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Abstract
Post-hoc explainability methods such as Grad-
CAM are popular because they do not influence
the performance of a trained model. However,
they mainly reveal “where” a model looks at for
a given input, fail to explain “what” the model
looks for (e.g., what is important to classify a bird
image to a Scott Oriole?). Existing part-prototype
networks leverage part-prototypes (e.g., character-
istic Scott Oriole’s wing and head) to answer both
“where” and “what”, but often under-perform their
black box counterparts in the accuracy. There-
fore, a natural question is: can one construct a
network that answers both “where” and “what”
in a post-hoc manner to guarantee the model’s
performance? To this end, we propose the first
post-hoc part-prototype network via decomposing
the classification head of a trained model into a
set of interpretable part-prototypes. Concretely,
we propose an unsupervised prototype discovery
and refining strategy to obtain prototypes that can
precisely reconstruct the classification head, yet
being interpretable. Besides guaranteeing the per-
formance, we show that our network offers more
faithful explanations qualitatively and yields even
better part-prototypes quantitatively than prior
part-prototype networks.

1. Introduction
In the past years, deep learning based models such as Con-
volutional Neural Networks (CNN) and Vision Transformer
(ViT) have achieved impressive performance in computer
vision tasks (He et al., 2016; Dosovitskiy et al., 2020; Gir-
shick, 2015; Ronneberger et al., 2015). However, the in-
terpretability of these black-box models has always been a
major concern and limits their real-world deployments.
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Figure 1. Prior post-hoc methods such as Grad-CAM (Selvaraju
et al., 2017) fall short in answering “what the model looks for” (a
type of global interpretability) for transparent decision making. On
the other hand, prior part-prototype based models often sacrifice
the performance. Our post-hoc part-prototype network is the first
model offering part-prototype based global interpretability for
decision making, while guaranteeing the prediction performance.

Existing post-hoc methods such as Grad-CAM (Selvaraju
et al., 2017) can explain a trained model (the name post-
hoc comes from explaining a model after it is trained) by
generating a heatmap indicating where the model looks at.
These methods are popular because they do not influence
the model’s performance. However, they have been shown
to fail, or only marginally help in recent human-centered
psychophysics experiments (Colin et al., 2022; Kim et al.,
2022), mainly due to their failures to indicate what the model
is looking for to make certain decisions (Fel et al., 2023).
As a concrete example, given an image of a bird, Grad-
CAM (Selvaraju et al., 2017) only indicates that a model
is looking at some foreground areas of the input (a type of
local interpretability as the explanation is locally valid to a
certain input), but fails to tell what visual features in these
areas are driving the decision (Rudin, 2019; Chen et al.,
2019). Therefore, they can not explain “what is generally
important for the model to classify a bird into a Scott Oriole”
(a type of global interpretability as the explanation will be
globally valid in the whole input space) (Schwalbe & Finzel,
2023).
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To address these concerns, part-prototype networks are re-
cently proposed. They leverage the case-based reasoning
framework to point out “this looks like that” (Chen et al.,
2019; Nauta et al., 2021; Wang et al., 2021; Rymarczyk
et al., 2022; Donnelly et al., 2022; Huang et al., 2023).
These models classify images by comparing inputs with a
set of prototypical parts and can thus tell what the network
is looking for to make certain decisions. Since this reason-
ing process is transparent and the contribution from each
prototype is clear, these models are also considered self-
explainable (Alvarez Melis & Jaakkola, 2018). However,
existing methods require model modifications (e.g., adding
additional prototype layers) and re-training the whole net-
work with intricate loss function designs, making them less
convenient to be applied. Moreover, these models often
under-perform their black box counterparts in the accuracy.
A conceptual comparison of pros and cons of different ap-
proaches is summarized in Figure 1.

Motivated by the above observation, a natural question is:
can we construct a model that explains both where the
model looks at and what the model looks for in a post-
hoc manner to guarantee the performance? To this end,
we propose to directly decompose a trained classification
head into a set of interpretable part-prototypes. In such a
manner, the model will be capable to explain “this bird is
classified to Scott Oriole because this area looks like a Scott
Oriole’s head and that area looks like a Scott Oriole’s wing”
instead of “it is classified to the Scott Oriole because of
these areas”, which does not explain what visual features
the model is looking for in these areas. To enable such
an interpretable decomposition, we propose a novel part-
prototype discovery and refining strategy. Concretely, we
discover initial part-prototypes via applying None-negative
Matrix Factorization (NMF) on the features due to its known
capabilities to yield parts based representations (Lee & Se-
ung, 1999). Since these initial part-prototypes may not be
able to fully reconstruct a trained high dimensional classi-
fication head, we further propose a prototype refinement
step via an optimization based residual parameter distribu-
tion subject to interpretability constraints. The distributed
parameters move the interpretable prototypes to a more
class-discriminative, yet semantically meaningful areas of
the feature space to fully recover the model’s performance.

