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Abstract

Open-vocabulary semantic segmentation requires adapting
image-level vision-language models such as CLIP to dense
pixel-level prediction, which is challenging due to the mis-
match between hierarchical structure and semantic align-
ment in the embedding space. While recent works lever-
age hyperbolic geometry to model hierarchical relation-
ships, they align embeddings across hierarchical levels but
overlook semantic misalignment among embeddings within
the same level. In this work, we propose HyRo, a hy-
perbolic fine-tuning framework that decouples hierarchi-
cal and semantic alignment in the Poincaré ball model.
HyRo aligns hierarchical levels by adjusting the hyperbolic
radius and refines semantic relationships through angular
alignment using an orthogonal transformation that theo-
retically preserves the hyperbolic radius. Experiments on
standard open-vocabulary semantic segmentation bench-
marks demonstrate that HyRo achieves state-of-the-art per-
formance over prior methods.

1. Introduction
Open-vocabulary semantic segmentation aims to assign
each pixel in an image to a semantic category specified
by textual descriptions, including categories unseen during
training. To tackle this challenging task, vision-language
foundation models such as CLIP [32] have emerged as pow-
erful tools, as they are trained on large-scale image–text
pairs and capture rich semantic alignments between vi-
sual and linguistic modalities. Consequently, CLIP is
widely adopted for open-vocabulary learning by represent-
ing class names as text embeddings, effectively enabling
language-driven classification for downstream tasks. How-
ever, CLIP is originally pre-trained for image-level repre-
sentation learning, and thus requires additional adaptation
to produce dense, pixel-level predictions for semantic seg-
mentation.
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Figure 1. HyRo rotates the text embeddings to achieve a smaller
angle (β) relative to the target image embeddings compared to the
initial angle (α). This geometric adjustment enables the model
to resolve semantic ambiguities and produce more accurate, fine-
grained segmentations.

To achieve this adaptation, early approaches [23, 38, 40,
41, 45] decoupled the problem into two stages, utilizing
mask proposal generators followed by a pre-trained CLIP
model to classify the resulting regions. While such methods
benefit from explicit object localization and clear bound-
aries, the reliance on pre-defined mask proposals introduces
a closed-set bias that can limit scalability and generalization
to unseen categories. Recent methods [5, 37, 43] instead di-
rectly fine-tune CLIP within a shared representation space,
enabling dense pixel-level predictions while preserving the
semantic richness of the original CLIP representation.

Notably, hyperbolic space has recently gained attention
for its ability to capture intrinsic hierarchical structures.
Several works [6, 29] incorporate hierarchical representa-
tions into CLIP-like vision–language models by embedding
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visual and textual entities in hyperbolic space, enabling the
model to better capture hierarchical relationships between
modalities. In contrast, a recent advancement in open-
vocabulary semantic segmentation, HyperCLIP [31], ob-
serves that the hierarchy of image embeddings shifts from
an image-level to a pixel-level during fine-tuning. To ex-
plain this, they integrate the Poincaré ball model to ad-
just the hyperbolic radius of text embeddings to match this
pixel-level granularity. However, a critical limitation of this
approach is the absence of explicit constraints on the se-
mantic alignment between embeddings, which is essential
for effective open-vocabulary learning. Semantic relation-
ships can be represented in hyperbolic space through geo-
metric structures such as imaginary cones, as explored in
prior work [6, 29, 36], or equivalently through angular rela-
tionships at the origin.

To address this key limitation, we introduce HyRo (Hy-
perbolic Rotation), a novel fine-tuning strategy that explic-
itly disentangles hierarchical and semantic information in
hyperbolic space. While prior work primarily focuses on
the hierarchical geometry of the embedding space, our ap-
proach explicitly optimizes the semantic aspect. HyRo is
motivated by the observation that hierarchy and semantics
correspond to distinct geometric properties, as hierarchy is
encoded by radial distance, while semantic similarity is re-
flected in angular orientation. Figure 1 illustrates a failure
case in prior work and demonstrates how HyRo resolves
it. Specifically, prior work [31] fine-tunes solely via radius
scaling and overlooks semantic orientation. This potentially
leads to semantically dissimilar concepts being embedded
at similar radii but incorrect angles, degrading the discrim-
ination between categories. For instance, in an image de-
picting a person lying on a chair, HyperCLIP loses seman-
tic understanding and misclassifies both entities as a single
“chair” object. HyRo addresses this by rotating the initial
embedding to achieve improved angular alignment with re-
lated embeddings. After this rotation, the model better seg-
ments the scene, correctly recognizing the person as the dis-
tinct foreground subject.

