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Abstract. Faithfulness and interpretability are essential for deploying
deep neural networks (DNNSs) in safety-critical domains such as medical
image analysis. B-cos networks modify the parameterization of convo-
lutional and classification layers to measure class evidence via feature-
weight alignment, enabling built-in, class-specific contribution maps with-
out post-hoc explanations. While maintaining diagnostic performance
competitive with state-of-the-art DNNs, standard B-cos networks exhibit
severe aliasing artifacts in their explanation maps, rendering them un-
suitable for clinical use, where clarity is essential. In this work, we address
this limitation by introducing anti-aliasing strategies using ASAP and
BlurPool (BP) to significantly improve explanation quality. Our exper-
iments on chest X-ray datasets demonstrate that the modified B-cosasap
and B-cospp preserve strong predictive performance while providing faith-
ful and artifact-free explanations suitable for clinical application in multi-
class and multi-label settings. Code is available at: https://github.com/
shrebox/Artifact-free-B-cos-Networks.
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1 Introduction

Faithfulness and interpretability are critical prerequisites for deploying deep
learning models in safety-critical domains such as healthcare, where decisions
have direct implications for patient outcomes [33 44]. In particular, clinical
adoption demands models whose reasoning processes can be understood and
verified by medical professionals. However, most existing approaches in medical
image processing rely on architectures that lack inherent interpretability, offer-
ing limited insight into the basis of their predictions [27]. As emphasized in [44],
knowing how a diagnosis was derived is highly valuable, especially in practice,
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Fig. 1. Comparison of standard B-cos with our anti-aliased variants, B-cosasap and
B-cospp, against post-hoc methods (GradCAM [34], LayerCAM [I7]) on the Baseline
(ResNet50). While B-cos explanations localize better than post-hoc maps, they exhibit
severe grid artifacts that hinder clinical use; B-cosasap and B-cosgp remove these
artifacts and improve localization (IoU with ground-truth boxes). Examples are from
RSNA Pneumonia Detection; all methods correctly predict “pneumonia’”.

where Al tools are used to support, not replace, radiologists. In this work, we
explore B-cos networks [7], which are inherently interpretable by design and gen-
erate class-specific contribution maps that visually indicate the evidence behind
each prediction. Representative examples are shown in Fig. [T} which compares
our artifact-free, faithful, and interpretable explanations to other common ap-
proaches such as GradCAM and LayerCAM while displaying the need for our
extensions when working with B-cos networks and chest X-rays simultaneously.

These models can directly show which part of the image caused network ac-
tivations, enabling an understanding of why a classification was made [7]. Unlike
post-hoc approaches such as GradCAM [34] or LayerCAM [I7], which provide
coarse and sometimes misleading heatmaps that have insufficient mechanistic
explanation of the decision-making process [I0, B32], B-cos networks offer in-
herently interpretable, class-specific contribution maps that yield clearer, more
faithful visual explanations. This can help radiologists verify predictions, im-
prove clinical workflows, and reduce diagnostic errors [39, 40]. However, stan-
dard B-cos networks face a critical limitation: the generated explanation maps
often exhibit grid artifacts, making them visually unreliable for clinical use. In
this work, we address these limitations by incorporating anti-aliasing techniques
such as ASAP and BlurPool to improve visual clarity. Additionally, while the
original B-cos networks support multi-label classification, they were proposed for
multi-class classification. Thus, we use the framework from [31], to obtain multi-
label classification since chest X-rays commonly involve multiple co-occurring
conditions [26]. We refer to the resulting aliasing-free model as B-cosagap and
B-cosgp. While B-cospsap combines B-cos networks with ASAP [12], B-cosgp
combines it with BlurPool [43], both effective anti-aliasing techniques. These
anti-aliasing techniques help improve the explanation maps from the B-cos net-
work, since they replace the artifact-producing downsampling operations with an



Diagnosis with Artifact-free B-cos Networks 3

artifact-free downsampling path. Thus, removing the artifacts in the explanation
maps of B-Cos networks. Our main contributions are:

— Application-specific modifications to B-cos networks by integrating anti-
aliasing methods (ASAP and BlurPool) to produce spectral artifact-free ex-
planations suitable for diagnostic use.

— A practical evaluation of B-cos networks for interpretable and clinically rel-
evant chest X-ray disease detection, showing that interpretability does not
impede performance.

— We show that our proposed framework can be adopted for both multi-class
and multi-label classification, proving useful in critical medical applications.

