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Abstract. Class activation mapping (CAM) is a widely adopted class 
of saliency methods used to explain the behavior of convolutional neu-
ral networks (CNNs). These methods generate heatmaps that highlight 
the parts of the input most relevant to the CNN output. Various CAM 
methods have been proposed, each distinguished by the expressions used 
to derive heatmaps. In general, users look for heatmaps with specific 
properties that reflect different aspects of CNN functionality. These may 
include similarity to ground truth, robustness, equivariance, and more. 
Although existing CAM methods implicitly encode some of these prop-
erties in their expressions, they do not allow for variability in heatmap 
generation following the user’s intent or domain knowledge. In this paper, 
we address this limitation by introducing SyCAM, a metric-based app-
roach for synthesizing CAM expressions. Given a predefined evaluation 
metric for saliency maps, SyCAM automatically generates CAM expres-
sions optimized for that metric. We specifically explore a syntax-guided
synthesis instantiation of SyCAM, where CAM expressions are derived
based on predefined syntactic constraints and the given metric. Using
several established evaluation metrics, we demonstrate the efficacy and
flexibility of our approach in generating targeted heatmaps. We com-
pare SyCAM with other well-known CAM methods on three prominent
models: ResNet50, VGG16, and VGG19.

Keywords: Explainability · Class activation mappings · 
Oracle-guided inductive synthesis

1 Introduction 

Convolutional Neural Networks (CNNs) have enabled the development of effi-
cient solutions for a wide range of challenging vision problems, such as object
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detection in autonomous vehicles [11], facial recognition through semantic seg-
mentation [19], and medical image analysis [18, 28]. Despite their advantages, 
CNNs, like other neural models, suffer from an opaque decision-making process, 
making it challenging to build trust in their predictions. For instance, physi-
cians using a CNN for X-ray classification require more than just a diagnosis; 
they need to understand which specific part of the X-ray led to that diagnosis. 
Similarly, in autonomous vehicles, debugging and emplo ying CNN-based object
detectors requires insight into which parts of an image triggered a classifica-
tion. The growing need to explain CNN behavior has led to the development of
various explainability techniques [4, 6, 32, 36]. However, with each new method, 
it is becoming increasingly clear that more systematic approaches are needed 
to generate explanations that adapt to the specific intents and needs of end
users [14]. 

In this paper, we address the challenge of incorporating intent by propos-
ing a metric-based approach to generating explanations for CNNs, i.e., where 
explanations are optimized for a predefined metric. Specifically, w e study this
problem in the context of explainability methods based on class activation map-
pings (CAM) [37]. CAM methods are one of the most adopted methods for 
generating saliency maps, i.e., heatmaps that highlight the regions of an input 
most relevant to the CNN’s prediction. The definition of releva nce differs from
one method to another, and thus, each method may result in different heatmaps.
Figure 1, shows example heatmaps generated by a set of different CAM methods. 
In the figure, the heatmaps highlight slightly different image regions across the 
different techniques. Heatmaps produced by CAM are the result of computing a 
linear combination of the feature maps from the convolutional layers of a CNN. 
CAM methods generate heatmaps by weighting feature maps based on their con-
tribution to the class s core. They differ in how they calculate the weights, each
offering a unique expression for computing them. Selecting the most appropriate
CAM method depends on the specific application and the level of detail in the
activation map.

For example, GradCAM [32] tends to favor larger activation regions in the 
activation maps, highlighting the most prominent part of an image that influ-
ences classification. In an image with multiple swans (see Fig. 1, first row), Grad-
CAM primarily highlights the two more visible swans on the right. However, if 
these swans are removed, the model m ay still classify the image correctly based
on the partial swan. In contrast, GradCAM++ [4] incorporates all activation 
regions, highlighting also the partial swans as influential in the CNN’s decision. 
Depending on the user’s intent, whether they seek to understand the model’s 
overall behavior or identify the most influential part of a specific image, they 
may prefer one method over the other. Choosing the right CAM method is, 
therefore, often a complex task, traditionally relying on human intuition and
empirical experimentation. A non-expert user may not know which CAM expres-
sion is most suitable for their application, and a systematic approach to guide
the generation of optimal CAM expressions, with respect to certain predefined
metrics, is missing.
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Fig. 1. Saliency maps generated using different CAM methods (GradCAM [32], Grad-
CAM++ [4], ScoreCAM [36], AblationCAM [6], and one using an expression synthe-
sized by our SyCAM framework) for three models different CNNs trained on three
different data sets ImageNet [5], COVID-QU-Ex [34] and ImageNette [13]. The first 
row of images shows heatmaps for GradCAM and GradCAM++. The second row of 
images shows how SyCAM guided by a ground truth metric, captures the ground truth 
more accurately than the other methods. The last row shows how SyCAM guided by
the insertion metric generates a heatmap that closely mimics that of the dominant
CAM method, ScoreCAM in this case.

