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Abstract

B-cos Networks have been shown to be effective for obtaining highly human
interpretable explanations of model decisions by architecturally enforcing stronger
alignment between inputs and weight. B-cos variants of convolutional networks
(CNNG5) and vision transformers (ViTs), which primarily replace linear layers with
B-cos transformations, perform competitively to their respective standard variants
while also yielding explanations that are faithful by design. However, it has so far
been necessary to train these models from scratch, which is increasingly infeasible
in the era of large, pre-trained foundation models. In this work, inspired by the
architectural similarities in standard DNNs and B-cos networks, we propose ‘B-
cosification’, a novel approach to transform existing pre-trained models to become
inherently interpretable. We perform a thorough study of design choices to perform
this conversion, both for convolutional neural networks and vision transformers. We
find that B-cosification can yield models that are on par with B-cos models trained
from scratch in terms of interpretability, while often outperforming them in terms of
classification performance at a fraction of the training cost. Subsequently, we apply
B-cosification to a pretrained CLIP model, and show that, even with limited data
and compute cost, we obtain a B-cosified version that is highly interpretable and
competitive on zero shot performance across a variety of datasets. We release our
code and pre-trained model weights at https://github.com/shrebox/B-cosification.

1 Introduction

Despite their strong performance on a variety of tasks, understanding decisions of deep neural
networks (DNNss) remains challenging. Explanation methods, such as feature attributions [46, 48, 53,
5], have been proposed in an attempt to explain such decisions post-hoc, but have often found to be
unfaithful to the model being explained [2, 3, 40, 60].

Inherently interpretable Deep Neural Network (DNN) models have recently gained popularity. In
contrast to the common approach of explaining existing DNNs in a post-hoc fashion, these models
typically feature certain architectural constraints that allow for extracting human-interpretable, model-
faithful simplifications of the models’ computations by design; examples of this include prototype-
based [14, 17, 32], dynamic linear [9, 10], or concept-bottleneck models [28, 58, 33, 42]. However,
given those architectural changes, this comes at a price: specifically, the models need to be trained
from scratch, which—especially in the case of large foundation models, which are increasingly
popular—can cost millions of dollars.

To mitigate this, in this work, we explore a novel approach of fine-tuning DNNs for inherent
interpretability and propose to ‘B-cosify’ existing DNNs. Specifically, we investigate whether
pre-trained DNNs can simply be efficiently fine-tuned to obtain a similar degree of interpretability as
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Fig. 1: B-cosi cation: Obtaining inherently interpretable models with competitive accuracy at low cost.

Left: Accuracy progression over epochs for a DenseNet-121 and a ViT-S, comparing B-cosi ed (blue) and B-cos
(orange) training curves. B-cosi ed models achieve equivalent accuracy with a substantial reduction in training
time, yielding 4.7x speedup for DenseNet-121 and 9.0x speedup for \WRight: Qualitative comparison

of explanations for various images for B-cdsl] and our B-cosi ed models at various stages of training.
Speci cally, we show the dynamic linear mappings(x) computed by the models in color as it 11]; note

that by formulating conventional models (initial' in the plot) as a speci ¢ version of B-cos models, we are able
to visualise the corresponding explanations in color too, see Sec. 3.2.1 for further details. We nd that after only
one epoch of training, the B-cosi ed models exhibit similar explanations as B-cos models.

the recently proposed B-cos Network9)]11]. In contrast to the original B-cos Networks, which
leverage existingrchitectureso obtain performant and interpretable models, we investigate whether
we can additionally leverage the existing pre-traimazights thus aiming to take advantage of the
signi cant amount of resources that have been invested in training existing models. As a result, we
hope to make inherently interpretable models more easily accessible to the community.

To do so, we rst conduct a detailed analysis of how B-cos DNNs differ from their conventional
counterparts. Interestingly, we nd that many existing models can be converteflimttonally
equivalentB-cos models by a small set of targeted implementational modi cations (Tab. 1). To
increase the interpretability of the models, we then increase the “alignment pre&shvéa fthe
parameter B of the B-cos transformations and ne-tune the models on their respective tasks, which
leads to signi cantly more interpretable explanations (Fig. 2).