2 Related Work

We briefly review (i) clinically relevant evaluation criteria, (ii) deep learning for
chest X-ray diagnosis and the datasets used in this work, and (iii) explainability
and interpretability requirements for medical Al.

Clinical Evaluation Metrics. While many medical imaging works report
standard machine learning metrics [20], clinical studies primarily assess diag-
nostic tools using sensitivity and specificity [22]. Sensitivity (recall) measures
the fraction of true positives detected and is critical for early disease detection,
because missed diagnoses can severely impact outcomes [I9], with high reported
mortality for childhood pneumonia [25]. However, sensitivity often trades off
against specificity, and low specificity can lead to unnecessary follow-up and
treatment [25]. In this work, we therefore report recall prominently while also
tracking specificity-relevant behavior through complementary performance met-
rics, since reducing false positives is important for clinical trust.

Deep learning for chest X-ray diagnosis. Automated abnormality de-
tection in chest X-rays predates deep learning, with early rule-based and sta-
tistical systems reported already in the 1960s [44]. Modern chest X-ray analy-
sis is dominated by deep neural networks, enabled by large-scale datasets and
architectural advances, and can approach expert-level performance in several
settings [23], [44]. CNN backbones such as ResNet [I3] are widely used on large
datasets like CheXpert [I6] and NIH ChestX-ray14 [42], with strong reported
performance in chest X-ray classification [14]. DenseNet-based CheXNet 30, [15]
is a prominent example for pneumonia detection. More recently, vision trans-
formers have been applied to pneumonia detection [38], including medical vari-
ants such as IEVIT [28]. Most importantly for this paper, B-cos aligned trans-
formers have been demonstrated in the medical domain, supporting the relevance
of B-cos style inherent explanations beyond natural images [40].

Datasets with localization supervision. Large-scale chest X-ray bench-
marks such as NIH ChestX-rayl4 [42], CheXpert [16], and MIMIC-CXR [I§]
have driven progress in classification, but most do not provide region-level su-
pervision for rigorous quantitative evaluation of explanation localization. Since
our goal is to assess whether attribution maps align with pathology regions,
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Fig. 2. Method overview: Grid artifacts in B-cos explanations arise from aliasing while
downsampling (undersampling). We mitigate them by replacing stride=2 convolutions
with anti-aliasing operations like ASAP or BlurPool.

we focus on datasets with bounding boxes. For binary pneumonia detection,
we use the RSNA Pneumonia Detection Challenge dataset [36], which provides
image-level labels and bounding boxes. For multi-label diagnosis, we use the Vin-
BigData Chest X-ray Abnormalities Detection dataset (VinDr-CXR based) [26],
which offers bounding boxes for 14 thoracic findings with radiologist annotation,
enabling evaluation under realistic co-occurring conditions.

Explainability and inherent interpretability. Explainability aims to
make model decisions understandable [I1], B], and is particularly important in
medical imaging where clinicians must be able to verify and trust model out-
puts [§]. Regulatory discussions further motivate decision traceability in med-
ical Al including references to European data protection frameworks such as
GDPR [37]. A central distinction is between post-hoc explanations and inher-
ently interpretable models [6]. Post-hoc heatmaps can be coarse and may not
faithfully reflect the model decision process, which limits their reliability in high-
stakes settings [10]. This concern is echoed by arguments that high-stakes ap-
plications should prefer interpretable models over post-hoc explanations [32]. In
this work, we follow this paradigm and evaluate B-cos networks [7, [4] for chest
X-ray diagnosis, focusing on making their built-in contribution maps clinically
usable by removing aliasing artifacts while preserving predictive performance.

3 Methodology

3.1 Why do B-cos explanations have Grid-like Artifacts?

It is essential to understand why strided downsampling introduces grid-like ar-
tifacts in B-cos explanations, and why ASAP mitigates them. A B-cos neuron
admits the scaled linear form,

AT
B-cos(z;w) = W' B717 W= — o(z,w) = ﬁa (1)
x

[[w]]”
which makes explicit that responses depend on both the linear projection @'z
and an input-dependent gain |c(x,)|Z~L. Crucially, B-cos explanations are de-
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fined via the induced linear map Wi_,;(z) and the input contribution scores

sé(aj) = [Wl_ﬂ(x)]; ® z, (2)

with pixelwise scores obtained by summing over channels at each spatial loca-
tion. Therefore, any structured distortion that propagates into Wi_,;(x) appears
directly and faithfully in the contribution map sé (z), as seen in Fig. |1l A key
source of such distortions is improper sampling at resolution changes. Let x be
a 2D feature map, h a kernel and v = x % h. A stride-d convolution equals a con-
volution with a subsequent downsampling where every dth element is sampled

vy [m,n] = (z*xh)[m,n]- Zé[m —dk,n — df] = v[dm, dn], (3)
k¢

where }, ,0[m—dk,n—d/l] is a 2D dirac impulse comb, i.e. the sampling pattern.

