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Abstract

Visual scenes are naturally organized in a hierarchy, where
a coarse semantic is recursively comprised of several fine
details. Exploring such a visual hierarchy is crucial to
recognize the complex relations of visual elements, leading
to a comprehensive scene understanding. In this paper,
we propose a Visual Hierarchy Mapper (Hi-Mapper), a
novel approach for enhancing the structured understanding
of the pre-trained Deep Neural Networks (DNNs). Hi-
Mapper investigates the hierarchical organization of
the visual scene by 1) pre-defining a hierarchy tree
through the encapsulation of probability densities; and
2) learning the hierarchical relations in hyperbolic
space with a novel hierarchical contrastive loss. The
pre-defined hierarchy tree recursively interacts with
the visual features of the pre-trained DNNs through
hierarchy decomposition and encoding procedures, thereby
effectively identifying the visual hierarchy and enhancing
the recognition of an entire scene. Extensive experiments
demonstrate that Hi-Mapper significantly enhances the
representation capability of DNNs, leading to an improved
performance on various tasks, including image classification
and dense prediction tasks. The code is available at
https://github.com/kwonjunn01/Hi-Mapper.

1. Introduction
Recognizing and representing the visual scene of any content
is the fundamental pursuit of the computer vision field [1–
4]. In particular, understanding what constitutes a scene
and how each element is comprised of plays a key role in
various visual recognition tasks such as image retrieval [1, 2],
human-object interaction [3, 5], and dense prediction [6, 7].
This goes beyond merely learning discriminative feature
representations, as it requires to reason about the fine details
as well as their associations to comprehend the structured
nature of the complex visual scene.
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Figure 1. (a) A visual scene can be decomposed into a hierarchical
structure based on the semantics of each visual element. (b)
Euclidean space is suboptimal in representing the hierarchical
structure due to its flat nature. The relational distance is inaccurately
captured, being unaware of the semantic similarity of visual
elements (Red line). Hi-Mapper maps the hierarchical elements
in hyperbolic space, which effectively preserves their semantic
relations and distances due to its constant negative curvature.

Over the decades, the development of deep neural
networks (DNNs) has contributed towards advances
in representing the complex visual scene. Notably,
convolutional neural networks (CNNs) have achieved
capturing fine details through the local convolutional
filters while Vision Transformer (ViT) [8] has enabled
coarse context modeling with multi-head self-attention
mechanisms. Owing to their different desirable properties,
hybrid architectures [9–12] and multi-scale variants of
ViTs [13–15] have been extensively explored to capitalize on
the complementary features of CNNs and ViTs. Subsequent
works [16, 17] have further imposed interaction between
multi-scale image patches to facilitate information exchange
between fine details and coarse semantics.
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While they have shown effective in capturing coarse-to-
fine information, a structured understanding of the visual
scene remains underexplored. Concretely, a scene can be
interpreted as a hierarchical composition of visual elements,
where the ability to recognize an instance (e.g. a man)
at a coarse level arises from the ability to compose its
constituents (e.g. body parts) at a finer level, as shown
in Fig. 1a. Being aware of such semantic hierarchies
furthers the perception of grid-like geometry and enhances
the recognition of an entire image. Drawn from the
same motivation, the recent variants of ViT [18–20] have
constructed the hierarchies between image tokens across the
transformer layers. However, their hierarchical relations
are defined through the symmetric measurement (i.e.,
cosine similarity) which lacks the ability to represent
the asymmetric property of hierarchical structure (i.e.,
inclusion of parent-child nodes). In addition, their image
tokens are represented in Euclidean space where the
hierarchical relations become distorted due to its linear and
flat geometry [21–29], as shown in Fig. 1b.