We theoretically demonstrate that orthogonal transfor-
mations in the Poincaré ball model act as ideal rotation op-
erations (see Sec. 3.2). These transformations enable angu-
lar adjustment of embeddings, refining semantic alignment
without altering their radius, thereby preserving the hierar-
chical structure established by prior radius tuning. By de-
coupling these geometric properties, HyRo enables CLIP to
simultaneously maintain the pixel-level granularity required
for segmentation and enhance the semantic discrimination
necessary for open-vocabulary generalization. Overall, our
approach highlights the importance of explicitly modeling
both hierarchical and angular relationships when adapting
vision–language representations for dense open-vocabulary
prediction.

Our contributions are summarized as follows:
• We propose HyRo, an orthogonal transformation strat-

egy that adjusts angular relationships in hyperbolic space
while preserving hierarchical structure, with theoretical
justification provided.

• We introduce a hyperbolic fine-tuning framework that de-
couples hierarchical alignment (radius) and semantic re-
finement (angle) for open-vocabulary semantic segmen-
tation.

• We demonstrate that HyRo achieves state-of-the-art per-
formance on standard benchmarks, validating the effec-
tiveness of our geometric approach.

2. Related Works

2.1. Open-Vocabulary Semantic Segmentation.
Previous works [5, 37, 41, 43, 45] on open-vocabulary
semantic segmentation aim to adapt foundation vi-
sion–language models pre-trained on large-scale datasets,
such as CLIP [32], for pixel-level prediction. This adapta-
tion requires transforming high-level vision–language rep-
resentations into dense predictions, which poses a key chal-
lenge for the task. Early approaches directly fine-tune the
encoders of CLIP; however, prior methods [41, 42, 45] ob-
serve overfitting to seen classes, as such fine-tuning can de-
grade the generalization ability of CLIP. As a result, many
works [12, 17, 23, 40] freeze the CLIP encoders to preserve
their generalization.

More recent studies [5, 37, 43] show that fine-tuning
CLIP within cost aggregation–based frameworks can alle-
viate this issue. Beyond Euclidean representations, sev-
eral works [30, 31] further explore alternative geometric
spaces for open-vocabulary semantic segmentation, pro-
viding promising insights into modeling complex semantic
structures across vision and language. While existing hy-
perbolic methods primarily optimize the radius of embed-
dings to capture hierarchical relationships, the angle gov-
erning semantic similarity remains largely unexplored. We
address this gap by explicitly modeling angular relation-
ships while preserving the hierarchical structure.

2.2. Hyperbolic Deep Learning.
Hyperbolic geometry provides a natural framework for rep-
resenting hierarchical structures due to its exponential vol-
ume growth, which mirrors the branching nature of tree-like
hierarchies [18]. In contrast, Euclidean space exhibits poly-
nomial volume growth, making it less suitable for embed-
ding hierarchical data with low distortion [26]. This prop-
erty has led to widespread adoption of hyperbolic spaces in
natural language processing [7, 20, 28, 35], where concepts
are naturally organized in taxonomies and can be embedded
as tree graphs with minimal distortion [33, 34].

Visual data also exhibits inherent hierarchical struc-



tures [1], spanning multiple levels from pixels and patches
to objects and scenes. This observation has motivated re-
cent works [13, 19, 31] to leverage hyperbolic geometry
for visual understanding. In the context of vision-language
learning, hyperbolic spaces offer a unified framework to
model the hierarchical relationships between visual and tex-
tual modalities. Recent approaches [6, 29] hypothesize that
textual concepts are generally more abstract than visual fea-
tures and employ hyperbolic embeddings to capture this se-
mantic hierarchy. In this work, we adopt the Poincaré ball
model to bridge the hierarchical gap and semantic relation-
ships between vision and language embeddings, enabling
more effective alignment for open-vocabulary semantic seg-
mentation.

