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Abstract

Explanatory Interactive Learning (XIL) has emerged as a promising paradigm to bridge
the gap between machine learning models and human understanding by integrating Ex-
plainable Artificial Intelligence (XAI) methods directly into the training process. Tra-
ditionally, XIL methods in computer vision rely on expert annotations specifying the
evidence present in the input, collected before training starts and regardless of the model
behavior during training. This can be detrimental to the interactive nature of XIL and
miss out on the opportunity of taking advantage of the intermediate information about
the model during training. In this paper, we formalize XIL as an interactive learning
paradigm to provide guidance on model explanations through a series of interactions
with an expert user during training. Furthermore, we introduce an approach to approxi-
mate the evidence from sparse adaptive interactions collected as guiding points indicating
where explanations were deemed irrelevant by the expert during training. We evaluate
the proposed framework using a simulated interactive loop to explore interactions in an
adaptive setting. Our results show that by taking advantage of the information provided
by the model explanations during training, the proposed adaptive framework is able to
match, or even exceed, the performance and explainability of XIL methods trained with
access to the ground-truth evidence with fewer interactions.

Keywords: Explainable Artificial Intelligence (XAI), Explainable Interactive Learning
(XIL), Computer Vision

1. Introduction

Deep neural networks have achieved strong predictive results in a variety of computer
vision benchmarks and applications [1-4]. However, this high performance comes at the
cost of explainability [5]. Deep models often behave like black boxes, undermining user
trust and raising practical and ethical concerns when their decision-making processes lack
transparency [6]. Explainable Artificial Intelligence (XAI) [7] was developed to address the
need for greater understandability of these models and to shed light on their decision-making
processes. Unlike interpretable (glass-box) models [8], which are designed with inherent
transparency in their decision-making processes, explainability methods provide post-hoc
attributions and visualizations for otherwise opaque black-box models [7]. However, X AT is
only a diagnostics tool and does not provide approaches for fixing the underlying problems
once they are discovered [9].

Explanatory Interactive Learning (XIL) [9] was introduced as a framework to close this
gap by using explanations produced by XAI methods as training feedback to guide models
throughout training. Since neural networks are over-parameterized, for a given task and
dataset, the model parameters can converge to different modes in the Rashomon set [§] in
the model space, achieving similar performance while exhibiting different characteristics [10].
XIL offers the opportunity of guiding the model parameters towards modes where the ex-
planations make sense to a human by integrating user feedback on explanations directly
into the training loop. In this work, we focus on computer vision tasks, where explanations
are typically provided in the form of saliency maps using post-hoc explanations (see Fig. 1).
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Figure 1. Example of Grad-CAM explanations [15].

Current XIL methods consider cases where underlying evidence is approximated through
detailed expert feedback provided for every input-label pair in the dataset [11-14], which
can make the evidence approximation step time-consuming and cumbersome.

In this work, we consider an XIL framework where the evidence is approximated through
a series of low-effort interactions between the expert and the model explanations throughout
training. Focusing on computer vision tasks, we propose an approach to approximate the
underlying evidence from sparse guiding points. Guiding points are arguably the simplest
form of feedback an expert can provide quickly and interactively. In the proposed frame-
work, the guiding points provided by the experts are influenced by the current explanations
of the model and the expert feedback adapts to model explanations for each input. We
perform experiments in which we simulate experts with different levels of tolerance to irrele-
vant explanations. We show that the proposed interactive framework unlocks new trade-offs
between model performance and explainability, while reducing the annotation burden com-
pared to the traditional setting.

2. Interactive Learning from Explanations with Adaptive Guidance

In this section, we formally define the problem of learning a model guided by feedback on
model explanations interactively provided by an expert in the loop. We focus on computer
vision tasks, where X and ) respectively denote the input (image) and label spaces. The
unknown function f* : X — ) determines the underlying mapping form inputs x € X’ to
labels y € V. Given a dataset D = {%,y*}}¥, of N samples, the goal is to find a model
fo : X — Y that approximates the real mapping f* by relying, according to its explanations,
on information deemed relevant by humans.

Given an input image x of dimension W x H, an explanation typically corresponds to a
matrix Fy(z,y) € [0,1]"*# that indicates the contribution of each pixel to the decision of
the model (closer to 1 means more contribution). We assume that human knowledge defines
evidence A(z,y) € {0,1}"W*H indicating, for each pixel, whether it should contribute (1) or
not (0) to the decision. Unfortunately, in practice, evidence is not directly accessible, and
must be approximated, A(z,y) ~ A(zx,y), from expert interactions. When learning from
adaptive guidance, we assume that the expert is available to provide interactive feedback
on model explanations associated with input-label pairs during training. The objective is
to minimize the number of expert interactions required to learn a model that maximizes
performance and relevant explanations without relying on the unknown evidence.

Note 1 (Adaptive guidance). The proposed setting relies on expert feedback that is adapted
in real-time to the current model explanation. This contrasts with the typical XIL set-
tings [12, 13] in which the approximate evidence is solely extracted from the data (e.g.,
binary masks) and thus can be treated as any regular annotation.
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Figure 2. Typical guided training paradigm.