On supervised settings, we nd that B-cosi ed models often outperform both conventional and
B-cos DNNs at a fraction of the full training cost (Fig. 1, left), whilst exhibiting a similar degree

of interpretability as the original B-cos DNNSs (Fig. 1, right). We further apply B-cosi cation to

a pre-trained CLIP modeBp], a large foundation vision-language model (VLM), and show that
despite using comparatively limited data and compute cost, B-cosi ed CLIP models yield highly
interpretable explanations whilst being competitive on zero-shot performance across a variety of
downstream datasets.

Our work thus opens a new perspective on how to design inherently interpretable models in a cost-
effective manner. Importantly, on the one hand it highlights that conventional models might be closer
to inherently interpretable models than previously understood. On the other hand, it highlights the
bene ts of designing inherently interpretable models via minor architectural modi cations, such as
e.g. the B-cos DNNs, as this can allow for leveraging the large array of existing, pre-trained DNNs.

In summary, our contributions are:

» We proposeB-cosi cation, a novel technique to ~ ne-tune for interpretability’, that ad-
dresses the problem of high training cost associated with obtaining inherently intepretable
models such as B-cos DNNs. Our B-cosi ed DNNs are highly interpretable while often
outperforming both standard and B-cos DNNs.

» We thoroughly study different design choices to nd an optimal strategy for B-cosi cation.

» We apply B-cosi cation to supervised image classi ers on ImageNEe}, [including both
CNNs and ViTs, and show that the B-cosi ed variants perform on par on interpretability
metrics while often outperforming in terms of accuracy. Overall, we nd that B-cosifying a
pre-trained black box DNN to be superior on both metrics as compared to training a B-cos
DNN from scratch, while being computationally signi cantly cheaper.



Fig. 2: B-cosi ed CLIP Models. After B-cosifying a CLIP model and ne-tuning it according to our proposed
B-cosi cation scheme, see Sec. 3.2, we nd that it is possible to endow the model with the same level of inherent
interpretability as the B-cos models proposedlifi [whilst maintaining CLIP's zeroshot ability (see Fig. 5).

The resulting linear summaries of the modé&\é (x)) can be visualised in color (row 3) and provide signi cantly
more detail than GradCAM explanations (row 2), which are often used to explain conventional CLIP models.

» We extend B-cosi cation to CLIP, a foundation VLM, and show that B-cosi ed CLIP remains
highly competitive on zero-shot performance across a variety of downstream datasets, while
also yielding similar interpretability bene ts as B-cos models.

2 Related Work

Explanation Methods. Post-hoc attributionsdp, 43, 53, 48, 5, 56] have popularly been used to
understand the decisions of trained DNNs, but have often been shown to be unfaithful to the model
being explained], 3, 60, 40]. Inherently interpretable model&4, 28, 10], in contast, incorporate
architectural changes to the model and can yield explanations that are interpretable and faithful to the
model by design. However, such models need to be trained from scratch, which imposes a signi cant
additional cost. In this work, we explore ne-tuning for interpretability, and propose a method to
transform existing black-box DNNs to inherently interpretable B-cos DNNs, bringing together the
best of both worlds.

Attribution Priors [38, 37, 27, 50, 4] have often been used to train or ne-tune models to have
explanations with desirable properties, such as inducing smoother explan&fifnsonsistent
explanations37, 38|, or to guide models to be “right for the right reasons,[20, 41, 34]. Similar

to such work, we ne-tune black-box DNNs for interpretability, but in contrast, we only make
architecturalmodi cations to transform the DNNs to B-cos DNNs, and do not use any additional
constraints on the explanations themselves while training.

CLIP Interpretability and Localization. Post-hoc attribution methodgq, 36, 13, 7] have also

been used to explain VLMs such as CLIFE], however, as with supervised DNNSs, their faithfulness

to the model is not guaranteed and the explanations are often coarse-grained and not very human
interpretable. While inherently interpretable architectures could address this, the high costs of
training such large models from scratch makes their use unappealing. In this work, we bridge
the gap by instead ne-tuning from pre-trained black-box CLIP models to inherently interpretable
B-cosi ed CLIP variants, and nd that the B-cosi cation process is effective in yielding performant

and interpretable models. A separate line of w@kirivolves improving localizability of VLMs, and

is orthogonal to our work since our goal is to obtain explanations that are faithful to the model.