3. Methodology

We introduce HyRo, a method for open-vocabulary seman-
tic segmentation that improves semantic alignment. HyRo
refines semantic relationships through controlled angular
transformations in hyperbolic space while preserving hier-
archical information encoded in feature radii. Specifically,
we first review essential background on the Poincaré ball
model in Sec. 3.1, then present our proposed hyperbolic ro-
tation module in Sec. 3.2. Finally, we describe the overall
architecture in Sec. 3.3, and our decoder in Sec. 3.4.

3.1. Background: The Poincaré Ball Model

We briefly review the hyperbolic geometry concepts re-
quired for our method, focusing on the Poincaré ball model.
The m-dimensional Poincaré ball with curvature −c (c >
0) is defined as Dm

c :=
{
x ∈ Rm | c∥x∥2 < 1

}
, which

has radius 1/
√
c. Its exponential volume growth makes

it naturally suited for representing hierarchical relation-
ships [15, 28].

Angle at the origin. A key property of the Poincaré ball
model is its conformality: angles measured at the origin are
preserved from Euclidean space. Therefore, the angle α be-
tween two points x,y ∈ Dn

c at the origin is given by:

cos(α) =
⟨x,y⟩
∥x∥∥y∥

, (1)

where ⟨·, ·⟩ denotes the Euclidean inner product.

Möbius matrix-vector multiplication. For M ∈ Rm×m

and x ∈ Dm
c such that Mx ̸= 0, denoting x̃ = Mx, the

Möbius matrix-vector multiplication is defined as:

M⊗c x =
1√
c
tanh

(
∥x̃∥
∥x∥

tanh−1
(√

c∥x∥
)) x̃

∥x̃∥
. (2)

Figure 2. Overview of HyRo. Embeddings are rotated around
the origin in hyperbolic space using an orthogonal block matrix
to minimize the angle between visual and textual features while
preserving their hyperbolic radii, thereby enhancing cross-modal
semantic alignment.

Exponential and logarithmic maps. Hyperbolic space
is a curved manifold where standard Euclidean operations
(e.g., addition, linear transformations) are not directly ap-
plicable. To bridge this gap, we use exponential and loga-
rithmic maps that convert between Euclidean tangent space
and the hyperbolic manifold.

The exponential map expD,cx takes a Euclidean vector v
from the tangent space at a point x ∈ Dm

c and projects
it onto the Poincaré ball along a geodesic (the hyperbolic
equivalent of a straight line). Conversely, the logarithmic
map logD,cx maps a point y ∈ Dm

c on the manifold back to
the tangent space at x. At the origin 0, these maps have
particularly simple forms:

expD,c0 (v) =
1√
c
tanh

(√
c∥v∥

) v

∥v∥
, (3)

logD,c0 (y) =
1√
c
tanh−1

(√
c∥y∥

) y

∥y∥
. (4)

These maps act as nonlinear scaling operations that preserve
direction while mapping between spaces. This enables us to
perform operations in the Euclidean tangent space and then
map the results back to the hyperbolic manifold.

3.2. Semantic Refinement via Rotation Matrix
Intuitively, rotating embeddings around the origin modifies
their angular relationships (semantic similarity) while pre-
serving their radial distance (hierarchical level). We there-
fore introduce an orthogonal rotation matrix to refine the
angular alignment between feature embeddings while pre-
serving their hyperbolic radii, thereby improving seman-
tic alignment across modalities. This transformation is de-
picted in Fig. 2. Specifically, given a hyperbolic embedding



Figure 3. Overall architecture of HyRo. Given image and text inputs, Euclidean embeddings are mapped to the Poincaré ball via
the exponential map. HyRo then decouples alignment into two stages: (1) Hierarchical Adjustment using block-diagonal radius scaling
matrices to align granularity, and (2) Semantic Refinement using orthogonal rotation matrices to adjust angular relationships without altering
the radius. The refined hyperbolic embeddings are mapped back to the tangent space for decoding.

q ∈ Dd
c and an orthogonal matrix R, the resulting embed-

ding v ∈ Dd
c after adjusting the angle is

v = Rq. (5)

Since the Poincaré ball model is conformal, angles mea-
sured at the origin coincide with their Euclidean counter-
parts.

