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Abstract

Deep neural networks have demonstrated remarkable per-
formance across various domains, yet their decision-making
processes remain opaque. Although many explanation meth-
ods are dedicated to bringing the obscurity of DNNs to
light, they exhibit significant limitations: post-hoc explana-
tion methods often struggle to faithfully reflect model be-
haviors, while self-explaining neural networks sacrifice per-
formance and compatibility due to their specialized architec-
tural designs. To address these challenges, we propose a novel
self-explaining framework that integrates Shapley value esti-
mation as an auxiliary task during training, which achieves
two key advancements: 1) a fair allocation of the model pre-
diction scores to image patches, ensuring explanations inher-
ently align with the model’s decision logic, and 2) enhanced
interpretability with minor structural modifications, preserv-
ing model performance and compatibility. Extensive experi-
ments on multiple benchmarks demonstrate that our method
achieves state-of-the-art interpretability.

Introduction

Deep neural networks (DNNs) have achieved remarkable
success across numerous applications (Redmon et al. 2016;
Vinyals et al. 2015; Antol et al. 2015). Despite their impres-
sive capabilities, a significant challenge persists: the inherent
lack of interpretability in their decision-making processes.
This limitation raises critical concerns about the reliability
and safety of DNNS, particularly in high-stakes applications
where model interpretability is crucial for ensuring reliabil-
ity and accountability (Molnar 2020; Borys et al. 2023).
Current approaches for explaining DNN predictions can
be broadly categorized into two paradigms: post-hoc ex-
plaining and self-explaining methods. Post-hoc explana-
tion methods, including gradient-based (Sundararajan, Taly,
and Yan 2017; Selvaraju et al. 2017; Yang, Wang, and
Bilgic 2023; Li et al. 2023a), perturbation-based tech-
niques (Petsiuk, Das, and Saenko 2018; Fong, Patrick, and
Vedaldi 2019; Jethani et al. 2022; Covert, Kim, and Lee
2023), counterfactual-generation-based (Bass et al. 2022;
Xie et al. 2024) and attention-based (Abnar and Zuidema
2020; Chefer, Gur, and Wolf 2021a; Qiang et al. 2022;
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Wu et al. 2024a), are typically applied independently of
model training. While widely adopted, these methods of-
ten produce unfaithful explanations that inadequately rep-
resent model behaviors (Adebayo et al. 2018; Yang and
Kim 2019; Kindermans et al. 2019; Hesse, Schaub-Meyer,
and Roth 2024). In contrast, self-explaining neural networks
(SENNs) (Chen et al. 2019; Brendel and Bethge 2019;
Wang, Wang, and Inouye 2021; Hesse, Schaub-Meyer, and
Roth 2021; Bohle, Fritz, and Schiele 2022; Chen et al. 2023;
Nauta et al. 2023; De Santi et al. 2024; Arya et al. 2024)
integrate interpretability directly into their models through
specialized architecture designs. By construction, SENNs
generate intrinsic explanations aligned with the model’s de-
cision logic, offering greater faithfulness compared to post-
hoc methods. However, SENNs face three major limitations:
1) they often require training from scratch, limiting their
compatibility with pre-trained models (Arya et al. 2024);
2) their specialized architectural designs (Chen et al. 2019;
Hesse, Schaub-Meyer, and Roth 2021; Chen et al. 2023)
often lead to degraded performance compared to standard
DNN:Ss; 3) the inclusion of interpretability modules (Brendel
and Bethge 2019; Wang, Wang, and Inouye 2021; Chen et al.
2023) introduces memory and computational overhead, hin-
dering scalability.