2.1. Evaluation

When evaluating an explainable model, we are interested in both the model performance
on the considered task and the quality of the model explanations.
Performance metrics. The notion of performance is task-dependent and therefore any
standard metric can be used. Usual metrics in computer vision tasks include accuracy or
F1-score for classification [16, 17], and Average Precision (AP) or Intersection over Union
(IoU) for object detection [18, 19].
Explainability metrics. The quality of model explanations provided as saliency maps
can be evaluated by measuring the concentration of explanations (saliency) within regions
deemed relevant by a human expert. Given an input-label pair (z,y) € D, the Energy-Based
Pointing Game (EPG) [20] measures the proportion of model explanation e = Ey(z,y)

deemed relevant according to the approximated evidence @ = A(x,y)*:

- _ lle@alh
EPG(e,a) == W

The EPG score lies in [0, 1], with higher scores indicating more relevant explanations.

(2.1)

2.2. Training

Following prior work in XIL [13], the model is trained jointly for performance maximiza-
tion and quality of explanations using a hybrid loss on input-label pairs (z,y) € D:

‘C(fev z,y,e, &) = ﬁtask(fQ (SL’), y) + )\ﬁcxp(ea &)a where A Z Oa (22)

where Li,qc denotes a loss that captures the model performance on the task and Lexp
denotes a loss that captures the relevance of explanation e = Ejy(x,y) according to the
approximated evidence a = A(w,y) Figure 2 illustrates the computation of such hybrid
loss on a given learning iteration. While conventional training relies solely on a task loss
to train the model, XIL also includes an explanation loss based on approximate evidence.
Under adaptive guidance, the evidence is approximated from expert feedback interactively
provided on the current model explanation.

Task loss. The task loss is used to train the model to perform well on the main task.
Consequently, it is task-dependent and its formulation depends on the task at hand. In our
experiments, we will use cross-entropy loss across the board for the multi-label classification.

1The Hadamard product A ® B denotes the element-wise product between two matrices A and B.



Explanation loss. The explanation loss can been formulated in different ways, which can
encourage different traits in the trained model. For example, the LI loss [11, 12] measures
the absolute difference between the explanation e = Ey(x,y) and the approximated evidence

a = A(z,y) for each pixel:
LD (e,a) = |le — al|;. (2.3)

exp

Alternatively, the point-wise cross entropy (PCE) loss [21] measures the point-wise binary
cross-entropy between the binarized explanation e = Fy(z,y) € {0,1}"W*# and the approx-

imated evidence a = A(z,y) for each pixel:

LET (e,a) =) (ds;loges; + (1 — ai;log(1 — e;5)) . (2.4)
i,J
Both the L1 and PCE formulations encourage the model to mimic the approximated ev-
idence. More recently, the Energy Pointing Game (EPG) loss [14] introduced the idea of
penalizing the model for irrelevant explanations (according to the approximated evidence
a) by using the negative EPG score (Eq. 2.1) as the explanation loss:

LEPG) (e,a) = —EPG(e, a). (2.5)

In our experiments we will consider all three losses.

3. Adaptive Guidance from Guiding Points

Under the proposed XIL setting with adaptive guidance, the expert is asked to provide
feedback on the current model explanation for each input-label pair, at each learning iter-
ation. This could rapidly become an unbearable burden for the expert. In this section, we
introduce a procedure to approximate the evidence from weak, low-effort, interactions.

3.1. Approximating evidence from expert feedback

Every time the model processes an input and produces the associate explanations, we ask
the expert to click on the locations where the model explanation is irrelevant. We then use
the provided single-pixel clicked points as guiding points to construct a mask of irrelevance,
Fig 3 provides samples of such guiding points and resulting masks.

The mask of irrelevance is created by expanding guiding points to regions whose latent
representation is similar to the latent representation of a guiding point. Concretely, let
hij € H? denote the d-dimensional latent representations of an input at the coordinates
(i,7). We compute the cosine similarity between the latent representation at each spatial
location (4,7) and the latent representation at guiding point location (p, q):

_ hij - hpq

[[hill2 1hpgll2
Given a similarity threshold § > 0, we consider that location (i, j) is irrelevant if the latent
representation at this position is sufficiently similar to the latent representation at the
guiding point location (p,q), that is S.(hij, hpg) > 0. Given a set of guiding points, a
location is deemed irrelevant if it is irrelevant according to any guiding point in the set.
Algorithm 1 summarizes the procedure for creating a mask of irrelevant regions guided by
a set of guiding points. Figure 3 provides examples of masks of irrelevance extracted from
given guiding points on two different inputs with a ResNet backbone and similarity threshold
0 = 0.995.

In practice, the set of guiding points associated to a given sample (z, y) grows over training
epochs, as the expert iteratively provides adaptive feedback on the associated explanation
Ey(z,y) (which evolves with the model over training epochs). As the expert is only asked
to provide feedback where explanations are deemed irrelevant, the expert stops providing

Se(hijs hpq)



Algorithm 1 Identifying irrelevant regions for an input « of dimension W x H

Input: Latent representation h(z) € HW*H*4 threshold d, set of guiding points G
Output: Mask m
Initialize an empty matrix m <
for every location (7, ) in input = do
for every guiding point location (p,¢q) in G do:
Update mask my,q < max(mpq, Sc(hij, hpg) > 0)
end for
end for
Return m

0W><H

Input Guiding points Mask of irrelevance

Figure 3. Masks of irrelevance obtained from sampled guiding points.

feedback on an input when its explanation converge to relevant regions (according to the
expert). Given a mask of irrelevance m for an input = of dimension W x H, we approximate
the evidence as

Az, y) =1"H —m, (3.1)

which distinguishes possibly relevant regions (1) from confidently irrelevant regions (0).