Learning mappings between model featuresRecent work B0, 33] has explored using simple
linear transforms to map features between models, and in particular also mapping features from
arbitrary models to CLIP's representation space. In the context of our work, such methods can be
used to map a supervised B-cos feature extractor to CLIP using a linear transform, to obtain an
inherently interpretable DNN that can mimic CLIP. In our evaluation, we compare with such an
approach, and nd that our approach of architecturally transforming the full model and ne-tuning
for interpretability yields improved zero shot performance.



3 From conventional to B-cos models

In the following, we describe the process of ne-tuning standard black box DNNs into inherently
interpretable B-cos DNNs. In Sec. 3.1, we rst introduce the B-cos models and enumerate the key
ways in which they differ from standard models. In Sec. 3.2, we then perform a detailed study on
strategies to bridge each of these differences for effective B-cosi cation.

3.1 B-cos Models: Background

Many common DNNSs consist of a series of blocks of linear layers followed by non-linear ReLU
activations B1], and are thus piece-wise linear functionse., for every inpuk, they effectively
compute a linear transformation of that inpytx) = W (x)x + b(x), cf. [52]. In[9, 11], models

of this kind have been called "dynamic linear', a naming convention that we adopt in this paper.

Interestingly, for piece-wise linear modeW, (x) is given by the models' gradient with respectxto
[52]—except for the input-dependent biaéx), the gradient thus constitutes an exact summary of the
models' computations. This linear mappiw¢ (x) is unfortunately typically not easily interpretable,

and many technigues have been proposed to derive qualitatively more convincing explanations
[46, 56]. These, however, have been shown to often not faithfully re ect the underlying modé&l]|

Further, if the models employ bias termW¥,(x) does not yield aompleteexplanation $2], i.e.

y(x) 6 W (x)X. Integrating bias terms as proposed b¥][yields a set of importance attribution
maps, summarizing which requires carefully selecting a post-processing function with inherent
tradeoffs. Even when not using bias terri§][ however, the resulting matric&¥ (x) are often not

easily human interpretable, and the resulting models can suffer from signi cant drops in performance.

To address this 1[0, 11] propose to architecturally modify the DNNs to introduce additia@liginment
pressureduring model optimisation. For this, they replace the ubiquitously used linear transformation
by the B-cos transformation, which dynamically scales the output of the linear transformations:

B-cos transformation:  fg.codX:W) = jeosk:w)i® * W ' x = wT (X)x : (1)
with B a hyperparametecosthe cosine similarity betweenand the weightsv, andly = w=kwk.

Like piece-wise linear models, B-cos models are dynamic linear and thus accurately summarised by
a single linear transformatioV (x) s.t.y (x) = W (x)x; as B-cos models do not employ bias terms,

this model summary is complete. Crucially, it has been shown thatBvitid, the matrixW (x)

aligns with task-relevant input patterns, making it more easily human interpretable (e.g. Fig. 1, right).

Importantly, as the B-cos transformation can serve as a drop-in replacement for linear transformations
at every layer of a DNN, itis possiblé(, 11] to leverageexisting DNN architectureand the resulting

B-cos models obtain similar classi cation accuracies as their conventional counterparts (Tab. 4, cols.
“pretrained' and “B-cos').

Extending this, we investigate if it is possible to leveragesting DNN weights-i.e., our goal is to
ne-tune existing models to be similarly interpretable as B-cos models, whilst not requiring to train
them from scratch. However, despite the architectural similarities between B-cos and conventional
models, there are multiple key differences that make transforming pre-trained models into B-cos
models non-trivial: e.g., apart from replacing linear transformations with the B-cos transformation
and not employing biases, B-cos models are trained on image representations with 6 color channels as
[rg;b;1 r;1 g;1 Db]to be able to visualise the model-inherent linear summa¥€s) in color,
whereas conventional models use 3 channels (see also Tab. 1). In the next section, we show how to
overcome these differences and convert existing models into functionally equivalent B-cos models.