Our contributions can be summarized as follows:

• We propose the first post-hoc part-prototype network,
which can explain both where a trained network looks
at and what it looks for without model modifications
or re-training, while guaranteeing the performance.

• We propose an unsupervised prototype discovery and
refining strategy to precisely reconstruct a trained
model’s classification head with no approximation er-
ror, yet maintaining the interpretability.

• We conduct extensive qualitative and quantitative eval-
uations using various backbones and datasets to show
both interpretability and performance advantages over
prior part-prototype networks.

2. Related Work
Part-prototype models. One prominent work designing
part-prototype networks for interpretable image classifica-
tion is the ProtopNet (Chen et al., 2019). This work focuses
on offering a transparent reasoning process: given an in-
put image, the model compares the image features with the
prototypes, and make the predictions based on a weighted
combination of the similarity scores between the image
and part-prototypes (e.g., a part of the object with semantic
meaning from a certain class). This model provides inherent
interpretability of the decision making in a “this looks like
that” manner, answering what the model generally looks
for to make certain decisions. Following this framework,
many works are proposed to investigate different aspects,
such as discovering the similarities of prototypes (Rymar-
czyk et al., 2021), making the prototype’s class assignment
differentiable (Rymarczyk et al., 2022), making the proto-
types spatially flexible (Donnelly et al., 2022), or illuminat-
ing the prototypes with multiple visualizations for richer
explanations (Ma et al., 2023a), increasing the prototype
stability (Huang et al., 2023), combining it with decision
trees (Nauta et al., 2021) or K-nearest neighbors (KNN)
(Ukai et al., 2022). These methods require model modifica-
tions (e.g., adding additional prototype layers), re-training
the whole network and are thus less convenient to be ap-
plied. More importantly, they often exhibit performance
drops and the faithfulness of the explanations explaining
“where” are recently challenged (Wolf et al., 2023). In con-
trast, our post-hoc part-prototype network guarantees the
performance without additional network re-training and eas-
ily fulfills properties desired by a faithful explanation when
explaining “where” the model looks at.

Post-hoc methods. These methods focus on explaining
trained models. Prior post-hoc methods can roughly be
categorized to perturbation (Ribeiro et al., 2016; Zeiler &
Fergus, 2014; Zhou & Troyanskaya, 2015) based or back-
propagation (Selvaraju et al., 2017; Zhang et al., 2018; Sun-
dararajan et al., 2017; Kapishnikov et al., 2021; Yang et al.,
2023) based. These methods primarily emphasize local in-
terpretability, providing explanations specific to individual
inputs (e.g., explaining “where”). However, they often fall
short in terms of capturing global knowledge and utiliz-
ing it for transparent reasoning processes (e.g., explaining
“what”) (Chen et al., 2019). In contrast, our method equips
the model the capability to explain what certain areas of the
feature map look similar to, offering a part-prototype based
global interpretability.
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Figure 2. Overview of constructing a Post-hoc Part-Prototype Network. Given a trained black box model, we aim to fully decompose
the classification head into interpretable prototypes. To achieve this, we first discover a set of prototypes P via NMF (step 1) for each
class. In each image, we display the heatmaps of 3 prototypes in different colors for easier comparison. Visualizations are created via
up-sampling the feature map to the original image resolution for ease of reading. Then we refine these prototypes P via scaling and
dynamic residual parameter distribution subject to interpretability constraints. This step aims to guarantee a precise reconstruction only
using part-prototypes without sacrificing the interpretability of them.

Matrix factorization and basis decomposition. It is not
new to understand complex signals via the decomposition.
Conventional methods such as NMF (Lee & Seung, 1999),
Principle Component Analysis (Frey & Pimentel, 1978),
Vector Quantization (Gray, 1984), Independent Compo-
nent Analysis (Hyvärinen & Oja, 2000), Bilinear Models
(Tenenbaum & Freeman, 1996) and Isomap (Tenenbaum
et al., 2000) all discover meaningful subspace from the raw
data matrix in an unsupervised manner (Zhou et al., 2018).
Among these works, NMF (Lee & Seung, 1999) stands
out as the only approach capable of decomposing whole
images into parts based representations due to its use of
non-negativity constraints which allow only additive, not
subtractive combinations. Parts-based representations have
significant interpretability benefits because psychological
(Biederman, 1987) and physiological (Wachsmuth et al.,
1994) study show that human recognize objects by compo-
nents. In the era of deep learning, (Collins et al., 2018; Fel
et al., 2023) find that NMF is also effective for discovering

