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Abstract

Two prominent challenges in explainability research involve
1) the nuanced evaluation of explanations and 2) the model-
ing of missing information through baseline representations.
The existing literature introduces diverse evaluation metrics,
each scrutinizing the quality of explanations through distinct
lenses. Additionally, various baseline representations have
been proposed, each modeling the notion of missingness dif-
ferently. Yet, a consensus on the ultimate evaluation metric
and baseline representation remains elusive. This work ac-
knowledges the diversity in explanation metrics and base-
lines, demonstrating that different metrics exhibit preferences
for distinct explanation maps resulting from the utilization
of different baseline representations and distributions. To ad-
dress the diversity in metrics and accommodate the variety
of baseline representations in a unified manner, we propose
Baseline Exploration-Exploitation (BEE) - a path-integration
method that introduces randomness to the integration pro-
cess by modeling the baseline as a learned random tensor.
This tensor follows a learned mixture of baseline distribu-
tions optimized through a contextual exploration-exploitation
procedure to enhance performance on the specific metric of
interest. By resampling the baseline from the learned distri-
bution, BEE generates a comprehensive set of explanation
maps, facilitating the selection of the best-performing expla-
nation map in this broad set for the given metric. Extensive
evaluations across various model architectures showcase the
superior performance of BEE in comparison to state-of-the-
art explanation methods on a variety of objective evaluation
metrics.

Code — https://github.com/yonisGit/BEE

1 Introduction

Deep learning models have demonstrated remarkable suc-
cess across a spectrum of tasks in computer vision (He et al.
2016; Dosovitskiy et al. 2020; Carion et al. 2020), natu-
ral language processing (Vaswani et al. 2017; Devlin et al.
2018; Barkan et al. 2020d,c, 2021a; Touvron et al. 2023),
recommender systems (He et al. 2017; Barkan and Koenig-
stein 2016; Barkan et al. 2020a, 2021b,c; Katz et al. 2022),
and audio processing (Barkan et al. 2019, 2023c; Engel et al.
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2020; Kong et al. 2020). Despite their accomplishments,
these models frequently function as opaque systems, intro-
ducing challenges in comprehending their predictions. Con-
sequently, the field of Explainable AI (XAI) has emerged,
dedicated to developing methods that illuminate the deci-
sion rationale of machine learning models across diverse ap-
plication domains (Simonyan, Vedaldi, and Zisserman 2013;
Malkiel et al. 2022; Gaiger et al. 2023; Barkan et al. 2020b,
2023a, 2024a,b). In the context of computer vision, XAl
techniques aim to generate explanation maps highlighting
input regions responsible for the model’s predictions (Sel-
varaju et al. 2017; Chefer, Gur, and Wolf 2021b). For ex-
ample, Integrated Gradients (IG) (Sundararajan, Taly, and
Yan 2017), which produces explanation maps by integrating
gradients along a linear path between the input image and
a baseline representation (acting as a reference representing
missing information). Nevertheless, a challenge persists in
selecting the appropriate baseline, as different types of base-
lines model missingness differently, resulting in variations
in the explanation maps. Despite the exploration of various
baselines in the literature, no consensus has emerged on the
ultimate baseline representation (Ancona et al. 2017; Fong
and Vedaldi 2017; Sturmfels, Lundberg, and Lee 2020). An-
other prominent challenge in XAl revolves around evalu-
ating the effectiveness of the generated explanations. Var-
ious evaluation metrics have been proposed in the litera-
ture (Chefer, Gur, and Wolf 2021b; Petsiuk, Das, and Saenko
2018; Kapishnikov et al. 2019; Chattopadhay et al. 2018),
each assessing the quality of explanation maps from dif-
ferent perspectives. As a result, distinct explanation met-
rics may promote different explanation maps, and currently,
there is no universally agreed-upon evaluation metric for as-
sessing the goodness of explanations. Acknowledging the
diverse landscape of evaluation metrics and baseline rep-
resentations, this paper introduces Baseline Exploration-
Exploitation (BEE) - a path-integration method utilizing an
exploration-exploitation (EE) mechanism to adapt the base-
line distribution (and hence the resulting explanation) w.r.t.
the specific metric of interest. This approach offers an ef-
fective way to address the diversity in metrics and base-
lines in a cohesive manner. BEE integrates on the interme-
diate representations (and their gradients) produced by dif-
ferent network layers, thereby generating explanation maps
at multiple levels of abstractions and various scales. The