Recent research (Lundberg and Lee 2017; Jethani et al.
2022; Covert, Kim, and Lee 2023) establishes the Shapley
value (Shapley 1953) as a principled approach for model
interpretation, as it quantifies the marginal contribution of
individual input components (e.g., image patches) to pre-
dictions. While many approaches have made progress in
incorporating Shapley value for model interpretation, they
still face significant limitations in computational efficiency
and attribution accuracy. Conventional approaches (Castro,
Goémez, and Tejada 2009; Strumbelj and Kononenko 2010;
Lundberg and Lee 2017; Covert and Lee 2021; Mitchell
et al. 2022) require extensive model inferences to approx-
imate Shapley values, making them computationally costly
and impractical for many applications. Moreover, the dis-
crepancy between masked data used for Shapley value esti-
mation during testing and the unmasked data during train-
ing may introduce additional attribution errors. Alternative
methods such as FastSHAP (Jethani et al. 2022) and ViT-
Shapley (Covert, Kim, and Lee 2023) introduce an auxil-
iary surrogate model to process masked images, followed by
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Figure 1: Visualization of our method’s explanations on ImageNet. The top row shows the input images and the bottom displays
the corresponding explanations.

training an explainer to fastly estimate Shapley values. How- 2020; Chefer, Gur, and Wolf 2021a; Qiang et al. 2022; Wu
ever, the explainer ultimately interprets the surrogate model et al. 2024a), often face challenges with reliability and faith-
rather than the model to be explained. fulness (Adebayo et al. 2018; Yang and Kim 2019; Hesse,

To address these challenges, we propose a multitask learn- Schaub-Meyer, and Roth 2024). Among perturbation-based
ing framework that intrinsically integrates Shapley value methods, conventional Shapley value approaches (Castro,
estimation directly into the model’s optimization process. Go6mez, and Tejada 2009; Strumbelj and Kononenko 2010;
By simultaneously optimizing the model for the primary Lundberg and Lee 2017; Covert and Lee 2021; Mitchell
task (e.g., image classification) and Shapley value estima- et al. 2022) are constrained by high computational com-
tion with an appropriate trade-off parameter, our framework plexity, while existing acceleration techniques (Jethani et al.
(see Figure 2) achieves self-interpretable predictions with- 2022; Covert, Kim, and Lee 2023) often fail to produce ac-
out compromising the performance of the primary task. Un- curate Shapley value estimates.

like post-hoc explanation methods that risk misrepresenting
a model’s decision logic, our approach learns explanations

as part of the model’s reasoning process, ensuring alignment Models with inherent interpretability (Chen et al. 2019;
between explanations and decision logic (see Figure 1). Brendel and Bethge 2019; Hesse, Schaub-Meyer, and Roth
Compared to existing SENNs, our framework requires mi- 2021; Nauta, Van Bree, and Seifert 2021; Bohle, Fritz, and
nor architectural modifications and does not rely on external Schiele 2022; Nauta et al. 2023; De Santi et al. 2024) offer
interpretation modules, preserving computational efﬁciency a more promising direction by incorp()rating transparency
and model compatibility. Furthermore, by naturally incor- mechanisms into their architecture. ProtoPNet (Chen et al.
porating masked images during training, our approach cir- 2019), PIPNet (Nauta et al. 2023) and PIMPNet (De Santi
cumvents the discrepancy problem associated with post-hoc et al. 2024) leverages prototype comparison, BagNets (Bren-
Shapley estimation without the need for a surrogate model. del and Bethge 2019) employs patch-based feature extrac-
In summary, our key contributions are as follows: tion, X-DNNs (Hesse, Schaub-Meyer, and Roth 2021) en-

* we propose a novel Optimization framework that JOlntly ables efficient Integrated Gradients computation, and B-
learns Shapley value estimation and the primary task, cos networks (Bohle, Fritz, and Schiele 2022) implement
enhancing exp]anation faithfulness while preserving the structural alignment for feature identification. Recent ad-
primary task performance; vances (Wang, Wang, and Inouye 2021; Chen et al. 2023)

seek to incorporate Shapley value into self-explaining ar-
chitectures. While enhancing the interpretability, the spe-
cialized architecture designs could increase memory and
computational overhead, and compromise the model’s com-
patibility and performance. B-cosified (Arya et al. 2024)
extends compatibility with pre-trained backbone models

e we validate our method on image classification and
image-text matching tasks, and demonstrate that it out-
performs state-of-the-art post-hoc explaining and self-
explaining methods.