interpretable concepts in CNN features with ReLU (Nair
& Hinton, 2010) as activation functions. However, both
works do not leverage the discovered concepts from the
training data to construct a model with transparent reason-
ing process. Another related work is (Zhou et al., 2018),
which approximates the classification head vector via a set
of interpretable basis vectors to facilitate interpretable de-
cision making. However, this work leverages the concept
annotations to obtain the interpretable basis rather than dis-
covering them in an unsupervised manner. What’s more,
the interpretable basis in this work fail to precisely recon-
struct the classification head. Therefore, this method can
not guarantee the same performance as the original model.

To the best of our knowledge, this is the first work construct-
ing a part-prototype model in a post-hoc manner, signifi-
cantly simplifying the process of obtaining part-prototype
based global interpretability while guaranteeing the same
prediction performance as the black box model.
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3. Method
In this section, we first introduce our designing goal and then
elaborate how this goal could be achieved via our proposed
prototype discovery and refinement strategy.

3.1. Goal: Interpretable Classification Head
Decomposition

We first denote the feature map of an image extracted by the
backbone as x ∈ RHW×D, where H,W,D are the height,
width and channel dimension respectively. The complete
classification head is denoted by V = [v1,v2, ...,vC ] ∈
RC×D for a model classifying C classes. Without loss of
generality, we consider one specific class c in the following
description and omit the class index in all notations for sim-
plicity. Prior post-hoc class activation map could explain
where the network looks at via xvT ∈ RHW×1, and the
logit of classifying an image into class c is the average value
of this matrix. This formulation, however, does not tell what
more fine-grained components the model looks for to make
the decision. This is desired because psychological (Bie-
derman, 1987) and physiological (Wachsmuth et al., 1994)
study show that human recognize objects by components.
Therefore, we propose to decompose the classification vec-
tor into k part-prototypes p̃i ∈ R1×D as follows:

v = p̃1 + p̃2 + ...+ p̃k. (1)

This simple form can easily explain what important compo-
nents the model looks for (e.g., p̃i represents a characteristic
bird head, belly or wing) to classify an image into class c,
and explain where the model looks at via visualizing k
heatmaps xp̃T

i ∈ RHW×1, as shown in the model inference
step of Figure 2 (we put 3 heatmaps in the same image
with different colors for easier comparison between differ-
ent prototypes). k is a relatively small number because a
human is typically not capable to decompose an object into
too many components (Ramaswamy et al., 2023). In the
next section, we describe how to find such an interpretable
decomposition.

3.2. Prototype Discovery and Refinement

To find these prototypes, we propose to: (1) Discover a
set of initial interpretable prototypes from image feature
maps via None-negative Matrix Factorization. (2) Scale
these prototypes to approximate the classification head via
a convex optimization. (3) Refine these scaled prototypes
via an optimization based residual parameter distribution
subject to interpretability constraints.

Formally, given n images from class c, the ith image’s
features extracted by neural networks are flattened as fi ∈
RHW×D. The features from n images stacked together are
denoted as F = [f1, ..., fn] ∈ RnHW×D.

Initial prototype discovery. This is achieved via applying
None-negative Matrix Factorization (NMF) to optimize the
following objective function:

min
E,P

||F−EP||22, (2)

where P ∈ Rk×D are the k initial prototypes we find and
E ∈ RnHW×k indicates how strong each prototype con-
tributes to the reconstruction of features in all HW spatial
positions of all n image feature maps.

The choice of using NMF is motivated by the fact that it only
allows additive, and not subtractive combinations of compo-
nents, removing complex cancellations of positive and neg-
ative values in EP (Lee & Seung, 1999). Such a constraint
on the sign of the decomposed matrices is proved to lead
to sparsity (Lee & Seung, 2000) and also parts-based repre-
sentations (Wang & Zhang, 2012). It is therefore suitable to
discover part-prototypes to indicate individual components
(e.g., a Scott Oriole’s head, wing, belly) of the target object
(e.g., a Scott Oriole bird) under the part-prototype network
framework. Popular matrix decomposition technique such
as Principle Component Analysis does not have this capa-
bility, as shown in (Lee & Seung, 1999). When applying
NMF, we stop the optimization when the error difference
between 2 updates with respect to the initial error is lower
than 10−4 or 200 iterations are reached.