key innovation of BEE lies in introducing randomness to
the integration process by modeling the baseline representa-
tion as a random tensor. This tensor adheres to a mixture of
baseline distributions learned through an offline pretraining
phase. The pretraining phase, employs contextual EE of the
baseline distribution to optimize performance on the specific
metric at hand. Given a test instance (context), BEE gener-
ates a pool of candidate explanation maps produced from a
corresponding set of baselines sampled from the pretrained
baseline distribution in parallel. Subsequently, the explana-
tion map that performs the best on the metric is selected.
For further enhancement, BEE can continually employ con-
textual EE on the specific instance during inference, facili-
tating instance-specific finetuning of the pretrained baseline
distribution w.r.t. the metric of interest. The effectiveness of
BEE is demonstrated through extensive evaluation on vari-
ous model architectures. The results showcase that the pre-
trained BEE consistently outperforms latest state-of-the-art
explanation methods across all objective evaluation metrics.
Furthermore, when inference-time finetuning is permitted,
the finetuned BEE yields additional performance gains over
the pretrained BEE, affirming its viability as a superior op-
tion.

Our contributions are summarized as follows: 1) We high-
light and demonstrate the challenges arising from the ab-
sence of a universally agreed-upon evaluation metrics and
baseline representations in XAl: Different metrics promote
different explanation maps resulting from different types of
baselines. 2) To address these challenges, we introduce BEE
- anovel contextual EE-based path-integration method. BEE
models the baseline representation as a random tensor sam-
pled from a mixture of distributions, accommodating var-
ious types of baselines, and facilitating adaptive explana-
tions w.r.t. the metric at hand. 3) Through extensive eval-
uation against 13 explanation methods, both the pretrained
and finetuned BEE versions emerge as a new state-of-the-art
in XAlI, outperforming latest state-of-the-art methods across
8 evaluation metrics and 5 CNN and ViT architectures.

2 Related Work

Literature on explanation methods for CNNs has grown with
several broad categories of approaches: perturbation-based
methods (Fong and Vedaldi 2017; Barkan et al. 2023a),
gradient-free methods (Zhou et al. 2018, 2016; Zeiler and
Fergus 2014; Wang et al. 2020), and gradient-based meth-
ods (Selvaraju et al. 2017; Srinivas and Fleuret 2019),
which include path-integration methods (Sundararajan, Taly,
and Yan 2017; Xu, Venugopalan, and Sundararajan 2020;
Barkan et al. 2023b; Elisha, Barkan, and Koenigstein 2024).
The most relevant line of work to this paper are path-
integration methods (Sundararajan, Taly, and Yan 2017; Xu,
Venugopalan, and Sundararajan 2020; Barkan et al. 2023b).
IG (Sundararajan, Taly, and Yan 2017) integrates over the in-
terpolated image gradients. Blur IG (Xu, Venugopalan, and
Sundararajan 2020) integrates gradients over a path that pro-
gressively removes Gaussian blur from the attributed im-
age. Our method, provides two significant differences w.r.t.
the aforementioned works: First, BEE extends the integrand
beyond the gradient itself, incorporating information from
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both the internal network representations and their gradi-
ents. This capability facilitates the generation of explanation
maps at multiple levels of abstractions and resolution and
has proven effective (Barkan et al. 2023b). Second, through
the introduction of an EE procedure, BEE can learn base-
line distributions customized for the specific metric of in-
terest. This characteristic enables BEE to draw a set of ex-
planation maps resulting from the sampled baselines and se-
lect the best-performing one w.r.t. the given metric. Early
explanation methods for transformer explainability involved
leveraging the inherent attention scores to gain insights into
the input (Carion et al. 2020). However, a challenge arises
in combining scores from different layers. Simple averag-
ing of attention scores for each token, for instance, tends
to blur the signal (Abnar and Zuidema 2020). Chefer et
al.(Chefer, Gur, and Wolf 2021b) introduced Transformer
Attribution (T-Attr), a class-specific Deep Taylor Decompo-
sition method in which relevance propagation is applied for
positive and negative attributions. As a follow-up work, the
Generic Attention Explainability (GAE) (Chefer, Gur, and
Wolf 2021a) was introduced as a generalization of T-Attr
for explaining Bi-Modal transformers. In contrast to T-Attr
and GAE, which are specifically designed for transformers,
BEE is a versatile approach that can generate explanations
for both CNN and ViT models in a unified manner. More
recently, Iterated Integrated Attributions (ITA) (Barkan et al.
2023b) proposed a generalization of IG through an iterated
integral. While ITA uses a constant baseline for the inte-
gration process, BEE models the baseline as a random ten-
sor, enabling the generation of multiple distinct explanation
maps. The stochastic nature of BEE allows for the selection
of the optimal explanation map from this diverse set, tailored
to the specified metric.

