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Abstract

Vision-Language Models (VLMs) in Euclidean space strug-
gle to capture hierarchical part-to-whole relationships, es-
pecially in multi-object compositional scenarios. Hyper-
bolic VLMs address this by modeling entailment relations,
but existing approaches treat all parts equally without con-
sidering their varying semantic representativeness to the
whole scene. We propose UNcertainty-guided Composi-
tional Hyperbolic Alignment (UNCHA), which models part-
to-whole semantic representativeness via hyperbolic uncer-
tainty by assigning lower uncertainty to more representa-
tive parts and higher uncertainty to less representative ones.
This representativeness is incorporated into the contrastive
objective with uncertainty-guided weights, and the uncer-
tainty is further calibrated with an entailment loss regular-
ized by an entropy-based term. UNCHA achieves state-of-
the-art performance on zero-shot classification, retrieval,
and multi-label classification benchmarks.

1. Motivation

Human perception relies on part-whole hierarchies [6, 7],
enabling efficient generalization through known relational
structures [7, 8]. VLMs such as CLIP [13] have demon-
strated remarkable image-text matching performance, but
their Euclidean geometry struggles to capture hierarchical
structures [5, 10] and exhibits bias in complex multi-object
scenes [1].

Hyperbolic space, with its constant negative curvature
and exponential volume growth, provides a natural geomet-
ric foundation for hierarchical embedding. MERU [3] ex-
tended contrastive vision-language learning into hyperbolic
space with entailment relations. HyCoCLIP [11] further
modeled intra-modal part-whole relationships. However,
these approaches do not account for the fact that each part
has a different level of semantic representativeness to the
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Figure 1. Varying representativeness of part images to whole
scene. The relationship between each part image and the whole
scene varies with its representativeness. We model this vary-
ing representativeness as uncertainty, enabling uncertainty-guided
part–whole alignment in hyperbolic space.

whole. When all parts are treated equally, the model fails
to distinguish representative parts from less representative
ones, leading to degraded multi-object alignment.

We propose UNCHA, which models part-to-whole se-
mantic representativeness as hyperbolic uncertainty, as-
signing lower uncertainty to more representative parts and
higher uncertainty to less representative ones. This uncer-
tainty guides contrastive learning and is calibrated by en-
tailment loss with entropy-based regularization, leading to
more accurate part–whole ordering and improved composi-
tional understanding.

2. Method

2.1. Preliminaries
We adopt the Lorentz model of hyperbolic space with con-
stant negative curvature −κ. A point p ∈ Rn+1 is ex-



MERU [3] HyCoCLIP [11]

: Inter-modal entailment

Whole scene

Multiple part images

A person 
snorkeling 
underwater in 
an ocean 

UNCHA(Ours)Multiple part texts

Whole scene

: Intra-modal text entailment : Intra-modal image entailment

Top down view ↓ A person snorkeling underwater 
in an ocean among small fish, 

wearing flippers.

Whole text

A person snorkeling underwater in an ocean
among small fish, wearing flippers.

Whole text

flippers

Small fish

Less
representative

M
ore 

representative
Small fish

Part text

Whole text
Part image

Whole scene

A person snorkeling underwater 
in an ocean among small fish, 

wearing flippers.𝑜

Figure 2. Comparison of UNCHA (Ours) with prior works. MERU [3] models inter-modal entailment between whole scene image
and text. HyCoCLIP [11] extends this to include intra-modal part-whole entailment. UNCHA further incorporates uncertainty to quantify
the semantic representativeness of each part, enabling uncertainty-guided part–whole alignment via adaptive weighting in the contrastive
objectives and uncertainty calibration through the entailment loss with entropy regularization.

pressed as [ptime,pspace], and the Lorentzian inner product
is ⟨p,q⟩L = −ptimeqtime + ⟨pspace,qspace⟩. The geodesic
distance is dL(p,q) =

√
1/κ cosh−1(−κ⟨p,q⟩L). The

hyperbolic radius of p is defined as dL(p,o), where o is
the origin. Embeddings are parameterized in the tangent
space at the origin and projected onto the manifold via the
exponential map, consistent with prior works [3, 11, 14].

2.2. Uncertainty model of semantic representative-
ness

We leverage the hyperbolic radius to quantify part-to-whole
semantic representativeness [2, 4, 9, 17]. Since abstract
concepts lie near the origin and specific ones farther out,
the radius naturally reflects representativeness. We define
the uncertainty u for a point x ∈ Ln as:

u(x) = log(1 + exp(−∥x∥2)) , (1)

which is a smooth, differentiable, monotonically decreas-
ing function of the hyperbolic radius: lower uncertainty for
more representative parts (farther from origin), higher un-
certainty for less representative ones.

2.3. Uncertainty-guided contrastive loss
We first define the basic contrastive loss using the negative
Lorentzian distance as the similarity measure:

L∗
c (i, t; τ) = −

∑
i

log
exp (−dL(ii, ti)/τ)∑
k ̸=i exp (−dL(ii, tk)/τ)

. (2)

Here, i and t denote the image and text embeddings, respec-
tively, obtained from their corresponding encoders.