Our framework, SyCAM, presents a metric-based framework for the auto-
matic synthesis of CAM expressions. From a given class of expressions, SyCAM 
can synthesize expressions tailored to specific properties captured via a fi t-
ting evaluation metric. For instance, metrics capturing the overlap between a
heatmap and the ground truth mask [33] or the pixel intensity of the heatmap 
in such overlap [9] guide towards the generation of CAM expressions that gener-
ate heatmaps with higher similarity to ground truth. Metrics like the Deletion or
Insertion metrics [27] lead to CAM expressions that generate heatmaps highlight-
ing what the model is truly paying attention to (independent of the correctness
of the prediction).

Consider the heatmaps shown in the second row in Fig. 1, where different 
saliency methods have been applied to explain why a CNN classified an X-ray 
image as a COVID case. Here, we used SyCAM to synthesize an expression opti-
mized toward the ground truth, i.e., during synthesis, expressions are evaluated 
based on whether they highlight pixels that also match the ground truth. From 
the figure, we can see that the heatmap generated according to the SyCAM
synthesized expression captured the ground truth more accurately. In contrast,
all other methods failed to do so, producing significantly less accurate represen-
tations of the ground truth region.

We applied SyCAM using different metrics to study their impact on heatmap
generation. In Fig. 1, in the last row, we present another example where SyCAM
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was applied using the insertion metric [27]. The insertion metric evaluates how 
the highest-scoring pixels in the heatmap influence image classification. In this 
case, ScoreCAM achieved the highest score compared to GradCAM, Grad-
CAM++, and AblationCAM. SyCAM generated an expression that closely 
resembled ScoreCAM and achieved a very similar score. This demonstrates that
when a particular method outperforms others based on a given evaluation metric,
SyCAM produces expressions that align with the dominant approach.

Our results are based on an instantiation of SyCAM, adapting techniques 
from the syntax-guided synthesis literature (SyGuS) [2], which searches a space 
defined by a grammar of potential CAM expressions. This is done via an oracle-
guided inductive synthesis (OGIS) approach [15]. In OGIS, a learner explores 
the space of possible solutions, guided by oracles that give feedback and evalu-
ate the correctness of solutions generated by the learner. Here, the learner is a 
synthesis process that searches the space of possible CAM expressions, guided 
by two oracles: one that can remove equivalent solutions and another that eval-
uates the candidate solution according to a given evaluation metric. We show 
that, while a monolithic enumerative approach can be used to synthesize CAM 
expressions, it comes with the limitation of not taking into account any of the 
image properties, such as the image class. To overcome this limitation, we p resent
an adaptation of the synthesis approach leveraging a class-based decomposition
of the problem. Specifically, our approach allows for case splits, thereby synthe-
sizing a set of CAM expressions for each class of properties. This is showcased
in our experiments, where we use SyCAM to synthesize CAM expressions for
three prominent models: ResNet50, VGG16, and VGG19 [22], and compare them 
with those of established methods like GradCAM, GradCAM++, ScoreCAM,
and AblationCAM.

In summary, SyCAM provides a general framework for the systematic gener-
ation of CAM methods, with flexibility in two dimensions: first, the user can pro-
vide an evaluation metric to suit their use case; and second, the user can provide 
a syntactic template or grammar that defines the space of possible expressions, 
giving the poten tial to provide user intuition to the search algorithm. SyCAM
will then find an expression that is dominant with respect to the given evaluation
metric. Our primary contributions can be summarized as follows:

– We introduce the problem of synthesizing CAM expressions for CNNs opti-
mized for specific evaluation metrics.

– We present a framework for solving the problem following the OGIS a pproach,
adapting enumerative techniques from SyGuS.

– We present a thorough experimental evaluation demonstrating the efficacy of 
our framework in synthesizing CAM-expressions f or the prominent classifica-
tion models ResNet50, VGG16, and VGG19.