3 Baseline Exploration-Exploitation

Let x € R% be the input image. Let f : R% — R be
a neural network consisting of L layers, each producing a
representation x' € R%, and x° := x. The final layer pro-
duces the prediction f(x), in which the score for the class
y is given by f,(x). Our goal is to produce an explanation
map m € R% w.rt. the class y, in which each element m;
represents the attribution of the prediction f,(x) to the el-
ement x;. IG (Sundararajan, Taly, and Yan 2017) enables
the creation of an explanation map by defining a linear path
between a baseline representation b and x via the parame-
terization:

v = (1 —a)b + ax with a € [0,1], (1)

and accumulating the gradients along this path as follows:

1
—
0

where o denotes the elementwise product, and the approxi-
mation is obtained by setting a = > in Eq. 1. A path between
b and x symbolizes the transition from the uninformative
baseline b, essentially representing missing information, to
the informative image x. Therefore, it is crucial to design
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the baseline representation such that it aligns with the con-
cept of missing information. In Sec. 3.2, we present the types
of baselines considered in this work, and the BEE procedure
that enables adaptive sampling of baselines. BEE constructs
an explanation map by integrating functions that incorpo-
rate information from both the internal network representa-
tions and their gradients. A distinctive characteristic of BEE
is its utilization of stochastic integration paths, wherein the
baseline b is sampled from a distribution D learned through
a contextual EE procedure. This procedure facilitates adap-
tive baseline sampling from different types of baseline dis-
tributions, resulting in the generation of diverse explana-
tion maps. Given the challenge of quantifying the quality of
an explanation map, and considering the absence of a uni-
versally agreed-upon metric, BEE enables the selection of
the best-performing explanation map (or their combination
/ aggregation) from a diverse set of explanations w.r.t. the
specific metric of interest. We start by describing the BEE
explanation map generation process, assuming the baseline
distribution D is given (Sec. 3.1). Then, in Sec. 3.2, we in-
troduce the BEE procedure that optimizes the baseline dis-
tribution D per metric.

3.1 The BEE explanation map construction

Let f! : R" — R? be a sub-network of f taking an in-
put x' and producing the final prediction f,(x'). Given a
prescribed number of trials 7', BEE samples 7' baselines
{b"}T_| from the baseline distribution D and computes a
set of explanation maps M' = {m!*}1_ as follows:

I _pit n L0t
mlt:u<x nb > (a{};& ),v“>), 3)
k

=1
where v!* = (1 — E)b!* 4 Ex! i the interpolated represen-
tation, v is a function combining information from vit and
its gradients, and u is a function transforming the resulting
explanation map to match the original spatial dimensions of
x. The stochastic nature of BEE enables the formation of
multiple explanation maps M'. By considering explanation
maps obtained from different network layers, we form a su-
perset of explanation maps MZ = U;ez M', where T is a set
of selected layer indexes. Finally, given a metric of interest s
that provides an assessment score s(m) for the goodness of
the explanation map m, the BEE explanation map is defined
by:

mpgg = argmax s(m). )

meMZ

Therefore, mpgg is the explanation map that performs the
best on the metric s among the maps in MZ. It is important
to clarify that BEE selects the best-performing explanation
from a relatively small set of candidate explanation maps.
This set is not guaranteed to include the optimal explanation
map.

3.2 Learning the baseline distribution with BEE

In this section, we describe the BEE procedure that pro-
duces the (adpative) baseline distribution D (which was as-
sumed to be given in Sec. 3.1). Previous works have exten-
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sively discussed and compared various notions of missing-
ness in the context of attribution baselines (Fong and Vedaldi
2017; Ancona et al. 2017; Kindermans et al. 2019; Sturm-
fels, Lundberg, and Lee 2020). However, the challenge re-
mains in selecting the appropriate baseline. In this work, we
explore different types of baselines: 1) The constant baseline
(Constant): In (Sundararajan, Taly, and Yan 2017), the au-
thors employed the black baseline. Generally, a value can
be drawn from a valid range to form a constant baseline
based on this value. Since BEE integrates on the interme-
diate representation layers in the network (activations), the
valid ranges are set based on the minimum and maximum
value in each channel of the activation. However, this base-
line may not accurately model missingness. For instance,
using a constant black image as a baseline in IG may not
highlight black pixels as important, even if these pixels con-
stitute the object of interest. 2) The blur baseline (Blur):
In (Fong and Vedaldi 2017), the authors used a blurred ver-
sion of the image (or activation in the case of BEE) as a
domain-specific technique to represent missing information.
This approach is appealing due to its intuitive capture of
the concept of missingness in images. The blur operation
is controlled by a parameter that determines the kernel size.
3) The uniform baseline (Uniform): A potential drawback
of the blurred baseline is its bias toward highlighting high-
frequency information. Pixels that are very similar to their
neighbors may receive less importance than pixels that differ
significantly from their neighbors. To address this, missing-
ness can be modeled by sampling a random uniform image
(or activation) within the valid pixel range and using it as a
baseline. 4) The normal baseline (Normal): This baseline is
randomly drawn from a Normal distribution centered on the
original image (or activation) with a specified variance pa-
rameter. 5) The training distribution baseline (Train Data):
This method involves drawing instances from the training
data and using them as baselines to generate multiple ex-
planation maps. These maps are then averaged to produce a
final explanation map (similar to Expected Gradients (Erion
et al. 2021)). In BEE, each baseline is formed by using the
representation produced by the specific layer of interest. De-
tailed implementation specifics for each baseline type are
provided in the Appendix'.