3.2. Training from adaptive guidance with guiding points

With the proposed approach, the expert is only asked to provide feedback on irrelevant
explanations. Therefore, the resulting approximated evidence (Eq. 3.1) contains information
with variable confidence. Indeed, while regions marked as irrelevant by the expert can be
treated as such, regions not marked as irrelevant may still be irrelevant. Such imperfection
in the approximate evidence should be taken into account in the choice of training loss. As
such, we focus on the EPG loss (Egs. 2.5 and 2.1), as it relies only on regions confidently
marked as irrelevant in the approximate evidence.

By construction, the approximate evidence for a given sample will contain much more
signal when the explanation is less relevant. As such, gradients from samples with smaller
irrelevant regions can be low and get ignored at training. To avoid this situation, we propose
a weighted variant of the EPG loss, where the EPG score is adjusted based on the input



dimension W x H and the number of guiding points n collected on that input:

,C(EPG“’)(&a) — _H x W

exp n

EPG (e, ). (3.2)

4. Experiments

We conduct a series of experiments to evaluate the potential of the proposed approach for
learning from explanations using adaptive expert guidance. We consider the task of multi-
label classification using a backbone pre-trained on ImageNet [22] (without explanations)
and fine-tuned using explanations on a target dataset. We carry out experiments on two
large-scale computer vision datasets, MS COCO [23] and PASCAL VOC [24]. These datasets
come with per-class segmentation masks for each sample (z,y) which we use as underlying
evidence A(z,y).

Backbones and explanations. We consider three model backbones with a corresponding
explanation method for each: 1) ResNet50 [25] with Grad-CAM [15] explanations; 2) B-
Cos [26] with its inherent bcos explanations; and 3) X-DNN [27] backbone with Integrated
Gradient [28] explanations, which can be calculated with a single backward pass of the
model. Following the setting in [14], backbones were fine-tuned for 10 epochs on the COCO
dataset, and for 50 epochs on the PASCAL VOC dataset. For each model configuration,
hyperparameter fine-tuning is carried out for A € {1074,5 x 107%,1073,5 x 1073} to select
the models with the best performance and explainability on the validation set. We report
the performance of the selected models on the test set.

Baselines. As the unguided baseline, we train the backbones without any guidance for
explanations (Eq. 2.2 with A = 0) on the target dataset. As evidence-guided baselines,
we fine-tune the unguided baseline using guidance from the perfect underlying evidence:
A(z,y) = A(z,y). This is consistent with traditional XIL settings for classification [12, 13],
where approximate evidence is often defined as precise segmentation masks or bounding
boxes around objects of interest. For each backbone, we train three such evidence-guided
baselines using the hybrid loss (Eq. 2.2) combined with the L1 loss (Eq. 2.3), the PCE loss
(Eq. 2.4), and the EPG loss (Eq. 2.5), respectively. Note that this requires one fully detailed
annotation for each sample in the dataset, unlike the proposed adaptive setting where the
expert provides interactive feedback on each sample and its explanation during training.

4.1. Simulating user interactions

To make the experiments reproducible, we introduce a procedure for simulating expert
interactions. We assume that when an expert is shown the current explanations of the model
and is asked to provide guiding points, they will avoid the relevant region and choose the
points in irrelevant regions proportional to their attributed saliency. We simulate this inter-
action by sampling guiding points outside the class-relevant region given evidence A(z,y),
with probability given by the saliency of the explanation. The selected points are added to
the set of guiding points for the sample (z,y).

As the saliency is continuous in [0, 1], it is very likely to remain positive, although low,
in irrelevant regions. In practice, the decision to correct the model depends on the expert’s
interpretation and tolerance regarding the extent to which explanations highlight irrelevant
regions. We simulate this expert tolerance using a threshold 7 € [0, 1) such that the expert
keeps providing feedback until the saliency in irrelevant regions falls below this threshold.
As a result, when the explanation meets the expert tolerance everywhere on a sample, no
further feedback is provided for that sample. Algorithm 2 describes the general simulation
procedure of expert interaction with a sample. All such samples start with an empty set of
guiding points and the guiding points are accumulated for each sample as they are provided
by the expert during training.



Algorithm 2 Simulating an interaction of the expert with sample (z,y).

1: Input: Evidence a = A(z,y), explanations e = Fy(z,y), guiding points G, threshold 7
2: Output: Updated guiding points G

3: Compute normalized irrelevant explanations e~ < e ® (1W*H —qa)/|le|s
4: Compute mask of irrelevance m using guiding points G (Alg. 1)

5: Initialize fraction of irrelevant saliency s < |le™ ©® m/||;

6: whiles > 7 do:

7 Sample a guiding point g using e~ as the distribution

8: G+ GUg

9: Update m using guiding points G (Alg. 1)

10: Update s « |le” @ m||;

11: end while

12: Return G

We conduct our experiments using threshold 7 € {0,0.25,0.5,0.75} to simulate different
levels of user tolerance when providing feedback. In this case, a threshold 7 = 0 would
correspond to a scrutinizing user who is extremely determined in removing all saliency from
irrelevant regions, whereas a threshold 7 = 0.75 would define a lenient user.

