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Abstract. Interpretable machine learning aims to develop models whose
internal reasoning is transparent and aligned with human perception.
While prototype-based networks provide intuitive part-based interpreta-
tions, most existing methods rely on flat or independently learned proto-
type sets, failing to capture the hierarchical and relational organization of
visual concepts. Inspired by theories of structured part-whole perception,
we introduce ProtoMappingNet, a prototype-based architecture that
learns hierarchically structured visual concepts through learnable cross-
layer prototype mappings. These mappings align representations across
texture, part, and object levels, enabling coherent parent-child relations
between prototypes. To quantitatively evaluate the learned hierarchy,
we propose a relational evaluation framework consisting of Hierarchical
Relational Consistency (HRC) and Hierarchical Spatial Stability (HSS),
which measure cross-level relational consistency and spatial containment
without requiring part annotations. Experiments show that ProtoMap-
pingNet produces coherent multi-level explanations and substantially im-
proves structural consistency through bidirectional relational modeling
while maintaining competitive classification accuracy. Our code is avail-
able at https://github.com/pk9403/ProtoMappingNet

Keywords: prototype-based networks · interpretable deep learning · hi-
erarchical prototypes · part-whole reasoning

1 Introduction

Deep learning has achieved remarkable success across many fields, yet its decision-
making process often remains opaque, making it difficult to interpret and trust in
practical applications. This limitation has motivated growing interest in model
interpretability, which seeks not merely to expose internal model mechanisms
but to provide explanations that are understandable and meaningful to humans.
Among various approaches, prototype-based neural networks have emerged as a
compelling family of inherently interpretable models [32]. By grounding decisions
in comparisons with learned prototypical image regions, they provide intuitive
explanations that resemble example-based human reasoning.
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Leftmost: a test image of a purple finch

Second column: same test image overlaid
  with hierarchical bounding boxes
  detected by the model

Third column: bounding boxes corresponding
  to different hierarchical levels,
  shown from top to bottom as
  high-level (blue), mid-level (green),
  and low-level (red) regions

Fourth column: prototypical parts learned by
  the model for each hierarchical level

Fifth column: source images corresponding
  to the prototypical parts shown in
  the fourth column

Rightmost column: activation maps highlighting
  image regions that most strongly match
  each prototypical part

Fig. 1: Hierarchical prototype reasoning in ProtoMappingNet. The model explains
its prediction by matching image regions with prototypical parts learned at different
abstraction levels (object, part, and texture).

Despite their intuitive appeal, most existing prototype-based models do not
explicitly capture the hierarchical and relational structures that play an im-
portant role in human visual perception. Cognitive theories suggest that hu-
man visual perception relies on structured part-whole representations [2,12,30].
Building on this perspective, recent work has argued that explicit part-whole
representations are important for enabling more human-like visual understand-
ing in neural networks [13]. In contrast, most prototype-based approaches oper-
ate at a single abstraction level or learn prototypes at multiple levels without
explicitly connecting them. ProtoPNet and related models [3,25,26,29,33,42] op-
erate primarily on high-level feature maps, localizing prototypical regions with-
out modeling interactions across abstraction levels. Although recent extensions
introduce multi-level or hierarchical prototype structures [39, 41], they do not
explicitly learn compositional prototype-to-prototype dependencies across ab-
straction levels. Furthermore, although post-hoc methods such as VCC [19] re-
cover cross-layer concept relationships, these relations are not explicitly involved
in the model’s predictive computation, which can limit their faithfulness to the
underlying decision process [31]. Consequently, existing prototype-based models
generally lack the explicit cross-level interactions needed to support cognitively
motivated hierarchical reasoning, leaving an important gap in inherently inter-
pretable visual recognition.

To bridge this cognitive and structural gap, we propose ProtoMappingNet,
a hierarchical architecture that explicitly models relationships between visual
concepts through learnable cross-layer prototype mappings and explains predic-
tions through texture-, part-, and object-level prototypes, as illustrated in Fig.
1. These mappings encode parent-child dependencies by bidirectionally align-
ing prototype representations between adjacent abstraction levels. This bidi-
rectional alignment encourages high-level prototypes to reflect coherent com-
positions of their lower-level counterparts, yielding an inherently interpretable
hierarchical structure that promotes structural integrity. To quantitatively eval-
uate this cross-level alignment, we move beyond existing part-grounding met-
rics [16], which rely on ground-truth part annotations and evaluate prototypes
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within a single layer. We instead introduce two annotation-free metrics: Hi-
erarchical Relational Consistency (HRC), which measures agreement between
learned cross-level mappings and inference-time prototype activations, and Hi-
erarchical Spatial Stability (HSS), which evaluates spatial containment between
mapped prototype activation regions.