In (Sturmfels, Lundberg, and Lee 2020), the authors ex-
plored the impact of various types of baselines including
the aforementioned ones. Additionally, they investigated dif-
ferent baseline aggregation and averaging techniques. How-
ever, their findings did not indicate a specific baseline type
as the optimal choice. Consequently, we posit that the richer
and more comprehensive the baseline distribution D, the
higher the probability of sampling the a better-performing
baseline. To achieve this goal, we propose to construct D as
a mixture of distributions encompassing multiple types of
baselines. In this manner, the process involves first drawing
the baseline type according to the mixture weight and sub-
sequently drawing the baseline from the distribution specific
to that type.

While a straightforward way would be to set equal

"The Appendix appears in the arXiv version of this work.



weights for all mixtures, we propose to learn a distribution
for each mixture weight using the BEE approach that em-
ploys contextual EE of the baseline: At each iteration, the
baseline type is sampled according to the current learned
distribution of the mixture weights. This is followed by sam-
pling a baseline of the specific distribution type, generating
an explanation map, extracting a reward based on the ex-
planation metric, and updating the distribution of mixture
weights accordingly. This process enables the probabilistic
selection of the most promising baseline type w.r.t. the spe-
cific context (the input x) and explanation metric at hand s.
In what follows, we describe this process in detail.

Let cy(x) € RX represent the context obtained by apply-
ing an auxiliary neural network cy (parameterized by 6) to
x. The role of the function ¢y is to offer information about
the particular input x, thereby injecting context into the EE
process. This adaptation allows the baseline distribution to
adjust based on both the specific input x and the metric of
interest.

Let B be a set of baseline types (e.g., Constant, Blur, etc.).
Each baseline type b € B is associated with a random vector
w? € R¥ which follows a normal distribution with mean
g’ and diagonal precision matrix represented by a vector q°.
It is important to clarify that w® does not represent the dis-
tribution of the baseline type b, but rather a random vector
serving as a classifier (hyperplane) associated with the spe-
cific baseline type b. During the BEE procedure, each w? is
optimized based on the reward 7, obtained from sampling
a baseline of type b. The reward r, € {1, —1} is modeled
as a two-point distribution. Specifically Pr(ry|cg(x), w®)
o(ryce(x) - wb), where (a) = (1 + exp(—a))~! and - de-
notes the dot-product. Therefore, the dot-product between
the context cg(x) and the learned classifier w® serves as the
(logit) score for the action of sampling a baseline of type b.

This formulation falls within the contextual EE frame-
work: At each step, we play an action, i.e., sampling a base-
line type b among B (under a specific context cy(x)), draw-
ing a baseline b from the selected distribution type? b, pro-
ducing an explanation map m, computing a reward (based
on the specific metric of interest), and accordingly updating
the relevant set of learnable parameters g®, q° and € s.t. the
cumulative reward is maximized. It is important to empha-
size that the BEE process is employed for each metric sepa-
rately, enabling optimization per specific metric of interest.

At the beginning of the process, all g® and q” are set to
0 and 1, respectively (following the standard normal distri-
bution). Then, at each iteration, given a context cp(x), the
following steps are performed:

1. For each z € B, draw w* from a normal distribution

(using g* and g?) and set b <— argmax o(cp(x) - W?).
z€EB

Draw a baseline b from the baseline distribution of type

b, compute an explanation map m according to Eq. 3 us-

ing b and x.

“Note the distinction: b represents the baseline representation,
while b € B denotes the type of the baseline distribution (e.g., Blur,
Uniform, etc.) from which b is sampled.
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3. Compute the metric score s(m) and extract a corre-
sponding reward y.

. u* 0% « argmin — log o(yu - cy(x)) + % Zfil Q(u; —

u,f

g/
5. gb «— u*, 0« 6*.
6. af < qf + (8" co(x))o(—g" - co(x))co (x)7.