4.2. Results

We report the performance on the classification task (Fl-score) and a measure of the
relevance of explanations (EPG score, Eq. 2.1) for all training strategies. Figures 4 and
5 respectively display the results on COCO and PASCAL VOC, in which dominated and
dominating regions are indicated with respect to the unguided baseline. When models with
the highest Fl-score are selected (performance first, Figs. 4 and 5, top-row), we observe
that adaptive guidance from guiding points can result in models that perform similarly to
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Figure 4. Performance and explainability on COCO for all baselines and the proposed
adaptive guidance under different levels of simulated user tolerance (7).
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Figure 5. Performance and explainability on PASCAL VOC for all baselines and the
proposed adaptive guidance under different levels of simulated user tolerance (7).
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Figure 6. Samples of explanations obtained with baselines and with adaptive guidance.

evidence-guided models, while sometimes improving the explainability (for example, using
ResNet with GradCam explanations on both datasets, Figs. 4 and 5, first-column). When
models are selected based on highest EPG score (explainability first, Figs. 4 and 5, bottom-
row), we observe that adaptive guidance from guiding points often results in an explicit
trade-off between performance and explainability. Figure 6 provides some samples of Grad-
CAM explanations with the ResNet backbone on the COCO dataset, given a semi-lenient
simulated expert (7 = 0.5) for adaptive guidance. We observe that the adaptively guided
model can guide model explanations away from irrelevant evidence and towards the relevant
regions of the image similar to evidence-guided models, while requiring fewer interactions
(see Sec. 4.3).



Adaptive guidance from guiding points relies on interactions between the expert and the
explanations. As such, the annotation burden and the quality of the approximate evidence
are highly dependent on the feedback strategy of the expert. Given our simulated user
interactions, we would expect that a scrutinizing expert (7 — 0) should incur a higher an-
notation burden compared with a lenient expert (7 — 1) willing to tolerate more saliency in
irrelevant regions, which in turn should lead the former to better approximate the evidence.
We investigate these aspects in the next sections.

4.3. Annotation burden

Figure 7 displays the number of interactions required per sample using guidance from
evidence and adaptive guidance from guiding points under different levels of user tolerance.
In the case of adaptive guidance, interactions correspond to the number of clicks on expla-
nations associated with a given sample. In the case of guidance from evidence, interactions
correspond to the number of clicks on an input required to produce a detailed segmentation
mask. As expected, we observe that increasing the tolerance to errors (7 — 1) decreases the
number of interactions. As a result, lenient experts would suffer less from the annotation
burden. More importantly, lenient experts may even completely skip feedback on samples
where they deem the explanation to be sufficiently accurate. Conversely, scrutinizing ex-
perts would end up providing more feedback, increasing their annotation burden. Overall,
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Figure 7. Number of interactions using guidance from evidence and adaptive guidance
from guiding points under different levels of simulated user tolerance (7).
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Figure 8. Fraction of relevant regions falsely marked as irrelevant due to mask bleed
based for different levels of simulated user tolerance (7), for both datasets.

we observe that adaptive guidance significantly reduces the amount of interactions compared
with evidence guided methods.

4.4. Evidence approximation

It is expected that increasing the number of interactions between an expert and samples
should result in a better approximation of the evidence (Eq. 3.1). However, our results
surprisingly show that the EPG score obtained under adaptive guidance from scrutinizing
experts does not necessarily outperform the EPG score obtained with lenient experts. To
explain this, we investigate the quality of the resulting approximate evidence. Recall that
the proposed approach for adaptive guidance propagates the feedback provided by the expert
as guiding points to the entire input. This step relies on the cosine similarity between the
latent representation of the input at guiding points and the latent representation at all
other locations in the input (Alg. 1). While this reduces the need to collect dense feedback
everywhere in the input, the trade-off is that nothing prevents the mask of irrelevance created
from guiding points from propagating to relevant regions. We refer to this phenomenon as
bleeding and investigate to what extent it is present.

Figure 8 displays the proportion of the relevant region (according to the evidence) marked
as irrelevant according to the approximate evidence on the COCO dataset. We observe that
bleeding is insignificant for the majority of samples when the expert has some leniency
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(7 € {0.25,0.5,0.75}). However, we notice major bleeding when the expert is scrutinizing
(7 =0.0). As the explanations are dependent on the latent representation, a low but positive
saliency in irrelevant regions may be unavoidable. This indicates that experts providing
adaptive feedback within the proposed approach should demonstrate some tolerance and
not expect to reach null saliency in irrelevant regions.

Conclusion

In this paper, we formalized XIL as a paradigm to provide guidance on model explanations
through a series of interactions with an expert user during training. Focusing on computer
vision tasks, we proposed an approach to approximate the evidence from sparse adaptive in-
teractions collected as guiding points indicating where explanations were deemed irrelevant
by the expert during training. To evaluate this framework, we provided a simulated user
interaction loop, which was then used to fine-tune different backbones on a multi-label clas-
sification task on two large-scale computer vision datasets. The experiments demonstrated
the efficacy of the proposed framework, which was able to match or exceed the performance
and explainability of the models trained guided with the ground-truth evidence.