Prototype scaling. In this step, we first try to approxi-
mately reconstruct the trained classification head v ∈ R1×D

via initially discovered part-prototypes P. We propose the
following convex optimization:

min
αi

||v −
k∑

i=1

αipi||22, (3)

where αi is the coefficient to scale the initial prototypes
with respect to the class c and pi is a row vector of P. Since
v and pi are fixed, this optimization is convex and αi has a
global optimum. This optimization tries to express the clas-
sification head (or target object) as a combination of initially
discovered part-prototypes. However, due to the typically
small number of part-prototypes k, there is no guarantee
that a linear combination of the basis consisting of these
k initially discovered prototypes can precisely reconstruct
the trained high-dimensional (e.g., 512 in ResNet34) clas-
sification head. Thus we further propose to refine these
prototypes to fully recover the model performance.

Prototype refinement. We propose to refine the proto-
types via distributing the residual parameters. This step
aims to equip interpretable prototypes with better class-
discriminative power and thus fully recover the model’s
performance (an illustrative example is offered in the Fig-
ure 3). After the coefficients αi are already optimized, the
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residual parameters R ∈ R1×D are calculated as:

R = v −
k∑

i=1

αipi. (4)

In order to completely decompose the classification head
into k interpretable prototypes, we suggest that the param-
eters in R should be fully absorbed by interpretable proto-
types, while not sacrificing the prototypes’ interpretability.
Thus we propose to decompose the residual parameters into

R = r1 + r2 + ...+ rk (5)

and distribute above k components ri ∈ R1×D to refine
all k prototypes respectively. This means shifting the
part-prototypes to a more class-discriminative, yet seman-
tically meaningful areas in the feature space. A straight-
forward method to obtain ri is setting ri = aiR∑k

i=1 αi
, so∑k

i=1 ri = R will automatically hold. However, such a
naive strategy may harm the interpretability of original pro-
totypes, because the ri could shift the prototypes to some
semantically less meaningful areas of the feature space.
Therefore, we further propose the following dynamic op-
timization based prototype refinement strategy with inter-
pretability constraints:

min
ri

k∑
i=1

||Norm(FpT
i )−Norm(FrTi )||22

s.t.

k∑
i=1

ri = R.

(6)

The Norm indicates the normalization operation along the
spatial dimension of images (e.g., the first dimension of
FpT

i ∈ RnHW×1). We try to align the distribution after the
normalization because human perceives heatmap images
according to the relative value distribution in the heatmaps
to observe the highlighted areas. This constraint encourages
the visualization maps generated by ri with respect to F to
be perceptually close to that of the pi to maintain the inter-
pretability of pi after the refinement. In the implementation,
we use the “Nelder-Mead” (Nelder & Mead, 1965) method
with tolerance 10−6 and maximal iteration 100 to solve this
optimization problem.

After completing all above steps, the classification head for
class c is finally completely decomposed into k interpretable
prototypes p̃i:

v =

k∑
i=1

p̃i, p̃i = αipi + ri. (7)

Repeating above steps for all classes could decompose the
whole trained classification head of a model.
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Figure 3. After discovering initial prototypes via None-negative
Matrix Factorization, our refinement step makes the part-
prototypes more discriminative for complete performance recovery,
while maintaining their interpretability.

4. Experiments
In this section, we first leverage commonly used explain-
ability axioms (desired characteristics) in prior post-hoc
methods mainly explaining “where” to show these axioms
are easily fulfilled by our method, while prior prototype
based models fail in sensitivity, completeness and linear-
ity axioms qualitatively. We call a method fulfilling these
axioms faithful explanations following (Wolf et al., 2023).
Then we compare with existing part-prototype models in
explaining “what” the model looks for and demonstrate the
benefits quantitatively that our method yields more consis-
tent and stable prototypes, yet guaranteeing the accuracy in
the CUB-200-2011 benchmark dataset (Wah et al., 2011) in
5 backbones. In addition, we show our method can be easily
applied to large scale datasets such as ImageNet (Deng et al.,
2009), while prior prototype based models either fail due
to huge memory consumption or exhibit significant perfor-
mance drops. Comprehensive ablation study is offered to
discuss the importance and influence of our design choices.

4.1. Comparisons via Explainability Axioms

We show qualitatively that our method yields more faithful
explanations than prior part-prototype models in explaining
“where” the model looks at via a set of explainability axioms.

Different works propose slightly different sets of axioms
and we summarize the commonly desired properties that an
explanation should fulfill when attributing the prediction of
a model to the contribution of individual input features in
this paragraph (Sundararajan et al., 2017; Lundberg & Lee,
2017). Sensitivity: The attribution should be zero if the
prediction does not depend on a certain feature and non-zero
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otherwise. Completeness: The sum of contributions of all
features equals the prediction. Linearity: If a model is a
linear combination of multiple models, the attributions of it
should have the same linearity. Symmetry preserving: If
two features play the exactly same role in the network, they
should receive the same attribution.