3.2 B-cosi cation of Deep Neural Networks

We analysed the differences between B-cos models and their conventional counterparts in detail and
compiled the results in Tab. 1. In this section, we discuss one by one how to bridge these differences.
In particular, we show that a conventional model can be framedwascéionally equivalenB-cos

model as in 11] with B =1, which additionally employs bias terms. Only upon modifying these two
aspects, i.e. biases aBd does the model need to be ne-tuned to adapt the weights to those changes.

IAs noted by §2], “piece-wise linear' is actually a misnomer. As the models additionally employ biases, the
resulting DNNs are in faghiece-wise af ne For simplicity, we maintain the common naming convention.



Table 1:Overview. To allow for comparing the models, we compiled the identi ed differences between the
conventional modelsStandard), their B-cosi ed version B-cosi ed) and the original B-cos model8{cos.
For each design choice in the B-cosi ed models, we summarise the respective discussion in Seasar)(

Property Standard B-cos B-cosi ed reason
Image Encoding 3 channels 6 channels 6 channels ! colored explanations
Normalized Inputs yes no yes ! in-distribution (ID)
Weights unnormalised normalised unnormalised I equivalent and ID
Activations ReLU none RelLU I compatible and ID
Biases yes no no I complete explanations
B in B-cos 1 2 2 I weight-input alignment

3.2.1 Functionally Equivalent B-cos Models

Input Encoding and Normalisation. As mentioned in Sec. 3.1, B-cos models use input represen-
tations with six color channels;g;b;1 r;1 g;1 bl to be able to visualise the explanations in
color, cf. [11]. However, most conventional DNNs (e.g. models from Torchvisi&$, [CLIP [39])

are applied to 3-channel inputs in which images are encoddd gigh]. As a result, visualising the
dynamic matrice®V (x) of piece-wise linear models (cf. Sec. 3.1) in color would not seem possible.

However, we note that in combination with the commonly used impuamalisation we can convert
the rstlinear transformation in conventional models (e.g., a convolutional layer) into an equivalent
transformation that accepts 6-channel inputs. Speci cally, for input normalisation, the channel-wise
means s are subtracted from the individual channels, followed by a division by the standard devia-
tions s, yieldings’=(s )= s for s2f r; g; bg. Conversely, mean-normalising the 3 additional
color channels yields s° Leveraging this, we use the models' weights learnt for 3-channel inputs,
Wi = [wr ;Wi ; Wjp ] for every featurg , to construct an equivalent 6-channel transformation:
i
0— Wir Wjg Wjb. Wjir . Wjg. Wjb .
Wi 222 2 2 2 ° @
Note that applyingyvjO to the mean-normalised, 6-channel inputs yields the same results as applying
w; to the original mean-normalised inputs that the pre-trained models have seen during training.

Activation Functions. Owing to the non-linearity inherent to the B-cos transform, explicit activation
functions are not necessary in between B-cos layers. However, the authb@s of] [showed that
the model-inherent explanations are compatible with MaxQiit [Note that the very commonly
used ReLU non-linearity applied 10" x for any weight vectow, is just a special case of MaxOut:

MaxOui(x;Vv;0) = max(v'x;0"x) = ReLU(v'x) : (3)

As the pre-trained models' weights have been optimised for the ReLU non-linearity and given its
compatibility with the B-cos explanations, we leave them untouched in the B-cosi cation process.

Weight normalization. B-cos transformations employ unit norm weights, see also Eq. (1), which the
authors motivated by the fact that the only way any given neuron can achieve its maximal output is by
increasing the weight-input alignment, which in turns leads to the improvements of the explanations.