To ensure strict orthogonality, we employ the Cayley
transform [4] to parameterize a learnable unconstrained ma-
trix Θ ∈ Rn×n:

A = Θ−Θ⊤, (6)

R = (I+A) (I−A)
−1

, (7)

where A is a skew-symmetric matrix and I denotes the
identity matrix. This parameterization guarantees that R
satisfies the orthogonality constraint R⊤R = I.

For computational efficiency, we adopt a block-diagonal
structure inspired by [30]. A naive application of the Cayley
transform to a full d×d matrix incurs an O(d3) matrix inver-
sion cost, which becomes prohibitive for high-dimensional
CLIP embeddings. Furthermore, CLIP encoders produce
embeddings of different dimensionalities across modalities
(e.g., 768 for vision and 512 for text in ViT-B/16), making
a single shared full matrix infeasible. By decomposing R
into KR = d/n independent blocks:

R = diag (R1,R2, . . . ,RKR
) , (8)

where each block Ri ∈ Rn×n is constructed via the Cay-
ley transform, the inversion cost reduces from O(d3) to
KR · O(n3) = O(d3/n2), while also enabling paralleliza-
tion across blocks. Note that setting n = d (i.e., KR = 1)
recovers a full unconstrained rotation matrix, while smaller
n imposes stronger structural constraints with fewer learn-
able parameters. We ablate this choice in Sec. 4.3.

Theoretical Justification. We formally justify that apply-
ing an orthogonal transformation to a point in the Poincaré
ball induces a rotation of the angle at the origin without al-
tering the hyperbolic radius.

Let x ∈ Dd
c . Its representation in the tangent space at

the origin is vx = logc0(x). Applying an orthogonal matrix
R ∈ O(d) to this tangent vector yields v′

x = Rvx. Since
R preserves the Euclidean norm, we have ∥v′

x∥ = ∥vx∥.
Mapping v′

x back to the manifold via the exponential
map:

x′ = expc0(v
′
x)

=
1√
c
tanh

(√
c∥v′

x∥
) v′

x

∥v′
x∥

= R

[
1√
c
tanh

(√
c∥vx∥

) vx

∥vx∥

]
= R expc0(vx)

= Rx. (9)

This confirms that the transformation simplifies to a direct
matrix multiplication on the coordinates. Furthermore, the
angle α′ between the rotated point x′ and a target y be-
comes:

cos(α′) =
⟨x′,y⟩
∥x′∥∥y∥

=
⟨Rx,y⟩
∥x∥∥y∥

. (10)

Crucially, since ∥x′∥ = ∥Rx∥ = ∥x∥ (due to orthogo-
nality), the hyperbolic radius Radx′ = Radx remains un-
changed. Thus, HyRo enables independent control over se-
mantic alignment (angle) and hierarchical depth (radius).

3.3. Overall Architecture
Figure 3 illustrates our overall architecture. We first map
the input Euclidean feature embedding z ∈ Rd into the
Poincaré ball model. We utilize the origin (0) as the ref-
erence point, as it represents the root of the hierarchy [15].
The mapping is performed via the exponential map:

h = expD,c0 (z), (11)



where d is the feature dimension, and h ∈ Dd
c is the result-

ing hyperbolic embedding.
Once projected, we adjust the hyperbolic radius of h us-

ing a learnable diagonal matrix S introduced in [31]. In
hyperbolic space, linear transformations are realized via
Möbius matrix-vector multiplication. The adjusted embed-
ding q ∈ Dd

c is obtained as:

q = S⊗c h. (12)

To balance expressiveness and computational efficiency,
we impose a block-diagonal structure on S. Specifically, S
is composed of KS independent sub-matrices:

S = diag(S1,S2, . . . ,SKS
), (13)

where each block Sk ∈ Rb×b is a learnable parameter, and
the number of blocks is given by KS = d/b. This structure
allows the model to learn distinct scaling factors for differ-
ent feature subspaces.