Building on this formulation, we introduce an
uncertainty-aware temperature that modulates the contri-
bution of each part. Specifically, we scale the global-local
temperature in an element-wise manner based on the
uncertainty of each part embedding:

τ I
un,i = exp

(
u(ipart

i )/2
)
τgl, τT

un,i = exp
(
u(tpart

i )/2
)
τgl,
(3)

where ipart and tpart denote part-level image and text embed-
dings that capture local regions and fine-grained semantic
components. Higher uncertainty results in a larger tempera-
ture, thereby reducing the contribution of less reliable parts
to the loss. Finally, our full uncertainty-guided contrastive
loss is defined as:

Lun
con = L∗

c

(
ipart, t; τ I

un

)
+ L∗

c

(
tpart, i; τT

un

)︸ ︷︷ ︸
uncertainty-guided global-local

+ L∗
c (i, t; τg) + L∗

c (t, i; τg)︸ ︷︷ ︸
global

+ L∗
c (i

part, tpart; τl) + L∗
c (t

part, ipart; τl)︸ ︷︷ ︸
local

.

(4)

2.4. Entailment loss for uncertainty calibration
Piecewise-continuous entailment loss. The standard en-
tailment loss [3, 11] enforces that q lies within the entail-



Table 1. Zero-shot image classification and retrieval (R@1) evaluation. UNCHA consistently demonstrates strong performance across
both architectures. Bold numbers denote the best within each architecture. †: ATMG trained on GRIT [12].
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CLIP [13] 40.6 78.9 48.3 43.0 70.7 92.4 48.3 10.4 9.3 3.4 45.9 21.3 71.4 93.6 57.4 83.5
MERU [3] 40.1 78.6 49.3 43.0 73.0 92.8 48.5 11.0 5.3 3.7 48.5 21.6 72.3 93.5 57.4 84.0
ATMG† [14] 34.3 68.8 42.1 48.2 68.5 91.2 43.2 14.3 6.0 2.4 42.2 15.0 62.9 85.1 51.2 78.0
HyCoCLIP [11] 45.8 88.8 60.1 57.2 81.3 95.0 59.2 16.4 11.6 3.7 56.8 23.9 72.0 92.6 58.4 84.9
UNCHA (Ours) 48.8 90.4 63.2 57.7 83.9 95.7 60.3 14.8 14.0 3.8 57.1 27.0 72.7 91.4 60.0 84.9

Table 2. Comparison across Multi-object Representation and Classification tasks. Left: zero-shot mAP comparison across multi-
object configurations on ComCo and SimCo datasets. Right: zero-shot multi-label classification (Cls.) on VOC and COCO datasets (mAP
only). Our method consistently achieves higher mAP across both tasks.

Multi-object Representation Multi-label Cls.

Model ComCo SimCo VOC COCO
2 obj. 3 obj. 4 obj. 5 obj. 2 obj. 3 obj. 4 obj. 5 obj.

ViT-B/16

CLIP [13] 77.55 80.31 81.41 80.22 77.15 84.58 87.40 88.48 78.56 53.94
MERU [3] 72.90 77.25 78.15 77.34 77.82 83.91 85.79 86.90 79.50 54.39
ATMG† [14] 45.91 45.97 45.80 45.82 65.52 65.32 65.28 65.12 72.22 46.81
HyCoCLIP [11] 72.90 73.22 73.51 72.90 75.71 81.13 82.41 82.85 80.43 58.12
UNCHA (Ours) 77.92 80.96 81.83 81.18 79.72 86.93 89.75 90.65 82.14 59.43
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Figure 3. Entailment geometry in hyperbolic space. The term
ω(ipart) denotes the aperture of the entailment cone centered at
ipart. The angle ϕ(ipart, i) measures the geodesic angle between
the embeddings ipart and i, which is used to determine whether i
lies within the entailment region of ipart.

ment cone of p, but produces zero gradient once q is in-
side. To alleviate this issue, we introduce an angular term,
ϕ(p,q), which acts as a leaky-ReLU [16]-like relaxation
by maintaining a non-zero gradient even within the cone,
thereby enabling continued fine-grained alignment:

L∗
ent(p,q) = max(0, ϕ(p,q)− η ω(p)) + αϕ(p,q) (5)

where ϕ and ω(p) denotes the angular distance and cone
aperture, respectively.