The main contributions of this paper are summarized as follows:

– Hierarchical Prototype Architecture: We propose ProtoMappingNet,
a prototype-based model that learns hierarchical visual concepts through
bidirectional mappings between adjacent prototype levels, explicitly model-
ing parent-child relationships across abstraction levels.

– Relational Evaluation Framework: We introduce two complementary
metrics—Hierarchical Relational Consistency (HRC) and Hierarchical Spa-
tial Stability (HSS)—to evaluate the consistency of learned prototype map-
pings and the spatial containment of mapped activation regions without
requiring ground-truth part annotations.

– Hierarchical Interpretability Analysis: We validate ProtoMappingNet
on CUB-200-2011, Stanford Cars, and PartImageNet, demonstrating com-
petitive classification performance and coherent relationships among texture-
level, part-level, and object-level prototypes.

2 Related Works

Prototype-based Models Prototype-based explanation methods provide intu-
itive interpretability by grounding predictions in visually meaningful prototypi-
cal parts [18]. ProtoPNet [3] established this paradigm by learning class-specific
prototype patches from the final feature maps and classifying inputs based on
their similarity to these prototypes. TesNet [42] constructs a transparent Grass-
mann embedding space in which visual patches are linked to output categories
through disentangled orthogonal concepts. ProtoPShare [34], ProtoPool [33], and
SIDE [7] reduce prototype redundancy through class sharing or sparsity-inducing
mechanisms. PIP-Net [26] learns prototypes using self-supervised objectives,
whereas InfoDisent [37] derives interpretable concept representations post-hoc
from pretrained models. ProtoConcepts [25] improves the semantic interpreta-
tion of individual prototypes by explaining each prototype through multiple rep-
resentative visualizations. LucidPPN [29] separates prototypical reasoning into
color and non-color branches to clarify whether decisions rely on color, shape,
or texture. However, most existing prototype-based models operate primarily at
a single abstraction level and therefore do not capture the multi-level relational
structure associated with part-whole visual reasoning.

Multi-Level Prototype-based Models To overcome the limitations of single-
level prototypes, several extensions introduce multi-level or structured variants.
ProtoTree [27] organizes prototypes in a tree-structured decision hierarchy, yet
its prototypes remain anchored to a single feature representation rather than
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forming cross-level compositional relations. HPnet [9] aligns prototypes with hi-
erarchical class taxonomies, but relies on a predefined semantic class taxonomy
rather than learning compositional dependencies among prototypes across fea-
ture levels. Deformable ProtoPNet [6] and ProtoViT [24] improve the spatial
flexibility of prototype matching, but primarily model within-level geometric
variation rather than cross-level compositional dependencies. ProtoArgNet [1]
combines prototypical-part activations into class-level super-prototypes using
MLPs, emphasizing bottom-up aggregation rather than explicit prototype-to-
prototype relations across feature levels. FPN-IAIA-BL [43] and MCPNet [41]
learn prototypes from multiple feature scales, but they do not explicitly model
prototype-to-prototype relations across abstraction levels. Meanwhile, VCC [19]
explores cross-layer concept connections, and HVC [17] decomposes complex
medical concepts into multi-level visual representations while modeling their re-
lations. However, both operate in a post-hoc manner on pretrained networks,
and thus do not enforce hierarchical relational consistency during learning nor
guarantee alignment with the model’s internal reasoning process. In contrast,
our approach jointly learns bidirectional relational mappings between adjacent
prototype levels.

Some studies [8, 21, 39] leverage hyperbolic geometry to embed features in
a space naturally suited for representing hierarchical structures [28]. These ap-
proaches encode hierarchical organization through geometric relations in a latent
space, rather than through explicit prototype-to-prototype mappings between vi-
sual abstraction levels. They also do not explicitly evaluate whether hierarchical
prototype relations correspond to spatial containment across feature levels. In
contrast, our method learns bidirectional mappings between prototypes at differ-
ent visual abstraction levels and evaluates whether these relations are reflected
in their spatial activation patterns.

