Learning Visual Hierarchies in Hyperbolic Space for Image Retrieval

1. Hierarchy Tree

Our part-based image hierarchy framework is de-
signed to be widely applicable to general image
datasets with bounding box annotations. In this sec-
tion, we outline the key implementation involved in
constructing hierarchy trees.

We introduce a general method to generate
dataset-specific ground truth hierarchy trees based
on data statistics. Following the approach outlined
in Sec. 3.1 of the main paper, we begin by identify-
ing bounding box pairs with substantial overlap. In
this work, we define a bounding box pair when at
least 80% of the smaller bounding box b is contained
within either the full image or a larger bounding
box. We initially set the overlap threshold at 100%
and empirically adjusted it by evaluating the hierar-
chy’s validity using text labels. For the Openlmages
dataset, 80% was found to be a suitable threshold.
This is a design choice and can be adapted for other
datasets.

These pairs are then filtered based on two criteria:
a frequency threshold and a proportion threshold.
For each pair, we record the frequency of occur-
rences (e.g., bicycle-to-wheel relationships) and cal-
culate the proportion of instances where a child class
appears within a parent class (e.g., the percentage of
bicycle bounding boxes containing a wheel bound-
ing box). Only pairs meeting both criteria, frequent
occurrence and consistent labeling, are preserved.
We choose frequency = 50 and proportion = 10%
in our experiments.

Once entailment pairs are established, they are
organized into hierarchical trees (see examples in
Fig. 1). In the evaluation of hierarchal image re-
trieval, the order of the hierarchy tree is essential:
for parent-to-child retrieval, lower-level concepts

below the child in the hierarchy tree are considered
correct, while for child-to-parent retrieval, higher-
level concepts above the input classes are correct.

2. Experiment Details

2.1. Hyperparameters and training details

We employ the AdamW optimizer with parame-
ters (B1,52) = (0.9,0.999) and a learning rate
of 2 x 107°. Training was conducted using 8 x
A10G Nvidia GPUs. For each model, we used the
largest batch size that fit in memory: CLIP ViT was
trained with a total effective batch size of 320, and
MoCo-v2 with a total effective batch size of 800.
Each model was fine-tuned for a single epoch on
HierOpenlmages dataset, taking approximately 26
hours for CLIP ViT and 18 hours for MoCo-v2. The
embeddings are projected to dimension 128 in the
final layer. The hyperbolic model has a learnable
curvature parameter.

During training, we filter out bounding boxes that
occupy less than 1% of the full image area, as well
as pairs involving small bounding boxes labeled
as ‘IsGroupOf’ objects in the bounding box-to-
bounding box relationships. For data augmentation,
we apply randomly horizontal flip (20%), vertical
flip(20%), rotate (degree =15), color jitter (bright-
ness=0.2, contrast=0.2, saturation=0.2, hue=0.1),
Gaussian blur (kernel size=5, ¢ = (0.3,1.5)), and
then resize each image to 224 x 224.

2.2, Part-based Image Retrieval

Data. HierOpenlmages is built from the Openlm-
ages dataset [3], which originally contains approx-
imately 1.9 million images, 14 million bounding
boxes and 600 labels. We create image-to-bounding
box pairs, including one cross-image bounding box
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Figure 1. Example of a subset of hierarchical trees extracted from the OpenImages dataset.

sample for each bounding box class in the image,
and bounding box to bounding box pairs where at
least 80% of the smaller bounding box is contained
in the larger bounding box.

During part-based image retrieval evaluation, we
filter out bounding boxes for very small or large
objects, and filter out noisy samples (e.g., wrong
labels, highly occluded, efc). For part-based image
retrieval, we randomly select a subset of 10,000 full
images and 10,000 bounding box images as query
images, using the entire filtered test set as candidates.
The top-50 class frequency distributions for both the
query and candidate sets are shown in Fig. 2. Al-
though the query and candidate set distributions are
similar, the class distribution is highly imbalanced,
highlighting the importance of hierarchical retrieval
evaluation using combined precision-recall curves
and OT distances (Sec. 3.3; see Fig. 4 and Table 2
in the main paper).

Same-Class Retrieval. For part-to-full retrieval,
aretrieval is considered correct if the retrieved full
image contains the same object class as the query

bounding box image. For full-to-part retrieval, a re-
trieval is correct if the retrieved bounding box image
corresponds to an object class within the query full
image.