Then, given the radius-adjusted embedding q ∈ Dd
c ob-

tained from Eq. (12), we apply an orthogonal matrix trans-
formation as in Eq. (5) to obtain the semantically refined
embedding v ∈ Dd

c .
After refinement, the embeddings are mapped back to

the Euclidean tangent space using the logarithmic map to
facilitate compatibility with the decoder:

e = logD,c0 (v). (14)

In general, given a Euclidean feature embedding x ∈ Rd

from the visual encoder, we apply semantic refinement in
hyperbolic space through the following procedure:

x′ = logD,c0

(
R ·

(
S⊗c exp

D,c
0 (x)

))
, (15)

where expD,c0 maps the feature to the Poincaré ball, the
scaling matrix S adjusts the hyperbolic radius, the rotation
R refines angular relationships while preserving hyperbolic
radii (and thus hierarchical information), and logD,c0 projects
back to Euclidean space for subsequent processing.

After getting the refined embeddings, we use the decoder
(see Sec. 3.4) to generate dense pixel-level predictions.

3.4. Cost Aggregation Decoder
We adopt the cost aggregation decoder introduced by CAT-
Seg [5] to adapt CLIP [32] for dense open-vocabulary seg-
mentation. Instead of directly predicting pixel labels, the
decoder aggregates similarity scores between visual and
textual embeddings to produce pixel-level predictions.

Dense visual and textual embeddings are first extracted
using the CLIP encoders [32]. These embeddings are re-
fined through the hyperbolic refinement stage described
in Sec. 3.3. The resulting refined embeddings are denoted

as DV ∈ R(H×W )×d and DL ∈ RNC×d, where H × W
is the spatial resolution and NC is the number of candidate
classes. Then, a cost volume C ∈ R(H×W )×NC is con-
structed by computing cosine similarity between pixel and
text embeddings:

C(i, n) =
DV (i) ·DL(n)

∥DV (i)∥ ∥DL(n)∥
. (16)

The cost volume is then projected into a higher-
dimensional embedding space using a convolution layer,
producing F ∈ R(H×W )×NC×dF .

To exploit both spatial and semantic relationships, cost
aggregation is decomposed into spatial and class aggrega-
tion modules, which enforce spatial consistency and sup-
press background noise. For each class n, spatial ag-
gregation refines the cost map using Swin Transformer
blocks [24] with window and shifted-window attention:

F ′(:, n) = T sa(F (:, n)). (17)

Class aggregation models relationships among category
tokens. A transformer layer without positional encoding is
applied across class tokens:

F ′′(i, :) = T ca(F ′(i, :)). (18)

A linear transformer is used for efficiency when handling a
large number of classes.

To further improve aggregation, the original visual and
textual embeddings (DV and DL) are used as guidance.
Projected embeddings are concatenated with cost features
during attention:

F ′(:, n) = T sa([F (:, n);PV (DV )]) (19)

F ′′(i, :) = T ca([F ′(i, :);PL(DL)]). (20)

Finally, a lightweight upsampling decoder produces
high-resolution predictions. The aggregated cost volume is
progressively upsampled and fused with intermediate fea-
tures from the CLIP image encoder (e.g., layers 4 and 8 in
ViT-B/16). Each stage performs bilinear upsampling, con-
catenation with upsampled CLIP features, and a 3× 3 con-
volution. Starting from 24 × 24 features, the decoder pro-
gressively upsamples to 96× 96 before the prediction head
outputs the final segmentation map.

