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Abstract. In this paper, we propose new hyperbolic embeddings, Hyper-
DINO, for use in histopathological content-based image retrieval. First,
we used a DINO pretrained ViT Small vision transformer to extract the
base features. The resulting [CLS] token is dimensionally reduced using
PCA or NCA techniques. These features are then mapped onto a hyper-
bolic space, so that features from positive pairs are closer together, while
features from negative pairs are further apart. For this mapping, we use
a specially designed Hyperbolic Mapper model with Hyperbolic Con-
trastive Loss function. This approach improved MAP@20 results on the
Kather and BreakHis histopathology datasets at separate magnifications
of 40X, 100X, 200X, and 400X, respectively, to 94.61%, 86.64%, 79.15%,
78.91%, and 75.17%. An additional advantage of the Hyper-DINO fea-
tures is their compact size. The representation of a single image is a
vector of 32 float16 numbers, so it takes up only 64 bytes.
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1 Introduction

In recent years, we have clearly observed the simultaneous occurrence of two
phenomena in hospitals: a significant increase in available data and a growing
demand for histopathologists. Hospitals have so much data that their analysis
must be delegated to algorithms and AI systems, as humans are unable to cope.
Properly filtered data can help doctors better diagnose diseases. A system that
identifies similar cancer cases in other patients based on histopathological images
can accelerate and support their work. To address these challenges, we propose
new hyperbolic features Hyper-DINO, which are effective in histopathological
content-based image retrieval (HCBIR). There are many ways to extract fea-
tures from histopathological images. A popular feature extraction method used
various CNNs [1][2][4][5]. However, CNNs are limited in the size of convolution
kernels and stride settings and struggle to capture global features. The ViT
architecture [3], proposed by Dosovitskiy et al., which divides an image into
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several fixed-size patches and apply the attention mechanism, and its modifica-
tions also enable the generation of efficient representations [6][7]. In [8] a DINO
approach was proposed. It is a self-supervised learning method forViT where
the model learns unlabeled image representations. Our idea is a continuation
of the PCA/NCA-DINO feature research [9], which uses the ViT Small vision
transformer pre-trained with the DINO approach for feature extraction and pre-
vious research [10][11]. The token image representation [CLS] is subjected to
dimensionality reduction by PCA [12] or NCA [13]. Inspired by [14], in this
work we propose to transform ViT based features to the hyperbolic space using
a specially trained mapping model. Hyperbolic embeddings [15][16][17][18][19]
often outperform Euclidean representations in computer vision tasks. Our main
contributions are as follows:

– The Hyperbolic Mapper (HM) model for mapping compressed ViT embed-
dings to hyperbolic space, with additional mechanisms to improve the sta-
bility and numerical correctness of the calculations.

– The Hyperbolic Contrastive Loss function (HCL) with a dynamic margin
and a regularization mechanism that prevents embeddings from escaping to
the boundary, where distances increase very rapidly.

– An HCBIR system operating in the hyperbolic space.

2 Method

A method for extracting hyperbolic features is presented. We first extract previ-
ously developed PCA/NCA-DINO features from images and then train an HM
model using the HCL function, which spreads out negative pairs and brings
together positive pairs in hyperbolic space. This makes these features more in-
formative in the HCBIR task. Architecture of our system is shown in Fig. 1.

2.1 Euclidean Embeddings Preparation

The Euclidean embedding preparation process consists of two main steps:

– Extraction of image representations using the ViT Small. Raw im-
ages are preprocessed and then passed through the ViT Small, according to
the extraction pipeline described in [9]. For each image, a [CLS] token of
length 384 is extracted.

– Dimensionality Reduction. We perform dimensionality reduction using
PCA and NCA. The resulting PCA/NCA-DINO features have different lengths,
depending on the number of components used: [5, 10, 20, 30, 40, 50, 60, 80,
100, 120, 160, 200, 230, 270, 310, 350, 384]. To further reduce image embed-
dings, we convert these features to the float16 representation.
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Fig. 1: Architecture diagram.