In this paper, we propose a novel Visual Hierarchy
Mapper (Hi-Mapper) that improves the structured
understanding of pre-trained DNNs by identifying the
visual hierarchy. Hi-Mapper accomplishes this through:
1) Probabilistic modeling of hierarchy nodes, where the
mean vector and covariance represent the center and scale of
visual-semantic cluster, respectively [30–33]. Accordingly,
the asymmetric hierarchical relations are captured through
the inclusion of probability densities. Furthermore, 2)
Hi-Mapper maps the hierarchy nodes to hyperbolic space,
where its constant negative curvature effectively represents
the exponential growth of hierarchy nodes. Specifically, Hi-
Mapper pre-defines a tree-like structure, with its leaf-level
node modeled as a unique Gaussian distribution and the
higher-level nodes approximated by a Mixture of Gaussians
(MoG) of their corresponding child nodes. The pre-defined
hierarchy nodes then interact with the penultimate visual
feature map of the pre-trained DNNs to decompose the
feature map into the visual hierarchy. Moreover, in order to
bypass the difficulties of modeling hierarchy in Euclidean
space, Hi-Mapper maps the identified visual hierarchy to
hyperbolic space and learns the hierarchical relation with
a novel hierarchical contrastive loss. The proposed loss
enforces the child-parent nodes to be similar and child-child
nodes to be dissimilar in a shared hyperbolic space. The
visual hierarchy then interacts with the global visual feature
of the pre-trained DNNs such that the hierarchical relations
are fully encoded in the global feature representation.

Hi-Mapper serves as a plug-and-play module, which
generalizes over any type of DNNs and flexibly identifies
the hierarchical organization of visual scenes. We conduct
extensive experiments with various pre-trained DNNs (i.e.,
ResNet [34], DeiT [35]) on several benchmarks [36–38] to

demonstrate the effectiveness of Hi-Mapper.
In summary, our key contributions are as follows:

• We present a novel Visual Hierarchy Mapper (Hi-
Mapper) that enhances the structured understanding of
the pre-trained DNNs by investigating the hierarchical
organization of visual scene. The proposed Hi-Mapper is
applicable to any type of the pre-trained DNNs without
modifying the underlying structures.

• Hi-Mapper effectively identifies the visual hierarchy by
combining the favorable characteristic of probabilistic
modeling and hyperbolic geometry for representing the
hierarchical structure.

• We conduct extensive experiments to validate the efficacy
of the proposed Hi-Mapper, and improves over the state-
of-the-art approaches on various visual recognition tasks.

2. Related Work

Hierarchy-aware visual recognition. Unsupervised
image parsing is a long-standing pursuit in visual recognition
tasks from the classical computer vision era [39–43]. In the
pre-deep learning era, Zhouwen et al. [42] firstly introduces
a framework to parse images with their constituents via a
divide-and-conquer strategy. CapsuleNet-based methods
have demonstrated substantial enhancements in image
parsing, facilitated by dynamic routing, which efficiently
capture the compositional relationships among the activities
of capsules that represent object parts. Recently, hierarchical
semantic segmentation has been extensively researched,
including human parser [44, 45] based on human-part
hierarchy and unsupervised part segmentations [46–48].

Beyond image parsing, recent researches on deep neural
networks (DNNs) have attempted to exploit hierarchical
relationships between detail and global representations.
CrossViT [16] utilizes a dual-branch transformer for multi-
scale feature extraction, enriching features through a
fusion module that integrates inter-scale patch relationships.
Quadtree [18] iteratively and hierarchically selects a
subset of crucial finer patches within each coarse patch.
DependencyViT [19] inverts the self-attention process to
organize patches as parent and child nodes, enabling a
hierarchical exploration. More recently, CAST [49] employs
superpixel-based patch generation and graph pooling for
hierarchical patch merging for improving fine-grained
recognition performances. While they define hierarchical
relations with token similarities in Euclidean space, we pre-
define a hierarchical structure with probabilistic modeling
and learn the relation in hyperbolic space.

Probabilistic modeling. Probabilistic representation has
been extensively explored in the early NLP studies
for handling the nuance of word semantics with the
probability distribution. For instance, Vilnis et al. [30]
first introduced the probability densities for representing
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word embeddings. Athiwaratkun et al. [31] discovered
that an imbalance in word frequency leads to distortions
in word order and mitigated the problem by representing
the word orders through the encapsulation of probability
densities. Besides word representation, abundant research
has demonstrated the effectiveness of probabilistic modeling
in visual representation [6, 50–52]. For example, Shi et
al. [51] proposed to penalize the low quality face images by
measuring the variance of each image distribution. Chun et
al. [50] identified the limitations of deterministic modeling in
vision-language domains and introduced probabilistic cross-
modal embedding for providing the uncertainty estimates.