Since masks of irrelevant regions in the proposed framework are calculated based on the
latent representation of guiding points, exploring whether guiding points can be transferred
across samples is an interesting step forward. If possible, this would further reduce annota-
tion burden by reusing guidance across samples. We also aim to extend our experiments by
applying the adaptive guidance framework on a real-world dataset with human annotators
in the loop to further validate the results obtained using simulated feedback.
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Appendix A. Hyperparameter Tuning
In this appendix, we present extensive results with different values for A.

Backbone | Guidance | Setting Lambda

A=10"% A=5x10"1 A=10"3 /\:5><10’5]
F1 EPG F1 EPG F1 EPG F1 EPG
EPG 68.32 2196 | 68.80 30.06 | 68.64 30.31 | 67.13 35.56

Evidence L1 68.92 21.03 | 68.80 25.39 | 68.75 27.35 | 68.81 28.11
PCE 68.90 17.78 | 68.78 15.82 | 68.89 15.66 | 68.61 11.97
ResNet 7=0.0 | 69.67 2242 | 68.64 26.43 | 67.56 26.44 | 59.63 25.44
. 7=0.25| 69.84 2851 | 68.11 2548 | 67.70 25.78 | 58.14 25.52
Adaptive

=05 | 69.77 2355 | 68.81 2222 | 68.19 2219 | 61.52 22.11
7=0.75|69.41 18.95 | 68.36 18.47 | 68.26 18.26 | 61.96 18.47

EPG 70.28 18.39 | 70.26 21.22 | 70.19 28.36 | 68.25 30.43

Evidence L1 70.32 18.41 | 70.31 20.02 | 70.27 21.34 | 69.59 25.61
PCE 70.45 17.31 | 70.78 15.41 | 70.39 14.56 | 66.15 12.12
B-Cos 7=0.0 | 70.99 18.66 | 70.75 20.93 | 70.20 22.81 | 65.27 25.91
Adaptive 7=0.25|70.99 19.69 | 70.10 22,55 | 69.27 23.76 | 64.35 25.22
7=0.5 70.95 19.15 | 70.46 20.70 | 70.01 21.30 | 66.94 22.04
7=0.75 | 70.96 18.36 | 70.32 1877 | 69.76 18.80 | 67.91 18.19
EPG 64.16 27.37 | 64.96 31.77 | 63.86 34.10 | 36.42 34.67
Evidence L1 64.11 24.06 | 64.54 26.04 | 63.77 27.43 | 61.78 31.28
PCE 63.74 1849 | 58.29 12.07 | 64.17 12.75 | 38.80 10.10
X-DNN 7=0.0 | 65.03 26.43 | 63.82 30.64 | 62.07 32.78 | 29.30 28.03
. T7=0.25 | 63.96 26.80 | 64.92 30.43 | 57.64 29.54 | 31.95 25.65
Adaptive

T=05 | 64.37 25.85 | 63.50 28.42 | 53.40 28.47 | 35.25 26.10
T=0.75|63.99 23.04 | 63.30 23.25 | 54.37 23.48 | 27.87 6.76

Table 1. performance-first experiments on COCO validation set.

Backbone | Guidance | Setting Lambda

A=10"1% A=5x10"1 A=10"3 A=5x10"73

F1 EPG F1 EPG F1 EPG F1 EPG

EPG 67.79 2143 | 67.81 30.50 | 67.50 30.73 | 66.30 36.49

Evidence L1 68.10 21.39 | 68.11 25.71 | 67.87 27.30 | 67.70 28.53
PCE 68.59 17.59 | 68.25 15.86 | 68.08 16.04 | 68.18 12.30
ResNet 7=0.0 | 68.81 2278 | 67.95 26.75 | 66.58 26.75 | 58.46 25.78
. T=0.25 | 68.97 2894 | 67.31 2583 | 66.97 26.13 | 57.60 25.85
Adaptive

7=05 | 68.85 2394 | 67.88 22.60 | 67.42 22.56 | 60.85 2247
7=0.75 | 68.55 19.03 | 67.82 18.89 | 67.29 18.67 | 61.52 18.89

EPG 69.81 18.79 | 69.83 20.61 | 69.80 28.56 | 67.47 30.91

Evidence L1 69.81 18.81 | 69.80 20.41 | 69.72 21.73 | 69.09 25.63
PCE 69.91 17.70 | 69.97 15.78 | 69.84 14.96 | 65.54 12.46
B-Cos 7=00 | 70.30 19.07 | 70.07 21.35 | 69.56 23.21 | 64.42 26.34

7=0.25 | 70.22 20.09 | 69.60 22.94 | 68.82 24.15 | 63.57 25.62

Adaptive | 05| 7024 1055 | 69.91 2111 | 69.49 2171 | 66.42 22.46
r=0.75| 70.30 18.76 | 69.95 19.03 | 69.42 19.05 | 67.49 18.61
EPG | 63.57 27.74 | 64.43 32.20 | 63.31 34.56 | 35.95 35.10
Evidence L1 63.54 24.41 | 63.92 26.41 | 63.35 27.79 | 61.33 31.12
PCE | 62.83 18.86 | 57.65 12.39 | 63.55 13.09 | 37.95 10.39
X-DNN T=00 | 64.39 26.86 | 63.08 3113 | 61.79 33.12 | 2856 28.57
| 7=025] 6369 25.25| 64.12 3092 | 56.99 30.03 | 31.61 26.13
Adaptive

=05 | 63.34 26.19 | 62.68 2897 | 52.83 29.02 | 34.33 26.52
7=0.75 | 63.68 23.45 | 62.43 23.70 | 53.42 24.04 | 27.54 6.92

Table 2. performance-first experiments on COCO test set.
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Highest F1 (EPG) value in the performance-(explainability-) first experiments on the
validation set is used to determine the A\ value. Results corresponding to that A on the test
sets are used in Figs. 4 and 5.