Hierarchical and Part-Whole Representations Decades of cognitive sci-
ence research suggest that human visual perception relies on structured part-
whole representations [2,12,30]. Related theories of predictive processing empha-
size bidirectional interactions between bottom-up sensory evidence and top-down
predictions [4]. Motivated by similar principles, Hinton [13] proposes GLOM as
a framework for representing dynamic part-whole hierarchies in neural networks,
arguing that such representations are important for more human-like visual un-
derstanding. However, integrating such compositional structures into inherently
interpretable deep models remains challenging. Compositional frameworks such
as Capsule Networks [14, 35] model part-whole dependencies through routing
between capsule layers, but their explanations remain encoded in latent repre-
sentations rather than grounded in exemplar-based visual evidence. Conversely,
prototype-based networks provide visually grounded, patch-based explanations,
but generally do not connect these explanations through explicit part-whole rela-
tions across feature levels. To the best of our knowledge, no prior prototype-based
model jointly learns bidirectional cross-level prototype mappings and evaluates
their relational and spatial consistency without part annotations.
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Fig. 2: Architecture of ProtoMappingNet.

3 Method

3.1 Overall Architecture

To operationalize the hierarchical part-whole structure discussed earlier, we pro-
pose ProtoMappingNet, a hierarchical prototype-based architecture organized
across three levels of abstraction: low, mid, and high. Low-level prototypes tend
to capture localized textures and primitive edges, mid-level prototypes corre-
spond to semantically meaningful object parts, and high-level prototypes rep-
resent holistic object concepts. While each level learns prototypical representa-
tions at a different granularity, learnable cross-level mappings explicitly model
compositional dependencies between adjacent levels. These mappings encour-
age higher-level prototypes to emerge as structured compositions of lower-level
prototypes, enabling the network to maintain coherent hierarchical reasoning.

Figure 2 illustrates the overall architecture of ProtoMappingNet, a hierar-
chical prototype-based model designed to learn a consistent part-whole concept
space. The network consists of three main components: a convolutional backbone,
a hierarchical prototype layer, and a classification layer. Given an input image
x, the backbone extracts multi-level feature maps fl(x) ∈ RHl×Wl×Dl , where
l ∈ {low,mid,high} denotes the abstraction level, and Hl,Wl, Dl represent the
spatial and channel dimensions. The hierarchical prototype layer maintains sets
of learnable prototype vectors P = {Plow,Pmid,Phigh}, together with learnable
prototype mappings M . At each level l, the model learns ml = C kl prototypes,
allocating kl class-specific prototypes per class. Each prototype p ∈ Pl has spatial
dimensions p ∈ RH

(p)
l ×W

(p)
l ×Dl , with H

(p)
l ≤ Hl and W

(p)
l ≤ Wl, representing

localized conceptual patches at different granularities. To establish a structured
part–whole hierarchy, the prototype mappings M operate as cross-layer semantic
constraints. Specifically, bottom-up mappings (Mlow→mid,Mmid→high) and top-
down mappings (Mhigh→mid,Mmid→low) facilitate predictive alignment between
adjacent abstraction levels.
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Building upon the extracted feature representations fl(x) for each level l ∈
{low,mid, high}, the hierarchical prototype layer computes dense similarity maps
between these features and their corresponding prototype sets Pl. Specifically,
for each prototype plj ∈ Pl, the cosine similarity between plj and all local patches
of fl(x) sharing the same channel dimension is computed as

slj(u, v) =
⟨fl(x)u,v, plj⟩

∥fl(x)u,v∥2 ∥plj∥2
, (1)

where fl(x)u,v denotes the local feature patch starting at spatial location (u, v)
with the same spatial and channel dimensions as plj , and the inner product and
norms are computed over all spatial and channel dimensions. This operation
produces spatial similarity maps Sl = {slj}

ml
j=1, where slj ∈ RH̄l×W̄l , H̄l = Hl −

H
(p)
l + 1, and W̄l = Wl −W

(p)
l + 1.

To aggregate these localized responses, ProtoMappingNet applies global max
pooling over the spatial dimensions of each similarity map slj(u, v), extracting a
single activation per prototype:

alj = max
(u,v)

slj(u, v), (2)

where alj denotes the activation of prototype plj at level l. The activations of all
prototypes at level l are then concatenated into an activation vector al ∈ Rml ,
al = [al1, a

l
2, . . . , a

l
ml

]⊤.
To preserve prototype interpretability, each level maintains an independent,

bias-free classification head. These heads are parameterized by weight matrices
Wl ∈ RC×ml , which are initialized with a binary class-identity matrix to allocate
specific prototypes to their designated classes. The class probabilities at level l
are computed as:

ŷl = softmax(γlWlal), (3)

where γl is a fixed scaling factor controlling the sharpness of the class distri-
bution. During inference, the level-specific logits are aggregated using the same
normalized level weights employed for the classification losses.

