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Abstract

Self-interpretable models are increasingly valued for their in-
herent explainability. Among them, part-prototype networks
stand out by mimicking human reasoning through the use
of learned prototypes. However, their explanations often lack
stability, becoming sensitive to subtle input perturbations. In
this work, we propose Prototype in Imagery Network (PINet),
a framework that improves the stability of prototype-based
explanations. Rather than training on all possible input varia-
tions, which is computationally infeasible, PINet draws in-
spiration from visual mental imagery. Specifically, we in-
corporate empty inputs and apply coarse location guidance
to simulate the human ability to imagine rough object fea-
tures (a process akin to Phantasia). PINet mimics this pro-
cess by incorporating empty inputs and applying coarse loca-
tion guidance. These imagined, or uncertain, representations
are contrasted with those derived from actual inputs (certain
representations). We model the differences between the two
by computing similarity at both the feature and prototype
levels, allowing uncertainty to be explicitly encoded during
prototype learning. Comprehensive evaluations on CUB-200-
2011 and Stanford Cars demonstrate that PINet consistently
achieves robust accuracy and localization, even under noisy
conditions. These results represent the ability of PINet to pro-
duce stable and interpretable explanations under uncertainty.

Introduction
Deep Neural Networks (DNNs) have demonstrated remark-
able performance in diverse domains, including medicine
and finance, fields closely associated with safety and sen-
sitive data. This success has amplified the demand for inter-
pretability to ensure faithful decision-making. As a result,
Explainable AI (XAI) has emerged as a promising research
area, with studies advancing distinct conceptual approaches.
A common way to categorize XAI methods is based on when
they provide explanations, distinguishing between post-hoc
approaches and self-interpretable models. Post-hoc meth-
ods interpret the decision-making process after predictions
have been made. In contrast, self-interpretable models em-
bed interpretability directly into the network, enabling in-
herent transparency and explainability. Although post-hoc
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Figure 1: Comparison of the regions activated by the same
prototype for original and noise-added inputs. PINet consis-
tently maintains activations within the same features.

methods offer considerable flexibility, they have been crit-
icized for inconsistency and lack of faithfulness (Slack et al.
2020; Carmichael and Scheirer 2021). As a result, there is
growing interest in self-interpretable models.

Within self-interpretable models, part-prototype networks
have gained attention for their human reasoning-inspired
mechanisms. Prototypical Part Network (ProtoPNet) (Chen
et al. 2019) simulates part-based recognition by comparing
image parts to learned prototypes, and has been extended
to various domains (Zhang et al. 2022; Wang et al. 2023b).
Despite these advances, several limitations persist, includ-
ing the trade-off between accuracy and interpretability, pro-
totype duplication across classes, and instability. Although
various studies (Wang et al. 2021; Rymarczyk et al. 2022;
Huang et al. 2023) have proposed methods to address these
challenges, relatively few have focused on mitigating insta-
bility. Instability occurs when even small input perturba-
tions cause prototypes to generate inconsistent explanations,
as illustrated in Fig.1, thus undermining interpretability. As
considering every possible perturbed case is infeasible, we
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Figure 2: Overview of PINet. The conventional feature map and prototype are designed to incorporate the differences from the
rough feature map and uncertain prototype obtained from empty input. The difference at the feature map level is computed
using self-similarity, whereas at the prototype level, cosine similarity is employed.

propose Prototype in Imagery Network (PINet), a frame-
work inspired by visual mental imagery, known as Phantasia
(Larner, Leff, and Nachev 2024). Phantasia refers to the abil-
ity to generate rough visual images in the mind, allowing in-
dividuals to internally perceive approximate objects without
external stimuli. PINet mimics this phenomenon during fea-
ture extraction by providing an empty input together with the
original input. To prevent diminished activations from prop-
agating the empty input alone, we employ coarse location
guidance to indicate the approximate location of the activa-
tion in the original input. Rough features from the empty
input, regraded as incomplete representations, are assigned
to a prototype as uncertain representations reflecting ran-
dom noise. Our goal is to integrate such uncertainty into
the features and prototype derived from the original input,
referred to as certain representations. To this end, we com-
pute the differences between the representations and incor-
porate these differences into the framework. To validate the
effectiveness of our approach, we conduct extensive exper-
iments on CUB-200-2011 (Wah et al. 2011) and Stanford
Cars (Krause et al. 2013). The results demonstrate that our
approach achieves superior performance in accuracy and lo-
calization for original and perturbed inputs. In summary, our
contributions are as follows:

