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ABSTRACT
Explainable methods for understanding deep neural networks ‘
are currently being employed for many visual tasks and provide

valuable insights about their decisions. While post-hoc visual ex-
planations offer easily understandable human cues behind neural
networks’ decision-making processes, comparing their outcomes
still remains challenging. Furthermore, balancing the performance-
explainability trade-off could be a time-consuming process and
require a deep domain knowledge. In this regard, we propose a
novel auxiliary module, built upon convolutional-based encoders,
which acts on the nal layers of convolutional neural networks
(CNNs) to learn orthogonal feature maps with a more discriminative

anq explain_able power. This module is tra?ned via a disentangle Ios,gig_ 1: Training deep neural networks for image classi cation us-
which speci cally aims to decouple the object from the background,g 5 standard cross-entropy loss may limit their capability in visu-

in the input image. To quantitatively assess its impact on standargy explaining decisions. The proposed features disentanglement
CNNs, and compare the quality of the resulting visual explanationggards nal convolutional layers enhances this localization capa-

we employ metrics _speci cally desigm_ed for semantic _segmentatiorbimy, which is fundamental for fostering more explainable methods.
tasks. These metrics rely on bounding-box annotations that may
accompany image classi cation (or recognition) datasets, allowing

us to compare both ground-truth and predicted regions. Finally, we. - . . .
explore the impact of various self-supervised pre-training strateBlased data within datasets used to train deep learning models is cru-

gies, due to their positive in uence on vision tasks, and assess theﬁjaI for ensuring fair decisions, or identifying vulnerabilities, and
effeétiveness on our considered metrics ' enhancing the security of Al systems against adversarial attacks.
' While attempts to explain deep neural networks have primarily fo-

Index Terms  Explainable Al (XAl), ResNet, self-supervised cused on their inner inference processeg.{on analyzing features

learning (SSL), disentanglement. or weights), visual explanations highlighting input regions respon-
sible for their decision still remain one of the most effective and
1. INTRODUCTION straightforward approach, particularly for convolutional-based neu-

ral networks. Class Activation Mapping (CAM)|[8], for example,

Arti cial Intelligence (Al) pervades our everyday life, and its role identi es discriminative regions using a weighted combination of ac-
has been continually expanding and evolving [1]. Its impact on shagtivation maps immediately preceding a global pooling layer. Since
ing future technologies and providing new capabilities also demand@any architectures may not follow this structure, Grad-CAM [9] still
careful consideration, especially in critical domains. For instancefocuses on the last convolutional layers but computes the average
healthcare, autonomous vehicles, and environmental monitoring agFadients of the nal feature maps. In fact, as the discriminative ca-
critical sectors where analyzing the decision-making processes @fability of the network increases towards its classi cation stage, last
deep neural networks is essential for identifying errors and savinfyers typically provide valuable insights to explain their predictions.
lives [2]3]. Despite ongoing efforts, quantifying their fairness, trust-Alternative methods focus on perturbing the original input [10], or
worthiness, and transparency still remains challenging due to thefivercome issues of gradient-based approadhgs,saturation and
complex and, to some extent, abstract de nitions, as well as the hefalse con dence|[[1ll, 12]. Nevertheless, these attempts in quanti-
erogeneity of infrastructures and todI$[[4,15, 6]. fying visual explanations have yet to reach maturity in effectively

More speci cally, explainable Al (XAl)[[7] includes techniques evaluating the quality of the provided explanations|[13, 14] as the
to produce more transparent, trustable and fair models. Revealirg@mparisons often rely on evaluation protocols that are not easily
replicable, or on ad-hoc architectures. Most importantly, different

This work was supported in part by the EC under project Chips JUcyes can simultaneously be a valid visual explanation. As an exam-
EdgeAl (101097300), by the Italian MUR under PON project GLEAN, and