Backbone | Guidance | Setting Lambda

A=10""1 A=5x10""1 A=103 A=5x10"7]

F1 EPG F1 EPG F1 EPG F1 EPG

EPG 68.32 21.96 | 68.80 30.06 | 68.36 32.98 | 67.02 36.47

Evidence L1 68.92 21.03 | 68.80 25.39 | 68.75 27.35 | 68.64 30.46

PCE 68.90 17.78 | 60.46 17.36 | 66.35 16.64 | 56.59 16.26

ResNet 7=0.0 | 69.53 25.43 | 68.13 28.85 | 66.49 29.46 | 56.98 27.88

Adaptive 7=0.25 | 69.84 2851 | 64.81 30.58 | 64.14 30.11 | 43.75 28.30

T=0.5 | 69.16 25.74 | 65.40 27.28 | 64.70 26.92 | 53.26 24.34

T=0.75 ] 68.78 20.83 | 66.00 22.27 | 64.17 22.05 | 54.81 19.97

EPG 68.44 19.83 | 67.77 2491 | 67.99 25.27 | 65.88 34.28

Evidence L1 69.01 19.29 | 68.50 21.87 | 68.46 23.33 | 67.23 26.79

PCE 70.45 17.31 | 70.50 15.84 | 69.04 15.76 | 63.74 12.89

B-Cos 7=0.0 | 70.04 20.27 | 68.94 25.30 | 68.77 26.81 | 63.68 29.53

Adaptive T=0.251]69.81 21.79 | 68.98 2591 | 67.49 27.78 | 57.81 29.78

=05 | 69.72 20.76 | 68.79 23.81 | 68.32 2491 | 56.84 27.27

T=0.75 | 70.19 18.84 | 69.36 19.36 | 67.64 19.94 | 60.36 20.52

EPG 62.08 2790 | 61.42 32.50 | 59.29 34.97 | 33.21 35.35

Evidence L1 61.67 24.33 | 61.80 26.32 | 61.18 27.83 | 61.80 26.32

PCE 58.15 21.85 | 58.29 12.07 | 50.40 13.50 | 25.66 10.66

X-DNN T=0.0 | 60.98 27.75 | 62.75 30.76 | 62.07 32.78 | 26.43 28.34

Adaptive T=0.25 | 60.19 27.85 | 64.92 3043 | 55.32 30.52 | 28.16 27.81

=05 | 61.01 26.29 | 62.85 29.20 | 52.77 29.04 | 28.23 27.44

T=0.75 | 62.06 24.26 | 62.58 24.47 | 50.78 25.34 | 8.58 11.45

Table 3. Explainability-first experiments on COCO validation set.

Backbone | Guidance | Setting Lambda

A=10"17 A=5x10"1 A=10"3 A=5x10"7%
F1 EPG F1 EPG F1 EPG F1 EPG
EPG 67.70 2225 | 67.81 30.50 | 67.62 33.45 | 66.29 36.85

Evidence L1 68.10 21.39 | 67.71 25.99 | 67.95 27.75 | 67.81 30.83
PCE 65.94 18.13 | 60.28 17.80 | 65.46 17.04 | 55.91 16.61
ResNet 7=0.0 | 6899 25.73 | 66.53 29.28 | 65.46 29.73 | 56.02 28.16
. T=0.25 | 68.97 2894 | 64.10 30.78 | 62.93 30.65 | 42.74 28.81
Adaptive

T=0.5 | 68.53 26.15 | 65.03 27.64 | 61.55 27.54 | 49.09 24.95
7=0.75 | 68.10 21.11 | 64.97 22.66 | 63.33 22.45 | 54.40 20.32

EPG 66.81 20.53 | 66.90 25.34 | 66.80 29.77 | 65.08 34.69

Evidence L1 66.72 20.08 | 66.72 22.61 | 66.74 24.11 | 66.62 27.22
PCE 68.21 17.80 | 69.83 16.21 | 67.72 15.28 | 63.49 13.23
B-Cos 7=00 | 68.73 21.13 | 68.22 25.70 | 67.79 27.43 | 63.04 29.94

7=0.25 | 6850 22.55 | 67.86 26.66 | 66.95 28.38 | 56.60 30.59

Adaptive | 15" | 6352 2131 | 68.04 24.22 | 67.26 2539 | 56.65 27.69
=075 | 68.60 19.46 | 68.23 20.10 | 67.15 20.36 | 59.67 20.92
EPG | 6147 28.32 | 59.18 32.92 | 59.39 35.54 | 32.58 35.78
Evidence L1 61.24 24.64 | 59.94 26.83 | 60.84 28.18 | 62.29 25.62
PCE | 57.58 22.27 | 51.31 12.50 | 49.79 13.83 | 25.35 10.97
X-DNN 7 =00 | 60.00 2837 | 60.64 3142 | 6147 33.18 | 25.74 28.81
| 7=025|5937 2835 | 61.86 31.20 | 54.71 31.19 | 27.40 28.29
Adaptive

7=05 | 6046 26.63 | 6220 29.73 | 52.20 29.69 | 27.69 27.98
T=0.75| 5780 24.67 | 61.82 2497 | 49.85 25.86 | 8.38 11.58

Table 4. Explainability-first experiments on COCO test set.