• We propose the Prototype in Imagery Network (PINet), a
framework motivated by Phantasia. PINet simulates this
phenomenon by incorporating an additional empty input
and coarse location guidance in feature extraction.

• We improve the stability of prototypes by treating uncer-
tain representations as additional references and incor-

porating their differences from certain representations,
thereby ensuring reliability in the presence of noise.

• We demonstrate through extensive experiments that
our method achieves superior performance in accuracy
and localization, consistently outperforming existing ap-
proaches under both original and perturbed inputs.

Related Work
Methods for interpreting the decision-making processes of
DNNs are broadly divided into two groups based on when
explanations are provided: post-hoc approaches and self-
interpretable models. Post-hoc methods (Selvaraju et al.
2017; Nam, Choi, and Lee 2021; Nam and Lee 2024) ex-
plain pre-trained networks by employing additional explain-
ers to reveal distinctive patterns hidden within the black-box
model. However, these methods often yield unfaithful and
unreliable explanations. Therefore, self-interpretable mod-
els, which inherently incorporate explainability into train-
ing mechanisms or architectures, have attracted attention
as promising alternatives. In this study, we focus on part-
prototype networks that reflect human behavior.

Part-Prototype Networks ProtoPNet (Chen et al. 2019)
first introduced the concept of prototypes and the principle
of ”this looks like that”, mirroring common human reason-
ing. Building on this foundation, various models have been
proposed to address the underlying limitations. To improve
both accuracy and prototype quality, TesNet (Wang et al.
2021) embeds prototypes on the Grassmann manifold and
introduces loss terms to enforce orthogonality among pro-
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Figure 3: Procedure of coarse location guidance and feature
map comparison. The feature maps below correspond to: (i)
the original input, (ii) the perturbed input, (iii) an empty in-
put with guidance, and (iv) an empty input without guidance.
The values shown beneath the third and fourth maps indicate
similarity scores with the first and second maps.

totypes within each class. Following this, ProtoTree(Nauta,
Van Bree, and Seifert 2021) incorporates a decision tree
mechanism into the prototype learning. Deformable Pro-
toPNet(Donnelly, Barnett, and Chen 2022) constructs pro-
totypes in a deformable manner, enabling adaptive spa-
tial changes. PIP-Net (Nauta et al. 2023) employs self-
supervised learning to generate semantically meaningful
prototypes. ST-ProtoPNet (Wang et al. 2023a) utilizes two
types of prototypes that serve different roles in control-
ling distances from the classification boundary. PixPNet
(Carmichael et al. 2024a) overcomes the limitation of fo-
cusing solely on parts by utilizing a receptive field-based
spacing matching, enabling explanations that cover the en-
tire object. ProtoFlow (Carmichael et al. 2024b) proposes
a perspective by combining the concept of prototypes with
generative classification. Limitations concerning prototype
consistency and stability were first presented in (Huang et al.
2023), which also introduced evaluation metrics for these as-
pects. Lastly, Prototype redundancy has been addressed by
ProtoShare (Rymarczyk et al. 2021) and ProtoPool (Rymar-
czyk et al. 2022), which propose pruning and assignment
strategies. Despite the development of numerous methods,
relatively little research has focused on improving stability,
particularly robustness to noise. To address this gap, we en-
hance the robustness of explanations by emulating the hu-
man phenomenon of visual mental imagery.