3.2 Intra-layer Prototype Learning

ProtoMappingNet learns class-discriminative prototypes at each level of the hi-
erarchy. Unlike flat prototype models, our formulation explicitly organizes pro-
totypes across multiple abstraction levels, enabling fine-to-coarse concept repre-
sentations. Following ProtoPNet [3], we use a combination of cluster loss (Ll

clst)
and separation loss (Ll

sep) at each level. In addition, we incorporate the orthogo-
nality loss (Ll

ortho) from TesNet [42] to enhance intra-class diversity among pro-
totypes. Unlike ProtoPNet’s Euclidean formulation, our cosine similarity-based
objectives emphasize directional alignment between input features and their cor-
responding prototypes, providing a scale-invariant similarity measure well suited
for multi-level feature spaces. Let P l

c ∈ Rkl×d
(p)
l denote the matrix whose rows
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are the vectorized and ℓ2-normalized prototypes assigned to class c at level l,
where d

(p)
l = H

(p)
l W

(p)
l Dl. Given a training set of n input images {xi, yi}ni=1,

the intra-layer objectives are defined as follows:

Ll
clst = 1− 1

n

n∑
i=1

max
pl
j∈Pyi

l

alj(xi), (4)

Ll
sep =

1

n

n∑
i=1

max
pl
j /∈Pyi

l

max
(
alj(xi), 0

)
, (5)

Ll
ortho =

1

C

C∑
c=1

∥∥P l
c(P

l
c)

⊤ − I
∥∥2
F
, (6)

Overall intra-layer objective. The overall intra-layer objective is a weighted
combination of the losses described above:

Ll
intra = λl

CELl
CE + λl

clstLl
clst + λl

sepLl
sep + λl

orthoLl
ortho. (7)

This objective enables each hierarchical level to independently learn discrimina-
tive and semantically meaningful prototypes, providing a robust foundation for
the cross-layer relational constraints introduced in the next section.

3.3 Inter-layer Relational Learning

While each level independently learns class-discriminative prototypes, ProtoMap-
pingNet additionally models cross-level relations through learnable prototype
mappings. These mappings connect adjacent levels in both bottom-up and top-
down directions. The bottom-up mappings project lower-level prototypes into
the representation space of higher-level prototypes, encouraging class-consistent
alignment across levels. Conversely, the top-down mappings project higher-level
prototypes back to lower levels, promoting mutual consistency between proto-
type representations. Together, this bidirectional interaction encourages hierar-
chical consistency across prototype levels.

Cross-layer Alignment losses To align prototypes across hierarchical levels,
we introduce cross-layer cluster and separation losses. For any two adjacent levels
l and l′, the prototypes from the source level Pl are projected into the prototype
space of the target level Pl′ through a learnable projection head Ml→l′ :

p̃l→l′

i = Ml→l′(p
l
i), (8)

where pli ∈ Pl, and the projection head Ml→l′ consists of a small convolutional
projection head. The similarity is computed as:

Sl→l′(i, j) =
⟨p̃l→l′

i , pl
′

j ⟩
∥p̃l→l′

i ∥2 ∥pl
′
j ∥2

, (9)
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where Sl→l′(i, j) ∈ [−1, 1] denotes the similarity between the i-th projected
prototype from level l and the j-th prototype at level l′.

Let cli and cl
′

j denote the class labels associated with prototypes pli and pl
′

j ,
respectively. The cross-layer cluster loss aligns each projected prototype with
the most similar same-class prototype in the adjacent level, encouraging high
similarity between semantically corresponding prototypes. Conversely, the cross-
layer separation loss penalizes positive similarity with different-class prototypes
in the target level. The losses are formulated as:

Ll→l′

clst = 1− 1

ml

ml∑
i=1

max
j:cl

′
j =cli

max
(
Sl→l′(i, j), 0

)
. (10)

Ll→l′

sep =
1

ml

ml∑
i=1

max
j:cl

′
j ̸=cli

max
(
Sl→l′(i, j), 0

)
. (11)

Overall Cross-layer Objective The cross-layer alignment losses are applied to
all bottom-up and top-down projection directions. By optimizing these mappings
jointly, the network is encouraged to maintain bidirectional consistency across
adjacent abstraction levels. The overall inter-layer objective is defined as:

Linter =
∑

(l,l′)∈E

(
λl→l′

clst Ll→l′

clst + λl→l′

sep Ll→l′

sep
)
, (12)

where E = {(low,mid), (mid,high), (high,mid), (mid, low)} denotes the set of
interacting adjacent level pairs. This relational learning complements the intra-
layer objectives by encouraging consistent relations between prototypes across
hierarchical levels.