Training Objectives. Following standard practice in
open-vocabulary semantic segmentation methods [31, 37,
41], we train our model using pixel-wise cross-entropy loss.
Given the predicted segmentation logits Ŷ ∈ RH×W×NC

and ground truth labels Y ∈ {1, . . . , NC}H×W , the loss is
defined as:

L = − 1

H ×W

H×W∑
i=1

log
exp(Ŷi,yi)∑NC
n=1 exp(Ŷi,n)

, (21)



Model VLM Additional Backbone Fine-tuning Space A-847 PC-459 A-150 PC-59 PAS-20 PAS-20b

ZS3Net [2] - ResNet-101 E - - - 19.4 38.3 -
LSeg [21] CLIP ViT-B/32 ResNet-101 E - - - - 47.4 -
ZegFormer [12] CLIP ViT-B/16 ResNet-101 E 4.9 9.1 16.9 42.8 86.2 62.7
ZSseg [39] CLIP ViT-B/16 ResNet-101 E 7.0 - 20.5 47.7 88.4 -
OpenSeg [16] ALIGN ResNet-101 E 4.4 7.9 17.5 40.1 - 63.8
OVSeg [22] CLIP ViT-B/16 ResNet-101c E 7.1 11.0 24.8 53.3 92.6 -
ZegCLIP [46] CLIP ViT-B/16 - E - - - 41.2 93.6 -
SED [37] CLIP ConvNeXt-B - E 11.4 18.6 31.6 57.3 94.4 -
SAN [41] CLIP ViT-B/16 Side Adapter E 10.1 12.6 27.5 53.8 94.0 -
HyperCLIP∗ [31] CLIP ViT-B/16 - H 11.9 18.2 31.7 57.1 94.9 77.1
HyRo (Ours) CLIP ViT-B/16 - H 12.0 18.9 31.2 57.3 95.0 76.7

Table 1. Comparison with state-of-the-art methods on standard benchmarks. The best-performing results are presented in bold, while
the second-best results are underlined. “E”: Euclidean Space. “H”: Hyperbolic Space.

where yi denotes the ground truth class label at spatial po-
sition i.

During training, we only fine-tune the hyperbolic trans-
formation parameters (radius scaling matrices S and rota-
tion matrices R), while keeping the CLIP encoders frozen
to preserve their generalization ability.

4. Experiments
4.1. Experimental Setup
Dataset. We evaluate our approach under the standard
open-vocabulary semantic segmentation protocol follow-
ing prior work [5]. The model is trained on COCO-
Stuff [3] and evaluated on multiple benchmark datasets, in-
cluding ADE20K [44], PASCAL VOC [14], and PASCAL-
Context [27]. ADE20K contains 20K training images and
2K validation images and is evaluated using two label sets:
A-150, which contains the 150 most frequent classes, and
A-847, which covers all 847 categories [12]. PASCAL-
Context includes 5K images for training and validation,
with results reported on both the full 459-class setting
(PC-459) and the 59 most frequent classes (PC-59). PAS-
CAL VOC contains 20 foreground object classes and one
background class; we report results on PAS-20 follow-
ing standard practice. Additionally, PAS-20b is reported,
where background labels are defined as categories present
in PC-59 but absent from PAS-20, following [17].

Metrics. We use mean Intersection-over-Union (mIoU)
for evaluation, consistent with prior open-vocabulary se-
mantic segmentation works [16, 22, 37, 41].

Implementation Details. We fine-tune the CLIP [32]
ViT-B/16 model following the training protocol of [31].
AdamW [25] is used as the optimizer, with a learning rate
of 2 × 10−4 for our hyperbolic transformation parameters
and 1 × 10−6 for the CLIP encoder. We set the block size

to 256 for both the diagonal radius-scaling matrix and the
orthogonal rotation matrix. Following common practice in
open-vocabulary segmentation [5, 31], we use a small batch
size of 8 (distributed across 8 NVIDIA A100 GPUs, 1 sam-
ple per GPU) to preserve CLIP’s generalization capability.
Training is performed for 40,000 iterations, taking approxi-
mately 8 hours.

4.2. Main Results
Quantitative Results. Table 1 compares our method with
state-of-the-art open-vocabulary semantic segmentation ap-
proaches across multiple benchmarks. HyRo achieves the
best performance on four out of six benchmarks, demon-
strating the effectiveness of hyperbolic rotation for improv-
ing semantic alignment.