X le, the Content Heatmap (CH) [14], or the average drop/increase
by project SERICS (PE00000014) under the MUR NRRP funded by the EL){')getrics [1%] 16], can effectively assess the quality of coarse repre-
- NextGenerationEU. Views and opinions expressed are however those of ol ’

authors only and do not necessarily re ect those of the European Union opentations, but they may fail in capturing ne-grained details. To
the Italian MUR. Neither the European Union nor Italian MUR can be heldaddress these issues and measure both coarse and ne details, we fo-

responsible for them. cus on disentangling learned concepts and evaluating the networks’
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localization capability. demonstrate the impact of large-scale data. In some scenaggs (
Our paper introduces several key contributions aimed at enhan@dustrial, or medical) ne-grained annotations could be limited,
ing the interpretability of CAM-based XAl methods. We propose anand previously mentioned datasets may not provide useful repre-
innovative auxiliary module based on two convolutional-based ensentations due to the different characteristics of the domains. In
coders, which uses the features from the nal convolutional layerthese cases, to avoid time-consuming and expensive annotation
We expect that each class has its own prototypical elements to h@ocesses, self-supervised methdds [[26, 27] permit to learn useful
evaluated: the content and the background. Our encoders learn mornisual features. A common solution consists in considering pretext
discriminative features related to these two concepts while back-tasks,e.g., image colorizatior| [28], contrastive learning [29], image
propagating by means of a disentangle loss which is employed impainting [30] or image jigsaw puzzlg [31], that use pseudo-labels
the auxiliary module to generate orthogonal feature maps. By dowhich can be automatically generated using some attributes of the
ing so, we enhance the discriminative capacity of our model withouinput data. Siamese networks also demonstrated to be effective in
interfering with standard architectures used for image classi catiorlearning suitable representations|[32]. Our work also explores the
(see Fig[]l). In addition, we leverage segmentation metrics to prampact of features disentanglement when employing self-supervised
vide simple and effective quantitative measurements of visual expre-training strategies.
planations. Our approach is evaluated on datasets with annotated
segmentation masks for each object in the input image, allowing us 3. METHOD
to assess the performance of CAM-based XAl methods in a more
detailed manner. Furthermore, our study extends beyond the modeg} effectively understand the decision-making process of convolu-
architecture itself to explore the impact of various pre-training projonal neural networks, emphasis is often placed on the nal convo-
cedures. We analyze how different pre-training techniques affegiitional layers due to their ability to retain both spatial information
the performance of our approach and demonstrate that their impaghd high-level semantics. In this regard, we propose a novel auxil-
is network-dependent. Notably, our ndings highlight the valuablejary module that processes the last convolutional features. This aims
contribution of orthogonal features obtained by our auxiliary module enforce the network to learn orthogonal and more discrimina-
in achieving increased explainability in the context of pre-trainingtive representations, thereby enhancing its explainability capability.
procedures. We investigate the common image classi cation setting wherein the
The remainder of this paper is organized as follows. Seffion Zetwork is composed of three distinct parts: a convolutional-based
presents related works. Sectjon 3 describes our proposed approagficoding, a global average pooling layer, and a nal classi cation
and the main pre-training techniques used in this work. Seffion 4tage. In the following, we introduce our features disentanglement
presents our results and also discusses the main limitations of OHfodule, present the corresponding training loss, and nally discuss

approach. Finally, Sectidr} 5 concludes the paper. our investigated self-supervised pre-training strategies.
Features DisentanglementTo perform a feature disentanglement,
2. RELATED WORK we employ additional encoders to maximize the distance between