2.2 Mapping to hyperbolic space

We propose to transfer the prepared features onto the Poincaré ball. We want to
learn a mapping of features so that positive image pairs are closer together and
negative pairs are farther apart. At the same time, we ensure that embeddings are
not placed too close to the boundary of the Poincaré ball, as this will significantly
increase the distance between embeddings. For this task, we train the HM model.
For an input vector x ∈ Rdim_in, the network generates a representation h ∈
Ddim_out, where

Ddim_out = {z ∈ Rdim_out : ∥z∥ < 1}
is the dim_out-dimensional Poincaré ball. The network consists of two stages:
Euclidean part (neural network). The input is processed by a two-layer fully
connected network:

e = W2 σ(W1x+ b1) + b2,

where W1 ∈ R256×dim_in, b1 ∈ R256, W2 ∈ Rdim_out×256, b2 ∈ Rdim_out, and
σ(·) is the ReLU activation function. The vector e ∈ Rdim_out is an intermediate
Euclidean representation and is interpreted as an element of the tangent space
T0Hdim_out of the hyperbolic manifold at the reference point 0 (in the Poincaré
model). The tangent space at this point is isomorphic to Rdim_out, which allows
the use of standard linear operations and classical optimization methods.
Mapping to Hyperbolic Space. The vector e is then mapped to the Poincaré
ball using an exponential mapping at the point 0 and a projection onto a ball
with radius less than 1. The exponential mapping at point 0 is defined as:

exp0(e) = tanh(∥e∥) e

∥e∥
,

where the norm of ∥e∥ is lower-bounded by ε > 0 to avoid division by zero. The
result is then projected onto a ball of radius r = 1− δ, where δ ≪ 1:

h = β exp0(e), β = min

(
1,

r

∥exp0(e)∥

)
.

Finally, we obtain the embedding h ∈ Ddim_out, which is numerically stable and
offset from the boundary.
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2.3 Geometric Operations in the Poincaré Ball Model

The basic operation necessary to define the distance between the hyperbolic
embeddings is the Möbius sum of two vectors x, y ∈ Ddim_out:

x⊕ y =
(1 + 2⟨x, y⟩+ ∥y∥2)x+ (1− ∥x∥2)y

1 + 2⟨x, y⟩+ ∥x∥2∥y∥2
,

where ⟨·, ·⟩ denotes the dot product and ∥ · ∥ denotes the Euclidean norm.
The Poincaré distance between two points x, y ∈ Ddim_out is calculated by:

dD(x, y) = 2 · artanh
(
∥∆(x, y)∥

)
,

where
∆(x, y) = (−x)⊕ y.

In the implementation, the norm of ∥∆(x, y)∥ is truncated to the interval [ε, 1−ε].

Hyperbolic Contrastive Loss Function. Embeddings are learned using a
contrastive loss function defined in a hyperbolic space. For a batch of B embed-
dings h ∈ RB×dim_out and their corresponding C classes labels y ∈ {1, . . . , C}B ,
a hyperbolic distance matrix is defined as follows:

D = dD(h, h) ∈ RB×B , Dij = dD(hi, hj), i, j ∈ 1, ..., B.

Masks of positive and negative pairs are defined as follows:

Sij = I[yi = yj ], Nij = 1− Sij ,

where S denotes positive pairs (same class), and N denotes negative pairs (dif-
ferent classes). For positive pairs, the hyperbolic distance is minimized:

Lpos =

∑
i,j SijDij∑
i,j Sij + ε

.

This component is responsible for ensuring that embeddings belonging to the
same class approach each other in hyperbolic space. For negative pairs, a dynamic
margin is applied, depending on the average distance in the batch:

m = m0 + αd̄, d̄ =
1

B2

∑
i,j

Dij ,

where m0 is the base margin (m0 = 0.5) and α is the scaling factor (α = 0.1).
The loss for negative pairs is:

Lneg =

∑
i,j Nij max(0,m−Dij)∑

i,j Nij + ε
.
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If the distance Dij is smaller than the margin m, the negative pair contributes
positively to the loss, which results in "pushing" embeddings of different classes
to larger distances.