Method
Preliminaries
Existing part-prototype networks are generally built upon
the design principles of ProtoPNet, with extensions adapted

to their specific approaches. This section outlines the typi-
cal components of part-prototype networks. These networks
primarily comprise three parts: a backbone network f , a
prototype layer g with learnable prototypes P = {pn ∈
R1×1×D}Nn=1, where D is the prototype dimension, and a
classification layer h. Given an input image x ∈ RH×W×C ,
where H , W , and C represent the height, width, and channel
size, respectively. The backbone network f extracts the fea-
ture map z = f(x) of shape H̃×W̃×D. The prototype layer
g produces N similarity maps, S(i,j)

n = sim(z(i, j, :), pn),
for i ∈ {1, 2, ..., H̃} and j ∈ {1, 2, ..., W̃} by computing
the similarity between the feature map z and each prototype
pn. The similarity maps S(i,j)

n are converted to scores sn via
max pooling, which are aggregated in the classification layer
using a weight matrix wn to yield the prediction. This ar-
chitecture inherently supports interpretability by associating
each prototype with features, enabling the model to provide
explanations.

Prototype in Imagery Network
We propose Prototype in Imagery Network (PINet), a frame-
work designed to improve stability by modeling Phantasia.
The overall architecture is depicted in Fig. 2. Structurally,
PINet resembles conventional part-prototype networks. The
key contribution lies in leveraging an empty input to simu-
late Phantasia during feature extraction, thereby generating
uncertain representations. These uncertain representations
are integrated with certain representations to handle incom-
plete features, which can be caused by inputs with noise.

Modeling Phantasia in feature extraction Phantasia
refers to the human ability to generate visual mental im-
agery, enabling the perception of objects internally. Inspired
by the observation that such imagery facilitates the recogni-
tion of rough characteristics of imagined objects, we propose
a method that mimics this process within our framework.
Specifically, feature extraction is performed using the orig-
inal input x and an empty image x̂ of identical shape, both
processed through the backbone network f . x̂ simulates the
absence of external stimuli, and extracting features from x̂
emulates the internal generation of visual mental imagery.
However, the features extracted from x̂ tend to capture un-
related representations due to the lack of explicit evidence
of the target object. We guide f to encode rough represen-
tations from x̂ using coarse location guidance, which pro-
vides approximate information about activated regions in x.
Coarse location guidance operates in three steps: (i) gener-
ating a binary mask Bijk from the early feature of x, (ii) re-
taining only the features of x̂ aligned with Bijk, and (iii) ap-
plying uniform shifting. Bijk is derived from the positively
activated regions in the activation map Aijk of x at the first
layer, as detailed in Eq. 1.

Bijk =

{
1 Aijk > 0

0 Aijk ≤ 0
(1)

Here, i, j and k denote spatial indices. As defined in Eq. 2,
Bijk is applied to the activation map Âijk of x̂ at the same
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Accuracy(Original/Perturbed Input)
ProtoPNet TesNet ProtoPShare ProtoPool EvalProtoPNet ST-ProtoPNet PINet

VGG16 76.1 / 63.7 81.3 / 68.9 71.8 / 65.4 76.3 / 68.2 80.9 / 73.1 82.9 / 73.6 83.4 / 78.8
VGG19 78 / 67.6 81.4 / 71.2 75.8 / 68.3 78.4 / 73.1 82.5 / 74.7 83.2 / 75.7 83.8 / 78.9
Res34 79.2 / 69.4 82.8 / 72.8 74.7 / 71.8 80.3 / 72.6 84 / 74.9 83.5 / 74.6 85.1 / 80.4

Res152 78 / 69.9 82.7 / 70.6 73.6 / 64.5 81.5 / 69.8 85.1 / 72.8 84.1 / 75.8 85.3 / 82.3
Den121 80.2 / 70.1 84.8 / 74.2 74.7 / 71.1 81.5 / 68.7 85.4 / 74.7 85.4 / 76.1 86.2 / 79.5
Den161 80.1 / 71.8 84.6 / 74.6 76.4 / 72.3 82 / 71.4 86.5 / 75.8 86.1 / 77.8 86.7 / 80.8

Consistency Score(Original/Perturbed Input)
ProtoPNet TesNet ProtoPShare ProtoPool EvalProtoPNet ST-ProtoPNet PINet