3.4 Training Objective and Optimization

To prevent prototype collapse and ensure semantically meaningful representa-
tions, ProtoMappingNet follows the established multi-stage training paradigm
of ProtoPNet [3], extending it with cross-layer relational objectives for hierar-
chical concept learning. During the warm-up stage, the backbone and prototype
mapping modules are frozen, while the add-on layers and prototype vectors are
optimized using the level-specific intra-layer losses Ll

intra. In the joint stage, the
backbone, prototype layers, and mapping modules are optimized together using
both intra-layer and cross-layer objectives. In the push stage, each prototype
vector is replaced with its nearest feature patch in the training set to preserve
interpretability. After the push step, the backbone and prototype vectors are
frozen, and only the classifier parameters and mapping weights are optimized
using: Lfine = LCE + λinterLinter + λ1∥W∥1. Further details regarding the multi-
stage training schedules and hyperparameter configurations are provided in the
supplementary material.
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4 Experiment

4.1 Datasets and Implementation Details

Datasets. We evaluate ProtoMappingNet on three benchmarks: CUB-200-2011 [40],
Stanford Cars [20], and PartImageNet [10]. For all datasets, the model is trained
using only image-level class labels without part annotations, allowing hierarchi-
cal prototypes to be learned under weak supervision.

Implementation Details. We implement ProtoMappingNet on multiple back-
bone architectures, including ResNet [11], DenseNet [15], and ConvNeXt [23].
For ResNet-50, we use a model pretrained on the iNaturalist2017 [38], while all
other backbones are initialized with ImageNet-pretrained weights [5]. Following
our hierarchical design, feature maps are extracted from three depths of the
backbone network. Specifically, we select layers with spatial resolutions of ap-
proximately 1/4 (Low), 1/16 (Mid), and 1/32 (High) of the input image. These
resolutions roughly correspond to low-level textures, mid-level parts, and high-
level object structures. The spatial dimensions of the prototype kernels are set
to 5×5, 3×3, and 5×5 for the low-, mid-, and high-level prototypes, respectively.
We allocate five prototypes per class at each hierarchical level.

4.2 Evaluation Metrics

While Huang et al. [16] and Sacha et al. [36] proposed metrics for prototype
evaluation, they primarily focus on single-layer part grounding or spatial mis-
alignment. Such measures are limited for hierarchical models, as they do not di-
rectly evaluate relationships across abstraction levels. To address this limitation,
we introduce annotation-free metrics that assess the intrinsic structural consis-
tency of the learned hierarchy. Specifically, Hierarchical Relational Consis-
tency (HRC) quantifies the agreement between learned cross-level prototype
mappings and inference-time activation patterns, while Hierarchical Spatial
Stability (HSS) evaluates the spatial containment between mapped prototype
activation regions. For robustness evaluation, we additionally adopt the IoU-
based stability score introduced in the appendix of [16].

Hierarchical Relational Consistency (HRC). HRC quantifies the agree-
ment between learned cross-level prototype mappings M and inference-time ac-
tivation patterns. Let Ps and Pt denote the source and target prototype sets,
respectively. For each source prototype psi , we define the learned Top-k static
mapping Mk

s→t(p
s
i ) ⊆ Pt by selecting the k target prototypes with the highest

projected cosine similarities Ss→t(i, j) defined in Eq. (9). For test images x be-
longing to the class associated with psi , we define the confident activation set
Xi = {x | asi (x) ≥ τact}. We set τact = 0.8. Let P∗

s = {psi | |Xi| > 0} denote
the set of prototypes that activate on at least one test image. The hierarchical
relational consistency score is then defined as:

HRCs→t@k =
1

|P∗
s |

∑
ps
i∈P∗

s

1

|Xi|
∑
x∈Xi

1

[
arg max

pt
j∈Pt

atj(x) ∈ Mk
s→t(p

s
i )

]
, (13)
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Table 1: Classification accuracy (%) on CUB-200-2011. * denotes models utilizing
iNaturalist pretraining.

Method ResNet34 ResNet50 DenseNet161 ConvNeXt-Tiny

ProtoPNet 79.2 ± 0.1 - 80.1 ± 0.3 -
ProtoTree - 82.2 ± 0.7 * - -
ProtoPool 80.3 ± 0.2 85.5 ± 0.1 * - -
Deformable 76.8 86.4 * 81.2 -
TesNet 82.8 ± 0.1 - 84.6 ± 0.3 -
EvalProtoPNet 84.0 87.1 * 86.5 -
PIPNet - 82.0 ± 0.3 * - 84.3 ± 0.2
MCPNet - 80.2 - 83.5
HAPPI (ProtoPNet) - 82.4 - -
ProtoConcepts 80.4 ± 0.1 85.2 ± 0.2 * 81.5 ± 0.6 -
LucidPPN - 75.5 ± 1.1 - 81.5 ± 0.4
ProtoArgNet - 85.4 ± 0.2 - -

ProtoMappingNet (Ours) 83.1 ± 0.2 86.5 ± 0.2 * 84.5 ± 0.3 86.1 ± 0.3

By conditioning the evaluation on the confident activation set Xi, the metric
focuses on reliable prototype activations rather than random background re-
sponses.