Since all prior prototype based models generate attribution
maps for explaining “where” the model looks at based on
the final feature map x, we consider the final prediction
attributed to this feature map when discussing the above
axioms. The process of calculating the logit for the class c
in our method can be expressed as

Avg(xvT ) = Avg(xp̃T
1 + ...+ xp̃T

k ), (8)

where Avg is the global average pooling. In the prior proto-
type based model, this logit is calculated via

h(max(g(x,p′
1)), ...,max(g(x,p′

k))), (9)

where p′
i are prototypes, max is the global max pooling

operation to obtain the similarity between a feature map
and a prototype, g is a distance function and h indicates a
linear combination. Most works use max pooling for the
similarity score (Chen et al., 2019; Wang et al., 2021; Ry-
marczyk et al., 2022; Huang et al., 2023; Donnelly et al.,
2022), except ProtoTree (Nauta et al., 2021) that uses a min
pooling. A summary of the comparison using explainabil-
ity axioms is presented in Table 1. Since the attributions
yielded by our method directly sum up linearly to the final
prediction, all four axioms are fulfilled. In contrast, due
to the usage of max pooling, prior models break the sen-
sitivity axiom as some areas receiving attributions in the
visualization g(x,p′

i) may have no contribution to the final
prediction. For the same reason, some similarities between
specific features and prototypes do not contribute to the
predicted logit, breaking the completeness axiom. It’s also
straightforward that the max pooling breaks the linearity
axiom. The only axiom that prior baselines fulfill is the
symmetry preserving axiom because the order of variables
does not influence the value after the max pooling.

Table 1. Comparison with prior prototype based models using ex-
plainability axioms sensitivity (SNES.), completeness (COMPL.),
linearity (LIN.) and symmetry-preserving (SYM.).

METHODS SENS. COMPL. LIN. SYM.

BASELINES × × ×
√

OURS
√ √ √ √

4.2. Comparisons via Quantitative Metrics

In this study, we compare our post-hoc part-prototype model
with prior baseline models using interpretability and accu-
racy metrics quantitatively.

Implementation details. Following prior works, we use
the benchmark dataset CUB-200-2011 (Wah et al., 2011),
which consists of 200 classes of bird spieces for this com-
parison. Although there are results reported in prior work
(Chen et al., 2019) as a baseline for trained original ResNet
(He et al., 2016), VGG (Simonyan & Zisserman, 2014),
DenseNet (Iandola et al., 2014) models, we train these orig-
inal models ourselves using a simple training scheme and
describe the details as follows: we leverage the ImageNet
(Deng et al., 2009) pretrained models as initialization for
the backbone following (Chen et al., 2019), and replace
the classification head with randomly initialized linear clas-
sifier capable of classifying 200 classes to fit the dataset
class number. We train 100 epochs with initial learning
rate 0.001 and multiply it by 0.1 every 30 epochs. We use
SGD as the optimizer with momentum 0.9 and weight de-
cay 10−4. We only use horizontal flip with probability 0.5
as data augmentation. We train the whole network with-
out specifically freezing any layer and apply simple cross
entropy loss. Note that the above training scheme for train-
ing standard Res/VGG/DenseNet networks is significantly
simpler than prior prototype based models, which typically
require adding an additional prototype layer with learnable
parameters, iteratively freezing and fine-tuning certain lay-
ers, carefully setting different learning rates for different
layers and a couple of special loss or distance function de-
signs (Chen et al., 2019; Wang et al., 2021; Donnelly et al.,
2022; Huang et al., 2023).

Quantitative interpretability and accuracy comparisons.
The quality of the prototype is evaluated by the consistency
and stability scores following (Huang et al., 2023). The
consistency score calculates the percentage of all learned
prototypes that could consistently activate the semantically
same areas (e.g., a bird head) across different images us-
ing keypoint annotations offered by the dataset. The sta-
bility score calculates the percentage of prototypes that
activate the same areas after the images are disturbed by
noises. We use the base version of ProtoEval (Huang et al.,
2023) for a fair comparison with other prior works. Ta-
ble 2 shows that in Res34, Res152, VGG19, Dense121,
our method outperforms prior works in the consistency
scores by +9.4 %, +9.3%, +5.1%, +3.8%, respectively. In
Res34, Res152, Dense121, Dense161 backbones, our stabil-
ity score outperforms prior works by an even larger margin
(+12%,+11%,+23.7%,+19.2%). Such simply trained mod-
els with no special design easily suppresses nearly all prior
works in the prediction accuracy. The interpretability met-
rics in our method are calculated using k = 3 prototypes
for each class and using more prototypes would yield even
larger advantages, as shown in the ablation study. We note
that all possible fine-tuning tricks or specific loss designs
for fine-grained image classification could easily be applied
to further increase the accuracy. However, this is not our
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Table 2. Comprehensive evaluation of interpretability using consistency scores (CON.), stability scores (STA.) as well as the accuracy
(ACC.) of part-prototype networks on the CUB-200-2011 (Wah et al., 2011) dataset. The results are over five backbones pretrained in
ImageNet (Deng et al., 2009). Best in bold.