VGG16 17.4 / 9.3 31.8 / 20.8 14.5 / 13.3 25 / 13.8 56.7 / 33.1 38.8 / 17.7 58.1 / 43.3
VGG19 31.6 / 10.4 46.8 / 22.1 21.4 / 12.2 36.2 / 14.8 56.5 / 36.7 39.9 / 21.3 59.4 / 48.9
Res34 15.1 / 8.8 53.3 / 30.1 19 / 13.7 32.4 / 12.5 70.6 / 36.2 26.1 / 14.6 70.9 / 52.1

Res152 28.3 / 7.6 48.6 / 27.7 26.1 / 15.6 35.7 / 20 62.1 / 32.3 31.4 / 18.9 62.3 / 57.4
Den121 24.9 / 12.5 63.1 / 36.5 23.8 / 21.4 48.5 / 19.9 68.1 / 41.1 36.5 / 16.4 75.6 / 61.3
Den161 21.2 / 7.2 62.2 / 34.4 29.6 / 24.6 40.6 / 15.4 72 / 37.5 45.8 / 27.8 73.5 / 59.6

Stability Score(Original Input)
ProtoPNet TesNet ProtoPShare ProtoPool EvalProtoPNet ST-ProtoPNet PINet

VGG16 68.1 69.2 64.6 66 70.36 52.5 75.6
VGG19 60.4 58.2 68.8 62.7 63.5 52.7 77.9
Res34 53.8 65.4 70.9 57.6 72.1 45.7 76.1

Res152 56.7 60 59.1 58.4 70.8 48.3 75.7
Den121 58.9 66.1 65.3 55.3 67.6 49.5 73.6
Den161 58.2 67.5 69.4 61.2 71.8 59.1 76.3

Table 1: The results of quantitative evaluations on CUB-200-2011. For accuracy and consistency score, results for perturbed
inputs are also reported. The second value in each cell indicates the metric for perturbed inputs.

Accuracy(Original/Perturbed Input)
ProtoPNet TesNet ProtoPShare ProtoPool EvalProtoPNet ST-ProtoPNet PINet

VGG16 88.3 / 80.4 90.3 / 84.7 84.1 / 76.2 84.7 /79.1 90.5 / 83 91.1 / 82.6 91.8 / 89.1
VGG19 89.4 / 79.7 90.6 / 84.8 88.4 / 81.5 87.8 / 81 90.6 / 83.1 91.7 / 84.3 91.7 / 90
Res34 88.8 / 80.2 90.9 / 83.7 87.6 / 82.2 89.2 / 81.9 91.1 / 85.6 91.4 / 83.6 91.5 / 88.9
Res152 88.5 / 81 92 / 83.8 80.1 / 71.2 90.1 / 82.1 91.8 / 84.8 92 / 86.4 92.6 / 89.6
Den121 87.7 / 78.9 91.9 / 84.3 85.6 / 78.4 88.2 / 83.6 92.2 / 86.4 92.3 / 85.2 92.7 / 88.8
Den161 89.5 / 81.1 92.6 / 83.5 88.9 / 80.3 90.3 / 82.8 92.5 / 85.5 92.7 / 85.7 93.1 / 90.7

Table 2: Performance of various backbone networks on original and noise-added inputs in the StanfordCars. The second value
in each cell corresponds to noise-added inputs.

layer using the Hadamard product ⊗, preserving only values
corresponding to the activated regions in x.

Â = Â ⊗ B (2)

Directly applying the mask often results in residual negative
values in Âijk, which tend to diminish through propagation
to deeper layers. To address this, we apply uniform shift-
ing along the channel dimension, as shown to be effective in
(Nam et al. 2020). This shifting enables negative values to
be cast into positive while maintaining the distributional gap
between values. After shifting, B is reapplied to eliminate
any shifted values beyond the masked regions:

Â = (Âk −min(Âk))⊗ B (3)

Fig. 3 illustrates the process of coarse location guidance and
provides a visual comparison of feature maps obtained from

empty input, with and without guidance. The comparison
demonstrates that the guided feature map ẑ = f(x̂) cap-
tures rough but partially similar features obtained from the
original input, compared to those without guidance. Accord-
ingly, we utilize ẑ with an additional prototype to construct
uncertain representations. During propagation of the empty
input, the weights of f are not updated, as our intention is
to introduce uncertainty only through the obtained uncertain
representations.