Related Work such as ResNet (He et al. 2016), and Vision Transformers
Contemporary explainable artificial intelligence encom- (ViT) (Dosovitskiy et al. 2020). Although with minor archi-
passes post-hoc explaining and self-explaining meth- tectural changes, the recent work (Alkhatib et al. 2025) pri-
ods (Nauta 2023). Post-hoc methods including gradient- marily focuses on tabular data applications and small-scale
based approaches (Sundararajan, Taly, and Yan 2017; Sel- classification tasks. Our method integrates Shapley value at-
varaju et al. 2017; Yang, Wang, and Bilgic 2023; Li et al. tribution directly into the learning process as an auxiliary
2023a), perturbation-based techniques (Ribeiro, Singh, and task, tailored for fine-tuning modern, large-scale pretrained
Guestrin 2016; Lundberg and Lee 2017; Petsiuk, Das, and models like ViT and CLIP. We demonstrate its effectiveness
Saenko 2018; Jethani et al. 2022; Covert, Kim, and Lee and superior explanation quality across multiple tasks, in-
2023), counterfactual-generation-based (Bass et al. 2022; cluding image classification, object localization (segmenta-
Xie et al. 2024) and attention-based (Abnar and Zuidema tion), and image-text matching on large-scale benchmarks.
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Figure 2: Schematic representation of our proposed dual-branch self-explaining framework. The upper branch processes the
original image to get the explanations and classification logits, while the lower branch processes the masked image to supervise

the explanations via Shapley Loss.

Background
Shapley Value

Consider a feature space denoted by X', where each ob-
servation x comprises N distinct components expressed as
x = (my,...,my). In a classification framework, the tar-
get class y is drawn from the set ) = {1,...,K}. The
predictive model is represented by f(x;#), where 6 repre-
sents the model parameters and f, (x; 6) corresponds to the
logit value for the class y. A binary mask s € {0, 1}* indi-
cates the selection of components from x, where the subset
xs = {m|s; = 1,7 = 1,...,N}. The vectors 1 and O
in RY represent all-ones and all-zeros vectors, respectively,
while e; € RY represents the i—th canonical basis vector (a
one-hot vector with 1 at the i—th position and 0 elsewhere).
1Ts yields the number of components in a subset. Given an
image x, the value function v : 2V ++ R quantifies the pre-
dictive value of the subset xg for class y:

vy(s) = fy (%s;0) . ey

Within cooperative game theory, the Shapley value pro-
vides a principled method to fairly allocate collective gains
among coalition participants (Shapley 1953). Given the
value function v that maps subsets of participants to their
aggregated contributions, the Shapley value ¢; quantifies the
marginal contributions of component ¢, computed as:

(1Ts)(N—-1-1Ts)!
5

bi (v(s+e;)—v(s)). (2)

Here, the summation extends over all masks s excluding
component i. This formulation evaluates the incremental im-
pact of adding component ¢ to every feasible coalition, ad-
hering to a theoretically rigorous methodology for assessing
individual contributions (Shapley 1953).

KernelSHAP

KernelSHAP (Lundberg and Lee 2017) reformulates the
Shapley value estimation as a weighted least squares opti-
mization problem, leveraging strategic coalition sampling to
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efficiently approximate the solution. Formally, the Shapley
values ® € R are obtained by solving:

ming K, ) {(v(s) —v(0) — sT<I>) 2]
17® = (1) — v(0).

(3)
s.t.

The coalition weighting kernel p(s), derived from (Charnes
et al. 1988), prioritizes coalitions with very small or large
subsets:

(N-1)1Ts—=1)(N —-1Ts—1)!
N! ’

p(s) )
where 0 < 17s < N. Theoretical analyses (Lundberg and
Lee 2017; Covert and Lee 2021) demonstrate that this es-
timator is statistically consistent and unbiased under mild
assumptions. However, the computational cost remains pro-
hibitive, as separate optimization problems must be solved
for every image x.

Method

In this section, we propose a dual-branch framework that
jointly optimizes the primary task (e.g., image classification)
and Shapley value estimation to enhance the interpretability
of predictive models. First, the input image x is partitioned
into N patches, each treated as an independent component.
The first branch processes the original image and employs a
patch-based soft voting for the primary task, where the con-
tribution of each patch is weighted by its predicted Shapley
value (i.e., explanations). The second branch processes the
masked image to supervise the explanations. The framework
overview is shown in Figure 2.