We also propose to apply a regularization of the embedding norm to prevent
them from getting too close to the boundary of the ball:

Rnorm = λ · 1

B

B∑
i=1

∥hi∥,

where λ = 10−3. This term encourages embeddings to stay closer to the center
of the ball, which improves numerical stability and optimization quality.

Ultimately, the loss function is as follows:

L(h, y) = Lpos + Lneg +Rnorm.

2.4 Histopathological Content-Based Image Retrieval

The mapped PCA/NCA-DINO features to hyperbolic space using the trained
HM model are coined Hyper-DINO. For each query image, we calculate the
Poincaré distance between its hyperbolic representation and the hyperbolic rep-
resentations of all reference images. The reference image embeddings closest to
the query image embeddings are selected as those that represent the most similar
content to the query.

3 Experiments & Results

In this chapter, we describe the datasets used for the evaluation, the setup of
the experiments, the metrics to testing the quality of the approach, and the
results. We use the notation Hyper-DINO(base_features, dim_out), where
base_features denotes the base features on which HM mapping is performed,
and dim_out denotes the output size of these features. For example, the vari-
ant Hyper-DINO(PCA(384), 32) means that the hyperbolic features are derived
from the PCA-DINO(384) basis vector (i.e., from the [CLS] ViT Small token,
on which, after standard scaling, PCA with 384 components was applied) and
that the vector of these features in the hyperbolic space has size 32.

3.1 Datasets & Metrics

To evaluate our proposed method, we used two histopathological image datasets:
Kather [20] (colorectal cancer) and BreakHis [21] (breast cancer), at all four
available magnifications: 40X (BH40X), 100X (BH100X), 200X (BH200X) and
400X (BH400X). All magnifications of the BreakHis dataset were treated as sep-
arate datasets. All of the datasets have 8 classes. Because Hyper-DINO features
are based on PCA/NCA-DINO features, the selection of these histopathological
datasets allows for a precise comparison of the effectiveness of both methods in
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the domain of histopathological images. The experiments also reproduced the
exact same division of the datasets into folds in 5-fold cross-validation. The re-
sults obtained independently at 5 different folds were averaged. To evaluate the
proposed approach in the HCBIR task, we again used the MAP@k [9] metric.
The symbol @k next to the metric means that the k representations with the
shortest distance from the query were used to calculate it. The query images al-
ways came from the test set, while the reference database contains images from
the training set.

(a) Kather, Hyper-DINO([CLS], 384) (b) Kather, Hyper-DINO([CLS], 32)

(c) BH40X, Hyper-DINO([CLS], 384) (d) BH40X, Hyper-DINO([CLS], 32)

Fig. 2: HM training loss.

3.2 Hyperbolic Mapper Training

Experiments were conducted for two families of hyperbolic features: one with a
fixed size of 32 – Hyper-DINO(·, 32), independent of the input vector size, and
one with a size corresponding to the input vector size – Hyper-DINO(·, dim_in).
Both variants involved training separate HMs for all PCA/NCA-DINO input fea-
ture combinations. Experiments with fixed hyperbolic embedding sizes allowed
us to assess at which stage of feature generation it is worthwhile to apply di-
mensionality reduction: either before mapping to hyperbolic space by applying
the PCA or NCA transformation on a vector [CLS] with fewer components,
as was done in PCA/NCA-DINO, or using HMs, in which we restrict the out-
put to a 32-dimensional vector. HM training lasted 100 epochs, with a batch
size of 128. We used the Adam optimizer with a learning rate of lr = 10−3

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29909-3_34

https://dx.doi.org/10.1007/978-3-032-29909-3_34
https://dx.doi.org/10.1007/978-3-032-29909-3_34


Hyper-DINO: Efficient Hyperbolic Embeddings for HCBIR 7

and weight_decay = 10−5. For all tested datasets, a significant decrease in the
loss on the training set occurred during training. Fig. 2 presents graphs of the
loss values on the training set during subsequent training iterations. All com-
pared methods used the same training and image preprocessing methods. Table
1 presents the collected setup of all experiments with Hyper-DINO features ob-
tained from Hyperbolic Mapper.