However, conventional models have been trained with unconstrained weights and using unit norm
weights would thus lead to unpredictable model behaviour. Interestingly, we note that the weight
normalisation in the latest version of the B-cos models can actually not impact the explanation quality,
as the authors ofl[1] re-introduce normalisation layers into the B-cos models. To better understand
this, let us consider the compound function of a batch normalisation layer and a B-cos layer:

f (x) = BatchNorm B-cogx) 4)
with BatchNornfy)=  Yp mea®) . . 5)
var(y)

with and trainable parameters of the BatchNorm layer. Note ?hﬁris scaled by any factor
by which the output of a B-cos layer might be scaled, which cancels in the fraction in Eq. (5) and thus
maked (x) invariantto scaling the B-cos transformation: igatchNornfy) = BatchNornf  vy).



Table 2:Increasing B for B-cosi cation.

ResNet-18 Baselines Discrete B Linear B Learnt B
Metric Standard  B-cos| B=1 B=1.5 B=2 | 5epo. 45epo. 90epol

Accuracy 69.602 68502 | 70.6 01 71601 71501 | 71.6 02 71101 70.200| 71.8 01
Localisation 21402 874 05| 33902 84302 87.602| 88101 88802 888o02| 89.4 01

In particular, the output df(x) is thus invariant to weight normalisation, as the output of B-g9s (
scales linearly with the weight norm, cf. Eq. (1).

This is of course only true if every B-cos layer were always followed by a normalisation layer, which

is not necessarily the case. Nonetheless, we nd that not using normalised weights yields consistently
good results across all models. Therefore, we use B-cos transformations without weight normalisation
throughout our experiments; for an ablation, see Tab. B2 in the appendix.

In summary, we showed that it is possible to adapt the implementation of existing models in a
way that allows us to integrate certain aspects of B-cos models without functionally changing the
pre-trained models. Notably, we can now visualise color explanations similar to B-cos models (Fig. 1,
right, col. 3); unsurprisingly, however, these explanations have poor interpretability due to the absence
of the alignment pressure imposed during B-cos training. In the next section, we discuss the necessary
functional changes for B-cosi cation to obtain interpretable explanations.

3.2.2 Fine-tuning for Interpretability

The changes introduced in the preceding section have not functionally changed the pre-trained
models, but rather allow us to interpret the existing models as a special case of B-cos models. Now we
introduce the necessary changes to increase the interpretability of the dynamic nvet(icesAs

these functionally change the models, they need to be ne-tuned to recover their original performance.

In particular, the remaining differences between conventional and B-cos models are (1) the #alue of
and (2) the use of biases, Tab. 1. We will now discuss how we bridge these differences individually.

Ablation Setup. We evaluate various ne-tuning strategies using a ResNe22Bmodel supervised
on ImageNet]6] from Torchvision p4] for B-cosi cation, and compare with a B-cos ResNet-18
from [11]. We optimize using AdamWZ6] with cosine scheduling and train for 90 epochs, and
evaluate both classi cation accuracy as well as interpretability using the GridPG metric [9].

(1) IncreasingB. As shown in [L0], usingB> 1is critical to obtain easily interpretable explanations.

To increase B for the pre-trained models, we investigate three strategies: (1) immediatelyBsetting
to a higher value and then ne-tuning, (2) linearly interpolating frBn¥ 1 to B = 2 throughout
ne-tuning, and (3) settind® as a learnable parameter. (2) has the advantage of changing the model in
small steps, making it more likely that it maintains performance while ne-tuning, but requires using
the full number of epochs to reach the target valuB of1) on the other hand is likely to adversely
affect the utility of the weights, but offers the opportunity to stop ne-tuning early if performance and
interpretability metrics are suf ciently high. (3) offers the most exibility, but also adds a new set of
parameters that need to be optimized. We show the results of this evaluation in Tab. 2. Interestingly,
we nd that using (1), i.e. settin@ = 2 and then ne-tuning, yields performance that is on par with
learnable B parameters, whilst being signi cantly simpler to implement. To easily test the generality
of the B-cosi cation scheme, we therefore opt for this approach in Sec. 4.1.