– We evaluate our framework over a COVID-19 benchmark, where the expres-
sions incorporate metrics that favor expert knowledge.
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Fig. 2. Overview of a CNN-based model that classifies X-ray images into COVID-19 
positive or negative, and a CAM-based method that explains each classification.

2 Background 

2.1 Convolutional Neural Networks 

Convolutional Neural Networks (CNNs) have proven highly effective in pattern 
recognition tasks, especially in image processing [11, 17, 19]. The typical archi-
tecture of a CNN is illustrated in Fig. 2. The fundamental building blocks of a 
CNN are the convolutional layers, which are used for identifying features within 
an image. These layers work by iteratively applying filters, so-called kernels, 
to the input image. These filters are learned during the training phase. Each 
layer applies multiple filters to the output of the previous layer, starting with 
the input image. The output produced by applying a filter is known as a fea-
ture map. As the network deepens, the feature maps define increasingly complex 
features. While the initial layers may focus on basic elements, such as colors 
and edges, deeper layers recognize larger patterns. In classification tasks, these 
higher-level features are usually passed to a fully connected layer used for classi-
fying the image. To reduce the size of these feature maps while preserving critical
information, pooling layers are introduced after each convolutional layer. Com-
mon pooling methods include average pooling and max pooling, which reduce a
portion of a feature map into its average or maximum value, respectively.

2.2 Class Activation Mapping 

Saliency maps are visual artifacts that highlight the regions of an image most 
relevant to a model’s prediction. Class Activation Mapping (CAM) is a promi-
nent set of methods for generating these saliency maps. The core idea of CAM 
is to compute a saliency map, the class activation map, via a weighted linear
combination of the feature maps of the last convolutional layer [37]. This layer 
is chosen because it captures high-level features that are most relevant for the 
classification. The map is always generated for a certain class and points to the
parts of an image the network focuses on when predicting that particular class.
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The general concept of CAM is illustrated in Fig. 2. Formally, for an output 
class c and a convolutional layer l, the saliency map Lc can  be  defined  as:  Lc =∑

k α
c 
kAl 

k,  where  Al 
k denotes the k-th  feature  map  of  the  layer  l, i.e., the two-

dimensional array resulting from applying the k-th convolutional filter of the
layer l to its input, and the weights αc

k depend on the CAM method chosen.
Each feature map highlights specific aspects of the image. High values in a 

feature map point to the presence of a feature; low values hint at its absence. 
Since each feature map contributes differently to the scores of individual classes, 
the linear combination is weight ed to reflect the influence of each feature map
in producing the final class activation map. These influences are represented by
the weights α1, . . . , αn.

Different CAM methods are distinguished by how they calculate the weights. 
In the original CAM, the weights were defined via the learned w eights cor-
responding to different classes. Methods like GradCAM or GradCAM++ [21] 
compute the weights by using the gradients of the score for a specific class with 
respect to the feature maps of a convolutional lay er. Further gradient-based
approaches building on the latter two include Smooth GradCAM++ [26], 
Augmented GradCAM [24], and XGradCAM [10]. Gradient-free approaches 
determine the importance of different regions in the input image for a specific 
class without relying on gradients. These include perturbation-based approaches
like ScoreCAM [36]  and  AblationCAM [6], attention-based methods like 
Attention-Guided CAM [20], and methods like EigenCAM [25], that apply 
principal component analysis to create the class activation map. For a compre-
hensive survey, we refer the reader to [14]. So far, no systematic approach has 
been used to determine the optimal weight expression for a given task. Our 
work addresses this challenge by introducing an automated approach capable of
synthesizing both gradient-based and gradient-free expressions if the grammar
allows it.

2.3 Heatmaps Evaluation Metrics 

Several metrics have been introduced in the literature to evaluate saliency meth-
ods [16]. Some of these methods are perturbation-based, i.e., they evaluate the 
effect of masking regions highlighted by CAM methods on the mod el’s perfor-
mance. Examples of such metrics include Average Drop % [4], AOPC [31], ROAD 
[30], IROF [29], and the Deletion and Insertion [27] metrics. Another category of 
metrics is ground-truth-based. These metrics measure the distance of the expla-
nation to the ground-truth e xplanation data. Some examples of these metrics are
the mGT metric defined in [33], the Segmentation Content Heatmap (SCH) met-
ric [9], CEM [7], and CLEVR-AI [3]. SyCAM is agnostic to the chosen metric, 
and CAM-weight expressions can be synthesized by SyCAM with respect to any 
of the aforementioned metrics. Each evaluation metric focuses on different prop-
erties of the heatmaps, e.g., similarity to ground truth, robustness, and more.
The synthesized expressions are, in consequence, based on well-founded criteria,
guided by quantitative evaluation metrics. The resulting expressions generate
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optimized saliency maps according to these metrics, thus allowing us to elimi-
nate any human biases and to select a CAM method more suitable for a given 
context. An extensive s tudy on the correctness of XAI techniques in generating
the true explanations, the so-called fidelity, can be found in [23]. 