Step 1 selects the baseline type b with the highest expected
reward. Step 2 draws a baseline b from the selected baseline
distribution of type b, and uses it to form an explanation map
m. Step 3 produces a reward y based on the metric score. For
metrics that output binary explanation scores, the reward is
simply mapped to 1 or -1 depending on success / failure.
For metrics that outputs continuous scores, we compute the
normalized rank ~ € [0, 1] of the produced score, which is
computed relative to the scores obtained from previous iter-
ations. Then, the reward y is drawn from a two-point distri-
bution variable ({1, —1}) with a success parameter h. Steps
4-5 solve an optimization problem and update the mean g®
and the parameters of the context network 6. The first term in
the objective in Step 4 is a the likelihood of the reward given
the model parameters and the context. The second term is a
Gaussian prior serving as a proximal regularization on the
update of the mean. The optimization in Step 4 is carried
out by gradient descent w.r.t. u and 6. Finally, the update of
the precision q° takes place in Step 6 and follows from the
Laplace approximation. Once the learning process of D is
completed, drawing a baseline is a straightforward process
accomplished by applying Steps 1 and 2 in the above algo-
rithm.

b

3.3 BEE pretraining and finetuning

In practice, the BEE procedure outlined in Sec. 3.2 can be
employed in two distinct phases: a mandatory pretraining
phase followed by an optional finetuning phase. During the
pretraining phase, we utilize a training set comprising in-
stances from either the training or validation dataset. This
phase involves training cy and pretraining g’ and q® by iter-
atively applying the BEE procedure described in Sec. 3.2 for
each instance in the training set. Specifically, in each epoch,
we iterate over the instances in the training set and perform a
single update to g”, q°, and 6 based on the obtained reward.
The pretraining phase is conducted offline and culminates in
the optimization of the mixture of baseline distributions D.
Subsequently, when presented with a test instance, we em-
ploy the procedure described in Sec. 3.1 to obtain the most
effective explanation map. This involves sampling 7" base-
lines from D, computing a pool of T corresponding expla-
nation maps using Eq. 3, and selecting the best-performing
explanation map based on the metric of interest, as expressed
in Eq. 4. For further enhancement, BEE finetuning can be
employed during inference: Given the test instance z, on-
line updates are applied to the pretrained baseline distribu-
tion D by reapplying the BEE procedure, refining g and q°
specifically for z and the metric at hand (while keeping 6
frozen). Therefore, the finetuning phase facilitates ongoing
adaptation of the baseline distribution D to the characteris-
tics of the test instance during the inference process. It is



essential to highlight that the finetuning phase is optional.
In the absence of finetuning, D retains the distribution opti-
mized during the pretraining phase and remains static dur-
ing inference; that is, q” are not subject to further updates.
The advantage of maintaining a static distribution lies in the
ability to sample multiple baselines in parallel, as D remains
unchanged across samples. Conversely, the finetuning phase
necessitates sequential sampling, as D is refined after each
sample based on the extracted reward. In Sec. 4, we com-
prehensively evaluate BEE in both settings (pretrained and
finetuned). Our findings demonstrate that both versions yield
state-of-the-art results, with the finetuning phase leading to
additional improvements, albeit with an increase in runtime.
The complexity of BEE with finetuning depends on the num-
ber of samples drawn from the learned baseline distribution.
Sequential sampling is required for updates, adding to the
overall complexity. In contrast, the complexity of BEE with-
out finetuning is negligible due to the parallelization of the
sampling process, and is comparable to the runtime of IG.
A detailed theoretical analysis comparing the complexity of
BEE to IG is provided in the Appendix.

3.4 BEE implementation for CNN and VIT
models

In CNNs, f comprises residual blocks (He et al. 2016), gen-
erating 3D tensors representing the activation maps x'. Ad-
ditionally, 1 (Eq. 3) is set to the elementwise product, and
u averages across the channel axis to obtain a 2D map.
The resulting map is then resized via bicubic interpolation
to match the spatial dimensions of x. In ViTs (Dosovitskiy
et al. 2020), f consists of transformer encoder blocks, each
associated with attention matrices. In this work, we opt to in-
terpolate on the attention matrices. Therefore, we overload
the notation and treat x as a 3D tensor in which each chan-
nel corresponds to an attention matrix in the [-th layer. Once
the baseline matrices are drawn, they are further normalized
by softmax to conform to probability distributions. i is set
to the Gradient Rollout (GR) - a variant of Attention Roll-
out (Abnar and Zuidema 2020), in which the attention matri-
ces are elementwise multiplied by their gradients. Detailed
implementation of GR is provided in our Appendix and on
our GitHub repository. The output of GR is the first row of
a matrix corresponding to the [CLS] token. u processes the
output by truncating its initial element, reshaping it into a
14 x 14 matrix, and resizing to match the spatial dimensions
of the input (with bicubic interpolation). Finally, the archi-
tecture of the context network ¢ was set to be a clone of the
backbone of f, and was finetuned according the BEE pro-
cedure from Sec. 3.2. The exact implementation of BEE for
both architectures can be found in our GitHub repository.