Hierarchical Retrieval. From a query parent im-
age, correct child classes are all classes located at
the lower level on the hierarchy tree of the labeled
classes of the parent image (see examples in Fig. 1).
For instance, when querying with a high-level full
image, such as an image of a car, we expect to re-
trieve lower-level bounding boxes associated with
the car, such as the car mirror, wheel or car plate
etc. Conversely, when querying with a bounding
box image, such as a wheel, we expect to retrieve
various types of higher-level full images that include
wheels, like cars, bicycles or cyclists etc.

Hierarchal Retrieval Evaluation To compute the
optimal transport (1-D Wasserstein) distance be-
tween the retrieved label distribution and the ground
truth (Table 2 and Fig. 4 in the main paper), we con-
struct the ground truth distribution based on the fre-
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Figure 2. Bounding box class distribution in the candidate and query sets.

quency of each class (and its hierarchical classes) in
the query parent image. We count the occurrences of
each class in the candidate set and build the ground
truth distribution by normalizing the frequencies
to sum to 1. Similarly, the retrieval distribution is
built by counting and normalizing retrieved class
occurrences, and assigning any retrieved classes out-
side the ground truth hierarchy tree to an ‘others’
class. The two distributions are aligned by class or-
der (ground truth distribution is zero in the ‘others’
class), and the 1-D Wasserstein distance is computed
using the scipy library.

Note that the Wasserstein distance has a closed-
form formula for 1-D data. If P and Q are
represented as discrete empirical distributions
(e.g., histograms or sorted samples of size n),
let {x1,x2,...,2,} to be sorted values P, and

{y1,y2,.-.,Yn} to be sorted values from @), then
the 1-D Wasserstein distance is:

n 1 /17
1 >
W(PQ) = | - > i —wil” ;
i=1

where p refers to the order of the distance in the
general p-Wasserstein metric.

In Table 2 of the main paper, we retrieve the
Top-K results starting from a large K. This is nec-
essary because each image contains an average of
5.29 distinct classes and 61.5 classes across hierar-
chical trees, requiring a large number of retrievals
to accurately evaluate the distribution.

Image Retrieval Interface via Gradio. ~We built
our image retrieval interface using Gradio [1], as
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Figure 3. Example of our image retrieval interface built with Gradio [1]. The interface supports image selection,
upload and retrieves results ranked by user-defined modes. Its modular design allows for easy integration of additional

functionalities.

shown in Fig. 3. Input images can be selected from
a linked image folder, where thumbnail images are
displayed in an image gallery, or they can be di-
rectly uploaded by users. The retrieval results can
be sorted by the hyperbolic angle relative to the in-
put image or filtered using a user-defined threshold
value, after which the results are ordered by their
embedding norms. Additional functionalities can be
easily integrated into the current pipeline.

2.3. Generalization Evaluation

LVIS Dataset. We evaluate the generalization
capability of our model on the out-of-domain
LVIS dataset [2], which is designed for large-scale
(~1.2M bounding boxes) long-tail instance classifi-
cation and segmentation. It has a highly imbalanced
distribution of 1,203 object categories and contains

897 object categories that are absent from Openlm-
ages [3]. Here are some examples of unseen hierar-
chies in LVIS [2] but not in Openlmges [3]: {table
— tablecloth — ashtray — cigarette}, {backpack
— strap — belt buckle}, {toy — teddy bear —
thread — bobbin}, {sofa — blanket — quilt — bed-
spread}. The full list of these categories can be
found in the appendix. Only display the first class
of synonyms.

We construct the hierarchical evaluation set from
the validation set of the LVIS dataset [2], following
the similar process as constructing HierOpenlmages.
To construct the ground truth hierarchy tree, we use
the pipeline as described in Sec. 1. We empirically
choose parameter frequency = 5 and proportion =
5% in our experiments. This adjustment is necessary
because the LVIS dataset [2] has very unbalanced
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Figure 4. Example of the model’s emergent structure. In the left plot, the percentage of samples of the original
Sunglasses crops are shown in dark green. Applying Gaussian blur or selecting extremely small crops shifts the
embeddings further from the root. The right figure illustrates a clear separation between full-image and part-image

embeddings.

classes.