Patch-Level Decomposition and Representation

Given an input image x € RE*H#*W we decompose it into

N = H, x W), patches with patch size P, each treated as
a component. These patches are processed through a vision
model @ with parameters #, comprising an encoder Enc(-)



and a prediction head Head(-). The model directly predicts
the Shapley value of each patch as follows:

E = Enc(x) € RV*E
®(x;0) = Head(E) € RV*K

&)
(6)
where L denotes the feature dimension per patch, and

®(x;0) represents class-specific shapley values for K
classes across all NV patches.

Patch-Based Soft Voting

In our framework, image-level predictions are then obtained
by aggregating predicted Shapley values ®(x;6) for each
patch through a soft voting mechanism:

N
f(x;0) = Z ®(x;0),,. € R*.

n=1

N

This aggregation mechanism, rooted in cooperative game
theory, ensures fair attribution of each patch’s marginal con-
tribution to the final outcome of the primary task. Taking
image classification as an example, the objective is then op-
timized using a standard cross-entropy loss:

los = IE]n(x) CrossEntropy(f(X; 9)7 y*)a ®)

where y* denotes the ground truth label of x.

Shapley Value Estimation via Self-Supervised
Learning

We present our self-supervised framework for Shapley value
estimation using the formulation in Problem (3).

Mask Sampling The process begins by strategically sam-
pling the binary mask s from the Shapley kernel defined in
Eq. 4. Each mask represents a coalition of patches, where
s; = 1 indicates the inclusion of patch ¢ in the coalition.

Masked Image Processing Building on the patch decom-
position outlined previously, we process each input image
x by applying the sampled mask s to discard the excluded
patches. We employ specialized masking strategies for dif-
ferent architectures: standard zero-masking for CNN, and
physical patch removal for ViT similar to the approach pro-
posed in Masked Autoencoders (He et al. 2022). The result-
ing masked image X is then encoded through:

E. = Enc(x,) € RM*L,
®(x4;0) = Head(E;) € RM*K,

where M is the number of included patches.

&)
(10)

Shapley Loss Formulation Following FastSHAP (Jethani
et al. 2022), we estimate Shapley values through a param-
eterized function ®(x;60), which simultaneously serves as
the prediction mechanism via the aggregation in Eq. 7. In
addition to the classification loss, we optimize 6 through the
Shapley loss derived from Problem (3):

2
Csnap = Ep(x),p(y),p(s) {(Uy(s) — vy (0) — ST@’(X; 9>:»y) }v
(11
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where p(y) denotes uniform class sampling, and ®(x;6). ,,
denotes class-specific Shapley value for class .

We implement patch masking through either zero-
masking or physical removal. This methodology establishes
the baseline value v(0) as equivalent to the model’s empty-
input prediction. By standardizing v(0) = 0 to streamline
optimization, the constraint in Problem (3) simplifies to:

1T<I’(x;9);7y = v,(1), (12)

and the constraint is inherently satisfied by the aggregation
mechanism defined in Eq. 7 and the value function formula-
tion in Eq. 1. The Shapley loss is thus simplified as a self-
supervised objective:

M
lonap = B[(Y ®(xe; Oy =5 ®(x:0).,)2],  (13)

m=1

where fozl P (Xg; 0)m,y is the predictive value for class y
given masked input x5, which is equal to vy (s).

Training Procedure

The total loss is a combination of the primary objective (e.g.,
classification loss) and Shapley loss as:

b ="los+ M- Eshap, (14)

where \ serves as a trade-off hyperparameter. The pseudo-
code of the training procedure is provided in the Appendix.

Experiments

This section presents a comprehensive evaluation of our
proposed self-explaining model through multiple experi-
ments across diverse datasets and applications. We begin
with model implementations, followed by extensive com-
parisons with state-of-the-art methods. Code is available at
https://github.com/kalofan/SENNs-via-SVO.

Method Implementations

We evaluate our framework using two standard architec-
tures, ViT-B and ResNet-50, with an input image size of
3 x 224 x 224. While preserving the core functionality of
each model, we introduce specific adaptations to achieve
patch decomposition and spatial feature representation criti-
cal for interpretable Shapley value estimation.