3.2 Anti-aliasing Using Nyquist Rate

In the model forward pass, undersampling when downsampling can lead to alias-
ing, as shown by Fig. [2| [I2, [T, 2]. Specifically, the pointwise multiplication in the
spatial domain (c.f. Eq. ) corresponds to a convolution in the Fourier domain,
i.e., after applying the 2D DFT according to

M—-1N-1

Vwe,wy] = MN Z Z v[m, n] e (5Fm +Wy")7 (4)

m=0 n=0

for v of size M x N, the downsampling is given through [35]

Vi) = V*fza{wz— € oy - 2] - dQZv[wx— AL

(5)

The k,f # 0 terms are alias replica that fold energy outside the recon-

structable region into the baseband whenever Vw,,w,] is not sufficiently low-

pass, i.e. is sampled below the Nyquist rate. Equivalently, alias-free, i.e. distortion-
free downsampling requires an anti-aliasing pre-filter such that

Viws,wy] =0 for wy,wy, & [-7/d,7/d)> (6)

When this condition is violated, periodic grid-like structure is injected into in-
termediate activations; in B-cos, such structure affects both the projection @ "«
and the gain term |c(x,%)|Z~! in Eq. , thereby modulating the induced map
Wi (z) and appearing as spectral/grid artifacts in sé(x) via Eq. .

ASAP replaces aliasing-prone downsampling by explicit bandlimited Fourier-
domain downsampling. To this end, ASAP computes the 2D DFT to downsample
by factor d, ASAP enforces the new Nyquist limit by cropping (zeroing) coef-
ficients outside the admissible band |w,|, \wy| < (thus Z for d = 2), which

suppresses the alias-replica contributions in Eq. . To reduce ringing from a
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hard spectral cut, ASAP applies a Hamming window in the Fourier domain (2D
via outer product) and uses stabilization variants (transpose and/or asymmetric
padding for even sizes), before inverse transforming to obtain the % X % out-
put. Such a low-pass filter in the frequency domain corresponds to blurring in
the spatial domain. Thus, we also implement BlurPool [43], which blurs in the

spatial domain while downsampling.

3.3 Making B-cos Aliasing-Free

In our B-cos backbones, we therefore replace each stride=2 downsampling con-
volution with anti-aliasing operations while downsampling with d=2, followed
by a stride=1 convolution:

Conv(stride = 2) = ASAP4_5 o Conv(stride = 1). (7)

We additionally use BlurPooly—5, which executes a spatial blurring operation
before downsampling, as an anti-aliasing operation in place of ASAP;_5. Both
mitigate aliasing source at resolution transitions, yielding markedly cleaner, grid-
like artifacts-free B-cos contribution maps as shown by Fig. 2}

4 Experiments

We run all experiments with three fixed random seeds. We evaluate on two
chest X-ray datasets with bounding box annotations: RSNA Pneumonia Detec-
tion (binary: pneumonia vs. no pneumonia) [36] and VinBigData (multi-label
classification of 14 thoracic findings) [26]. Bounding boxes enable quantitative
evaluation of explanation localization in addition to classification performance.

Following established protocols [22], we use 5-fold cross-validation [2I] with
a 20% held-out test split to capture clinical variability in pneumonia presenta-
tion [5]. All baselines and B-cos variants are initialized from ImageNet-pretrained
weights and fine-tuned on the target datasets. As commonly used architectures,
we study ResNet-50 [13], ConvNeXt-tiny, and ConvNeXt-base [24].

