. These results indicate that
HyFL-CLIP successfully distills the
pre-trained text-image similarity
geometry while being optimized in
hyperbolic space, without sacrific-
ing its base long-caption retrieval
performance.

Table 3: Comparison of zero-shot
short-caption cross-modal retrieval.
HyFL-CLIP achieves comparable or bet-
ter short-caption retrieval performance
than Euclidean baselines. Notation follows
Tab. 1 (∗: our implementation; †: author-
provided checkpoints).

COCO [34] Flickr30k [45]

I2T T2I I2T T2I

V
iT

-B
/1

6 Long-CLIP† [67] 57.26 40.38 47.19 33.16
TULIP [41] 56.80 40.70 46.10 35.20
HiMo-CLIP* [63] 60.84 40.71 50.27 34.02
FineLIP* [3] 58.32 40.05 52.23 33.85
HyFL-CLIP (Ours) 58.20 41.50 50.60 35.20

Table 4: Comparison of text-to-text intra modality retrieval. Intra-modal
retrieval performance across five datasets (Values in %). Bold indicates the best, and
underlined indicates the second-best. Notation follows Tab. 1 (∗: our implementation;
†: author-provided checkpoints).

Flickr30K [45] COCO [34] nocaps [1] IMDB [39] 20News [30]

Model mAP Pr@R mAP Pr@R mAP Pr@R mAP Pr@R mAP Pr@R

Long-CLIP† [67] 52.31 47.56 27.51 24.58 37.16 35.47 51.88 50.41 26.78 30.40
HiMo-CLIP* [63] 58.02 52.66 29.36 26.03 40.24 38.08 52.65 50.59 35.49 37.61
FineLIP* [3] 52.55 47.78 24.87 22.26 34.10 33.15 51.78 50.40 17.65 21.24
HyFL-CLIP(Ours) 60.63 54.98 30.69 27.12 41.16 38.56 52.60 50.59 36.69 38.32
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𝛰

Embedding visualization

HiMo-CLIP [63]

Original image Text token contribution weight visualization

HyFL-CLIP (Ours)
<|startoftext|> people on a street that is
designated for cycling and walking .
building line both sides of the street .
many people are walking and a couple of
people are on bicycles . there is a white
sky above the city . <|endoftext|> !

<|startoftext|> people on a street that is
designated for cycling and walking .
building line both sides of the street .
many people are walking and a couple of
people are on bicycles . there is a white
sky above the city . <|endoftext|> !

Fig. 4: Embeddings and token weight visualization. We visualize the embed-
ding distribution of text summary token (Einstein midpoint), text, and image using
HoroPCA [6]. We also compare text token contribution weights based on their similar-
ity to the image.

Long-CLIP [67] HyFL-CLIP (Ours)

Short text benchmark Long text benchmark

An emoji of a baby 
panda wearing a red 
hat, blue gloves, 
green shirt, and 

blue pants.

A single clock is 
sitting on a table.

A grey brick plaza with 
many three-story 

buildings surrounding 
it, ... There are some 
vans parked along the 

edges of the plaza, ... 
The sky is blue above the 
buildings, with lots of 
white fluffy clouds on 

the left side...

Long-CLIP [67] HyFL-CLIP (Ours)

Long-CLIP [67] HyFL-CLIP (Ours)

Fig. 5: SDXL text-to-image generation results. We replace the original text en-
coder with ours. Hyperbolic embeddings are mapped to the Euclidean space using the
logarithmic map transport. Our model captures finer details compared to the baseline.

Text-to-text intra modality retrieval. Tab. 4 presents the results of text-to-
text intra-modality retrieval across five datasets. HyFL-CLIP (Ours) consistently
achieves superior performance, demonstrating its strong capability in capturing
semantic relationships within textual representations. By leveraging hierarchical
entailment within the same modality, HyFL-CLIP better captures semantic ab-
straction between local textual components and global representations, leading
to improved retrieval performance across diverse datasets.

Text-to-image generation. Fig. 5 presents qualitative text-to-image gener-
ation results using SDXL [46] conditioned on both short captions from Draw-
Bench [51] and long captions from Long-DCI [41]. As shown in Fig. 5, our model
captures finer-grained details, such as the number of clocks and subtle attributes
of the panda, compared to the baseline model. When long prompts are used,
Long-CLIP [67] often ignores or corrupts parts of the description, whereas our
model better preserves the full semantic context and generates more faithful
results. These results indicate that our framework successfully distills the Eu-
clidean similarity structure to produce more expressive hyperbolic embeddings.
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5.3 Ablation studies

We conduct an ablation study in ViT-L/14 to evaluate the contribution of each
component in our framework. First, removing Lent reduces retrieval accuracy
from 69.8% to 69.3%, performance averaged across all benchmarks [34,41,42,45,
59,67]. Next, we further remove Ldistill, which results in 68.3% performance. Full
results are in the supplementary material. Fig. 4 shows embedding visualizations
of our final model and a comparison of token contribution weights. HyFL-CLIP
(Ours) assigns higher weights to semantically meaningful tokens such as street,
bicycles, and city, which directly correspond to the key visual elements in the
image.

6 Conclusion

We propose HyFL-CLIP, a framework that enables robust long-context under-
standing in CLIP by distilling the well-established text–image similarity geome-
try of a pre-trained Euclidean CLIP model into hyperbolic space. By leveraging
hyperbolic geometry, HyFL-CLIP addresses the limitations of Euclidean con-
trastive learning by modeling hierarchical and part–whole relationships between
global captions and their constituent elements. This design encourages the model
to capture semantic relationships between whole captions and their constituent
parts, leading to more robust representations under caption perturbations. Ex-
tensive experiments on long- and short-caption cross-modal retrieval as well as
text-to-text intra-modality retrieval demonstrate state-of-the-art performance,
highlighting the effectiveness of hyperbolic hierarchical representations for long-
context understanding.
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