Feature Extraction. For ViT, we remove the class token
[cls] and retain all the IV patch tokens, generating patch
feature representations with the size of N x L. For CNN
architectures, we preserve the inherent structures while re-
shaping outputs to match the ViT format. Specifically, a
standard ResNet-50 encoder produces feature maps of di-
mensions L X \/]V X \/N , which we reshape to IV x L patch
representations: E = Reshape(Enconn(x)).

Masked Feature Extraction. Given masks s, we retain only
M unmasked patches and remove masked patches along
with [cls] for ViT, thereby extracting patch representa-
tions with the size of M x L. For CNN models, direct re-
moval of masked patches is infeasible. Instead, we first gen-
erate masked input x5 by zeroing out masked patches. xg



Model | Acc@1  #Params #FLOPs
BagNet 63.5 18M 16.4B
HarsanyiNet 67.1 45M 6.1B
ViT-B 75.0 86M 17.6B
B-cos-V 74.4 86M 17.6B
B-cosified-V 75.3 86M 17.8B
Ours-V 76.8 86M 17.6B
ResNet-50 75.3 26M 4.1B
ProtoPNet 72.3 29M 4.4B
X-DNNs 72.9 26M 4.1B
B-cos-R 75.9 26M 4.3B
B-cosified-R 76.5 26M 4.3B
Ours-R 76.3 26M 6.6B

Table 1: Performance comparison of different models on Im-
ageNet classification. The table is organized into three sec-
tions: custom CNNs (top), ViT-B-based models ("-V”’, mid-
dle), and ResNet-50-based models (’-R”, bottom).

is then processed through the CNN encoder, followed by a
Gather operation to select patch features exclusively from
unmasked positions:

Es = Gather(Reshape(Encenn(xs)), s) (15)

Hyperparameters. For ViT-B, we employ a patch size of
P = 16, producing N = 196 with a feature dimension
L = 768. For ResNet-50, we modify the stride parame-
ter from 2 to 1 in the initial residual block’s convolutional
layer in stage 4, generating feature maps of dimensions
L x VN x /N = 2048 x 14 x 14, which are reshaped
to N x L = 196 x 2048. To accelerate convergence, all
backbones are initialized with ImageNet pre-trained weights
and fine-tuned by our method, underscoring our method’s
compatibility with standard architectures. Additional train-
ing details and time costs are provided in the Appendix.

Vision Models

Prediction Performance Table 1 presents a comparative
analysis of our method against pre-trained ResNet-50, ViT-
B, and state-of-the-art SENNSs in terms of classification per-
formance on ImageNet (Russakovsky et al. 2015). Evalu-
ated SENNSs include ProtoPNet (Chen et al. 2019), Bag-
Net (Brendel and Bethge 2019), X-DNNs (Hesse, Schaub-
Meyer, and Roth 2021), B-cos (Bohle, Fritz, and Schiele
2022), HarsanyiNet (Chen et al. 2023) and B-cosified (Arya
et al. 2024). Metrics include top-1 accuracy (Acc@1), num-
ber of model parameters, and computational complexity
(FLOPs). BagNet and HarsanyiNet, shown in the upper sec-
tion of the table, employ custom CNN models. The mod-
els in the center section are based on ViT-B architectures,
whereas those in the lower section primarily utilize ResNet-
50 variants.

Our ViT-B implementation achieves 76.8% top-1 accu-
racy, surpassing the vanilla ViT-B (75.0%) by 1.8% while re-
taining identical parameters and FLOPs. This demonstrates
that our interpretability framework enhances rather than
compromises classification performance. Similarly, when
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Backbone XAI Method ‘ AOPCT LOdds| SaCo?t
ViT-B Grad-CAM 0.547 -4.179  0.1187
ViT-B Rollout 0.671 -5.186  0.2887
ViT-B GAME 0.707 -5.391 0.4353
ViT-B CheferLRP 0.715 -5.587 04411
ViT-B ATTCAT 0.647 -4.387  0.3454
ViT-B ViTShapley 0.676 -5.056  0.4095
ViT-B TokenTM 0.755 -5.668  0.4827
ResNet-50 1G 0.643 -4.689  0.2929
ResNet-50 Grad-CAM 0.604 -4.275 02182
ResNet-50 FastSHAP 0.683 -4976  0.3197
ResNet-50 IDGI 0.706 -5.225  0.4057
ResNet-50 CAE 0.601 -4.107  0.2224
ProtoPNet ProtoPNet 0.577 -4.075  0.2053
BagNet BagNet 0.794 -5.864  0.5124
X-DNNs X-DNNs 0.636 -4.678  0.2703
B-cos-V B-cos 0.714 -5.474  0.4334
B-cos-R B-cos 0.717 -5.486 04175
HarsanyiNet = HarsanyiNet 0.798 -5.903  0.5147
B-cosified-V  B-cosified 0.712 -5473 04323
B-cosified-R  B-cosified 0.718 -5.489  0.4207
Ours-V Ours 0.803 -5.987  0.5196
Ours-R Ours 0.806 -6.036  0.5193