In this work, we deploy probabilistic modeling in defining
hierarchical structure, where each distribution represents the
inclusive relations of hierarchy nodes.

Hyperbolic manifold. Hyperbolic manifolds have gained
increasing interest in deep learning area due to their
effectiveness in modeling hierarchical structures. Their
success in NLP field [24, 26, 27, 53] has inspired approaches
to adopt hyperbolic manifolds in computer vision researches
such as image retrieval [1, 2], image segmentation [54,
55], and few-shot learning [25]. As a pioneering work,
Khrulkov et al. [56] investigated an exponential map from
Euclidean space to hyperbolic space for learning hierarchical
image embeddings. Ermolov et al. [1] applied pair-wise
cross entropy loss in hyperbolic space for ViTs. Kim
et al. [2] extended the work by discovering the latent
hierarchy of training data with learnable hierarchical proxies
in hyperbolic space. Focusing on pixel-level analysis,
[55] identified the long-tail objects by embedding masked
instance regions into hyperbolic manifolds. More recently,
Desai et al. [29] introduced to learn joint image-text
embedding space in hyperbolic manifold. While they
explore hyperbolic manifold for representing the categorical
hierarchies, we identify the hierarchical structure of visual
elements without the part-level annotation through a novel
hierarchical contrastive loss.

3. Hyperbolic Geometry

Hyperbolic manifold is a smooth Riemannian manifold M
with negative curvature c equipped with a Riemannian metric
g. The manifold consists of five isometric models and we
utilize the Lorentz model for developing Hi-Mapper due to
its training stability. A hyperbolic manifold of n-dimensions
can be represented as a sub-manifold of the Lorentz model
Rn+1 as an upper half of a two-sheeted hyperboloid. In
the Lorentz space, every point x ∈ Rn+1 can be denoted
as [xspace, xtime], where xspace ∈ Rn and xtime ∈ R. Let
⟨x,y⟩ be the Euclidean inner product and ⟨x,y⟩L denote the
Lorentzian inner product which is derived by the Riemannian
metric of the Lorentz model gL. Given two vectors x,y ∈

Rn+1, the Lorentzian inner product is computed as follows:

⟨x,y⟩L = −xtimeytime + ⟨xspace,yspace⟩ . (1)

The n-dimensional Lorentz model (Ln, gL) is defined by
the manifold Ln =

{
x ∈ Rn+1 : ⟨x,x⟩L = −1/c, c > 0

}
and Riemmanian metric of the Lorentz model gL. Thus, all
vectors satisfy the following constraints:

−x2
time + ∥xspace∥2 = −1/c. (2)

A geodesic is the shortest path between two vectors on the
manifold. The Lorentzian distance on L is then defined as:

DL(x,y) = arccosh(−⟨x,y⟩L). (3)

The exponential map is a way to map vectors from tangent
space TzLn onto hyperbolic manifolds Ln, where TzLn is
a Euclidean space of vectors that are orthogonal to some
point z ∈ Ln. We map the tangent vector v ∈ TzLn

from Euclidean space to the Lorentz manifolds, in which the
exponential map expmz is defined as:

x = expmz(v) = cosh(
√
c∥v∥L)z+

sinh(
√
c∥v∥L)√

c∥v∥L
v.

(4)
The logarithm map logmz which transfers x on the
hyperboloid back to the tangent space TzM is defined as:

v = logmz(x) =
cosh−1(−c ⟨z,x⟩L)√

(c ⟨z,x⟩L)2 − 1
projz(x). (5)

We set z as the origin of the hyperboloid O =
[
0,

√
1/c

]
.

4. Method
4.1. Overview

Our goal is to enhance the structured understanding of
pre-trained deep neural networks (DNNs) by investigating
the hierarchical organization of visual scenes. To this end,
we introduce a Visual Hierarchy Mapper (Hi-Mapper) which
serves as a plug-and-play module on any type of pre-trained
DNNs. An overview of Hi-Mapper is depicted in Fig. 2a.

Given an image I, we first extract visual features
[vmap,vcls] = F(I) from a pre-trained image encoder F ,
where vmap ∈ Rhw×d is the penultimate visual feature map
and vcls ∈ Rd is the global visual representation, with hw
indicating the size of the visual feature map.