4 Experiments

Our experiments aim to address the following research ques-
tions (RQs): 1) Does the BEE method outperform state-of-
the-art methods? 2) Does BEE finetuning improve upon pre-
training? 3) Do different metrics favor different explanation
maps and baselines? 4) How does the number of sampled
baselines 7" affect BEE performance? 5) How does the per-
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formance of adaptive baseline sampling compare to non-
adaptive sampling? 6) Does the learned baseline distribution
obtained by BEE converge to the best-performing baseline
distribution per metric? 7) Does integration on intermediate
representation gradients improve upon integration on input
gradients? 8) What is the contribution from context mod-
eling in BEE? 9) Can other path-integration methods ben-
efit from BEE? The primary manuscript addresses RQs 1-
6 comprehensively. Specifically, RQs 1-2 are addressed in
Tabs. 1 and 2, RQ 3 is addressed in Tab. 3 and Fig. 2, and
RQs 4-6 are addressed in Fig. 2. Due to space limitations,
experiments addressing RQs 7-9, along with additional anal-
yses and ablation studies, are provided in the Appendix.

4.1 Experimental setup

The experiments were conducted on an NVIDIA DGX
8xA100 Server. Our evaluation includes five model archi-
tectures: ResNet101 (RN) (He et al. 2016), DenseNet201
(DN) (Huang, Liu, and Weinberger 2017), ConvNext-Base
(CN) (Liu et al. 2022), ViT-Base (ViT-B) and ViT-Small
(ViT-S) (Dosovitskiy et al. 2020).

Objective Evaluation Metrics We conducted an exten-
sive objective evaluation using a comprehensive set of ex-
planation metrics to assess the faithfulness of the generated
explanations. This faithfulness evaluation reveals the actual
elements in the input the model relies on for its prediction.
We consider the following set of metrics: the Area Under
the Curve (AUC) of Positive (POS) and Negative (NEG)
perturbations tests (Chefer, Gur, and Wolf 2021b), AUC of
the Insertion (INS) and Deletion (DEL) tests (Petsiuk, Das,
and Saenko 2018), AUC of the Softmax Information Curve
(SIC) and Accuracy Information Curve (AIC) (Kapishnikov
et al. 2019), Average Drop Percentage (ADP) and Per-
centage Increase in Confidence (PIC) (Chattopadhay et al.
2018). For POS, DEL, and ADP the lower the better, while
for NEG, INS, SIC, AIC, and PIC the higher the better. It is
important to clarify that while we report results for each met-
ric according to its standard protocol, we also conducted ex-
periments using various baselines for masking instead of the
standard null baseline (a black image). Our findings indicate
that the trends in the results remained consistent, regardless
of the baseline used for masking. A detailed description of
all metrics is provided in the Appendix.

Datasets In accordance with previous works (Kapish-
nikov et al. 2019, 2021; Xu, Venugopalan, and Sundarara-
jan 2020; Chefer, Gur, and Wolf 2021b) we use the Ima-
geNet (Deng et al. 2009) ILSVRC 2012 (IN) validation set
as our test set, which contains 50,000 images from 1,000
classes.

Methods We consider a comprehensive set of explana-
tion methods, covering gradient-based approaches, path-
integration techniques, as well as gradient-free methods.
Specifically, explanations for CNN models are generated by
the following methods: Grad-CAM (GC) (Selvaraju et al.
2017), Grad-CAM++ (GC++) (Chattopadhay et al. 2018),
Iterated Integrated Attributions (ITA) (Barkan et al. 2023b),
FullGrad (FG) (Srinivas and Fleuret 2019), Ablation-



NEG POS INS DEL ADP PIC SIC  AIC

GC 5641 17.82 48.14 1397 1787 36.69 7691 7436
GC++ 5520 18.01 4756 1417 1691 36.53 7644 7197
LIFT 5539 17.53 4539 1532 18.03 3595 76.73 7276
AC 5498 1938 47.05 1423 16.18 3552 7336 7035
1G 4566 17.24 39.87 1349 3752 1994 54.67 5192
GIG 4397 17.68 3792 14.18 3528 1872 55.04 53.38
BIG 4225 1744 36.04 1395 40.85 2453 5698 53.36
FG 5481 18.06 42.68 14.64 21.06 31.59 7535 7149
LC 5352 1792 46.11 1431 2434 3543 7393 65.77
oA 5629 16.62 4801 13.18 1279 4296 7852 7549
pBEE 59.10 13.69 51.15 11.19 11.35 48.22 81.23 7845
fBEE 59.38 1347 51.73 1042 11.09 48.86 81.51 79.21

Table 1: Results on the IN dataset for the RN backbone: For
POS, DEL and ADP, lower is better. For NEG, INS, PIC,
SIC and AIC, higher is better. See Sec. 4.2 for details.