Table 2: Comparison of explanation performance on the Im-
ageNet dataset. The upper and middle sections report post-
hoc methods applied to vanilla ViT-B and ResNet-50 back-
bones, respectively, while the lower section shows results
for various SENNs. The “-V” and “-R” suffixes indicate ViT
and ResNet backbones, respectively.

applied to the ResNet-50, our method achieves 76.3% ac-
curacy, outperforming the vanilla ResNet-50 (75.3%). This
improvement is particularly significant given that existing
interpretable models such as ProtoPNet and X'-DNNs typi-
cally exhibit substantial performance degradation. These re-
sults validate that integrating Shapley value estimation dur-
ing training not only maintains but enhances classification
performance, while introducing a minor to no increase in
computational complexity.

Explanation Faithfulness To evaluate the explanation
faithfulness, we employ multiple complementary met-
rics on ImageNet: AOPC (Area Over the Perturba-
tion Curve) (Chen, Zheng, and Ji 2020), LOdds (Log-
odds) (Qiang et al. 2022), and SaCo (Salience-guided Faith-
fulness Coefficient) (Wu et al. 2024b). AOPC measures the
average drop in model confidence when perturbing the most
salient pixels, and a higher AOPC is better. LOdds evaluates
if the most important pixels are sufficient for the prediction
by measuring the log-odds after perturbation, and a lower
LOdds is better. SaCo evaluates faithfulness by correlating
pixel saliency scores with their actual impact on the model’s
prediction, and a higher SaCo indicates a more faithful ex-
planation. In addition, the number of pixel subsets for SaCo
computation is 10.

We compare our method with several SOTA explaining
methods (XAI), including post-hoc methods and SENNSs.
For post-hoc explanation on the vanilla ViT-B backbone, we



Backbone XAI Method ‘ Pix. Acc.t mAPT mloUt
ViT-B Grad-CAM 66.83 77.89 45.14
ViT-B Rollout 58.18 73.63 39.25
ViT-B GAME 78.17 85.15 60.18
ViT-B CheferLRP 79.89 85.63 60.97
ViT-B ATTCAT 41.18 47.89 28.05
ViT-B ViTShapley 77.47 80.92 58.18
ViT-B TokenTM 81.43 85.17 64.77
ResNet-50 IG 64.34 68.66 40.78
ResNet-50 Grad-CAM 68.92 79.51 45.34
ResNet-50 FastSHAP 73.92 79.53 56.67
ResNet-50 IDGI 76.42 79.19 58.82
ResNet-50 CAE 61.87 73.73 40.63
ProtoPNet ProtoPNet 59.76 64.48 40.82
BagNet BagNet 82.76 86.72 66.77
X-DNNs X-DNNs 64.21 72.94 49.01
B-cos-V B-cos 75.56 80.27 60.83
B-cos-R B-cos 77.92 82.16 61.32
HarsanyiNet = HarsanyiNet 83.16 86.97 66.03
B-cosified-V  B-cosified 75.57 80.86 60.43
B-cosified-R  B-cosified 77.91 81.97 61.31
Ours-V Ours 83.79 86.98 66.38
Ours-R Ours 85.78 87.67 66.96

Table 3: Quantitative comparison of segmentation perfor-
mance on the ImageNet-Segmentation dataset. Explanations
from various methods are converted into binary segmenta-
tion masks and evaluated using Pix. Acc., mAP and mloU.
The upper and center sections present results for applying
post-hoc explanation methods to vanilla ViT-B and ResNet-
50 backbones, respectively, while the lower section shows
results for various SENNSs.