Table 1: Comparison of Hyper-DINO configurations.

Hyper-DINO
output features

Output
vector
length

(dim_out)

Input
features

Input
vector
length

(dim_in)

Compression
rate

Hyper-DINO([CLS], 32) 32 [CLS] 384 12
Hyper-DINO([CLS], 384) 384 [CLS] 384 1
for N ∈ {5,10,20,30,40,50,60,80,100,120,160,200,230,270,310,350,384} ↓
Hyper-DINO(NCA(N), N) N NCA-DINO(N) N 1
Hyper-DINO(PCA(N), N) N PCA-DINO(N) N 1

for M ∈ {40,50,60,80,100,120,160,200,230,270,310,350,384} ↓
Hyper-DINO(NCA(M), 32) 32 NCA-DINO(M) M M/32
Hyper-DINO(PCA(M), 32) 32 PCA-DINO(M) M M/32

3.3 Results

The general trend observed across all histopathology datasets shows that using
Hyper-DINO(·, 32) features, consisting of only 32 float16 numbers, yields higher
MAP@20 scores. Detailed results by input feature category (PCA/NCA-DINO)
and different Hyper-DINO feature variants are presented in Fig. 3. Tab. 2, 3, 4,
5 and 6 provide detailed results of the highest MAP@k scores for different k
values and feature variant groups.

For the Kather dataset with 20 components, the MAP@20 for the best
PCA/NCA-DINO features hovers around 88%. Using hyperbolic mapping yielded
a MAP@20 of 94.61% for the Hyper-DINO(NCA(384), 32) feature, which has a
length of only 32. This represents an improvement of over 6 percentage points.
Also for smaller values of k, the best results for Hyper-DINO(·, 32) remain
over 94%. For the BH40X dataset, the highest MAP@20 for PCA/NCA-DINO
features is almost 60%. Our proposed Hyper-DINO(PCA(384), 32) features in-
crease this result to 86.64%, which is an improvement of over 26pp. The best
MAP@20 of PCA/NCA-DINO features for the BH100X was 53.01%. For the
Hyper-DINO(PCA(350), 32) features, the value of this metric reached 79.15%.
On images from the BH200X, the baseline PCA/NCA-DINO features had
MAP@20 = 53.48%. The Hyper-DINO(NCA(384), 32) features obtained by hy-
perbolic mapping achieve the result of 78.91%. In the last of the tested datasets
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(a) Kather

(b) BH40X (c) BH100X

(d) BH200X (e) BH400X

Fig. 3: Comparison of MAP@20 of feature variants.
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Table 2: Kather: MAP@k for the best PCA/NCA-DINO, Hyper-DINO(·, 32),
and Hyper-DINO(·, dim_in) variants, respectively marked as [9], 32, dim_in.

method → k=1 k=5 k=10 k=20
dim_in ↓ [9] 32 dim_in [9] 32 dim_in [9] 32 dim_in [9] 32 dim_in
384 [CLS] – 94.22 91.30 – 94.18 91.28 – 94.17 91.24 – 94.24 91.37