RESNET34 RESNET152 VGG19 DENSE121 DENSE161
METHODS CON. STA. ACC. CON. STA. ACC. CON. STA. ACC. CON. STA. ACC. CON. STA. ACC.

TREE. (NAUTA ET AL., 2021) 10.0 21.6 70.1 16.4 23.2 71.2 17.6 19.8 68.7 21.5 24.4 73.2 18.8 28.9 72.4
NET. (CHEN ET AL., 2019) 15.1 53.8 79.2 28.3 56.7 78.0 31.6 60.4 78.0 24.9 58.9 80.2 21.2 58.2 80.1
POOL. (RYMARCZYK ET AL., 2022) 32.4 57.6 80.3 35.7 58.4 81.5 36.2 62.7 78.4 48.5 55.3 81.5 40.6 61.2 82.0
DEFORM. (DONNELLY ET AL., 2022) 39.9 57.0 81.1 44.2 53.5 82.0 40.6 61.5 77.9 61.4 64.7 82.6 46.7 63.9 83.3
TESNET (WANG ET AL., 2021) 53.3 65.4 82.8 48.6 60.0 82.7 46.8 58.2 81.4 63.1 66.1 84.8 62.2 67.5 84.6
EVAL. (HUANG ET AL., 2023) 52.9 66.3 82.3 50.7 65.7 83.8 44.6 56.9 80.6 52.9 59.1 83.4 56.3 61.5 84.7

Ours 62.3 79.5 82.3 60.0 76.0 86.2 49.7 56.9 81.2 65.2 82.8 84.1 60.0 80.7 85.9

goal and we show that such a simply trained model could
readily yield prototypes with very good qualities.

4.3. Analysis in the Large Scale Dataset ImageNet

Performance comparisons. None of the prior prototype
based methods evaluates their models in this large scale
dataset. Some work even directly indicates that their model
may be computationally too heavy in large scale datasets
(Ukai et al., 2022). To test their scalability, we use the
ImageNet pretrained ResNet34 as backbone and try to run
the released code of four representative models, namely
ProtopNet (Chen et al., 2019), TesNet (Wang et al., 2021),
ProtoPool (Rymarczyk et al., 2022), ProtoDeform (Don-
nelly et al., 2022) by changing the class number and cor-
responding prototype numbers to observe how would the
performance change after equipping the pretrained model
with the part-prototype based global interpretability. The
results are summarized in Table 3. Both ProtoPool (Rymar-
czyk et al., 2022) and TesNet (Wang et al., 2021) are not
runnable even with batch size 1 in a NVIDIA 3090 Ti with
24 GB memory, indicating their huge memory consumption
in complex handling of prototypes when the class number
is large. Other methods such as ProtopNet (Chen et al.,
2019) and ProtoDeform (Donnelly et al., 2022) exhibit a
strong performance drop (-9.6%, -11.7%) compared to the
original pre-trained ResNet34. These results indicate the
good scalability of our post-hoc approach and its value in
maintaining the accuracy in large scale datasets.

Table 3. Performance in ImageNet of ProtopNet (Net) (Chen et al.,
2019), TesNet (Tes) (Wang et al., 2021), ProtoPool (Pool) (Rymar-
czyk et al., 2022), ProtoDeform (Deform) (Donnelly et al., 2022)
respectively. All methods either suffer from strong performance
drop or can not scale to this large scale dataset. OOM indicates the
out of memory error even with batch size 1 on a 24 GB GPU.

METHODS NET TES POOL DEFORM Ours

ACCURACIES 65.5 OOM OOM 63.4 75.1

ResNet34 ViT-Base CoC-Tiny

Allow
Neg. Feature

Inductive Bias

#Para. 21.8M 88M 5.3M

Figure 4. Comparison of 3 architectures and their prototypes in
ImageNet (Deng et al., 2009). We visualize the presence areas of
3 prototypes in 3 example images from the class ”sled dog”.