Emergent structure. We observe that high-
frequency, ambiguous image crops are naturally
pushed toward the boundary of hyperbolic space,
where more angular entailment constraints can be
better satisfied. This aligns with the exponentially
growing volume near the boundary, and it is an effi-
cient solution for representing diverse, overlapping
semantics. In Figure 4, in the left plot, the per-
centage of samples of the original Sunglasses crops
are shown in dark green. Adding Gaussian blur or
selecting extremely small crops shifts their embed-
dings further from the root. The small crops (red
curve) are not included in other curves. The right
plot shows clear separation between full and part
image embeddings.

3. Ablation Studies

In this ablation study, we evaluate the impact of
cross-image scene-to-object samples. We fine-tuned
the CLIP ViT model solely on hierarchical part-
based entailment data within individual images (en-
tailment pairs with high visual similarity), excluding
any cross-image image-to-bounding-box samples.
Fig. 4 in the main paper shows that the hyperbolic
model CLIP-hyp' fine-tuned without cross-image
samples significantly outperforms the Euclidean
model CLIP-euc’ and even surpasses the model
trained with additional cross-image samples. This
indicates that training in hyperbolic space enhances

Model Cross-Image  Top-5 Top-10  Top-50 Top-100
Child-to-Parent
CLIP-hyp' v 7337  72.59 69.84 68.62
CLIP-euc’ v 67.83 68.37 67.12 66.04
CLIP-hyp' X 70.47 70.29 67.89 66.38
CLIP-euc’ X 64.98 64.49 63.51 63.10
CLIP - 26.73 25.95 23.69 22.70
Parent-to-Child
CLIP-hyp' v 66.02  66.63 66.50 65.91
CLIP-euc’ v 65.38 65.70 66.01 65.79
CLIP-hyp' X 63.00 63.78 63.65 63.44
CLIP-euc’ X 60.33 60.73 61.43 61.38
CLIP - 4752 46.60 43.50 42.08

Table 1. Part-based same-class image retrieval eval-
uation. Cross-image v'indicates models fine-tuned on
entailment relationships both within and across images at
the category level, while X represents models fine-tuned
without cross-image sampling. The evaluation setup is
the same as Table 1 in the main paper. The best results are
marked in bold, and the second-best results are in blue.

Metrics Model Cross-Image  Top-150k ~ Top-200k ~ Top-250k
CLIP-hyp® v 74.06 82.34 88.79
CLIP-euc’ v 72.96 80.98 87.97
Recall %+ CLIP-hyp' X 73.52 81.58 88.10
CLIP-euc’ X 71.34 78.89 86.04
CLIP - 51.33 64.28 77.02
CLIP-hyp® v 16.36 19.27 2221
CLIP-euc’ v 17.00 20.00 2245
OT Distance |~ CLIP-hyp' x 16.95 19.77 22.55
CLIP-euc’ X 18.43 21.25 23.53
CLIP - 23.81 24.60 25.03

Table 2. Part-based hierarchical evaluation of parent-
to-child image retrieval. The OT distance is defined in
Sec. 3.3 (main paper), and the evaluation setup follows
Table 2 (main paper). The best results are marked in bold,
and the second-best results are in blue.



the model’s ability to recognize visually dissimilar
entailment pairs.

In this supplementary material, we further evalu-
ate these models on part-based same-class and hier-
archical image retrieval tasks, as shown in Table. 1-
2. The best results are highlighted in bold and the
second-best results are shown in blue. The results
clearly indicate that cross-image sampling improves
image retrieval performance. Notably, the hierarchi-
cal retrieval results align with Fig. 4 in the main
paper. Specifically, the hyperbolic model trained
without cross-image samples outperforms the Eu-
clidean model trained with cross-image samples in
5 out of 6 cases, as shown in Table 2.

4. More Qualitative Results

More qualitative parent-to-child retrieval results are
shown in Fig. 5 to visualize the latent space. Bound-
ing box images are filtered by angle (CLIP-hyp') or
cosine similarity (CLIP ViT model) thresholds and
sorted by increasing embedding norms. Our hyper-
bolic model retrieves diverse and visually distinct
lower-level objects related to the query images, orga-
nized according to the predefined scene-object-part
hierarchy in the embedding space.
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Appendix

Object classes in LVIS dataset but not in OpenImage dataset
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