Hi-Mapper identifies the visual hierarchy from the visual
feature map vmap and encodes the identified visual hierarchy
back to the global visual representation vcls for enhancing
the recognition of a whole scene. To this end, we pre-
define a hierarchy tree with Gaussian distribution, where
the relations of the hierarchy nodes are defined through the
inclusion of probability densities (Sec. 4.2). The pre-defined
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Figure 2. (a) An overview of the proposed Hi-Mapper. Hi-Mapper operates on top of pre-trained image encoder F , with probabilistic
hierarchy tree T = {Cl}Ll=1. The tree interacts with visual feature map vmap through hierarchy decomposition module D, thereby identifying
visual hierarchy in Euclidean space TE = {Sl}Ll=1. The visual hierarchy is mapped to hyperbolic space TL = {Hl}Ll=1 and optimized with
hierarchical contrastive loss LL-cont. The visual hierarchy is further encoded into global visual representation vcls via hierarchy encoding
module G for enhancing the recognition of entire scene. (b) The proposed hierarchical contrastive loss pulls each parent-child node and
pushes all the other nodes at the same level.
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Figure 3. (a) Hierarchy decomposition module groups semantically-
relevant visual features vmap to the closest semantic cluster Cl.
(b) Hierarchy encoding module progressively updates global
representation vcls by aggregating the visual hierarchy Sl.

hierarchy tree interacts with vmap through the hierarchy
decomposition module D such that the feature map is
decomposed into the visual hierarchy (Sec. 4.3). Since
the zero curvature of Euclidean space is not optimal for
representing the hierarchical structure, we map the visual
hierarchy to hyperbolic space and optimize the relation
with a novel hierarchical contrastive loss (Sec. 4.4). The
visual hierarchy is then encoded back to the global visual
representation vcls through the hierarchy encoding module
G resulting in an enhanced global representation (Sec. 4.5).

4.2. Probabilistic hierarchy tree

The main problem of the recent hierarchy-aware ViTs [18–
20] is that they define the hierarchical relations between the
image tokens mainly through the self-attention scores. Such

a symmetric measurement is suboptimal for representing
the asymmetric inclusive relation of parent-child nodes.
To handle the problem, we propose to define L levels of
hierarchy tree T by modeling each hierarchy node with a
probability distribution.

Specifically, we first parameterize each leaf-level (at the
initial level) node as a unique Gaussian distribution and
subsequently define the higher-level node as a Mixture-
of-Gaussians (MoG) of its corresponding child nodes.
Accordingly, the mean vector represents the cluster center of
the visual semantic and the covariance captures the scale of
each semantic cluster.

Initial level. Let C1 = {c1n}
N1
n=1 be a set of N1 initial

level nodes. We parameterize each node c1n as a normal
distribution with a mean vector µ1

n and a diagonal covariance
matrix σ1

nI in Rd as:

p(c1n) ∼ N (µ1
n, σ

1
nI), (6)

where µ1
n and σ1

n are randomly initialized. We use
reparameterization trick [57] for stable sampling, such that:

c1n = µ1
n + ϵ ∗ σ1

n ∈ Rd, (7)

where ϵ ∼ N (0, I).

Subsequent level. We derive the remaining (L− 1) levels
of hierarchy tree by conditioning each level on the preceding
hierarchy level. For each l-th level, we formulate a set of Nl

nodes Cl = {clk}
Nl

k=1. Concretely, the k-th node clk at the
l-th level is approximated by a MoG of its two corresponding
child nodes, cl−1

2k−1 and cl−1
2k , as:

p(clk) ∼
2k∑

k′=2k−1

N (µl−1
k′ , σl−1

k′ I). (8)
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To stabilize the construction of hierarchy tree, we increase
the sampling rate as the distribution expands, i.e., we sample
2l−1 embeddings from p(clk) using the reparameterization
trick in Eq. (7) as:

clk = {ĉlk,1, ..., ĉlk,2l−1} iid∼ p(clk), clk ∈ R2l−1×d,

Cl = {cl1, ..., clNl
} ∈ R2l−1Nl×d.

(9)

By sequentially conditioning the higher-level nodes on the
preceding lower-level nodes, we obtain the hierarchy tree
T = {Cl}Ll=1, where the lower-level nodes capture fine
details with concentrated distribution and the higher-level
nodes capture coarse instance-level representations with
dispersed distribution.