In the following, we provide a detailed introduction to key evaluation metrics 
that w e also use later in our experiments.

Average Drop % : The intuition behind this metric is one that checks whether 
removing parts not highlighted by the heatmap of an image reduces the clas-
sification confidence of the model. Removing parts of an image that are not 
relevant shouldn’t heavily impact the confidence drop. To check if the most rel-
evant parts of an image i are preserved, the product of the heatmap and the 
image is computed. T hen, the resulting image h is classified to measure the con-
fidence drop. A low confidence drop implies that the heatmap contains the most
relevant features of the image, so the lower the metric value, the better.

Given a dataset I, the Average Drop % is expressed as
∑

i∈I 
max(0,yc 

i −hc 
i ) 

yc 
i 

·100, 
where yc 

i is the classification score for image i ∈  I  and class c,  and  hc 
i is the

classification score for the product of image i and the generated heatmap for
such image, and class c.

Deletion and Insertion Metrics: The Deletion metric measures the drop in the 
classification score when the most relevant pixels of the image are gradually 
removed, while the Insertion metric measures the rise in the classification score 
when they are iteratively added to a blank image. In this paper, we use modified 
versions of the Deletion and the Insertion metrics. Given a model M , an image 
x, a limit on the number of perturbations P , and a saliency map H over x,  the  
process recursively modifies the image according to the following formula: 

x(0) = x ∀ 1 ≤ j ≤ P : x(j) = g(x(j−1) , x, rj) 

For the Deletion metric, the function g gradually replaces the most relevant 
pixels rj , ordered by the saliency map Lc 

M [e],  and  their  neighborhoods  with  
the corresponding parts of a highly blurred version of x, denoted by x.  The  
neighborhood of a pixel is given by the feature maps used to compute the saliency 
map. If the feature maps Ak have size w × h, we split the image into a grid of
w × h neighborhoods. For the Insertion metric, the process is analogous, but
the most important pixels are added to the highly blurred version of the image
instead. The metrics are then defined by:

μdeletion =
1
|I|

∑

x∈I

1
P + 1

( P∑

j=0

M(x(0))c0 − M(x(j))c0
)

μinsertion =
1
|I|

∑

x∈I

1
P + 1

( P∑

j=0

M(x(j))c0 − M(x(0))c0
)
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where c0 is the output class of M(x(0)), M (x)c0 is the output score for class c0, 
and |I| is the number o f images in the set I. Unlike for other similar metrics
[12], no artifacts are added through this procedure, and x is generated using 
deterministic filters, so the influence of random perturbations over the metric is
also avoided. The purpose of using these versions instead of the originals [27]  is  
to avoid adding artifacts, to make sure that the computed scores are relative to 
the initial score of the model M over the base image, and to make them work
so that the higher the values, the better.

Intuitively, higher values of the metrics imply higher variations in the classi-
fication score during the perturbation process, i.e., higher relevance of the pixels 
highlighted by the saliency map. We may get some insights about the datasets 
employed using these metrics. For example, when the confidence drop for the 
Deletion metric is much lower for a subset than for the others, it means that 
the model is still confident in its classification ev en after masking portions of
the objects. This may imply that the objects occupy most of the image or that
the model identifies the objects through the background. In such cases, it is
important to improve the dataset.

Ground Truth Similarity Metrics: Some evaluation metrics are focused on mea-
suring the similarity of the heatmap to a ground-truth mask.