evaluate Grad-CAM (Selvaraju et al. 2017), Rollout (Abnar
and Zuidema 2020), GAME (Chefer, Gur, and Wolf 2021a),
CheferLRP (Chefer, Gur, and Wolf 2021b), ATTCAT (Qiang
et al. 2022), ViTShapley (Covert, Kim, and Lee 2023), and
TokenTM (Wu et al. 2024a). For vanilla ResNet-50 back-
bone, we evaluate IG (Sundararajan, Taly, and Yan 2017),
Grad-CAM (Selvaraju et al. 2017), FastSHAP (Jethani et al.
2022), IDGI (Yang, Wang, and Bilgic 2023) and CAE (Xie
et al. 2024). We also compare our self-explaining framework
with representative SENNS, including ProtoPNet, BagNet,
X-DNN, B-cos Network, HarsanyiNet, and B-cosified Net-
work.

As shown in Table 2, our method achieves superior per-
formance on ImageNet, demonstrating that our explana-
tions faithfully represent the model’s decision-making pro-
cesses. Our framework’s intrinsic explanations significantly
outperform post-hoc methods on ImageNet. Notably, our
approach achieves consistent interpretability performance
across different backbones. Though our ResNet-50 variant
shows marginally better overall performance, the ViT-B im-
plementation achieves competitive results across all metrics.
Among existing SENNs, BagNet and HarsanyiNet demon-
strate competitive interpretability, but suffer severe degra-
dation of classification performance (Table 1). In contrast,
our method maintains high performance in both classifica-
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Dataset Method T2 2T
R@1 R@5 R@1 R@5
CLIP 422 669 587 80.7
MS COCO B-cosified 419  66.7 59.1 81.1
Ours 42.1 67.3 58.9 80.9
CLIP 712 91.0 85.7 96.7
Flickr30k B-cosified  70.8 90.7 86.0 97.1
Ours 70.8 91.1 85.5 97.1

Table 4: Comparison of zero-shot retrieval performance on
MS COCO and Flickr30k datasets. We report Recall@]1
(R@1) and Recall@5 (R@5) for both text-to-image (T2I)
and image-to-text (I2T) retrieval tasks.

Method Ins. 7 on T2I Ins.? on I2T
R@1 R@5 R@1 R@5

Grad-CAM 0.1027 0.2216 0.1152 0.2327
Rollout 0.1294 0.2932 0.1753 0.3503
GAME 0.1537 0.3083 0.2097 0.3735
MaskCLIP 0.1423 0.2953 0.1891 0.3514
CLIPSurgery 0.1419 0.2941 0.1771 0.3384
M2IB 0.1469 0.3004 0.2058 0.3691
ECLIP 0.1576  0.3203 0.2056 0.3761
B-cosified 0.1558 0.3089 0.2016 0.3622
Ours 0.1679 0.3360 0.2183 0.3902

Table 5: Evaluation of explanation on MS COCO dataset:
Ins. on image retrieval and text retrieval tasks.

tion and explanation, requiring minor architectural modifi-
cations.

Localization Ability Following previous works (Wu et al.
2024a; Zhao et al. 2024; Chefer, Gur, and Wolf 2021b), we
perform segmentation on the ImageNet-Segmentation (Gao
et al. 2022) dataset, treating explanation heatmaps as pre-
liminary semantic signals and using a predefined thresh-
old to produce binary segmentation maps. Based on the
ground-truth maps, we evaluate the performance on three
metrics: pixel-wise accuracy (Pix. Acc.), mean average pre-
cision (mAP), and mean intersection over union (mloU).

The quantitative results, presented in Table 3, unequivo-
cally demonstrate the superiority of our framework in gener-
ating spatially precise explanations that are directly applica-
ble to semantic segmentation. Our method consistently out-
performs a wide array of both post-hoc and self-explaining
methods across two distinct architectures. The superior per-
formance in this segmentation task validates that our method
learns explanations that are not only faithful to the model’s
classification logic but also possess high spatial fidelity. The
learned Shapley values effectively highlight the complete
extent of the object, making them a valuable and reliable
signal for dense prediction tasks.