Qualitative comparisons of NMF prototypes in 3 archi-
tectures. CNN architectures (He et al., 2016; Simonyan &
Zisserman, 2014) typically use ReLU (Nair & Hinton, 2010)
as the activation functions and naturally obtain non-negative
features. However, more recent architectures such as ViT
(Dosovitskiy et al., 2020) or CoC (Ma et al., 2023b) use
GeLU (Hendrycks & Gimpel, 2016) as activation functions
and thus allow negative feature values. We note that there
are variants of NMF such as semi-NMF and convex-NMF
which could handle negative input values (Ding et al., 2008).
However, for consistency in the evaluation across different
architectures, we simply set all negative features to zero
and conduct NMF on extracted deep features. We evaluate
multiple architectures including ResNet34 (He et al., 2016),
ViT-base with patch size 32 (Dosovitskiy et al., 2020) and
Coc-tiny (Ma et al., 2023b). A brief summary of different
architectures is shown in the Figure 4. The areas that the
prototypes are present are visualized by different colors.
It could be seen that even if we remove the negative fea-
ture values in ViT (Dosovitskiy et al., 2020) and CoC (Ma
et al., 2023b), NMF still leads to reasonable parts based
representation. This indicates that the non-negative feature
values already capture the major representations of the cor-
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Figure 5. Interpretability benefits of our proposed prototype refine-
ment strategy measured by prototype’s consistency and stability
scores. Our dynamic refinement strategy (blue) not only outper-
forms the naive distribution (orange) by a huge margin, but also
surprisingly improves the initial prototypes (purple) in most cases.

responding image parts. Moreover, the areas of different
prototypes from ViT are less separable, probably because
the ViT architecture has less inductive bias. This may make
the spatial relationship in the original image less maintained
in the feature map.

4.4. Ablation study

In this section, we ablate our design choices under different
number of prototypes to analyze the importance regarding
the interpretability as well as the accuracy.

Importance of the interpretability constraints. We use
the trained ResNet34 in CUB-200-2011 (Wah et al., 2011)
to conduct this study. As shown in Figure 5, our method
outperforms the naive version of prototype refinement by a
very large margin in all cases. Surprisingly, our method not
only successfully maintain the interpretability of the initially
discovered prototypes, but also significantly improves the
prototype quality measured by consistency and stability
scores in the case of k = 5 and k = 10.

Importance of the prototype refinement for accuracies.
We conduct this study in the ImageNet (Deng et al., 2009)
dataset using ResNet34 (He et al., 2016), ViT-Base (Dosovit-
skiy et al., 2020), CoC-Tiny (Ma et al., 2023b). As could be
seen in the Table 4, our refinement step plays an important
role in guaranteeing the model’s prediction accuracy, indi-
cating the importance of equipping interpretable prototypes
with discriminative power via our prototype refinement step.
Note that the result 76.3 of ViT comes from averaged fea-
tures of the last layer into the classification head for fair
comparison. Using the ViT’s classification token reaches
80.7 Top1 accuracy.

Table 4. Performance comparison using initial prototypes and fi-
nally refined prototypes in ImageNet (Deng et al., 2009).

INITIAL PROTOTYPES REFINED PROTOTYPES
#PROTO RES VIT COC RES VIT COC

K=3 16.4 50.8 45.1 75.1 76.3 71.9
K=5 20.4 52.1 49.3 75.1 76.3 71.9
K=10 28.4 54.8 54.3 75.1 76.3 71.9

Inputs 𝑘 = 3 𝑘 = 5 𝑘 = 10

Figure 6. Visualizations of discovered prototypes using different
prototype number k in CUB. Setting k = 3 discovers head, belly
and wing consistently across different images. Increasing this
number to 5 can additionally discover prototypes such as legs
(deep blue) and breast (green color). k = 10 discovers even more
fine-grained interpretable prototypes such as throat and tail.

Visualizations of different number of prototypes. Fig-
ure 6 shows setting k = 3 successfully discovers part-
prototypes corresponding to head, wing and belly. When
k = 5, prototypes of breast and legs are additionally discov-
ered. Even k = 10 discovers surprisingly meaningful object
parts (e.g., head, wing, throat, back, breast, belly, legs, tail,
etc). The flexibility of obtaining various number of part-
prototypes is an advantage of our post-hoc method for rich
explanations. In contrast, prior methods require re-training
the whole model when varying the prototype number.

4.5. Limitations

As a post-hoc method, the capability of our method in ob-
taining part-prototypes is limited by the trained black box
model. For example, if the trained model can not extract
distinct features for certain objects, it is also hard for our
algorithm to discover corresponding part-prototypes.