Given a heatmap H and a ground-truth mask HGT with p pixels, the mGT 
metric takes the p most relevant pixels of H and counts how many of those 
pixels are part of the ground-truth mask. This is, if n of the p most relevant 
pixels of H are part of the mask HGT ,  then  mGT (H, HGT )  =  n/p. While the 
mGT metric measures the similarity between a heatmap and the ground truth, 
it doesn’t provide information about the intensity of the heatmap pixels. The 
SCH metric, on the other hand, solv es this problem. The SCH metric is given
by:

SCH (H,HGT ) =

∑

i,j

Hi,j · Mi,j

∑

i,j

Hi,j

Intuitively, the SCH metric measures how concentrated the heatmap is in the
ground-truth mask. The more concentrated the pixels are and the higher their
relevance, the higher the metric will be, so the higher, the better.

Notice that a strong assumption of ground-truth similarity metrics is that the 
models are making classifications based on the ground-truth part of the image. If 
the models are not doing so, and are making decisions based on other information 
found in the input data, these metrics would return low values independently of
how well the heatmaps are explaining what the models are paying attention to.

2.4 Syntax-Guided Synthesis 

Syntax-Guided Synthesis (SyGuS) [2] is the problem of generating a function 
that both satisfies a semantic specification and is contained within a language
described in a context-free grammar (CFG).
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Definition 1 (Context-Free Grammar). A context-free grammar G is 
defined as as a set of terminal symbols T and a set of nonterminal symbols 
N  T  , a start symbol S, and a set of production rules R ⊆ NT × (T ∪NT )∗ which
describe the way programs may be constructed iteratively from the grammar.
Definition 2 (SyGuS problems). Formally, a SyGuS problem is a 4-tuple
〈T, G, φ, F 〉 such that T is a first-order theory, G is a context-free grammar, φ is 
a first-order formula, and F is a function symbol that may occur in φ. A solution 
to a SyGuS problem 〈T, G, φ, F 〉 is a function f such that T |= φ[F 	→ f ] and
f ∈ L(G), where φ[F 	→ f ] denotes replacing all occurrences of F in φ with f .

Later in the paper, we study a SyGuS instantiation of CAM expression syn-
thesis, where the specification is that the resulting CAM method must perform 
better than a given threshold function. This is described in detail in Sect. 4.  The  
most common approach for solving SyGuS problems is Oracle Guided Inductive
Synthesis (OGIS) [15]; a family of algorithms that alternate between a learner, 
which attempts to learn a solution to the synthesis problem, and an oracle, which 
guides the learner via means of queries and responses, the simplest of which is a 
correctness query (the learner asks “is this candidate program correct?”, and the 
oracle replies with “ yes” or “no”). There is a broad variety of learners in the lit-
erature, but the most common are enumerative techniques. We take inspiration
from some of the most common enumerative learners [1] when implementing o ur
approach.

3 CAM Expression Synthesis 
3.1 Problem Statement 

Let t[?] define an expression with holes, known as a template, where holes in the 
expression are marked by the symbol ?. For an expression e, the expression t[e] 
results from replacing every a ppearance of the symbol ? in t with e. Following
the definition of CAM as given in Sect. 2.2, we define a CAM template as Lc[?] =∑

k? · Al 
k.  The  ? is a placeholder for an expression that defines how the weights 

αc 
k are computed for a class c. We refer to such expressions as CAM-weight

expressions. We refer to the set of all instantiations of Lc[?] by FCAM.

Problem 1 (CAM expression synthesis) Let M =  (I  →  R|C|) be a 
set of CNN-based classifiers defined over a space of images I and  a  set  of  
classes C. Given M ∈  M, a set of images I ⊆  I, a threshold function 
λ : M  ×  I  →  R , a set of CAM-weight expressions E, and an evaluation
function μ : FCAM × M × I → R, synthesize an expression e ∈ E s.t.
μ(Lc[e],M, I) > λ(M, I).

In our problem statement, the role of the threshold function λ is  to  set  a  lower  
bound on the quality of synthesized expressions with respect to the evaluation 
function μ. As we will see in our experiments, the threshold function can be given 
as a fixed number or as a function of any other CAM function. The evaluation
function μ defines a metric for evaluating CAM functions and can be realized
by implementing known CAM evaluation metrics from the literature.
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3.2 Oracle-Guided Synthesis of CAM-Weight Expressions 

Now that we have a formally defined problem statement, we can discuss the 
SyCAM framework, an oracle-guided synthesis approach for the synthesis of 
CAM-w eight expressions. Let us initially assume we have access to two oracles:

– an equivalence oracle: this oracle receives as input a set of expressions ε, 
which may contain semantically equivalent expressions, and returns a set 
of expressions ε′ ⊆ ε suc h that no two expressions in ε′ are semantically
equivalent; and

– a correctness oracle: this oracle receives a single CAM-weight expression as 
input, and returns a boolean which is true if the CAM-weight expression 
results in a saliency map that scores ab ove a pre-defined threshold on a pre-
defined metric, for a given set of images and classification model.