the learned features. Our aim is to obtain low-dimensional represen-
Visual Explainability. An effective visual explanation should ex- tations of two elements in the image, the content and the background,
hibit two crucial characteristics: it should be class-discriminativeand increase their distance. More speci cally, our model-agnostic
while simultaneously capturing ne-grained details [9]. Grad- method depends upon two additional encoders, narhély,) and
CAM [0], for example, produces localization maps measuring the (), for background and content, respectively. These encoders
gradients owing in the last convolutional layers. Contrastive ap-reduce the depth dimension of the feature maps related thl the
proaches offer an alternative strategy for improving the consistenciayer (see Fid.]2), frolk toNc, whereNk denotes the number of
of visual explanations via positive and negative pairs [13]. Howeverchannels before the global average pooling layemMégdienotes the
a quantitative assessment of their explanatory capabilities is stifiumber of classes in our domain, while their spatial size is not modi-
in its early phase, also marked by the lack of a uni ed consensused. The encoders convert the feature mfa@ RY " N« toF 2
within the community. Coarser metrics [14], for example, focusRW H Nc  Then, we transform each channel td adimensional
on the entire object, while ner metric [II7,]18], consider the spa-vector (withd = W  H) and constrain it onto the surface of a
tial selectiveness of the method. Depending on the domain, thesg/per-sphere using, normalization. Given thé" W H out-
measures may not fully interpret the decisions thus requiring moreut channel of each encodér., ' B and' €, we learn disentan-
investigation. gled representations considering two objectives based on a similarity
Feature Disentanglement. Deep neural networks commonly in- measure de ned by the inner product:
volve the cross-entropy loss for the image classi cation task which W C. By_ 1w C.iB:.
demonstrated to not properly focus on inter-class separability and sim( 73" F) = R @
intra-class compactness [19]. In this regard, several attempts favhich also represents the cosine similarity between two dbur
cus on the learning strategy. For example, spherical, and geometritmensional vectors. In our case, ¢im) 2 [0;1]. For the sake
losses, con rmed to enhance the discriminative power of deep feasf simplicity, we drop from the notation the input of each encoder.
tures [19, 20, 21]. In our work, we propose a novel loss to properlyFirstly, we consider aintra-encodersimilarity, i.e., a cosine simi-
focus on two elements of the input imagdes,, the content and the larity between all the feature pairs of each encoder:

background, and increase the localization capability of a CNN. 1 X h i
Pre-training and ne-tuning. Many computer vision task®.g., Ldis = N sim(' ;' ,-B)+ sim(' ;' ,c ;@
image classi cation, object detection, or image segmentation, i8]

rely on the pre-training and ne-tuning paradigni [22] since H2f LN e o

ImageNet [[28], JFT[[24], and modern large-scale multi-modalwhereN is a normalization factor employed in computing the mean
datasets [25] can signi cantly boost the performance on downstreamalue. Secondly, we consider amer-encodeisimilarity, i.e., a sim-
tasks. The zero-shot capability of recent deep learning mddels [25[arity measure among features associated with a speci ¢ channel in



Fig. 22 We propose an auxiliary module to learn orthogonal feature maps extracted from two convolutional-based encoders (content and
background encoders). Each feature map il.tielayer is normalized to represent a unit vector aidimensional sphere. Our disentangle

loss reduces the similarity among the feature maps of each enc¢qgler&s well as between the corresponding feature maps of both encoders
(L3 ) by increasing the angle between the feature maps (shown in red).

each encoder: SImCLR[29]: this method consists in a contrastive learning
5 c 5o of visual representations. SimCLR adopts a composition of
Las = N sim(" 75" i) (3 transformations applied to each input image for obtaining two

i=1 correlated views and maximize their agreement.

whereN is de ned similarly as in the previous case. Decreasing  We additionally consider ImageNet [23] as pre-training proce-

bothL} andL3, allows the network to encourage diversity in the dure, since it represents the main dataset for pre-training visual mod-

representations. The optimization procedure involves using a stamls and could act as the most effective pre-training strategy. Except

dard cross-entropy loss along with our disentangle loss, which wéor the ImageNet pre-training, we consider thelosest classes to

aim to minimize: our selected ones using WordNet similarty |[34] for the other meth-
ods.

L=Lce + dgslas = Lce + dis (LJis + Lﬁis): 4) Explainable Metrics. We rely on an image classi cation dataset

containing bounding-box annotations which are transformed into bi-

Self-supervised Pre-training.Our aim is also to investigate the role nary segmentation masks highlighting the image regions the network

of pre-training procedures on representation learning for effectivelghould focus on. After applying different post-hoc visual expla-

visualizing the decision-making processes behind the decisions ofation methods, we also binarize their outcomes using a threshold

convolutional neural networks. Speci cally, we consider the general . A higher value of corresponds to increased con dence in the

pipeline of a self-supervised learning procedure,, after apply- network. Finally, we assess the pixel-level comparison between the

ing a self-supervised pre-training method, we transfer the learneground-truth and predicted masks using the following metrics: In-

parameters to a standard convolutional neural network to solve tHersection over Union (loU), or Jaccard Index, precision, recall, ac-

downstream image classi cation task. In this case, we rstly traincuracy and Dice coef cient.

the network using a pretext task, and then ne-tune it on our dataset

additionally considering the disentangle loss. As pre-training proce- 4. RESULTS

dures, we consider the following techniques:

Image colorizatior{28]: we perform color regression on the :Bmplirsentaztg)ré I?jjtallls' E?]Ch heTCOdﬁr :jmplehmgnts Conv;‘

L*a*b space. To enforce colors, we consider grayscale in- atchNorm2d-Re ayers that halve the depth size at each step

puts and introduce Conv2d-BatchNorm2D-ReLU layers us-" order to outputNc channels. Both width and height of the

ing3 3 kernels, and Upsampling layers, to double the Sizeprocessed feature maps are not altered using stride and padding

of the feature maps, and restore the original image size. Afgpproprlately. We train each network @50 epochs, and use

ter colorization pre-training, the convolutional lters in the as many eppchs for ne-tuning. Inpgt images are upgampled to
rst layer are replaced by randomly initialized Iters to han- dfozg' 00%254a?1|()1(etljssle \:\r/g s:é;&e :F?tgfnk:zsélrzilr%%h?elfyirlznli z;?rtltiang
dle RGB images, while the up-sampling layers are discarde fate policy [35]. We adopt ah; regularization for the weights. To
Image rotation[33]: this strategy consists in learning image implement the SimCLR augmentation, we employ a temperature
representations by recognizing the rotation applied to the inparameter = 0:07 and al128-d representation for thiatentvector.

put image and training the network using away classi ca-  To obtain segmentation masks from an explainabile method, we set
tion task; the threshold to 0:5.