(2) Decreasing biasesAs discussed in Sec. 3.1, dynamic linear models with bias terms are not
exactlysummarised by the matrW (x), cf. [52]. To obtain the same level d&ithfulnessof the
explanations as B-cos models (in particular w.r.t. explanation completene$s, &3]), we need to
remove the biases from the model. To do so, we investigate two approaches: (1) removing all biases
rst and then ne-tuning, and (2) ne-tuning while decaying biases using weight decay. Similar
to the setup wittB, (2) has the advantage of avoiding drastic changes to the model, but requires
potentially ne-tuning for longer. Further, the weight given to the bias decay in the loss constitutes a
tradeoff between maintaining classi cation performance and pushing the biases to be close to zero.
We report the results of this evaluation in Tab. 3. Similarly to the experimen®,fare nd that
immediately setting the biases to zero constitutes a simple yet performant approach to achieve both
good localisation and accuracy. To assess the generality of the B-cosi cation scheme across a wide
range of models, we thus choose this the simpler approach of setting biases to zero in Sec. 4.1.



Table 3:Decreasing biases for B-cosi cation.

ResNet-18 Baselines Fixed bias Bias decay
Metric Standard ~ B-cos| With bias No bias| decay=0.2 decay=0.5 decay=0.9
Accuracy 69.602 68502 | 71.201 71501]| 71.2 02 71.4 03 71.6 0.2
Localisation 21402 874 05| 47205 87.602| 81402 90.2 02 91.2 01

In short, we nd that a very simple approach, i.e., setting the bias and thedues to the target values
immediately, constitutes a simple and easy-to-use, but nonetheless performant strategy to B-cosify
models. In the following sections, we test whether these ndings generalise well to other models.

4 B-cosi cation Results

In the following, we evaluate the effectiveness of the B-cosi cation strategy we developed in Sec. 3.
In Sec. 4.1, we rst apply B-cosi cation to supervised models across various architectures, and
evaluate for classi cation performance and interpretability. In Sec. 4.2, we B-cosify GlAPH

large foundation vision-language model, and show that despite ne-tuning at a fraction of the training
cost, the B-cosi ed CLIP shows strong zero shot generalization whilst being highly interpretable.

4.1 Supervised Classi cation Models

Table 4:Classi cation Accuracy. We report the top-1 classi cation accuracy on the ImageNet validation set of
the pre-trained modelpfetrained) and the B-cosi ed modelsB-cosi ed) after ne-tuning them. Additionally,

we report the accuracy of the corresponding B-cos models trained from sdBatciy)(as well as the difference

to them ( acc), and how much faster and at which epotitiie same accuracy as ih] was achievedgpeedup.

Results for B-cosi ed models are averaged over three runs; full results including standard deviation in appendix.

Top-1 Accuracy (%) Ef ciency Gains
Model pretrained B-cos[11] B-cosied | t speedup
ResNet-18 69.8 68.7 71.5 +2.4 29 3.1
ResNet-50-v1 76.1 75.9 76.5 +0.6 46 2.0
ResNet-50-v2 80.9 75.9 77.3 +1.4 10 9.0
DenseNet-121  74.4 73.6 76.3 +2.7 18 5.0
VAT-Ti 70.3 60.0 69.3 +9.3 10 9:0
ViT-S 74.4 69.2 75.2 +6.0 10 9:0
ViT-B 75.3 74.4 75.3 +0.9 57 1.6
ViT-L 75.8 75.1 75.5 +0.4 66 14
ViT-Ti 72.6 67.3 72.3 +5.0 10 9:.0
ViT.-S 75.7 74.5 76.0 +1.9 32 2:8
ViT.-B 76.8 77.1 76.7 -0.4 - -
ViTc-L 77.9 77.8 77.1 -0.7 - -

Setup. We B-cosify models from Torchvisiorbfl] supervised on ImageNet §]. We use a diverse set
architectures, including both CNNs (ResNet-28][ ResNet-5022], and DenseNet-12PH]), and

ViTs [18, 6, 57] with (ViT ¢-Ti, ViT ¢-S, ViT.-B, ViT.-L) and without (ViT-Ti, ViT-S, ViT-B, ViT-L)
convolutional stems. For ResNet-50, we use both the weights originally released by Torchvision and
the updated V2 weights, which constitute models trained for longer and with more augmentations
[55]. Asin Sec. 3.2, we evaluate both for classi cation accuracy and for interpretability using the
GridPG P] metric. We compare both accuracy and interpretability of the B-cosi ed models with
B-cos models trained from scratch froml]. For interpretability, we also compare with several
post-hoc attribution methods as baselines, namely Guided Backpthiradient 9], DeepLIFT

[48], IXG [48], IntGrad [53], and GradCAM [46]. For full details, see Appendix C.1.