KL divergence loss. To prevent the variances from
collapsing to zero, we employ KL regularization term
between the distributions of L-th level nodes and the unit
Gaussian prior N (0, I) following [50]:

LKL =

NL∑
i=1

KL(N (µL
i , σ

L
i ) ∥ N (0, I)). (10)

4.3. Visual hierarchy decomposition

Given the pre-defined hierarchy tree T and the visual feature
map vmap, we decompose vmap into L levels of visual
hierarchy through hierarchy decomposition module D, as
shown in Fig. 3a. We instantiate D as a stack of two
transformer decoder layers.

To identify the visual hierarchy at the l-th level, the
decomposition module D treats Cl as the query, and vmap as
the key and value such that the semantically-relevant visual
features are aggregated to the closest semantic cluster:

Sl = {sl1, ..., slNl
} = D(Cl,vmap) ∈ R2l−1Nl×d. (11)

Similar to the hierarchy nodes clk in Eq. (9), the decomposed
visual hierarchy nodes slk are comprised of 2l−1 visual
representations as slk = {ŝlk,1, ..., ŝlk,2l−1}. We average the
set of 2l−1 representations for each visual hierarchy node slk
such that:

slk =
1

2l−1

2l−1∑
i=1

ŝlk,i, slk ∈ Rd (12)

We perform the same decomposition procedure for L levels,
thereby obtaining L levels of visual hierarchy in Euclidean
space TE = {Sl}Ll=1.

4.4. Learning hierarchy in hyperbolic space

A natural characteristic of the hierarchical structure is that
the number of nodes exponentially increases as the depth
increases. In practice, representing this property in Euclidean

space leads to distortions in the semantic distances due to
its flat geometry. We propose to handle the problem by
learning the hierarchical relations in hyperbolic space, where
its exponentially expanding volume can efficiently represent
the visual hierarchy.

We first map TE to the Lorentz hyperboloid to derive the
visual hierarchy in hyperbolic space TL. Following [29],
we simplify the mapping computation by parameterizing
only the space component of the Lorentz model as s =[
slk, 0

]
∈ Rd+1, where s belongs to the tangent space at

the hyperboloid origin O. The visual hierarchy node in
hyperbolic space hl

k = [hl
k,space, h

l
k,time] is then obtained

by transforming slk to hl
k,space using the exponential map in

Eq. (13) as:

hl
k,space =cosh(

√
c∥s∥L)0+

sinh(
√
c∥s∥L)√

c∥s∥L
slk

=
sinh(

√
c∥slk∥)√

c∥slk∥
slk, (13)

and computing the corresponding time component hl
k,time

using Eq. (2) as hl
k,time =

√
1/c+ ∥hl

k,space∥2. The visual
hierarchy in hyperbolic space TL is denoted as:

TL = {Hl}Ll=1, Hl = {hl
1, ...,h

l
Nl
} ∈ RNl×dL , (14)

where dL is the embedding dimension in Lorentz manifold.

Hierarchical contrastive loss. To guarantee the hierarchy
nodes to reflect the hierarchical relations, we optimize the
distances of TL with a novel hierarchical contrastive loss
LL-cont. Specifically, we formulate the similarity between the
nodes in consideration of the length of the connected branch,
i.e., geodesic distance, as shown in Fig. 2b.

Consider a node hl
2k in TL, where hl+1

k is its parent node.
We encourage hl

2k to be similar with hl+1
k since the pair

of parent-child nodes lie on the same branch. Meanwhile,
we encourage the remaining nodes in the same level, i.e.,
{hl

i|hl
i ∈ Hl, i ̸= 2k}, to be dissimilar since they all lie

on separate branches. The loss also penalizes the close
sibling node hl

2k−1 as their geodesic traverses the parent
node. Formally, the hierarchical contrastive loss incorporates
the geometric interpretation of hierarchical structure into the
contrastive loss [58] as:

LL-cont = − log E
TL

[
1∑

i=0

exp(DL(h
l+1
k ,hl

2k−i))∑
j ̸=2k−i exp(DL(hl

2k−i,h
l
j))

]
,

(15)
where DL is the Lorentzian distance defined in Eq. (3).