Dataset.For our experiments, we use the TinylmageNet dataskt [36], Pre-training ‘ ResNet-18 ‘ ResNet-50 ‘ ResNet-101
a modi ed subset of the popular ImageN&t [23] dataset, obtained Method 1L7™) (255M) (445M)
considering200 classes. It provideS00 training images per class, | e | ooty | aeo RS | aano oot
50 validation images per class ari000 unlabeled images for cgg?fati?n[z"sj\ 89:63/91:60 | 88:93/90:92 | 88:48/90:45
testing. Image dimension B4 64 pixels. For our experiments, Rotation[33] | 87:64/92:00 | 91:25/85:32 | 81:72/86:14
we randomly selech classes, divide the training images into train- SIMCLR[Z9] | 92:11/90:80 | 91:70/90:06 | 88:12/88:51
ing and validation sets using &®-20 split, and use the validation
images as test set. As training classes, we inclEd®pean re
salamander, Sea slug, Tabby, Sports aadFlagpole On the other  Table 1: Top@1 Accuracy (%). The values on the left correspond
hand,Cougar, Drumstick, Lion, SyringeindProjectile are chosen to the training procedure using only the classi cation loss, while
as pre-training classes. those on the right refer to the additional disentangle loss. We un-
Post-hoc Methods. To extract visual explanations, we consider derline the best value for each network.
the following methods: GradCAM [9], GradCAM++ [15], Layer-
CAM [12], and ScoreCAM|[111].
Quantitative Results. Table[] reports the accuracies of our net- interpretable representation. Hig. 5, instead, depicts the results of a
works with different pre-training strategies. The best result isResNet-101 network pre-trained using SImCLR and the ImageNet
achieved by the ResNet-101 architecture with features disentamlataset. In the rst case, the network struggles in learning appropri-
glement, which also presents the greatest number of parameteate characteristics of this speci ¢ class (sea slug) since most of the
among the residual-based networks. While ImageNet pre-trainingighlighted regions appear to belong to the background. The Ima-
improves the classi cation results in most cases, notably, the othegeNet pre-training clearly improves the discrimination capabilities
techniques appears more effective when the number of parameteand the different post-hoc visualization methods focus more on the
is limited. It is worth mentioning that these pre-training methodsmain characteristics of this class. By contrast, our disentangle loss
have been demonstrated to effectively learn the main features d@ficreases the discriminative power of the network since it focuses
the domain, especially when a large quantity of data is availablemore on stripes and shadows which represent typical elements of the
Speci cally, if only a standard classi cation loss is considered, theimages of this class.
ImageNet pre-training clearly obtains the best performance, excepgiblation Studies. To compute the weightgs for our augmented
for the ResNet-18 network since no pre-training, or the SimCLRloss, we conduct an ablation study on the ResNet-18 architecture,
pre-training, appear suf cient for a better learning. While the self-testing it with4 different values without considering any pre-training
supervised pre-training strategies are bene cial for both ResNetmethod, as presented in Taple 4. The introduction of this loss leads to
18/50 networks, we note a detrimental impact on the ResNet-104 slight increase in accuracy byl9%when s is settol0 *. No-
network, in which the accuracy is reduced by2-10 %. Including  tably, among all the metrics, both precision and dice coef cient out-
our disentangle loss, we observe a signi cant improvement of thgperform their previous values by a considerable margin. The remain-
accuracy by 2-5 %, especially for the ResNet-18 network. ing metrics demonstrate improved values regardless of the lambda
In Table[2, we report our explainable metrics training the netparameter. These results also reveal a weak correlation between our
works from scratch and using the ImageNet pre-training. Almost almetrics and the network’s accuracy.
the metrics bene t from our disentanglement. We note a remarkable Furthermore, to evaluate the effect of the thresholidr bina-
gain for both the recall and Dice coef cient metrics con rming a rizing the heatmaps, we measure our metrics wit2 [0:1; 0:9].
more powerful localization capability for the objects in the input im- The results are shown in Fig] 6 for the ResNet-18 architecture, and
ages, which, in turn, also improves the accuracy metric. On the othdrighlight that the ImageNet pre-training is clearly the most effec-
hand, precision values remain almost stable, or decrement. We aléige pre-training method in focusing on the correct parts of the input
point out that the considered post-hoc visualization methods shownage. While rotation pre-training appears useful for learning more
similar trends. Furthermore, we note a limited impact of our ap-discriminative features, colorization pre-training has a detrimental
proach on the GradCAM method. This limitation could be indica-impact instead. A high threshold clearly increases the precision of
tive of the challenges it faces in identifying discriminative regions,the network by 20%compared with a low threshold value, but also
especially in scenarios involving a huge gap between convolutionalecreases the recall metric due to less identi ed correct regions. The
and classi cation features. These results are also con rmed in Tabest accuracy is achieved with= 0 :3 while a low loU metric for all
ble[3 where our disentangle loss increases the explainable metritise values demonstrates that the predicted binary masks poorly align
by large margin compared to a standard classi cation loss. Despitwith the provided bounding boxes. A less penalization is shown by
the limited number of considered pre-training images, our networkghe Dice coef cient. When our disentangle loss is added, we note
bene ts from a pre-training procedure. a regularization effect which notably reduces the gap between all
Qualitative Results. Fig.[4 shows our qualitative results using a the pre-training methods. More speci cally, loU and Recall met-
ResNet-18 network trained from scratch, and pre-trained used tHécs increases almost b% at different threshold values while, for
self-supervised image colorization procedure. Regardless of the vihe self-supervised pre-training strategies, the achieved results reach
sual explanation method considered, a standard classi cation loss féhe ones obtained by a supervised pre-traing. (ImageNet). In
cuses more on the frontal region showing the plate of the car, while 80me cases, both colorization and rotation pre-training, obtain supe-
colorization pre-training allows the network to also highlight objects,rior performance. Finally, we observe that, for low threshold values,
i.e., other cars, present in the background. When the disentangle lokgU and recall metrics increase with our disentangle loss, while pre-
is included, more parts of the car are taken into account, leading teision and accuracy exhibit contrasting behavior.
decisions that rely more heavily on the entirety of the object. In factFailure Cases. Finally, we also show in Fig.]7 some failures cases
more parts of the car are highlighted. In this example, the GradCAMvhere our disentangle loss produces a shift in the learned concepts.
method appears to suffer more from the lack of pre-training, and theimitations. Our proposed loss function, while enhancing explain-
disentangle loss shifts the learned concepts of the network to a leable metrics, introduces an additional number of trainable param-

92:44/94:06 | 90:84/93:65 | 90:86/93:67




Network loU Precision Recall Accuracy  Dice Coeff. Avg. Network loU Precision Recall Accuracy  Dice Coeff. Avg.
GradcAMm [g] GradCAM [g]
ResNet-18 | 0:17/0:20 0:69/0:52 022/0:31 0:53/0:50 (:28/0:30 | 0:38/0:37 ResNet-18 | 0:32/0:15 0:72/0:53 0:41/0:19 0:60/0:49 0:46/0:23 | 0:50/0:32