Backbone | Guidance | Setting Lambda

A=10"" A=5x10""1 A=10"7 A=5x10"3]

F1 EPG F1 EPG F1 EPG F1 EPG

EPG 79.29 2499 | 7877 30.42 | 7896 29.79 | 79.43 34.80

Evidence L1 78.89 2547 | 79.72 26.57 | 79.89 28.06 | 78.77 33.82

PCE 78.79 2435 | 7879 2592 | 78.91 25.01 | 78.30 25.54

ResNet =00 | 79.07 2521 | 79.29 2825 | 79.34 27.87 | 79.16 31.28

Adaptive T=0.25| 7878 26.34 | 7893 26.68 | 79.34 28.79 | 79.32 3241

T7=05 | 79.34 2530 | 79.28 26.43 | 7882 28.76 | 78.66 29.72

T=0.75| 79.18 2437 | 79.39 24.64 | 7880 25.14 | 78.86 27.15

EPG 79.89 26.78 | 79.89 26.80 | 79.93 26.84 | 79.81 28.83

Evidence L1 79.91 26.78 | 79.91 26.81 | 79.94 26.84 | 79.87 28.17

PCE 79.95 26.76 | 79.76 28.83 | 79.98 29.11 | 80.49 26.98

B-Cos 7=00 | 79.89 26.78 | 79.93 26.80 | 79.95 26.82 | 80.02 27.00

Adaptive T=0.25| 7991 26.78 | 79.93 26.83 | 79.94 26.89 | 80.07 27.35

T=05 | 79.89 26.78 | 79.91 26.81 | 79.96 26.85 | 80.12 27.16

T=0.75| 79.90 26.78 | 79.92 26.79 | 79.93 26.80 | 79.89 26.90

EPG 73.37 3732 | 7256 39.97 | 7244 39.82 | 72.34 42.37

Evidence L1 72.45 3429 | 7277 37.25 | 73.53 3594 | 73.89 39.51

PCE 73.88 32.86 | 73.80 32.16 | 74.91 30.81 | 73.87 29.62

X-DNN T=00 | 72.88 3581 | 72.86 37.14 | 72.86 37.65 | 71.94 38.35

Adaptive T=0.25 | 73.31 37.02 | 72.74 38.69 | 72.06 37.13 | 71.84 40.94

T=05 | 73.53 3594 | 7289 35.74 | 72.76 37.92 | 72.51 36.52

T=0.75 | 72.90 36.00 | 73.39 34.65 | 7247 36.07 | 72.83 35.65

Table 5. Performance-first experiments on VOC validation set.

Backbone | Guidance | Setting Lambda

A=10""1 A=5x10""1 A=103 A=5x10"7]

F1 EPG F1 EPG F1 EPG F1 EPG

EPG 79.51 25.84 | 79.55 29.86 | 79.15 29.22 | 79.83 34.09

Evidence L1 79.71 2553 | 79.68 26.56 | 80.04 28.20 | 80.23 31.36

PCE 79.47 2477 | 79.50 24.80 | 79.21 24.31 | 78.44 24.51

ResNet T=0.0 | 79.67 25.17 | 79.85 27.56 | 80.04 27.46 | 79.29 31.56

Adaptive T7=0.25 | 79.81 2483 | 79.57 27.35 | 79.40 2832 | 79.61 32.83

T=0.5 | 7943 2552 | 79.44 27.19 | 79.39 28.01 | 79.37 29.09

T=0.751] 79.55 25.03 | 79.96 25.16 | 79.12 25.24 | 79.12 26.60

EPG 80.46 26.90 | 80.44 26.93 | 80.44 26.96 | 80.48 27.20

Evidence L1 80.46 26.90 | 80.46 26.93 | 80.47 26.97 | 80.46 27.24

PCE 80.45 26.89 | 80.43 26.85 | 80.21 28.66 | 81.28 26.95

B-Cos 7=0.0 | 80.46 26.90 | 80.45 26.92 | 80.45 26.94 | 80.47 27.12

Adaptive T=0.25| 80.46 26.91 | 80.45 26.96 | 80.20 27.78 | 80.47 27.47

7=0.5 | 8046 26.91 | 80.46 26.94 | 80.46 26.98 | 80.41 27.29

T=0.75 | 80.48 26.90 | 80.46 26.91 | 80.42 26.93 | 80.33 27.02

EPG 74.56 37.36 | 73.68 39.64 | 73.63 40.68 | 73.58 43.26

Evidence L1 73.54 3520 | 74.29 36.31 | 74.19 37.44 | 74.27 38.96

PCE 75.11 33.51 | 74.71 31.98 | 75.53 31.35 | 75.19 30.72

X-DNN 7=0.0 | 73.50 36.70 | 73.89 37.72 | 73.66 39.02 | 73.05 41.91

Adaptive T=0.25 | 74.41 3744 | 74.02 3949 | 73.19 38.01 | 72.88 42.02

T=05 | 75.26 36.42 | 74.89 36.93 | 73.88 39.08 | 73.15 37.85

T=0.75 | 74.21 36.79 | 74.09 36.20 | 74.60 37.24 | 73.89 36.41

Table 6. Performance-first experiments on VOC test set.