We will define the SyCAM framework assuming access to these oracles, but 
we should note that these oracles are performing tasks that are, in general, unde-
cidable (equivalence checking) or at least computationally expensive (evaluating 
a given CAM weight expression across a large set of images). We will address
the practical implementation of each of these oracles in Sect. 4. 

The general workflow of SyCAM is depicted below. SyCAM is composed 
of two main procedures, the synthesis phase (which is guided by the equivalence 
oracle) and the evaluation phase (the correctness oracle). Candidate expressions 
produced by the synthesis procedure are generated from a space of expressions
defined by an input grammar G, as described in Sect. 4. The expressions are 
then forwarded one by one to the evaluation process. An expression is evaluated 
using a correctness oracle, defined in terms of the given evaluation metric μ 
and a threshold function r,  over  a  set  of  images  I. If a candidate passes the 
evaluation process, it is returned as a solution to the overall synthesis process. 
If the evaluation fails, another expression is selected out of the current list of
candidate expressions, and the same evaluation process is repeated for the new
expression. If all candidate expressions have been evaluated with no success, the
synthesizer is triggered again to generate a new set of candidates.

synthesize 

Equivalence 
Oracle 

Correctness 
Oracle

solutionG

ε

×
ε ε′

Synthesis Phase: The task of the synthesis phase is to enumerate expressions 
using the feedback given by the oracles. The algorithm we use is b ased on a
classical program synthesis technique: the bottom-up search algorithm [1]. For 
the algorithm, we require an input grammar G, which defines an initial set 
of expressions (terminals) and production rules R that allow us to combine
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Algorithm 1. Bottom-up Search 
function Search(G, λ, M , I, μ) 

exprs ←  ∅  
exprs ′ ← G.Term 
while True do 

solution ← Eval(exprs ′,  λ,  M,  I,  μ) 
if solution �= nil then 

return solution 
exprs ← exprs ∪ exprs ′

exprs ′ ← Expand(expr ,  G) 
exprs ′ ← elimEquiv(exprs, exprs ′,  I) 

function Expand(E , G) 
E′ ←  ∅  
for r ∈ G.R do 

if r is 1-ary then 
for e1 ∈ E do 

E ′ ← E′ ∪ r{e1}
else if r is 2-ary then

for e1, e2 ∈ Prod(E, E) do
E′ ← E′ ∪ r{e1, e2}

return E′

expressions to synthesize new ones (synthesize block). The synthesis phase calls 
the equivalence oracle, elimEquiv, in order to reduce the exponential g rowth
in expressions. This bottom-up search algorithm is shown in Algorithm 1. 

Initially, we populate exprs with all expressions for Term. At each iteration
of the Algorithm 1, the search process deploys the Expand function to iter-
ate through the production rules of the grammar, and generates all possible 
new expressions that use the elements in exprs to replace the non-terminals in 
each production rule and adds them to exprs.  We  use  r{e1,  .  .  .   ,  en} to indicate
the result of taking the rule r ∈ R and replacing the first nonterminal symbol
occurring in r with e1, the second with e2, and so on.

Oracles: The equivalence oracle ElimEquiv then reduces the set of expressions, 
by removing all semantically equivalent expressions. At each iteration, the cor-
rectness oracle Eval checks the current list of programs to see if it contains 
a program that it deems c orrect (i.e., a program that performs above a given
threshold on the evaluation metric). If so, the program is returned as a solution.

4 An Instantiation of SyCAM 

Our approach is customizable to any grammar. In this section, we give an instan-
tiation of our framework for a grammar defining gradient-based expressions, and 
expressions based on ScoreCAM and AblationCAM. We use a grammar with 
non-terminals N  T  = {Expr, T erm, Grads}, and starting category S = {Expr}. 
The set of production rules R is defined as follows: 

Expr := Term | Expr + Expr | 2 · Expr + Expr | Expr · Expr | ReLU (Expr ) 
Term := Grads | top5(Grads) | top10(Grads) | top20(Grads) | top50(Grads) 

| CICScores | AblScores 

Grads := GP (
∂Y c

Ak
) for any c ∈ C and k ∈ K.

where ReLU is the element-wise function max{·, 0}. Inspired by algorithms like
GradCAM, we use as terminals the gradients, denoted by Grads, of the score for
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the predicted class c with Y c = M(x) with respect to the feature map activations 
Ak of the last convolutional layer, i.e. GP (∂Y c 

Ak 
) where GP denotes the global 

average pooling operation, for each feature map k in the set of feature maps K 
and for each class c in the set of classes C. We also include as terminals the
functions topn(Grads) that nullify all but the highest n elements of Grads and
are denoted by topn.