Incorporating uncertainties In most conventional part-
prototype networks, a single prototype P is used to com-
pute similarity with the feature map z. We consider z and P
as certain representations derived from x. To encode uncer-
tainty, we define an additional prototype, the uncertain pro-
totype P̂ = {p̂n ∈ R1×1×D}Nn=1, which are used to com-
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Figure 4: Qualitative evaluation results in terms of consistency for ResNet-152 and DenseNet-161. The left side shows the
results for original inputs, while the right side presents the results for perturbed inputs. Each column visualizes the same
prototype part for the same bird species. PPShare, EVProto and St-Proto denote ProtoPShare, EvalProtoPNet and ST-ProtoPNet.

pute similarity with ẑ. As shown in Fig. 3, ẑ exhibits simi-
lar activation patterns to the feature map obtained from the
perturbed input. Therefore, ẑ and P̂ together constitute the
uncertain representations, serving as proxies for perturbed
conditions. To integrate uncertain representations, we com-
pute their differences from certain representations at both the
feature map and prototype levels, incorporating these as loss
terms. At the feature map level, we employ a self-similarity-
based approach to reflect discrepancies in spatial relational
patterns. First, for original input x, we identify spatial lo-
cation r that exhibits the highest activation for the ground-
truth class within P . After normalization along the channel
dimension, self-similarity matrices are generated for z and
ẑ, denoted as G and Ĝ. The row corresponding to r is ex-
tracted from each matrix to characterize the relational pat-
tern between r and all other spatial locations. The absolute
difference between these rows defines the feature map dis-
crepancy loss Lfeat:

Lfeat = |Gr − Ĝr| (4)
This quantifies the degree of change in relational patterns,
measuring the magnitude of structural discrepancies. At the
prototype level, the difference is measured using cosine sim-
ilarity between prototypes and converted into the prototype
loss Lproto:

Lproto = 1−
∑

cos(P, P̂ ) (5)

Lproto is included in the total loss Ltotal to encourage ro-
bustness of P under uncertainty.

For the classification layer h, we utilize the score aggre-
gation (SA) module introduced in (Huang et al. 2023). The
SA module aggregates similarity scores only within their al-
located classes and assigns a learnable weight wSA

n to each
score. The final class score is calculated as a weighted sum
of similarity scores from class-relevant prototypes. This ap-
proach enhances performance by preventing cross-class in-
terference. Class scores for both x and x̂ are computed us-
ing the SA module with shared weights. Cross-entropy loss
is then applied to each, denoted as Lcertain and Luncertain.
The total loss Ltotal combines losses from existing methods:
Lcertain, Lclst, Lsep (Chen et al. 2019), and Lortho (Don-
nelly, Barnett, and Chen 2022), with additional terms for un-
certainty: Luncertain, Lfeat, and Lproto. The contribution of
these additional losses for incorporating uncertainty into the
certain representation is controlled by the parameter λ. We
constrain the range of λ to 0 ≤ λ ≤ 1 and set its initial value
to 0.3 during both training and evaluation. The results for ad-
ditional values are presented in the supplementary material.
Ltotal is defined as follows:

Ltotal = Lcertain + Lclst + Lsep + Lortho

+λ(Luncertain + Lfeat + Lproto)
(6)
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Figure 5: Qualitative results evaluating stability for ResNet-152 and DenseNet-161. The same prototype, obtained from original
inputs, is applied to both original and perturbed inputs to compare changes in explanations according to the addition of noise.

Experiments
Experimental Settings
To evaluate the effectiveness of PINet, we conducted ex-
tensive experiments focusing on accuracy and interpretabil-
ity. We assessed the performance across various backbone
networks f , including VGG(VGG16, VGG19) (Simonyan
and Zisserman 2014), ResNet(Res34, Res50) (He et al.
2016), DenseNet(Den121, Den161) (Huang et al. 2017),
using two widely used datasets: CUB-200-2011 and Stan-
ford Cars. For comparison, we selected representative part-
prototype networks, including ProtoPNet, TesNet, ProtoP-
Share, ProtoPool, EvalProtoPNet (Huang et al. 2023), and
ST-ProtoPNet.