NEG

54.16
54.61
56.01
58.19
58.35

POS

17.03
17.32
15.19
12.51
12.17

INS

48.58
48.96
49.31
51.13
51.36

DEL

14.20
14.37
12.89
10.94
10.76

ADP

54.02
37.84
33.93
29.05
28.43

PIC

13.37
23.65
26.18
31.01
32.14

SIC

68.59
68.35
68.92
71.22
71.45

AIC

61.34
57.92
62.38
65.32
66.81

T-Attr
GAE
A
pBEE
fBEE

Table 2: Results on the IN dataset using ViT-B: For POS,
DEL, and ADP, lower is better. For NEG, INS, PIC, SIC,
and AIC, higher is better. See Sec. 4.2 for details.

CAM (AC) (Desai and Ramaswamy 2020), Layer-CAM
(LC) (Jiang et al. 2021), LIFT-CAM (LIFT) (Jung and Oh
2021), Integrated Gradients (IG) (Sundararajan, Taly, and
Yan 2017), Guided IG (GIG) (Kapishnikov et al. 2021)
and Blur IG (BIG) (Xu, Venugopalan, and Sundararajan
2020). For ViT models, we consider the following state-
of-the-art explanation methods: Transformer Attribution (T-
Attr) (Chefer, Gur, and Wolf 2021b), Generic Attention Ex-
plainability (GAE) (Chefer, Gur, and Wolf 2021a) and IIA
(which is applicable both for CNN and ViT architectures).
Hyperparameters for all methods were configured according
to the recommended settings published by the authors. A de-
tailed description of all explanation methods is provided in
the Appendix. Finally, our BEE method is evaluated in two
modes: finetuned (fBEE) and pretrained (pBEE). For the
pretraining phase, we used a separate training set of 5000 ex-
amples taken from the IN training set, avoiding overlap with
the validation set used as a test set. Unless stated otherwise,
we sampled 7' = 8 baselines per test instance, and n = 10
interpolation steps in the integration process (Eq. 3). The in-
tegration was employed on the last convolutional / attention
layer, i.e., we set Z = {L} (Eq. 4). A comparison of various
settings of Z, including L — 1 and L — 2 is presented in the
Appendix. The dimension of the context representation K
was set to match the output dimension of each backbone sep-
arately. Optimization in both the pretraining and finetuning
phases was carried out using the Adam optimizer. For pre-
cise optimization details, please refer to the Appendix and
our GitHub repository.

4.2 Results

Tables 1 and 2 present a quantitative comparison of fBEE,
pBEE, and other state-of-the-art explanation methods on RN
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Figure 1: ViT qualitative results: Explanation maps pro-
duced using ViT-B w.r.t. the classes (top to bottom):
‘macaque’, ‘porcupine, hedgehog’, ‘alp’ and ‘planetarium’.

and ViT-B models, respectively. The full results, including
CN and DN models as well as results for the ViT-S model,
are presented in Tables 4 and 5 in Appendix C. The results
indicate that fBEE is the top-performing method, with pBEE
as the runner-up. The fact both fBEE and pBEE consistently
outperform all other methods across all metrics underscores
the effectiveness of BEE in explaining vision models. Fig-
ure 1 present qualitative comparisons of BEE against other
explanation methods for the ViT-B model. Additionally, Fig-
ure 6 in the Appendix provides qualitative results for the
RN model. Arguably, BEE produces the most focused and
class-discriminative explanation maps. These results corre-
late with the quantitative trends from Tables 1 and 2.

NEG POS INS DEL ADP PIC SIC AIC

Normal 046 027 041 019 035 056 029 0.36
Uniform 0.32 039 026 0.51 028 033 042 047
Blur 006 0.16 009 024 003 0.08 0.18 0.06
Constant 0.12  0.05 0.13 004 0.16 0.02 0.04 0.08
Train Data 0.04 0.13 0.11 0.02 0.18 0.01 0.07 0.03

Table 3: The win-rate distribution (after pretraining) across
different metrics and distinct types of baseline distributions.

Table 3 presents the win-rate distribution (after pretrain-
ing) for each combination of baseline type and metric, uti-
lizing the RN model. Each column displays the normalized
win-rate for each of the five baseline types relative to a spe-
cific metric. The win-rate was calculated by counting the in-
stances where a particular baseline resulted in the best expla-
nation map for the given metric, followed by normalization.
Additionally, Fig.5, in the Appendix, present the reward dis-
tribution for each combination of baseline type and metric.
The reward distributions were estimated using Monte Carlo
approximation to the distribution of & (cg(x)-w?) (by resam-



pling from w? for each b € B). Notably, different metrics ex-
hibit preferences for distinct types of baselines. For instance,
PIC, INS, and NEG favor the Normal baseline, while DEL,
POS, and SIC favor the Uniform baseline. These analyses
demonstrate the need for adaptive adjustment of the base-
line, as implemented by BEE.