The improvements on large-vocabulary benchmarks
such as A-847 and PC-459 highlight HyRo’s ability to
capture fine-grained semantic relationships among many vi-
sually similar categories. In particular, HyRo achieves 12.0
mIoU on A-847 and 18.9 mIoU on PC-459. On com-
monly reported settings, our method obtains 31.2 mIoU on
A-150, 57.3 mIoU on PC-59, 95.0 mIoU on PAS-20,
and 76.7 mIoU on PAS-20b matching or surpassing strong
baselines [31, 37].

Compared with the prior hyperbolic method Hyper-
CLIP [31], our approach improves performance on sev-
eral benchmarks, including A-847 (+0.1 mIoU), PC-459
(+0.7 mIoU), PC-59 (+0.2 mIoU), and PAS-20 (+0.1
mIoU). These improvements validate that explicitly learn-
ing angular transformations, rather than relying solely on
hyperbolic radius scaling, better capture the semantic rela-
tionships and the complex hierarchical structure of visual
concepts. Overall, these results indicate that refining angu-
lar relationships through hyperbolic rotations improves se-
mantic alignment and enables more effective adaptation of
vision–language representations for dense open-vocabulary
prediction.



Image Ground truth HyperCLIP [31] HyRo (Ours)
Figure 4. Qualitative comparison between HyperCLIP [31] and our method on the A-847 setting of ADE20K. Our approach mitigates
several semantic misalignment failures observed in HyperCLIP.

Qualitative Results. Figure 4 presents qualitative com-
parisons on the ADE20K [44] dataset, which contains 847
semantic categories (A-847) and serves as the most chal-
lenging benchmark in our evaluation due to its highly di-
verse vocabulary.

Compared with the state-of-the-art HyperCLIP [31], our
proposed HyRo effectively mitigates several common se-
mantic misalignment issues, yielding more cohesive and
accurate segmentation masks. In the first row, the base-
line fails to distinguish between the person and the chair,
incorrectly labeling both as “chair” and producing noisy,
artifact-heavy predictions along the background tree line.
HyRo, however, cleanly disentangles these adjacent objects.
In the second row, although HyperCLIP produces a cleaner
floor segmentation, it exhibits semantic inconsistency by
fragmenting visually uniform regions into multiple contra-
dictory labels, whereas our approach maintains spatial co-
herence. Finally, in the last row, the baseline succumbs to
background dominance, over-predicting the “dirt” category
across most of the image and completely failing to detect

multiple people in the scene. Taken together, these exam-
ples highlight HyRo’s superior ability to overcome the com-
mon failure modes of baseline models, delivering precise
and spatially coherent segmentation in highly challenging,
open-vocabulary environments.

Attention Visualization. Figure 5 visualizes attention
maps of visual embeddings with and without HyRo across
three target classes: “person”, “building”, and “window”.
Without semantic refinement, the model struggles to ground
visual features to the correct class regions, resulting in dif-
fuse attention that bleeds into semantically unrelated back-
ground areas. After applying HyRo, the angular refinement
in hyperbolic space explicitly improves the semantic cor-
respondence between visual and textual embeddings. This
causes attention to concentrate sharply on the precise target
regions, effectively suppressing background noise. These
visualizations confirm that modeling angular relationships
in hyperbolic space is an effective mechanism for enhanc-
ing cross-modal semantic alignment.



(a) Image (b) Without HyRo (c) With HyRo (Ours)
Figure 5. Attention map visualization for target classes “person”,
“building”, and “window” (top to bottom). Without HyRo, at-
tention is diffusely spread across semantically irrelevant regions.
With HyRo, attention is more concentrated on the target class re-
gions, indicating improved semantic alignment.