Quantitative Results
CUB-200-2011 Following previous works, we evaluated
our frameworks using three metrics: accuracy, consistency
score, and stability score (Huang et al. 2023). Each metric
was assessed under standard evaluation scenarios. In addi-
tion, accuracy and consistency score were further evaluated
under the perturbed scenario. The perturbed scenario was
implemented by adding random noise to the input, where
the noise is sampled from various Gaussian distributions
with different σ. Results for each metric are summarized in
Tab. 1, which reports the outcomes with noise sampled at
σ = 0.2. Results for higher noise levels(σ > 0.2) are pro-
vided in the supplementary material.

As shown in the upper part of Tab. 1, PINet outperforms
all comparative models in accuracy, both with original and
noise-added inputs. ProtoPShare and ProtoPool, designed to
address the prototype redundancy, show relatively lower per-
formance compared to the other models. Notably, our frame-
work demonstrates consistent superiority on original inputs,

with a marked improvement of 1.6% on ResNet-34. This
performance gap widens under perturbed conditions. PINet
achieves nearly 80% accuracy in this setting, whereas mod-
els that perform competitively with PINet on the original in-
put exhibit declines of at least 3.1%.

The middle section of Tab. 1 presents the consistency
score, which measures how consistently a prototype is
mapped to the same part across different images. PINet
achieves the highest consistency score among all models,
followed by EvalProtoPNet, which originally proposed this
evaluation metric. Under perturbed inputs, PINet maintains
the highest score, even surpassing the performance of sev-
eral models evaluated on original inputs. Comparing the
performance change across scenarios, ProtoPNet and ST-
ProtoPNet exhibit a significant drop, whereas our framework
remains relatively stable.

The last section of Tab. 1 reports the stability score, which
quantifies robustness to noise. PINet also demonstrates su-
perior performance, achieving an especially high score of
77.9 with VGG-19. ST-ProtoPNet, which employs two pro-
totypes with different roles, exhibits the lowest performance
across most backbone networks. This indicates that the as-
signment of roles to prototypes can significantly affect per-
formance. These results demonstrate that our uncertain pro-
totypes and representations enhance robustness to noise by
treating them as imperfect proxies for perturbed inputs.

Stanford Cars Unlike CUB-200-2011, Stanford Cars
does not provide bounding box annotations for each ob-
ject part, which are necessary for calculating consistency
and stability scores. Thus, only accuracy was quantitatively
evaluated for this dataset, as summarized in Tab. 2. PINet
demonstrates superior performance on Stanford Cars as
well. Most models, excluding ProtoPShare and ProtoPool,
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Guidance Prototype
Acc Con Sta Acc Con Sta

w/o Guide Guide w/o Guide Guide w/o Guide Guide Un Ce Un Ce Un Ce
VGG16 52.2 83.4 42.4 58.1 67 75.6 79.6 83.4 56.3 58.1 69.3 75.6
VGG19 51.9 83.8 40.7 59.4 68.2 77.9 79.9 83.8 58 59.4 72.2 77.9
Res34 53.6 85.1 45 70.9 67 76.1 82.2 85.1 65.6 70.9 74.5 76.1
Res152 50.4 85.3 36.6 62.3 50.9 75.7 82.9 85.3 58.1 62.3 72.6 75.7
Den121 54.5 86.2 53.4 75.6 56.1 73.6 83.8 86.2 72.2 75.6 71.7 73.6
Den161 59.6 86.7 51.3 73.5 61.1 76.3 83.1 86.7 69.5 73.5 73.5 76.3

Table 3: Ablation study evaluating the effectiveness of coarse location guidance and the extent to which the uncertain prototype
reflects the characteristics of the certain prototype. The columns ‘w/o Guide’ and ‘Guide’ indicate the absence and application
of coarse location guidance, respectively, while ‘Un’ and ‘Ce’ denote the uncertain and certain prototypes.