Backbone | Guidance | Setting Lambda
A=10"" A=5x10""1 A=10"7 A=5x10"7%]

F1 EPG F1 EPG F1 EPG F1 EPG

EPG 7893 27.75 | 78.77 30.42 | 77.97 35.75 | 76.67 37.88

Evidence L1 77.77  26.50 | 78.55 29.77 | 77.58 31.82 | 78.05 35.37

PCE 7777 25.07 | 7879 25.92 | 75.50 25.85 | 76.52 25.80

ResNet =00 | 77.86 26.76 | 77.87 28.79 | 7822 29.82 | 77.41 32.84
Adaptive T=0.25 | 76.97 28.66 | 77.80 29.61 | 77.60 31.27 | 78.85 34.62

7=05 | 6945 27.85 | 75.34 29.06 | 78.20 29.29 | 78.45 30.46

7=0.75 | 78.43 24.88 | 77.17 26.54 | 78.36 26.87 | 78.60 27.42

EPG 78.24 33.25 | 7791 36.35 | 77.39 39.35 | 73.57 46.33

Evidence L1 78.10 3279 | 7792 34.29 | 78.86 34.89 | 77.58 39.05

PCE 78.75 31.26 | 79.61 29.78 | 79.98 29.11 | 80.49 26.98

B-Cos 7=0.0 | 7804 3333 | 7745 35.82 | 76.78 37.81 | 74.14 41.90
Adaptive T=025 | 7770 33.77 | 78.48 3543 | 77.34 37.28 | 73.09 39.75

=05 | 7820 32.78 | 78.79 33.78 | 77.41 3532 | 7549 36.26

T=0.75| 7792 3230 | 77.95 32.29 | 78.57 32.33 | 78.03 32.76

EPG 71.89 38.79 | 70.46 44.51 | 69.34 47.25 | 70.38 48.36

Evidence L1 71.83 3491 | 72.61 37.85 | 72.96 36.72 | 72.78 41.87

PCE 69.74 34.33 | 70.73 33.77 | 73.17 34.01 | 70.90 33.06

X-DNN 7=0.0 | 71.27 36.36 | 70.57 42.29 | 72.07 40.76 | 70.87 43.31
Adaptive T=0.25 ] 71.63 38.30 | 72.74 38.69 | 70.05 39.79 | 66.50 42.49

=05 | 7215 36.76 | 70.32 37.32 | 70.95 38.35 | 71.53 38.69

T7=0.751] 7290 36.00 | 70.56 34.91 | 72.06 36.31 | 72.45 36.51

Table 7. Explainability-first experiments on VOC validation set.
Backbone | Guidance | Setting Lambda
A=10""1 A=5x10""1 A=103 A=5x10"7]

F1 EPG F1 EPG F1 EPG F1 EPG
EPG 79.37 28.47 | 7826 30.39 | 78.98 34.81 | 77.21 36.48
Evidence L1 78.81 27.17 | 7877 29.75 | 78.38 30.91 | 78.86 35.06

PCE 78.39 25.14 | 79.05 25.77 | 76.41 25.59 | 77.05 25.42

ResNet T=0.0 | 7896 26.39 | 78.08 28.49 | 78.56 29.93 | 77.98 32.95
Adaptive T7=025] 7780 2796 | 78.11 30.40 | 78.38 3148 | 79.13 34.97
T=0.5 | 70.51 27.59 | 75.70 29.02 | 78.42 28.80 | 76.82 29.73
T=0.75 ] 6882 26.04 | 7821 26.41 | 78.60 26.42 | 79.27 26.69
EPG 78.46 33.27 | 78.34 3597 | 78.18 39.02 | 74.52 45.54
Evidence L1 78.48 3274 | 7820 34.36 | 79.02 35.04 | 78.37 38.73

PCE 7891 30.99 | 79.98 29.83 | 79.96 28.98 | 80.83 27.33
B-Cos 7=0.0 | 7841 33.03 | 77.93 35.52 | 77.50 37.07 | 74.65 40.87
Adaptive T=0.25| 7829 33.60 | 79.32 3548 | 78.39 37.31 | 74.84 39.35
T=0.5 | 7853 33.05 | 79.28 34.14 | 77.45 35.54 | 77.09 35.88
T=0.75| 7840 32.44 | 78.17 32.62 | 78.43 3242 | 77.85 32.69
EPG 73.83 39.20 | 71.53 44.90 | 70.70 47.25 | 72.49 47.77

Evidence L1 71.97 36.30 | 73.83 38.65 | 74.21 37.38 | 73.84 42.71

PCE 71.51 34.88 | 72.40 3391 | 74.58 33.99 | 71.89 32.73

X-DNN 7=0.0 | 70.52 36.70 | 71.61 42.71 | 73.55 41.50 | 71.70 43.31
Adaptive T=0.25 | 73.07 3870 | 74.02 39.49 | 71.25 40.61 | 68.23 42.68

T=0.5 | 73.52 37.72 | 72.49 38.80 | 72.43 40.01 | 72.17 38.61
T=0.75 | 73.53 37.33 | 72.92 3547 | 73.62 37.87 | 74.31 38.19

Table 8. Explainability-first experiments on VOC validation set.
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