4.3. Ablation Study

Component Importance Analysis. We ablate the contri-
butions of radius scaling and rotation in Tab. 2. While in-
dependently applying either hierarchical scaling (radius) or
semantic refinement (rotation) improves the baseline, their
combination in HyRo yields the best performance across
nearly all benchmarks. The rotation module provides sub-
stantial gains on large-scale sets like A-847, indicating that
angular alignment is the primary driver for open-vocabulary
generalization. Meanwhile, radius scaling further enhances
performance, confirming that positioning embeddings at the
correct hierarchical level is essential for fine-grained sepa-
rability. These results confirm that hierarchical position-
ing (radius) and angular alignment (rotation) play com-
plementary roles in improving semantic consistency for
open-vocabulary segmentation. Specifically, while radius
captures abstraction, rotation prevents semantic collapse
among closely related categories.

Choice of Curvature. We evaluate the impact of curva-
ture c on performance in Tab. 3. Results show that a “gen-
tler” curvature (c = 0.01) consistently outperforms higher
values across most benchmarks. While a higher curvature
(c = 1.0) improves results on specific sets like PAS-20b, it
appears to distort the pre-trained Euclidean CLIP space too
aggressively for the diverse label space of A-847. Con-
sequently, c = 0.01 is chosen as the default to preserve
CLIP’s zero-shot generalization while enabling hierarchical
adjustment. We do not explore values smaller than 0.01, as
extremely small curvature would make the space nearly Eu-
clidean and diminish the benefits of hyperbolic geometry.

Radius Rotation A-847 PC-459 A-150 PC-59 PAS-20 PAS-20b

✗ ✗ 11.4 17.6 29.8 56.2 94.8 75.9
✓ ✗ 11.9 18.2 31.7 57.1 94.9 76.4
✗ ✓ 11.6 18.3 30.6 56.5 95.4 76.7
✓ ✓ 12.0 18.9 31.2 57.3 95.0 76.7

Table 2. Ablation results on the contribution of Radius Scaling and
Rotation modules.

c A-847 PC-459 A-150 PC-59 PAS-20 PAS-20b

0.01 12.0 18.9 31.2 57.3 95.0 76.7
0.05 11.4 19.0 30.1 56.5 95.1 76.3
0.1 11.4 17.6 30.4 55.9 95.1 75.9
1.0 11.2 17.6 30.1 57.2 94.8 77.8

Table 3. Ablation results on the choice of curvature c.

n A-847 PC-459 A-150 PC-59 PAS-20 PAS-20b

32 11.4 17.6 29.8 56.2 94.8 75.9
128 11.6 18.3 30.6 56.5 95.4 76.7
256 12.0 18.9 31.2 57.3 95.0 76.7

Table 4. Ablation results on the size of diagonal rotation blocks n.

Size of Diagonal Rotation Blocks. We evaluate the im-
pact of block size n on capturing semantic transformations
in Tab. 4. Performance scales with n, with n = 256 reach-
ing the optimal balance of representational capacity and
generalization across nearly all benchmarks. While smaller
datasets like PAS-20 are less sensitive to block size, the sig-
nificant gains on A-847 suggest that high-capacity rotation
is critical for disentangling fine-grained semantic relation-
ships in large-vocabulary settings. Consequently, n = 256
is selected as the default configuration.

5. Conclusion
In this work, we introduce HyRo, a fine-tuning strategy
for open-vocabulary semantic segmentation in hyperbolic
space that explicitly decouples hierarchical alignment and
semantic refinement. By operating in the Poincaré ball
model, HyRo first aligns embeddings to appropriate hierar-
chical levels via radius adjustment and then refines semantic
relationships through angular optimization using orthogo-
nal transformations that preserve the radius. This strategy
enables more precise alignment between vision and lan-
guage representations without affecting generalization to
unseen categories. Experiments on multiple benchmarks
demonstrate that HyRo consistently improves performance
over strong baselines. This work highlights the impor-
tance of jointly modeling hierarchy and semantics in non-
Euclidean spaces and opens new directions for geometric
representation learning in dense vision–language tasks.

Future Work. While HyRo demonstrates strong open-
vocabulary segmentation performance on static images, ex-
tending this hyperbolic geometric approach to more com-
plex open-vocabulary video segmentation settings, such as
MOSE [9], MOSEv2 [11], MeViS [8], and MeViSv2 [10],
is a promising direction for future work.
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