ResNet-50 | 0:20/0:03 0:67 /0:43 0:24/0:04 0:52/0:47 0:31/0:06 | 0:39/0:21 ResNet-50 | 0:32/0:26 0:73/0:56 041/0:43 0:59/0:49 0:46/0:39 | 0:50/0:43
ResNet-101| 0:21/0:34 0:66/0:58 (:27/0:49 0:53/0:59 0:33/0:46 | 0:40/0:50  ResNet-101| 0:36/0:10 0:73/0:39 0:46/0:13 0:62/0:50 0:51/0:15 | 0:54/0:25

GradCAM++[15] GradCAM++ [15]
ResNet-18 | 0:20/0:50 0:70/0:65 (0:25/0:76 0:54/0:65 0:32/0:64 | 0:40/0:64 ResNet-18 | 0:41/0:49 0:72/0:65 054/0:75 0:64/0:64 0:56/0:63 | 0:57/0:63
ResNet-50 | 0:20/0:49 0:64/0:64 0:25/0:73 0:51/0:63 0:31/0:62 | 0:38/0:62 ResNet-50 | 0:37/0:49 0:73/0:65 049/0:75 0:62/0:64 0:51/0:63 | 0:54/0:63
ResNet-101| 0:19/0:50 0:61/0:65 0:25/0:74 0:50/0:65 0:30/0:64 | 0:37/0:64 ResNet-101| 0:40/0:51 0:74/0:67 (052/0:76 0:64/0:66 0:55/0:65 | 0:57/0:65

ScoreCAM ] ScoreCAM ]

ResNet-18 | 0:22/0:49 0:67/0:66 0:27/0:72 0:53/0:65 0:34/0:63 | 0:41/0:63 ResNet-18 | 0:40/0:49 0:73/0:65 051/0:75 0:64/0:65 0:54/0:64 | 0:56/0:64
ResNet-50 | 0:21/0:37 0:64/0:56 (0:28/0:51 0:51/0:60 0:33/0:48 | 0:39/0:50 ResNet-50 | 0:35/0:39 0:71/0:58 045/0:61 0:61/0:58 (:49/0:51 | 0:52/0:53
ResNet-101| 0:25/0:21  0:64/0:70 0:31/0:28 (052/0:58 0:36/0:27 | 0:42/0:41 ResNet-101| 0:36/0:50 0:70/0:58 (047/0:83 0:61/0:60 050/0:63 | 0:53/0:63

LayerCAM LayerCAM
ResNet-18 | 0:21/0:50 0:70/0:64 0:27/0:77 0:54/0:64 0:39/0:64 | 0:42/0:64 ResNet-18 | 0:43/0:48 0:71/0:65 056/0:71 0:65/0:64 (057/0:62 | 0:58/0:62
ResNet-50 | 0:24/0:51 0:68/0:65 (:30/0:78 0:54/0:65 0:36/0:64 | 0:42/0:65 ResNet-50 | 0:39/0:50 0:71/0:65 052/0:76 0:62/0:64 0:53/0:63 | 0:55/0:64
ResNet-101| 0:23/0:50 0:65/0:66 0:30/0:75 0:54/0:66 0:36/0:64 | 0:42/0:64  ResNet-101| 0:42/0:50 0:71/0:68 055/0:74 0:63/0:67 0:56/0:64 | 0:57/0:65

(a) From Scratch (b) ImageNet

Table 2: Explainable metrics with (a) no pre-training and (b) ImageNet pre-training. The left values referltgghtss while the right
values additionally consider theys loss. We underline the best value for each metric.

From Scratch Pre-trained
GradCAM++  ScoreCAM LayerCAM GradCAM  GradCAM++  ScoreCAM

GradCAM LayerCAM

Lce + dis Ldis

Fig. 4: Results for different post-hoc visualization methods using the ResNet-18 network trained from scratch (left) and pre-trained using
image colorization] (right) for a sample of tlar class. Thel® row only uses the classi cation loss while t1#8% row adds our
disentangle loss.