384 94.22 94.36 93.32 91.60 94.48 93.42 89.67 94.59 93.45 87.24 94.61 93.44
350 – 94.20 93.18 – 94.44 93.11 – 94.49 93.19 – 94.54 93.27
310 – 94.00 93.02 – 94.26 93.38 – 94.32 93.44 – 94.36 93.47
270 – 94.22 92.60 – 94.22 92.59 – 94.28 92.70 – 94.31 92.72
230 94.22 94.10 93.58 91.83 94.16 93.55 90.12 94.25 93.54 87.66 94.31 93.57
200 – 94.06 93.38 – 94.30 93.58 – 94.33 93.68 – 94.38 93.77
160 94.08 93.58 92.52 91.41 93.61 92.85 89.64 93.68 92.99 87.36 93.76 93.07
120 – 93.46 92.62 – 93.53 92.65 – 93.62 92.82 – 93.67 92.83
100 – 93.06 92.88 – 93.32 93.05 – 93.45 92.96 – 93.57 92.97
80 94.34 92.64 92.30 91.96 92.96 92.06 90.30 93.04 92.07 87.84 93.13 92.11
60 – 92.62 91.26 – 93.04 91.22 – 93.11 91.13 – 93.24 91.03
50 93.94 91.28 91.38 92.06 91.60 91.38 90.31 91.65 91.29 88.21 91.73 91.30
40 93.76 90.98 92.54 91.87 91.43 91.90 90.46 91.62 91.77 88.31 91.79 91.71
30 – – 89.94 – – 90.12 – – 90.04 – – 90.09
20 93.10 – 89.90 91.50 – 89.91 90.34 – 89.89 88.46 – 89.93
10 91.68 – 89.26 90.53 – 89.50 89.44 – 89.40 87.99 – 89.31
5 – – 85.08 – – 85.04 – – 84.72 – – 84.32

Table 3: BH40X: MAP@k for the best PCA/NCA-DINO, Hyper-DINO(·, 32),
and Hyper-DINO(·, dim_in) variants, respectively marked as [9], 32, dim_in.

method → k=1 k=5 k=10 k=20
dim_in ↓ [9] 32 dim_in [9] 32 dim_in [9] 32 dim_in [9] 32 dim_in
384 [CLS] – 84.03 70.94 – 83.99 65.69 – 83.90 63.17 – 83.83 60.31

384 88.15 85.73 79.99 77.70 86.33 79.46 68.74 86.54 78.66 57.38 86.64 77.51
350 – 85.42 81.22 – 85.40 80.40 – 85.42 79.89 – 85.51 78.73
310 – 86.25 81.94 – 86.39 81.29 – 86.34 80.30 – 86.22 79.13
270 – 85.69 80.09 – 85.88 78.97 – 86.01 78.29 – 85.95 77.23
230 87.82 86.55 80.74 77.93 86.20 80.58 68.93 86.20 79.67 57.53 86.09 78.60
200 – 86.19 82.69 – 85.83 81.46 – 85.78 80.44 – 85.62 79.17
160 88.64 85.71 79.61 78.32 85.54 78.86 69.56 85.39 77.95 58.14 85.30 76.78
120 – 83.48 79.76 – 83.24 78.54 – 83.17 77.20 – 83.13 75.51
100 – 82.98 83.76 – 82.65 82.74 – 82.46 82.46 – 82.27 82.16
80 87.37 82.79 77.60 77.77 82.40 76.20 69.63 82.24 75.15 58.79 81.94 73.94
60 – 79.87 77.27 – 80.42 76.84 – 80.27 76.11 – 79.76 75.34
50 87.30 78.35 77.99 77.69 77.87 77.03 69.92 77.57 76.47 58.77 76.78 75.52
40 87.66 75.69 77.03 77.52 75.44 75.26 69.55 75.00 74.43 59.44 74.37 73.58
30 – – 74.51 – – 73.22 – – 72.23 – – 70.64
20 83.64 – 69.36 75.17 – 67.24 67.49 – 65.29 57.89 – 62.60
10 75.67 – 57.34 67.06 – 52.57 61.14 – 49.69 53.16 – 47.04
5 – – 37.98 – – 35.29 – – 34.18 – – 32.17
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Table 4: BH100X: MAP@k for the best Hyper-DINO(·, 32) and Hyper-DINO(·,
dim_in) variants, respectively marked as 32 and dim_in.