Acc Con Sta
Original/Perturb Original/Perturb Original

ViT-T 83.3 / 80.5 45.2 / 39.7 61.4
ViT-S 85.5 / 82.1 46.8 / 41.2 66.9

Table 4: Ablation study of the proposed method applied to
ViTs, with quantitative evaluation on CUB-200-2011.

achieve comparable accuracy on the original inputs. How-
ever, substantial differences appear under perturbation, with
PINet exhibiting the smallest performance drop.

Qualitative Results
Qualitative evaluation results for PINet and other compar-
ative models using ResNet-152 and DenseNet-161 are pre-
sented in Fig.4 and Fig.5. Each figure illustrates visualiza-
tion in terms of consistency and stability. Fig.4 presents the
results for both original and noise-added inputs. For origi-
nal inputs, all models tend to highlight specific parts within
the object; however, comparative models often emphasize
adjacent regions depending on the object’s orientation or
posture. In contrast, PINet consistently highlights the same
region, demonstrating qualitative results that are consistent
with its quantitative performance. Fig.5 shows the results
when prototype information obtained from original inputs is
directly applied to noise-added inputs. In comparative mod-
els, noise often leads to broader or shifted highlighted re-
gions, or even entirely different parts. However, PINet, there
are subtle differences in the values within the highlighted
region, consistently emphasizes the same part regardless of
noise. These results demonstrate that incorporating uncer-
tain features contributes to enhance robustness to noise. Ad-
ditional results are provided in the supplementary material.

Ablation Study
We performed ablation studies to assess the effectiveness of
coarse location guidance and to evaluate the extent to which
the uncertain prototype reflects the characteristics of the cer-
tain prototype. The proposed mechanism was also validated
using Vision Transformer (ViT) (Dosovitskiy et al. 2020).
Here, Acc refers to accuracy, Con to consistency score, and
Sta to stability score. In Tab. 3, ‘W/o Guide’ refers to the ab-

sence of coarse location guidance, while ‘Guide’ indicates
its application. As shown in Tab. 3, removing coarse loca-
tion guidance leads to a significant decrease in all evaluation
metrics, especially for ResNet and DenseNet. This demon-
strates that coarse location guidance enables backbone net-
works to capture rough features of the input. Additionally, to
assess how much the uncertain prototype reflects the char-
acteristics of the certain prototype, we applied the uncertain
prototype to the original input, with results shown in Tab. 3.
‘Un’ stands for the uncertain prototype and ‘ce’ for the cer-
tain prototype. While some performance degradation is ob-
served compared to using the certain prototype, PINet still
outperforms several models and maintains superior perfor-
mance under perturbed conditions. Tab. 4 presents the re-
sults of applying the proposed mechanism to ViTs. While
the accuracy is comparable to that of other backbone net-
works, scores for the remaining evaluation metrics were rel-
atively reduced. This appears to be due to the structural and
operational differences of ViTs. We plan to address this in
future work to enhance general applicability.

Conclusion
In this study, we propose the Prototype in Imagery Net-
work (PINet), a framework designed to enhance the stabil-
ity of prototype-based explanations. PINet is inspired by the
concept of Phantasia, which describes the ability to recog-
nize the coarse characteristics of objects through mental im-
agery. By modeling this process, our framework aims to im-
prove robustness against input perturbations. We consider
the coarse characteristics identified by Phantasia as features
that can be extracted under perturbed conditions. To achieve
this, we utilize empty inputs and coarse location guidance
in feature extraction to capture rough but meaningful fea-
tures. These features are combined with an additional proto-
type, termed the uncertain prototype, to construct an uncer-
tain representation. During training, this uncertain represen-
tation is integrated into the conventional representation via
similarity-based difference computations at both the feature
map and prototype levels. We evaluate the effectiveness of
PINet through qualitative and quantitative analyses on origi-
nal and noise-perturbed inputs. Experimental results demon-
strate that PINet exhibits superior robustness to noise com-
pared to existing part-prototype networks.
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