From Scratch Pre-trained
GradCAM++  ScoreCAM LayerCAM GradCAM  GradCAM++  ScoreCAM LayerCAM

GradCAM

Lce + dis Ldis

Fig. 5: Results for different post-hoc visualization methods using the ResNet-101 network pre-trained using the @CLR [29] method (left)
and pre-trained on ImageN23] (right) for a sample ofgba slugclass. Thel® row only uses the classi cation loss while tB& row
adds our disentangle loss.
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Fig. 6: Explainable metrics using different values in the raf@#; 0:9] for binarizing the heatmaps of the ScoreC[ll] method. These
metrics refer to the ResNet-18 model. TH8 row show the results using our disentangle loss, which acts both as a regularizer and increases
the explainable metrics.

Network loU Precision Recall Accuracy  Dice Coeff. Avg. Top@1 Accuracy (%)
Colorization | Lee | Lce + disLds
ResNet-18 | 0:20/0:50 0:60/0:66 0:27/0:75 0:51/0:65 0:32/0:64 | 0:38/0:64 | | @ =0:01| qs =0:1| gs=1] as =5
ResNet-50 | 0:21/0:51 0:63/0:64 0:27/0:79 0:52/0:65 0:34/0:65 | 0:39/0:65 | 9244 | 9322 | 9363 | 9285 | 913l
ResNet-101| 0:26/0:49 0:64/0:66 0:32/0:74 0:55/0:65 0:38/0:63 | 0:43/0:63 -
XAl Metrics
i 3

Rotationfd] loU 0:22 0:47 0:49 0:49 0:49
ResNet-18 | 0:24/0:51  0:73/0:65 0:30/0:77 0:56/0:66 0:37/0:65 | 0:44/0:65 Precision | 0.67 0:63 0:66 0:65 0:64
ResNet-50 | 0:23/0:51 0:64/0:65 0:28/0:78 0:54/0:65 0:35/0:64 | 0:41/0:65 Recall 0:27 0:73 0:72 0:76 0:76
ResNet-101| 0:20/0:50 0:66/0:67 0:25/0:75 0:53/0:66 0:31/0:64 | 0:39/0:64 Accuracy | 0:53 0:62 0:65 0:64 0:64

SimCL Dice Coeff. | 0:34 0:61 0:63 0:63 0:63
ResNet-18 | 0:21/0:50 0:65/0:66 0:25/0:74 0:54/0:65 0:32/0:63 | 0:27/0:64 Avg. | 041 | 061 | 063 | 063 | 0:63
ResNet-50 | 0:24/0:50 0:70/0:66 (:30/0:75 0:55/0:65 0:37/0:64 | 0:43/0:64
ResNet-101| 0:20/0:51 0:74/0:66 0:25/0:77 0:54/0:66 0:32/0:65 | 0:41/0:65

Table 4: Ablation study related to theys parameter for the ResNet-
Table 3. Explainable metrics using different self-supervised pre-18 network with no pre-training. We report the accuracies for differ-
training strategies for the LayerCANI [[12] method. The values onent values of 4s parameter along with the explainable metrics for
the left refer to thdce loss, while the values on the right also con- the ScoreCAM|E|1] method.
sider thel 4is loss. We underline the best value for each metric.

Flagpole

eters. Challenges also arise from the availability and reliability of
ground-truth annotations, impeding direct comparisons. Further-
more, like any data-driven approach, our method may inadvertently
capture biases inherent in the training data.

5. CONCLUSION

Our paper proposes a robust methodological framework aimed at
improving the effectiveness of post-hoc visual explanations. We dis-
entangle feature maps within the last convolutional layers using a
novel encoder which focuses on discerning between background and
content, as the main elements contributing to the decision-making
- process. We also design a loss function, based on the cosine simi-
(©) larity distance, to facilitate the learning of more discriminative fea-
tures. Finally, our study systematically examines the impact of self-
Fig. 7: Failure cases.Results for the ScoreCAM [11] method ap- Supervised pre-training strategies on the proposed method, which is
plied to the ResNet-101 pre-trained on Image tow) and pre-  also bene cial in the case of pre-training procedures. We demon-
trained with the self-supervised image rotation strategy [2% ( Strate that our approach helps in understanding and improving Al
row). (a) shows the ground-truth annotation, (b) used the loss, Mmodels to enhance transparency and implement security measures,
while, in column (c), the&.ce + s Lais 10SS is applied. enabling the detection and correction of biased decisions.
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