Explanation metrics. We use Energy-based Pointing Game (EPG) scores
inspired by ScoreCAM [41]. Let L°(i, j) denote the attribution at pixel (i, j) for
class (label) ¢, with positive and negative contributions Lj = max(L¢,0) and
LS = min(L*,0). For a ground-truth bounding box set bbox,

EPG(A, B) = 2. (i,) ebbox A0 7)
| Z(i,j)ebeX A(,L’]) + Z(ivj)ebbox B(Zvj)

Standard EPG is EPG(L¢, L¢). We report EPGp ecision = EPG(L;,L;)7 which
focuses on how much positive evidence is attributed to within bbox (only B-
cos explanations allow analysis with this metric). In contrast, EPGrecan =
EPG(Ly, |L;,|) measures negative evidence inside the box. We average EPG over

(8)

classes; for VinBigData, we additionally report EPG™™ (mean is weighted by
per-label sample counts), mAP, Recall, F1, and AUROC.
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Table 1. Empirical Results on the RSNA Pneumonia Detection Challenge Dataset
using ResNet50 and ConvNeXt-base.

Architecture Model Accuracy (%) AUROC F1 Score EPGRgrecai EPGprecision Recall mloU
Baseline 83.5+ 0.4 83.3£0.6 58.0+ 1.3 - - 50.6 £ 1.7 -
ResNet50 B-cos 80.5+ 0.8 86.7+0.7 63.3+£1.1 100.0+0.0 24.1+08 748+22 47405
s B-cospp 79.2£0.9 87.1£0.7 63.2+0.9 98.7+1.4 20.1+1.9 79.2+£1.7 10.7+2.0
B-cosasap 79.9£0.6 87.1+£0.5 63.5+£0.6 98.6+£0.9 21.1+13 775+1.1 94418
Baseline 81.0+ 0.5 81.7+0.6 51.5+1.7 - - 44.84+2.3 -
ConvNeXt-base B-cos 79.4+£06 88240.5 63.6+£09 97.8+0.6 186+1.1 799+1.6 14405
’ : " B-cospp 79.1+£0.5 88.1+0.4 63.54+0.7 93.9+1.5 20.1+1.6 80.7+14 21406
B-cosasap 79.3+£1.0 88.0£0.4 63.5+0.8 94.4+1.7 21.9+28 80.2+23 2.0+£0.3

Table 2. Empirical Results on the VinBig Dataset using ResNet50, ConvNeXt-tiny,
and ConvNeXt-base as the backbones.

Architecture Model mAP AUROC F1 Score EPGRICe EPGRicre. Recall mloU
Baseline 50.6 1.4 80.8+ 1.1 46.2+1.9 — — 38.6 £1.8 -
ResNet50 B-cos 53.5+1.4 91.94+0.6 445+1.5 97.7+0.4 9.4+0.2 38.6+15 23+0.2

B-cospp 478+ 1.3 87.7+£0.9 423£1.6 92.3+1.2 9.0£0.2 37.3+1.6 54£0.7
B-cospasap 47.6+1.3 87.3+0.8 42.2+1.2 924+1.3 9.9+0.4 37.0+1.1 52+£0.9

Baseline 52.0+ 1.0 90.24+0.7 45.1+1.
B-cos 57.94+1.5 90.1+1.1 534+
B-cosgp 559+ 1.6 90.0+0.7 49.4 +

1 - - 39.4+1.0 -
ConvNeXt-tiny 2 949+06 1234+04 476+1.3 2.34+0.3
3 93.7+05 146+04 421+1.3 46404
B-cosasap 50.6 1.4 90.9+0.6 40.0+1.8 93.6+1.1 11.4+1.0 334417 23+0.5
8

1
Baseline 51.6+0.9 89.7+£0.6 44.7+0 - - 39.0+0.9 -
B-cos 584415 922405 51.3+1.4 9544+06 13.24+04 448+14 1.6+0.1
B-cospp 54.94+1.8 90.3+1.1 47.5+1.4 90.7+1.0 16.2+0.7 40.7+1.6 4.6+0.4
B-cosasap 49.8+1.3 91.7+0.5 37.7+1.9 93.1+1.0 134+1.1 31.5+£1.7 28404

1.
1.

ConvNeXt-base

4.1 Quantitative Results

We observe in Fig. [T] that modifying the strided convolution operations in B-cos
with ASAP or BlurPool provides significantly better and aliasing-free expla-
nations than the inherent B-cos explanations. We also observe that these ex-
planations are significantly better localized than the post-hoc explanations like
GradCAM and LayerCAM on the Baseline architectures. It is paramount that
interpretability does not come at the cost of performance. Thus, in Tab. [T] and
Tab. 2] we report the empirical performance over 5-fold and 3 random seeds on
the RSNA Pneumonia Detection Challenge Dataset [36] and the VinBigXray
Dataset [26] using prominent architectures like ResNet50, ConvNeXt-tiny, and
ConvNeXt-base, trained on the respective datasets. We observe that the perfor-
mance of B-cos, B-cosasap, and B-cosgp is comparable to the baseline archi-
tectures. This is reflected in the significantly higher than baseline Recall for the
B-cos variants on the RSNA Pneumonia Detection Challenge Dataset. This is
desirable as a higher recall is often warranted for medical diagnosis.