method → k=1 k=5 k=10 k=20
length ↓ 32 dim_in 32 dim_in 32 dim_in 32 dim_in

384 [CLS] 77.23 58.18 77.33 53.18 77.19 49.65 76.98 45.29
384 79.60 71.69 79.26 70.81 79.20 69.96 79.05 68.53
350 79.78 73.04 79.55 72.06 79.38 71.10 79.15 69.53
310 79.21 69.85 78.98 68.98 78.86 68.14 78.85 66.77
270 78.64 70.56 78.18 69.61 78.14 68.70 78.01 67.19
230 79.02 71.24 78.69 69.57 78.69 68.26 78.72 66.78
200 77.49 71.99 77.25 70.66 77.18 69.44 77.11 67.94
160 77.15 71.49 77.22 70.14 76.89 68.89 76.69 67.01
120 76.60 70.21 77.19 69.34 76.75 68.29 76.26 66.79
100 76.37 72.52 75.97 71.64 75.74 70.89 75.19 69.66
80 72.63 71.49 72.57 71.95 72.41 72.00 71.86 71.85
60 68.90 69.32 67.69 69.18 67.72 68.78 67.26 68.30
50 66.24 68.91 65.63 67.90 65.28 67.44 64.52 66.56
40 64.05 65.45 64.09 64.80 63.42 64.12 62.59 63.06
30 – 64.66 – 62.94 – 61.73 – 59.84
20 – 60.78 – 57.65 – 55.52 – 53.35
10 – 49.10 – 45.36 – 43.18 – 40.83
5 – 31.68 – 30.23 – 29.47 – 28.07

Table 5: BH200X: MAP@k for the best Hyper-DINO(·, 32) and Hyper-DINO(·,
dim_in) variants, respectively marked as 32 and dim_in.

method → k=1 k=5 k=10 k=20
length ↓ 32 dim_in 32 dim_in 32 dim_in 32 dim_in

384 [CLS] 76.23 62.17 75.36 56.50 75.43 53.27 75.54 49.25
384 79.00 71.27 78.82 70.65 78.95 70.09 78.91 68.89
350 78.05 74.29 78.36 73.13 78.13 72.47 78.05 71.20
310 77.86 70.06 78.18 69.91 78.49 69.39 78.37 68.92
270 78.78 71.00 78.59 70.54 78.59 69.94 78.39 68.97
230 78.50 71.92 77.89 72.39 77.86 71.78 77.76 71.05
200 78.52 72.46 78.70 71.51 78.66 70.65 78.54 69.38
160 76.62 69.05 77.09 67.44 76.97 66.69 76.75 65.70
120 75.05 74.11 75.10 72.93 75.13 72.40 74.84 71.25
100 73.30 72.63 73.21 72.40 73.14 71.93 72.76 71.19
80 72.25 71.67 72.87 71.76 72.38 71.49 71.79 70.99
60 69.15 68.64 69.64 68.95 69.70 68.87 68.93 68.61
50 67.53 69.44 66.24 69.06 66.05 68.73 65.34 68.10
40 64.87 66.19 64.39 65.34 63.60 63.97 62.20 62.84
30 – 63.01 – 61.84 – 60.60 – 59.08
20 – 57.86 – 55.15 – 52.86 – 50.26
10 – 50.82 – 47.56 – 45.51 – 42.55
5 – 32.36 – 31.75 – 31.00 – 29.65
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Table 6: BH400X: MAP@k for the best Hyper-DINO(·, 32) and Hyper-DINO(·,
dim_in) variants, respectively marked as 32 and dim_in.