5. Conclusion
In this work, we aim to answer: can we construct a model
that explains both “where” the model looks at and “what”
the model looks for in a post-hoc manner to guarantee the
performance? To this end, we propose the first post-hoc
part-prototype network via a novel prototype discovery and
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refinement strategy which precisely reconstructs the trained
classification head. Besides guaranteeing the performance,
our method is even more faithful when explaining “where”
and yields more consistent and stable prototypes when ex-
plaining “what” compared to prior works. This work in-
dicates the value of exploring existing feature space for
interpretability and opens up a new paradigm to design part-
prototype networks in a post-hoc manner.
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Impact Statement
Constructing a part-prototype network helps human to better
understand how deep neural networks make decisions. Our
post-hoc method significantly simplifies the construction
process and yields interpretable prototypes of even better
qualities while guaranteeing the accuracy. Our method has
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AI applications, which is crucial for building trust with users
and stakeholders. We believe that our method represents a
significant step forward in the development of responsible
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Figure 7. Example of test-time intervention: setting the contribution of the green prototype to zero corrects the model’s prediction.

A. Case Study on Test-time Intervention
One of the major advantages of an interpretable model is enabling the human to correct the wrong predictions. In this
section, we demonstrate a case study via Figure 7. The initial prototypes discovered by NMF could be understood as follows:
(1) The red prototype corresponds more to the background. (2) The green prototype is more in the shape of a long thin pipe,
which confuses the model when the input is an instrument with the similar shape. (3) The blue prototype corresponds more
to a trigger. So a human expert could intervene the green prototype by setting the contribution from this prototype to zero
and the model can now correctly predict the input image to obe, hautboy, hautbois.

B. Accuracy Comparisons in Stanford Cars & Dogs
The Stanford Cars (Krause et al., 2013) and Stanford Dogs (Khosla et al., 2011) datasets are both for fine-grained image
classification tasks. We show in Table 5 and Table 6 that our model still outperforms prior works in the accuracy. All results
are based on full images for a fair comparison.

Stanford Cars We follow the same data augmentations as ProtoTree (Nauta et al., 2021) and use the same training
schedule as we do for the CUB-200-2011 (Wah et al., 2011) dataset. We do not include any additional loss function design
except the standard cross entropy and do not apply any fine-tuning tricks as prior existing prototype based models. The table
5 indicates that such simply trained black box models still achieve a higher accuracy in 2 of the 3 backbones compared to
prior state-of-the-art carefully engineered models in this dataset, further justifying the benefits of our post-hoc approach.

Table 5. Comparison with prior prototype based models under different backbones in the Stanford Cars (Krause et al., 2013) dataset.

METHODS VGG19 RES34 RES152

TREE (NAUTA ET AL., 2021) - 86.6 -
DEFORM (DONNELLY ET AL., 2022) - - 86.5
ST (WANG ET AL., 2023) - - 85.3
SUPPORT ST (WANG ET AL., 2023) - - 87.3
PIXPNET(CARMICHAEL ET AL., 2024) 86.4 - -
OURS 88.2 85.5 89.7
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Figure 8. Visualization of prototypes in different classes. In each row, different colors indicate the activation areas of different prototypes.
The prototypes discovered can consistently activate same semantically meaningful areas across images. This figure shows the case of
k = 3 prototypes in each class.

Stanford Dogs Since Deformable ProtopNet (Chen et al., 2019) does not release how they augment the data, we use
simple random resized crop and random horizontal flip as the augmentation. The training scheme is the same as done for the
CUB (Wah et al., 2011) and Stanford Cars (Krause et al., 2013) datasets. The accuracy comparisons are summarized in the
following Table 6. The black box models outperform prior works in all backbones.

Table 6. Comparison with prior prototype based models under different backbones in the Stanford Dogs (Khosla et al., 2011) dataset.

METHODS VGG19 RES152 DENSE161

PROTOPNET (CHEN ET AL., 2019) 73.6 76.2 77.3
DEFORM (DONNELLY ET AL., 2022) 77.9 86.5 83.7
OURS 82.4 87.2 85.1

C. More Implementation Details
For NMF optimization, we use the update rules introduced in (Lee & Seung, 2000) and leverage the public code released by
(Collins et al., 2018).

For the prototype scaling via convex optimization, we use the cvxpy (Diamond & Boyd, 2016) package.

For optimization based residual parameter distribution subject to interpretability constraint, we only optimize k − 1

components, and set the kth component as R −
∑k−1

i=1 ri to guarantee that all components sum up to R during the
optimization. We use the SciPy (Virtanen et al., 2020) package for this optimization.

D. More Visualizations
In Figure 8, we show our discovered prototypes in each class can consistently activate the semantically same areas across
different images in CUB (Wah et al., 2011), Cars (Krause et al., 2013), Dogs (Khosla et al., 2011) respectively.
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