5 Discussion

This work explores the potential of B-cos networks for chest X-ray classification.
We show that they provide faithful, high-quality explanations grounded in the
model architecture [7], while achieving competitive classification performance.
Applying B-cos networks to the RSNA Pneumonia Detection Challenge [36]
and VinBigData [26] datasets revealed one critical limitation: explanation maps
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Fig. 3. Visualizing explanations from Baseline and B-cos networks using post-hoc at-
tribution methods and inherent explanations respectively, for ResNet50 architecture
on the VinBig Chest X-Ray dataset, for ground truth label: Aortic Enlargement.

are impaired by aliasing artifacts from strided convolutions. Replacing these op-
erations with anti-aliasing layers, namely BlurPool [43] and ASAP [12], removes
these artifacts and substantially improves interpretability.

With these modifications, B-cos networks provide faithful, high-resolution ex-
planations aligned with disease-relevant regions, while preserving performance
competitive with baseline models. Our precision-based energy pointing game
(EPG) metrics show that over 50% of high-confidence activations fall inside
bounding boxes, although these cover only 11.65% of the image area. This con-
firms that the models focus on clinically meaningful regions. Importantly, our
goal is not to improve classifier performance, but to obtain faithful, aliasing-
free B-cos explanations without sacrificing it. This is reflected in the results: on
RSNA with ConvNeXt-B, B-cospsap/sp are only about 2% lower in accuracy
than the baseline, but improve recall from 45% to ~80% and AUROC from 82%
to 88%, while adding inherent explanations. On VinBigXray with ConvNeXt-B,
B-cosgp is on par with or better than the baseline in accuracy, recall, preci-
sion, and AUROC, while B-cosagap shows a recall trade-off but maintains high
AUROC and improves mloU. A stronger encoder further improves metrics, as
shown by ConvNeXt-B compared to ResNet50.

All metrics are reported as mean + standard deviation over 3 seeds and
5 folds. Paired t-tests over matched seed/fold runs show that B-cosasap and
B-cospp significantly improve mIoU over B-cos in all dataset-backbone compar-
isons, with maximum p = 7.0e—3. On RSNA, neither variant is significantly
worse than B-cos in Accuracy, Recall, Precision, or AUROC, indicating im-
proved localization without loss of predictive performance. While B-cosasap and
B-cospp perform similarly overall, with different trade-offs, ASAP gives slightly
better visual explanations, as shown in Fig. [3

Some limitations remain. We did not optimize for high recall alone, since this
can increase false positives and reduce clinician trust [8]; instead, we aimed for
balanced performance across metrics. Moreover, although B-cos was evaluated
on multiple architectures, interpretability for vision transformers [9] was not
analyzed in depth, and the effect of anti-aliasing in these models remains open.
While this work focuses on medical applications, the methodology is broadly
applicable, for example, to industrial anomaly detection [29].
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6 Conclusion

This work is a comprehensive analysis of B-cos networks for chest X-ray clas-
sification, targeting the key limitation that has restricted their application in
medical imaging: aliasing artifacts in explanation maps. We address them by
integrating anti-aliasing techniques, ASAP, and BlurPool, which improve the
clarity and reliability of the explanations. We demonstrate that the anti-aliasing
methods work with both multi-class and multi-label B-cos networks to produce
contribution maps, making the method suitable for realistic diagnostic tasks.
Our experiments on the RSNA Pneumonia Detection Challenge and VinBigData
Chest X-ray Abnormalities Detection dataset show that B-cos networks provide
competitive classification performance while offering inherently interpretable,
high-fidelity explanations. These explanations align closely with disease-relevant
regions, as demonstrated both qualitatively and through strong energy-based
pointing game scores, outperforming post-hoc attribution methods like Layer-
CAM and GradCAM. By enhancing the interpretability and practical applica-
bility of B-cos networks, this work takes an important step toward transparent
and trustworthy Al-assisted diagnosis in clinical settings [44], and sets the stage
for future work on scalable, interpretable deep learning for medical imaging.
Acknowledgement. S.A. and M.K. acknowledge support by DFG Research

Unit 5336 — Learning to Sense.
Disclosure of Interests. There are no conflicting interests.
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