Hierarchical Spatial Stability (HSS). HSS quantifies the spatial contain-
ment relationship between the activation regions of mapped prototypes. For
each mapped pair (psi , p

t
j) with ptj ∈ Mk

s→t(p
s
i ), we consider the subset of im-

ages Xi,j = {x ∈ Xi | |rtj(x)| > 0}, where rli(x) denotes the binary activation
region obtained by thresholding the min-max normalized similarity map of pro-
totype pli (upsampled to the input resolution) with a layer-specific threshold τl.
We set τl to 0.95, 0.80, and 0.50 for the low-, mid-, and high-level prototypes,
respectively, to account for the increasing receptive field size across hierarchical
feature layers. A sensitivity analysis demonstrating the robustness of HSS to
different activation thresholds is provided in the supplementary material. Let
P∗
s→t = {(psi , ptj) | |Xi,j | > 0}. The hierarchical spatial stability score is then

defined as:

HSSs→t@k =
1

|P∗
s→t|

∑
(ps

i ,p
t
j)∈P∗

s→t

1

|Xi,j |
∑

x∈Xi,j

|r s
i (x) ∩ r t

j (x)|
min(|r s

i (x)|, |r t
j (x)|)

. (14)

Unlike IoU, the IoMin formulation measures whether the smaller activation re-
gion is contained within the larger one, making it suitable for evaluating spatial
nesting between mapped prototypes at different abstraction levels.

4.3 Quantitative Results

In this section, we empirically evaluate ProtoMappingNet from two perspectives:
(i) predictive performance, verifying that the proposed hierarchical architecture
maintains competitive accuracy, and (ii) structural evaluation, assessing whether
the model learns more coherent hierarchical relations than baseline architectures.
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Table 2: Classification accuracy (%) on Stanford Cars.

Method ResNet34 ResNet50 DenseNet121 ConvNeXt-Tiny

ProtoPNet 86.1 ± 0.1 - 86.8 ± 0.1 -
ProtoTree - 86.6 ± 0.2 - -
ProtoPool 89.3 ± 0.1 88.9 ± 0.1 - -
TesNet 90.9 ± 0.2 - 91.9 ± 0.3 -
EvalProtoPNet 92.0 - 92.4 -
PIPNet - 86.5 ± 0.3 - 88.2 ± 0.5
ProtoConcepts 89.4 ± 0.5 - 87.1 ± 0.4 -
LucidPPN - 89.0 ± 0.3 - 91.6 ± 0.2
ProtoArgNet - 89.3 ± 0.3 - -

ProtoMappingNet (Ours) 88.5 ± 0.2 89.9 ± 0.2 88.9 ± 0.1 92.4 ± 0.1

Classification Accuracy. We evaluate classification accuracy across multiple
datasets and backbone architectures. As shown in Tables 1 and 2, ProtoMap-
pingNet achieves competitive results compared with a broad range of representa-
tive prototype-based models, indicating that cross-layer relational modeling can
be introduced without degrading predictive performance. Unless otherwise spec-
ified, ProtoMappingNet results are reported as the mean and standard deviation
over five random seeds.

To better understand how predictive performance evolves across the hier-
archy, we analyze the layer-wise classification accuracy on the CUB-200-2011
dataset using a ResNet-50 backbone. The individual accuracies are 53.3± 1.1%
for the low level, 82.2 ± 0.3% for the mid level, and 86.1 ± 0.2% for the high
level. Combining predictions across all three levels further improves the final
accuracy to 86.5 ± 0.2%. This trend suggests that lower-level visual cues pro-
vide complementary information to high-level object representations, supporting
the effectiveness of multi-level information fusion. Similar trends were observed
across other datasets and backbones (see Supplementary Material).