By regarding every pair of parent-child nodes as positive
and every pair of nodes at the same level as negative,
we are able to represent the logical structure of visual
hierarchy without the part-level annotation. In addition, the
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hierarchical relation optimized through TL in hyperbolic
space is well-preserved in TE in Euclidean space thanks to
the mapping computation in Eq. (13).

4.5. Visual hierarchy encoding

We propose to enhance the structured understanding of the
global visual representation by encoding the identified visual
hierarchy into vcls. While we optimize the hierarchical
relations in hyperbolic space due to its ability of handling
relative distances, its complex computations and expansion
property make it less suitable for tasks that require absolute
criteria. Thus, we exploit the visual hierarchy in Euclidean
space TE for hierarchy encoding.

Specifically, we progressively encode the hierarchy nodes
Sl into vcls, from the initial level to the L-th level, via the
hierarchy encoding module G such that vcls is updated as
a hierarchy-aware global representation vLcls. As shown
in Fig. 3b, the module G is instantiated as a stack of L
transformer decoder layers.

To encode the l-th level hierarchy, the l-th layer of Gl

takes vl−1
cls as the query, and Sl as the key and value:

vl
cls = Gl(vl−1

cls ,Sl) ∈ Rd, 0 < l ≤ L, (16)

where we set v0
cls as vcls. The enhanced global visual

representation is then derived as:

v̂cls = vcls + vL
cls. (17)

For the final prediction, we feed v̂cls into the pre-trained
classifier of F .

Overall objectives. The overall objective is defined as:

Ltotal = LCE + αLL-cont + βLKL, (18)

where α and β are the balancing parameters.

5. Experiments
In this section, we conduct extensive experiments to
show the effectiveness of our proposed Hi-Mapper on
image classification (Sec. 5.1), object detection and
instance segmentation (Sec. 5.2), and semantic segmentation
(Sec. 5.3). We apply our Hi-Mapper on both CNN-
based [34, 59] and ViT-based [35, 60] backbone networks
and compare the performance with the concurrent hierarchy-
aware baselines [16, 19]. Lastly, we provide ablation studies
(Sec. 6) to demonstrate the effectiveness of our contributions.

5.1. Image classification

Settings. We apply our Hi-Mapper on the state-of-the-
art backbone networks [34, 35, 59, 60] and benchmark
on ImageNet-1k [36] dataset. Following [12, 60, 62–64],
we use the identical combinations for data augmentation

Table 1. Performance comparisons for image classification on
ImageNet-1K [36] dataset.

Type Model
Params FLOPs Top-1

(M) (G) (%)

CNN

ResNet-50 [34] 25.6 3.8 76.2

EfficientNet-B4* [59] 19.3 4.2 82.9

Hi-Mapper(RN50) 26.9 4.0 78.2

Hi-Mapper(ENB4*) 20.5 4.4 84.1

ViT

DeiT-T [35] 5.7 1.3 72.2

CrossViT-T [16] 6.9 1.6 73.4

PVT-T [61] 13.2 1.9 75.1

DependecnyViT-T [19] 6.2 1.3 75.4

Hi-Mapper(DeiT-T) 6.6 1.5 74.8

DeiT-S [35] 22.2 4.5 79.8

CrossViT-S [16] 26.7 5.6 81

PVT-S [61] 24.5 3.8 79.8

Swin-T [60] 28.3 4.6 81.2

DependencyViT-S [19] 24.0 5.0 82.1

Hi-Mapper(DeiT-S) 23.3 4.8 82.6

Hi-Mapper(Swin-T) 29.5 4.9 83.4

DeiT-B [35] 85.6 17.6 81.8

Swin-S [60] 50.1 8.7 83.0

Hi-Mapper(DeiT-B) 87.2 18.1 83.4

Hi-Mapper(Swin-S) 51.8 9.3 84.1

and regularization strategies [35] after excluding repeated
augmentation [65]. We train our model with batch size 1024
for 50 epochs using AdamW [66] with weight decay 1e-4.
The initial learning rate is set to 1e-4 and a cosine learning
rate scheduler is applied following [35].