Finally, we conducted an in-depth analysis of the perfor-
mance of fBEE and pBEE in comparison to each distinct
type of baseline distribution (Normal, Uniform, Train Data,
Blur, and Constant), as the number of drawn baselines in-
creases. Using a distinct type of baseline distribution is a
special case in which the distribution on the types (mixture
weights) conforms to the delta distribution on the specific
type, i.e., consistently sampling from the same distinct type
of baseline distribution. For completeness, we further con-
sider the opposite extreme, by introducing a non-adaptive
baseline sampling strategy (nBEE). This strategy involves
uniformly drawing a baseline from each of the five distinct
baseline distributions. Following the analysis from Tab. 3,
we observed that different metrics favor different distinct
baselines. For example, the ADP metric favors the Normal
baseline. Therefore, if we had an oracle that let us know a
priori which is the best baseline type (per combination of in-
put and metric), we could immediately choose it from the be-
ginning. In the following analysis, we aim to investigate the
rate of convergence of BEE to the best-performing baseline
type, empirically. To this end, each sampling method was ex-
ecuted for 100 iterations, thereby generating 100 baselines.
At each iteration, the best-performing baseline (among those
sampled so far) was retained, resulting in weakly mono-
tonic graphs. We replicated the experiment with 3000 test
examples and reported the mean graph for each method.
Figure 2 presents the results for BEE, pBEE, nBEE, and
the rest of the distinct types of baseline distribution, us-
ing the RN model, focusing on the INS, DEL, ADP, and
SIC metrics. A comprehensive figure containing all objec-
tive evaluation metrics is available in the Appendix. The
horizontal axis in the figure represents the number of sam-
ples drawn from the baseline distribution, while the verti-
cal axis corresponds to the metric score. Again, we observe
that different metrics favor different baseline types. Notably,
fBEE exhibit the fastest convergence to the performance of
the best-performing baseline type, thanks to its adaptive na-
ture that promotes the most effective baseline distribution
through online updates of the learned mixture of baseline
distributions. Interestingly, even though pBEE does not em-
ploy finetuning, it marginally underperforms fBEE, indicat-
ing that the baseline distribution learned in the pretraining
phase is already sufficiently effective on average. In con-
trast, nBEE, being a non-adaptive method, does not favor
any specific baseline type, as it uniformly samples from
each type of baseline. Hence, nBEE performs significantly
worse, which is expected, as it does not promote the best-
performing baseline types and exhausts many samples on
less promising baseline types indefinitely. In summary, both
fBEE and pBEE demonstrate rapid convergence to the re-
sults of the best-performing type of baseline distribution.
The findings in Fig. 2 suggest that increased sample size cor-
relates with improved performance. Yet, even with 7' = 8§,
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Figure 2: Metric score vs. number of drawn baselines. A
comprehensive comparison among fBEE, pBEE, nBEE, and
various types of baseline distributions is presented for each
metric using the RN model.

both fBEE and pBEE significantly outperforms all other
methods, as evident in Tabs. 1 and 2.

Ablation Study Additional ablation studies and analyses
can be found in the Appendix. These ablation studies inves-
tigate diverse configurations of BEE by varying the num-
ber of sampled baselines (7") and the number of interpola-
tion steps (n). Additionally, the analyses in the Appendix
underscore the benefits of integrating gradients from inter-
mediate network representations (RQ7), highlight the ad-
vantage of incorporating context modeling in BEE (RQ8),
and explore the merit of applying the BEE method to other
path-integration methods (RQ9), revealing corresponding
enhancements in performance.

5 Conclusion

This work recognized the diversity in explanation metrics
and baseline representations, highlighting that different met-
rics exhibit preferences for distinct explanation maps based
on the utilization of various baseline types. To address this
double diversity, we introduced BEE, a path-integration
method that introduces randomness to the integration pro-
cess by sampling the baseline from a learned mixture of
distributions. This mixture is learned through a contextual
exploration-exploitation procedure, enhancing performance
on the specific metric of interest. BEE can be applied in pre-
trained (pBEE) and finetuned (fBEE) modes, with the latter
continually updating the baseline distribution during infer-
ence. Extensive evaluations across various model architec-
tures demonstrate the superior performance of BEE com-
pared to state-of-the-art explanation methods on a variety
of objective evaluation metrics. In the Appendix, we further
discuss limitations of BEE and avenues for future research.
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