Evaluation of Hierarchical Relational Integrity. Although several proto-
type models incorporate hierarchical structures, existing methods [9, 27, 41, 43]
do not explicitly model cross-level relational constraints during training. Conse-
quently, directly applying HRC/HSS to these architectures would not provide a
meaningful assessment of cross-level relational consistency, as the resulting scores
would primarily reflect incidental spatial overlap among independently learned
concepts rather than learned prototype relationships. To isolate the effect of
relational modeling while avoiding these architectural limitations, we construct
a strictly controlled ProtoHierarchy baseline that retains the same hierarchical
capacity but removes all cross-level mappings. We compare this baseline with
three relational variants: Bottom-up only, Top-down only, and our full Bidirec-
tional model. For models without explicit mapping modules, source prototypes
cannot be projected into the target prototype space. In such cases, prototype
vectors are summarized using global average pooling over spatial dimensions to
obtain comparable prototype embeddings.
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Table 3: Evaluation of hierarchical relational integrity. Comparison of our Pro-
toMappingNet with relation-aware variants (Bottom-up, Top-down) and the Proto-
Hierarchy baseline on CUB-200-2011 (ResNet-50). Mean ± std. over five random runs.

Model ProtoHier. Bottom-up Top-down Ours (Bi)

Accuracy (%) 86.8 ± 0.2 86.8 ± 0.3 86.8 ± 0.1 86.5 ± 0.2

Direction Mapping HRC@1 (%) ↑

Bottom-up Low → Mid 0.05 ± 0.03 25.13 ± 1.68 0.05 ± 0.09 25.28 ± 1.74
Top-down Mid → Low 0.23 ± 0.33 0.04 ± 0.02 3.63 ± 0.60 3.20 ± 0.31
Bottom-up Mid → High 0.35 ± 0.30 26.46 ± 0.20 0.25 ± 0.18 26.61 ± 0.61
Top-down High → Mid 0.05 ± 0.08 0.06 ± 0.14 17.19 ± 1.33 17.98 ± 1.52

Overall HRC 0.17 ± 0.17 12.92 ± 0.43 5.28 ± 0.40 18.27 ± 0.49

Direction Mapping HSS@1 (%) ↑

Bottom-up Low → Mid 14.64 ± 3.64 49.52 ± 1.97 15.41 ± 1.80 48.88 ± 1.72
Top-down Mid → Low 12.73 ± 2.16 11.10 ± 1.66 35.91 ± 1.54 32.16 ± 2.35
Bottom-up Mid → High 48.04 ± 3.82 93.36 ± 0.56 47.26 ± 2.72 94.29 ± 0.47
Top-down High → Mid 63.49 ± 2.17 63.66 ± 1.12 86.39 ± 1.91 86.11 ± 1.86

Overall HSS 34.72 ± 1.35 54.41 ± 0.57 46.24 ± 0.95 65.36 ± 1.16

Layer Stability (%) ↑

low 14.99 ± 1.47 14.18 ± 0.86 14.05 ± 0.62 14.22 ± 0.60
mid 60.76 ± 1.57 60.47 ± 0.81 59.56 ± 0.78 60.23 ± 1.03
high 88.70 ± 0.97 86.84 ± 1.16 87.40 ± 0.73 87.54 ± 1.27

Overall Stability 54.81 ± 1.03 53.83 ± 0.68 53.67 ± 0.28 54.00 ± 0.67

As shown in Table 3, ProtoMappingNet consistently improves cross-level re-
lational consistency over the ProtoHierarchy baseline and single-directional vari-
ants, achieving the highest HRC in three of four mapping directions and the best
overall HRC. Interestingly, the Mid → Low mapping consistently exhibits lower
HRC scores across all models. This behavior is expected because low-level pro-
totypes typically capture distributed texture patterns that may appear across
multiple object parts. HSS results further confirm stronger spatial containment
between hierarchical prototypes, with particularly strong improvements observed
in the Mid → High mapping. Importantly, these structural gains are achieved
while maintaining comparable classification accuracy. In addition, the Overall
Stability scores remain comparable across all variants, indicating that hierar-
chical relational constraints improve structural consistency without materially
reducing prototype robustness under input perturbations.

Generalization Beyond Fine-Grained Datasets. To evaluate whether Pro-
toMappingNet generalizes beyond fine-grained recognition settings, we conduct
additional experiments on the PartImageNet dataset using a ConvNeXt-Tiny
backbone. Across three random seeds, ProtoMappingNet achieves an accuracy of
86.2±0.4%, outperforming PIPNet (85.0%) and LucidPPN (84.1%). In addition
to classification performance, we analyze the relational metrics HRC and HSS
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Low Prototype
(texture cues)

Brewer Blackbird

Mid Prototype
(part cues)

High Prototype
(object cues)

Vermilion Flycatcher Ringed Kingfisher

Fig. 3: Hierarchical prototype visualization in ProtoMappingNet. Rows correspond to
abstraction levels. Columns are arranged in pairs, where each pair shows a prototype
patch (odd column) and its activation heatmap on the input image (even column) for
the same class.

Table 4: Performance and parameter comparison on Transformer-based extensions.