Contrastive Language-Image Pre-Trained Models

To further demonstrate the generalization capabilities and
multi-modal applicability of our proposed self-explaining



MaskCLIP

“a photo of a cat”

“a dog and a cat are
relaxing”

CLIPSurgery

B-cosified

Figure 3: Visualization of different explanation methods for image-text matching. The left column shows input texts matched
with the image, and subsequent columns display corresponding explanations generated by various methods.

Method Del.{ on T2I Del.| on I2T
R@1 R@5 R@1 R@5

Grad-CAM 0.1717 0.3502 0.2161 0.4008
Rollout 0.1948 0.3946 0.2268 0.4238
GAME 0.1706  0.3552 0.1982 0.3800
MaskCLIP 0.1321 0.2841 0.1516  0.2949
CLIPSurgery 0.1794 0.3652 0.2381 0.4292
M2IB 0.1797 0.3671 0.2057 0.3905
ECLIP 0.1246  0.2670 0.1550 0.2933
B-cosified 0.1257 0.2633 0.1632 0.2975
Ours 0.1175 0.2498 0.1401 0.2821

Table 6: Evaluation of explanation on MS COCO dataset:
Del. on image retrieval and text retrieval tasks.

framework, we extend its evaluation to the image-text
matching task. Following ECLIP (Zhao et al. 2024), we
adopt EVA-CLIP (ViT-B/16) (Sun et al. 2023) as the base-
line model. Modifications are applied exclusively to the vi-
sion encoder to incorporate Shapley value estimation, while
the text encoder remains unchanged. Mirroring the im-
plementation in the classification framework in Figure 2,
the dual-branch framework processes both unmasked and
masked images through separate pathways. Key adaptations
include: 1) replace the classification head with a cosine simi-
larity measurement between patch and text embeddings, and
2) use the global sum-pooling to aggregate patch-wise simi-
larities into an image-text similarity, which is capable of the
standard CLIP contrastive learning.

Our training objective comprises the standard CLIP con-
trastive loss and the Shapley loss, enabling the model to
generate explanations for image-text alignment through the
identification of salient patches corresponding to textual de-
scriptions, while maintaining cross-modal alignment capa-
bilities. For a fair comparison, both our method and B-
cosified (the competing self-explaining approach) are fine-
tuned on the prevalent large-scale dataset CC3M (Sharma
et al. 2018) dataset from EVA-CLIP pre-trained weights.
The training details are in the Appendix.
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Prediction Performance We evaluate zero-shot retrieval
performance on MS COCO (Lin et al. 2014) and
Flickr30k (Plummer et al. 2015) using Recall@1 (R@1)
and Recall@5 (R@5). As presented in Table 4, our method
achieves zero-shot retrieval performance that is highly com-
petitive with the vanilla CLIP baseline across both MS
COCO and Flickr30k datasets. This confirms that the inte-
gration of the Shapley-based optimization preserves primary
task capability.

Explanation Faithfulness Following ECLIP (Zhao et al.
2024), we evaluate explanation faithfulness using rigorous
perturbation tests on MS COCO: Insertion (Ins.) and Dele-
tion (Del.) metrics. Our method is compared against state-
of-the-art CLIP explanation approaches, including Grad-
CAM, Rollout, GAME, MaskCLIP (Zhou, Loy, and Dai
2022), CLIPSurgery (Li et al. 2023b), M2IB (Wang, Rudner,
and Wilson 2023), ECLIP (Zhao et al. 2024), and B-cosified.
As Tables 5 and 6 demonstrate, our approach achieves opti-
mal scores on both metrics, confirming that identified pixels
are indeed critical to the model’s decision-making process.
Visually, Figure 3 illustrates the explanation faithfulness of
our method, showing precise alignment between highlighted
patches and textual descriptions.

Further experiments, including an ablation study on the
trade-off hyperparameter A, and an analysis of Shapley value
estimation errors are presented in the Appendix.

Conclusion

In this paper, we introduce a novel self-explaining frame-
work that integrates Shapley value estimation into the train-
ing process. Extensive experiments demonstrate that our
method not only enhances primary task performance but
also provides faithful explanations. These results substan-
tiate that integrating Shapley value estimation through mul-
titask learning offers an optimal balance between model per-
formance and interpretability.
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