Uncertainty calibration loss. Prior studies have reported
that hyperbolic embeddings often accumulate in narrow re-

gions, leading to representation collapse [14]. Moreover,
local and global representations tend to exhibit similar radii,
making their separation less distinct [11]. To explicitly en-
force a meaningful separation between global and local rep-
resentations while preventing collapse, we propose the fol-
lowing uncertainty calibration loss:

Lcal
ent(p,q) = ⌊L∗

ent(p,q)⌋ e−u(p) + u(p) +H(ũ(p)) (6)

where ⌊·⌋ denotes the stop-gradient operator, and H is the
entropy term defined as:

H(ũ(p)) = −
∑

i
ũ(pi) log(ũ(pi)) (7)

with ũ(pi) = exp(u(pi))/
∑

j exp(u(pj)). The for-
mulation calibrates uncertainty by increasing it for weak
part–whole relations, while preventing it from becoming
uniformly large, and encouraging a diverse distribution
across parts. With the entropy regularizer, the proposed for-
mulation of our entailment loss is as follows:

Lun
ent = L∗

ent(t
part, ipart) + L∗

ent(t, i)︸ ︷︷ ︸
inter-modal entailment

(8)

+λ1(L
∗
ent(t

part, t) + L∗
ent(i

part, i)︸ ︷︷ ︸
intra-modal entailment

)

+λ2(L
cal
ent (t

part, t) + Lcal
ent (i

part, i))︸ ︷︷ ︸
uncertainty calibration



where λ1 and λ2 are hyperparameters. Together, these com-
ponents allow uncertainty to reflect the semantic represen-
tativeness of each part while maintaining a well-structured
and stable hyperbolic embedding space. The overall loss is
L = Lun

con + λentLun
ent.

3. Results
3.1. Setup
All models are trained on the GRIT [12] dataset (20.5M
grounded pairs, 35.9M part-level annotations) with batch
size 768 for 500K iterations. Baselines [3, 11, 13, 14] are
reproduced under identical configurations.

3.2. Zero-shot image classification and zero-shot re-
trieval

Tab. 1 reports Top-1 accuracy on 16 benchmarks with
ViT-B/16. UNCHA consistently outperforms prior hyper-
bolic VLMs across general, fine-grained, and miscella-
neous datasets. On ViT-B/16, UNCHA achieves 48.8% on
ImageNet, 90.4% on CIFAR-10, and 83.9% on Caltech-
101, demonstrating strong generalization. On COCO and
Flickr30K retrieval, UNCHA achieves the best image re-
trieval performance and competitive text retrieval, as shown
in Tab. 1. These results suggest that our uncertainty-guided
alignment improves cross-modal matching performance.

3.3. Multi-object and compositional benchmarks
UNCHA demonstrates substantial gains on multi-object
tasks. On ComCo and SimCo benchmarks with ViT-
B/16, UNCHA outperforms all baselines across all ob-
ject configurations (2–5 objects). On multi-label classifi-
cation, UNCHA achieves 82.14 mAP on VOC and 59.43
on COCO, validating that uncertainty-aware modeling pro-
vides stronger compositional understanding.

3.4. Analysis about hyperbolic space
We visualize the radii of hyperbolic embedding for 10, 000
ImageNet [15] images and their randomly cropped parts,
shown in Fig. 4. As noted in HyCoCLIP [11], the embed-
dings of image and their parts often collapse into a narrowly
concentrated region, yielding minimal separation between
part and whole. In contrast, UNCHA produces a more dis-
tinctive and semantically structured geometry: part embed-
dings consistently lie closer to the origin than whole-scene
embeddings, and the two distributions become clearly sep-
arated. This behavior results from the application of our
uncertainty calibration and entropy regularizer.

3.5. Ablation study
To assess the contribution of each component in our frame-
work, we performed ablation experiments, each removing a
distinct component. In Tab. 3, ‘w/o contrastive’ removes the

UNCHA (Ours)

HyCoCLIP

Figure 4. Analysis of hyperbolic embedding. Compared to Hy-
CoCLIP [11], whose hyperbolic embeddings exhibit a narrower
range, UNCHA yields a more dispersed and structured distribu-
tion, reflecting richer use of the hyperbolic space.

Table 3. Ablation study on classification and retrieval bench-
marks. Removing any component leads to consistent performance
drops, showing that all modules contribute meaningfully. Bold
numbers indicate the best performance within each task group.
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Ours (full) 68.98 25.53 27.55 83.80 73.90
w/o uncertainty 64.57 22.98 26.67 79.60 69.68
w/o contrastive 65.14 23.92 25.58 80.78 70.55
w/o entropy 65.61 23.09 24.78 80.60 69.95

uncertainty-aware scaling from the global-local contrastive
loss, while ‘w/o uncertainty’ disables the uncertainty cali-
bration in uncertainty-guided entailment loss. Finally, ‘w/o
entropy’ removes the entropy regularization from the uncer-
tainty calibration module. The results demonstrate that all
components of our method are essential. All experiments
were conducted with ViT-S/16 architecture.

4. Conclusion
We proposed UNCHA, a hyperbolic VLM that models
part-to-whole semantic representativeness as hyperbolic un-
certainty, integrating it into both contrastive and entail-
ment learning with entropy-based regularization. UN-
CHA achieves state-of-the-art on zero-shot classification,
retrieval, and multi-label benchmarks, demonstrating the
importance of uncertainty-guided alignment for composi-
tional understanding.
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