Results. Tab. 1 presents classification performance. We
report the original performance without the fine-tuning
schemes for the plain backbone networks since we observed
degradation in performance after fine-tuning the models. Our
proposed method consistently achieves better performances
than the baseline models with only a slight increase in
parameters. Specifically, Hi-Mapper surpasses ResNet-
50 [34] and EfficientNet-B4 [59] by margins of 2.0% and
1.2%, respectively. Additionally, it achieves improvement on
DeiT’s performance by 2.6%/2.8%/1.6%, and Swin [60] by
2.2%/1.1% across various model sizes. The experiments on
image classification demonstrate not only the importance of
understanding the structured organization of visual scenes,
but also the scalability of our method.

5.2. Object detection and Instance segmentation

Settings. We experiment on the COCO [37] dataset. We
use the Hi-Mapper backbones derived from Sec. 5.1. Then,
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Table 2. Performance comparisons for object detection and instance segmentation on COCO [37] dataset.(*: Results are reproduced based
on [10].

Backbone
Params

(M)
Flops
(G)

Mask R-CNN 1x

APbox APbox
50 APbox

75 APmask APmask
50 APmask

75

PVT-T [61] 32.9 195 36.7 59.2 39.3 35.1 56.7 37.3

DeiT-T* [35] 27.3 244 30.3 46.2 32.1 27.1 44.4 28.3

Hi-Mapper(Deit-T) 29.5 246 37.1 61.7 41.0 35.7 59.1 38.1

PVT-S [61] 44.1 245 40.4 62.9 43.8 37.8 60.1 40.3

DeiT-S* [35] 44.9 276 36.3 54.1 39.0 31.7 51.3 33.2

Swin-T [60] 47.8 267 43.5 66.4 47.3 39.6 63.1 42.3

Hi-Mapper(Deit-S) 47.0 279 42.6 65.8 46.3 38.9 62.7 41.8

Hi-Mapper(Swin-T) 50.4 270 44.0 67.1 47.9 39.9 63.6 42.8

Table 3. Performance comparisons for semantic segmentation on
ADE20k [38] dataset. We conduct the single-scale evaluation.
FLOPs are measured with 512 × 2048 input resolution.

Backbone Method
Params FLOPs

mIoU
(M) (G)

PVT-T [61] SemanticFPN [69] 17.0 132 35.7

DeiT-T [35] UperNet [70] 10.7 142 37.8

DependencyViT-T [19] UperNet [70] 11.1 145 40.3

Hi-Mapper(Deit-T) UperNet [70] 11.6 144 39.8

PVT-S [61] SemanticFPN [69] 28.2 712 39.8

DeiT-S [35] UperNet [70] 41.3 566 43.0

Swin-T [60] UperNet [70] 60.0 945 44.5

DependencyVIT-S [19] UperNet [70] 43.1 574 45.7

Hi-Mapper(Deit-S) UperNet [70] 42.5 570 46.3

Hi-Mapper(Swin-T) UperNet [70] 62.1 949 46.8

we deploy our pre-trained backbone into Mask R-CNN [67].
All models are trained on COCO 2017, including 118k train
images and 5k validation images. We follow the standard
learning protocols [67], 1× schedule with 12 epochs. Note
that we reproduce DeiT-T with Mask R-CNN based on [68].

Results. In Table 2, we present a comparison of our
results with baseline models, such as DeiT and Swin, on
the COCO dataset, which demands a higher capacity for
fine representation recognition. Our Hi-Mapper consistently
boosts all baseline models capability with only a small
increase in parameters. Notably, Hi-Mapper significantly
improves DeiT-T and -S by margins of 6.8 and 8.3 on
the object detection task. Meanwhile, in the instance
segmentation, it also improves DeiT-T and -S by margins of
8.6 and 7.2, respectively. This result shows that the visual
hierarchy facilitates complex visual scene recognition.

5.3. Semantic segmentation

Settings. We further experiment on the ADE20K [38]
dataset for semantic segmentation. ADE20K contains

Table 4. Performance comparison for classification on ImageNet-
1K [36] according to embedding spaces and combinations of
learning objectives.

Manifold LL-cont LKL Top-1(%)

Euclidean

✗ ✗ 79.7

✗ ✓ 79.6

✓ ✗ 79.2

✓ ✓ 79.3

Hyperbolic

✗ ✗ 79.7

✗ ✓ 79.5

✓ ✗ 82.0

✓ ✓ 82.6

20k training images, 20K validation images, and 3K test
images, covering a total 150 classes. Following common
practice [70], we report the mIoU on the validation set.