method → k=1 k=5 k=10 k=20
length ↓ 32 dim_in 32 dim_in 32 dim_in 32 dim_in

384 [CLS] 71.61 52.97 71.63 46.92 71.61 43.75 71.35 39.96
384 74.55 64.83 74.50 64.48 74.36 63.97 74.31 62.82
350 75.19 65.55 74.54 64.75 74.64 64.00 74.55 63.10
310 75.29 67.08 75.22 65.62 75.19 64.82 75.17 63.70
270 74.34 66.46 74.08 65.57 73.92 64.50 73.73 63.48
230 72.16 64.97 72.35 63.77 72.25 63.12 72.33 61.46
200 73.11 65.59 72.91 64.54 72.88 63.56 72.77 62.40
160 71.80 62.27 71.32 61.39 71.09 60.01 71.02 58.41
120 70.99 62.36 71.03 60.59 70.82 59.48 70.56 57.71
100 69.28 66.36 69.39 65.67 69.25 65.24 68.93 64.19
80 66.34 64.80 67.17 64.40 66.87 63.66 66.53 62.69
60 64.84 64.04 64.01 64.07 63.74 63.50 63.05 63.01
50 63.19 63.62 63.04 62.82 63.00 61.11 62.14 60.40
40 58.78 61.43 57.75 60.28 56.86 59.59 55.49 58.41
30 – 58.95 – 56.56 – 55.44 – 53.35
20 – 51.70 – 48.68 – 46.94 – 44.42
10 – 39.72 – 37.07 – 34.95 – 32.65
5 – 27.41 – 26.29 – 25.61 – 24.81

- BH400X MAP@20 of the PCA/NCA-DINO features was only 48.20%. For the
proposed Hyper-DINO(NCA(310), 32) features, MAP@20 = 75.17%.

3.4 Query examples

To complement the numerical results, we have prepared several examples of
HCBIR performance using the Hyper-DINO(PCA(384), 32) feature in Fig. 4 for
the Kather and Fig. 5 for the BH40X dataset, respectively. These examples reflect
the high MAP@k results presented in the previous section. For the query images
from the test sets on the left, images from the reference sets were returned on the
right, according to the shortest distance from the query representation (a number
placed above each reference image). The classes from which the images originate
are also placed above the images. In Fig. 5, we can see that the closest reference
image has a distance of 0. In fact, these images are identical, but assigned to
different classes. Similarly, images 5 and 6 are also identical and assigned to two
different classes. Such cases can cause a significant drop in the MAP@k value;
excluding such duplicate images would probably further improve the values of
this metric. To maintain consistency with previous studies on these datasets, we
used exactly the same training and test datasets in this study. Despite variations
in the colors and shapes of the returned closest reference images, classes were
generally returned correctly for all test datasets.
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Fig. 4: Kather: On the left side the query, on the right side 20 HCBIR images.

Fig. 5: BH40X: On the left side the query, on the right side 20 HCBIR images.
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4 Conclusions and Discussion

In this paper, we present Hyper-DINO – a new, compact feature set for the
HCBIR task. In the first step, we extract the PCA/NCA-DINO features. We
then pass them through an HCL-trained HM model, which distributes these
features in hyperbolic space so that positive image pairs are close together
and negative pairs are further apart. We also introduced mechanisms to pre-
vent embeddings from escaping to the boundary, as this causes the distances
to increase dramatically. Experiments confirmed the effectiveness of this ap-
proach on the Kather and BreakHis (at separate magnifications of 40X, 100X,
200X, and 400X) histopathology datasets. The MAP@20 metric used for evalu-
ation achieved values of 94.61%, 86.64%, 79.15%, 78.91%, and 75.17% on these
datasets, respectively. This represents an improvement of over 26 percentage
points in some cases, compared to those obtained with PCA/NCA-DINO fea-
tures. For all datasets, almost all Hyper-DINO(·, 32) feature variants outper-
formed Hyper-DINO(·, dim_out) feature variants. Although the highest results
were achieved by variants whose base features were based on PCA or NCA, very
similar results were also achieved by features based on the [CLS] vector (after
standard scaling). Choosing such variants simplifies the feature creation process
because it eliminates the calculation and application of PCA or NCA. Another
undoubted advantage of Hyper-DINO features is their size. The feature vector
consists of only 32 float16 numbers, meaning it occupies 64 bytes of memory
per image. The small size of the features allows for faster computation and re-
quires less memory resources. In future work, we will investigate the impact of
transferring dimensionality reduction from the pre-mapping stage to the hyper-
bolic mapping stage by controlling the output size dim_out of the HM model.
We also want to apply Hyper-DINO features to multimodal processing of large
histopathological datasets such as DiagSet [22].
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