Method Backbone (# Params) CUB-200-2011 Stanford Cars

ProtoViT DeiT-S (22M) 85.37 ± 0.13 91.84 ± 0.30
Ours Swin-T (28M) 87.19 ± 0.14 90.97 ± 0.08

under different structural configurations (ProtoHierarchy, Bottom-up, and Top-
down). The results show trends consistent with those observed on fine-grained
datasets, suggesting that the relational structure can extend beyond fine-grained
recognition settings. Detailed experimental results are provided in the supple-
mentary material.

Extension to Transformer Architectures. To demonstrate that ProtoMap-
pingNet is not restricted to CNNs, we extend it to a hierarchical vision Trans-
former using a Swin-Transformer (Swin-T) backbone [22]. As summarized in Ta-
ble 4, our framework achieves competitive performance on fine-grained bench-
marks. These results demonstrate that our cross-layer relational modeling is
compatible with Transformer architectures and suggest its potential extension
to vision-language models with hierarchical visual representations.

4.4 Qualitative Results

In this section, we visually demonstrate that ProtoMappingNet not only learns
semantically meaningful features across different granularities but also maintains
consistent hierarchical spatial relationships during inference. Additional qualita-
tive examples and visualizations are provided in the supplementary material.

Hierarchical Prototype Visualization. We visualize the learned hierarchi-
cal prototypes in Figure 3, showing representative image regions that strongly
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High 
Prototype

High + Mid
Prototype

High + Mid + Low
Prototype

Test Image

Fig. 4: Hierarchical spatial containment in ProtoMappingNet. Low-level prototype ac-
tivations (red) are spatially contained within mid-level activations (green), which in
turn lie within high-level activations (blue). Activation maps illustrate the prototype
responses at each hierarchical level.

Why is this bird classified as a Gray Catbird?

Similarity and WeightActivation map
Prototypical part
with bounding box

low

mid

high

0.92 x 1.02 = 0.94

0.97 x 1.05 = 1.02

1.02 x 1.03 = 1.05

SUM: 15.42

...
...

...
...

(a) Local explanation

Painted Bunting Low Prototypes

Mid Prototypes

High Prototypes

(b) Global explanation

Fig. 5: Examples of local and global explanations.

activate each prototype together with their activation heatmaps. Specifically,
low-level prototypes capture fine-grained textures from 20 × 20 patches around
the maximal activation location, mid-level prototypes highlight semantic parts
(e.g., heads or wings) using the top 5% activations, and high-level prototypes
capture object-level structures (e.g., pose and shape) from the top 50% activa-
tion regions. Visualization thresholds are architectural choices grounded in the
network’s spatial design; further justification is provided in the supplementary
material. This progression from texture- to part- to object-level cues illustrates
that ProtoMappingNet organizes visual concepts across abstraction levels in an
interpretable hierarchy.
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Hierarchical Spatial Containment. ProtoMappingNet captures spatial part-
whole relations between prototypes across hierarchical levels. Figure 4 visualizes
this spatial containment structure on representative test images. The high-level
prototype establishes a global semantic anchor (blue box) over the most dis-
criminative object region. Within this context, the mid-level prototype (green
box) localizes semantically meaningful parts, while the low-level prototype (red
box) focuses on fine-grained texture cues. These regions form a consistent nested
structure (Blue ⊃ Green ⊃ Red), indicating a spatial hierarchy across abstrac-
tion levels.

Local and Global Interpretations. Local explanations illustrate how the
hierarchical prototype evidence contributes to individual predictions, as shown in
Figure 5a. For a given test image, we show the most activated prototypes at each
hierarchical level together with their activation maps and contribution scores.
The contributions are computed by combining the prototype similarity with
its classification weight. This visualization highlights which texture-, part-, and
object-level cues support the model’s decision. Global explanations summarize
the class-level concept dictionary learned by ProtoMappingNet, as shown in
Figure 5b. For each class, we visualize representative prototypes at different
hierarchical levels. Low-level prototypes capture color and texture patterns, mid-
level prototypes represent discriminative object parts, and high-level prototypes
correspond to holistic object configurations. Together, these prototypes provide
an interpretable summary of the visual concepts representing each class.

5 Conclusion

We introduced ProtoMappingNet, a prototype-based architecture that explic-
itly models part-whole relationships through a hierarchical prototype structure.
By learning cross-layer prototype mappings, the model connects texture-, part-,
and object-level concepts, enabling coherent hierarchical explanations. Exper-
iments demonstrate that ProtoMappingNet improves cross-level relational and
spatial consistency while maintaining competitive classification performance. Fu-
ture work will explore sharing lower-level prototypes across classes to improve
efficiency and scalability.
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