Results. We present the performance comparisons on
ADE20K in Tab. 3. The results show that our Hi-
Mapper achieves comparable or better performance than
the baseline models, including DeiT-T, -S, and Swin-T,
requiring a smaller increase in the number of parameters
and GFLOPs. Specifically, Hi-Mapper on DeiT-T, -S, and
Swin-T achieves a performance improvement of 2.0%, 3.3%,
and 2.3%. Additionally, as model sizes increase, Hi-Mapper
fully capitalizes fine-grained representations for semantic
segmentation with a slight increase in computation.

5.4. Visualization

As shown in Fig. 4, we demonstrate our visual hierarchy
on images from ImageNet-1K [36]. This confirms that our
approach can successfully uncover the inherent hierarchy
among visual components without the need for hierarchy or
part-level annotations.
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Figure 4. Visualization of visual hierarchy decomposed by Hi-Mapper(Deit-S) trained on ImageNet-1K with classification objective. Each
color represents different subtrees. We ignore the nodes of the small region and display only the main subtrees.

Table 5. Performance comparison for classification on ImageNet-
1K [36] with respect to the relation modeling in hierarchy tree.

Model Deterministic Probabilistic

Hi-Mapper(DeiT-S) 81.5% 82.6%

6. Ablation studies and discussion
To further analyze and validate the components of our
method, we conduct ablation studies on image classification.

Effectiveness of hyperbolic manifolds. We first
investigate the effectiveness of hyperbolic manifolds in
our approach. As shown in Tab. 4, we report the impact
according to image classification. In Euclidean space,
the distance function between two vectors is the cosine
similarity function. The results demonstrate that applying
hierarchical contrastive loss in Euclidean space degrades
performance. It indicates that hyperbolic space is more
suitable for stabilizing hierarchical structures. Additionally,
the application of a KL loss term shows further benefits
derived from the semantic seed distribution.

Impact of probabilistic modeling. In Tab. 5, we report
the performance comparisons between the probabilistic
hierarchy tree and the deterministic hierarchy tree. For
constructing a hierarchy tree, probabilistic modeling defines
every node via MoG of its child node distributions, while
the deterministic approach determines each node the mean
of its child nodes. The probabilistic hierarchy tree
achieves significant improvement in performance compared
to the deterministic approach. This result shows that
probabilistic modeling is more effective in representing
hierarchical structure than deterministic modeling, leading
to improvement in recognition.

Hierarchy width and depth. As shown in Fig. 5, we
analyze the effect of the width N and depth L of the
hierarchy tree on ImageNet-1K [36] with Hi-Mapper(DeiT-

To
p-
1(
%
)

81.0

81.5

82.0

82.5

16 32 64 128

(a) N ∈ {16, 32, 64, 128}

To
p-
1(
%
)

81.8

82.0

82.2

82.4

82.6

2 3 4 5

(b) L ∈ {2, 3, 4, 5}

Figure 5. Hyper-parameter analysis on ImageNet-1K.

S). These factors control the granularity of visual elements
to be decomposed. While a small number of N degrades
the fine-grained recognition capacity, an excess N hinders
the optimization. Meanwhile, a large L may provide
diverse granularity, however, it leads to entangled object-
level representations. In all the cases, we report the best
performance of 82.6% at N = 32, L = 4.

7. Conclusion

In this paper, we have presented a novel Visual Hierarchy
Mapper (Hi-Mapper) that investigates the hierarchical
organization of visual scenes. We have achieved the
goal by newly defining tree-like structure with probability
distribution and learning the hierarchical relations in
hyperbolic space. We have incorporated the hierarchical
interpretation into the contrastive loss and efficiently
identified the visual hierarchy in a data-efficient manner.
Through an effective hierarchy decomposition and encoding
procedures, the identified hierarchy has been successfully
deployed to the global visual representation, enhancing the
structured understanding of an entire scene. Hi-Mapper has
consistently improved the performance of the existing DNNs
when integrated with them, and also has demonstrated the
effectiveness on various dense predictions.
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