Classi cation performance. Tab. 4 reports the classi cation accuracy of the B-cosi ed models
across architectures, and compares them with their conventional counterparts from Torchvision and
B-cos models trained from scratch. We nd that across architectures (col. 1), B-cosi ed models
perform competitively with conventional DNNs (cols. 2-4) and interestingly, in contrast to the
ndings reported by [1], often outperform them, i.e. for ve out of twelve architectures. Notably,

we nd (col. 5) that our B-cosi ed models signi cantly outperform B-cos models trained from



Fig. 3: Localisation Performance ofW (x)x. We compute the contribution maps according to the dynamic
linear summarie$V (x) of the pre-trained models ('Standard'), their B-cosi ed versions, and the original
pre-trained B-cos models and evaluate their localisation performance on the Grid Pointing Ganieladie [
nd localisation to signi cantly improve for B-cosi ed models, achieving results on par with the model$1f [

Fig. 4: Comparison to Post-hoc MethodsFor two of the models in Fig. 3 (ResNet-50-v1, DenseNet-121) we
compare the localisation performance of the dynamic matki¢€g)x to post-hoc explanations for the pre-
trained models. Similar to the original B-cos model§][ the model-inherent explanations perform favourably.

scratch across all but the two largest Y@rchitectures. Further, B-cosi ed models often achieve

the same performance as their corresponding B-cos models at a fraction of the training cost (col. 6).
Speci cally, we nd that averaged across architectures, B-cosi ed models outperform B-cos models
trained from scratch by 2.5 pp, with an average training speedup (to match performance) of 5.2x.
These results strongly advocate for B-cosi cation as a superior alternative to training from scratch for
obtaining performant inherently interpretable models at a low compute cost.

Interpretability. To evaluate the interpretability of our B-cosi ed models, we report the GridPG
localization scores in Fig. 3, and compare with conventional and B-cos models; follaiiihgve

report the results of 3x3 image grids for convolutional models, and of 2x2 grids for the ViTs. For a fair
comparison, for all models, we evaluate the localization of the dynamic linear summary of thé model
W (x)x (see Sec. 3.1). We nd that across architectures, B-cosi ed models signi cantly outperform
conventional DNNSs in terms of localization (32.7pp-71.0pp) and perform on par with B-cos models.
Since post-hoc attribution methods (e.¢6,48, 53]) are often used to interpret conventional DNNs,
similar to [10], in Fig. 4, we compare the localization of the model inherent explanations from two of
our B-cosi ed models with post-hoc explanations applied to the corresponding conventional models.
Similar to the results reported by (], we nd our B-cosi ed models to strongly outperform all
post-hoc methods, including GradCAMd], with a near perfect localization score, showing that
B-cosi cation is effective in yielding highly interpretable yet model-faithful explanations.

Impact of pre-trained weights. Since our aim is tone-tune for interpretability, we investigate
how crucial the quality of the weights of the conventional model are for effective B-cosi cation.
Speci cally, we expect weights from stronger models to be a better starting point for B-cosi cation.
We evalaute this by performing B-cosi cation both with v1 and v2 variants of ResNeH0 [
from Torchvision p4], where the latter is trained for longer and with stronger augmentaticfs [
From Tab. 4, we nd that using a strong initialization is highly useful for effective B-cosi cation,

2Note that ViTs differ from the CNNs discus%ed in Tab. 1 via the attention mechanism and the GELU
activation withGELU(x) = x  (0:5+0:5 erf(x=" x). As attention is also dynamic linear, cL1], it can
seamlessly be integrated into the model sumnvergx). Similarly, we interpret the second factor in GELU as a
dynamic weightv(x), thus allowing us to integrate it in a similar fashion.
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