Inspired by ScoreCAM, we include as terminals (CICScores)  the  channel-
wise Increase of Confidence (CIC) [36]. For each feature map k, each image x,  a  
baseline input image xb,  and  a  model  M, the CIC is defined as CIC(Ak)  =  M(x◦ 
Hk) −  M(xb) where Hk = s(U  p(Ak)), U  p  denotes the upsample operation that 
upsamples Ak into the input image size, and s(·) is a normalization function to
the range [0, 1]. We assume that ∃xb : M(xb) = 0, and use C(Ak) = M(x ◦Hk).

AblScores represent the weights used in the definition of AblationCAM [6]. 
For each feature map k of a model M, and each image x,  these  weights  w are 
defined by wc 

k = y
c−yc 

k 

yc ,  where  yc = M(x) and yc 
k is the result of setting all the

activation cell values of Ak to zero and classifying again the x.
Notice that the terminals of the grammar are vectors with number of elements 

equal to feature maps in the last convolutional layer of M, and ev ery expression
generated by this grammar produces vectors with the same size as the terminals.

4.1 Equivalence Oracle 

In general, determining the equivalence between two expressions is undecidable. 
We thus use an appro ximation, referred to as observational equivalence.

Definition 3 (Observational Equivalence). Formally, two expression e1 and 
e2 are observational equivalent on a finite set of images I, according to an eval-
uation metric μ and a model M iff μ(Lc[e1],M, I) = μ(Lc[e2],M, I).

If two expressions are observationally equivalent, we can remove one of these 
expressions from the pool of expressions used to build subsequent programs 
provided the semantics of the program fragment do not depend on context. That 
is, given two expressions e1 and e2, and a set of images I,  if  e1 and e2 give the 
same result on the set of images, then so will C[e1] and C[e2] where C[e1] is
a program that uses e1 as a subexpression, and C[e2] is the same program but
with e2 in place of e1.

CAM-weight expressions are arithmetic expressions so this property is true, 
for the set of images I. However, since evaluating the expression on all the images 
in our dataset is time-consuming and impractical, our observational equivalence 
oracle uses a smaller subset of the full dataset. Thus, if this set is not repre-
sentative of the full dataset, the observational equivalence oracle may remove 
expressions that we subsequently may need. As a consequence of this approxi-
mation of equivalence, SyCAM may fail to find some possible solutions, but this
trade-off is worth it to prune the exponential growth of the search space.
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4.2 Correctness Oracle 

Recall that we wish to synthesize an expression e such that the following is 
true; μ(Lc[e],  M,  I) >  λ(M, I),  for  a  given  I and M . Unlike many domains 
where OGIS is used, it is not possible for us to reason about this expression 
symbolically using techniques like SMT solvers, since this would require us to 
reason about the weights of the model and the pixels of each image. We must 
therefore use testing, executing each generated CAM method on the images in 
the set I. Expressions are then c hecked one by one for their correctness. If an
expression passes the correctness test, the overall synthesis process terminates,
returning this expression as a solution. As we will see in the experiments, this
process is modified to run for a fixed amount of time and then return the best
expression synthesized instead.

4.3 Class-Based Decomposition 

A limitation of the algorithm presented in the previous section is that the gram-
mar we use does not contain any expressions that can perform case splits, e.g., 
an “if” expression, or any logical expressions that can define when to apply a 
specific CAM method to a particular image. This means that the function we 
synthesize is applied uniformly to all images, regardless of the properties of that 
image. In this section, our goal is to extend this grammar to permit case splits. 
One obvious way of doing this would be to introduce an “if-then-else” statement 
into the grammar G, as well as expressions for identifying features or charac-
teristics of different images. This, however, results in a significantly expanded 
search space, and an intractable synthesis problem. In this section, thus, we 
break down the synthesis method into two parts: a classification model M,  and  
a set of CAM-weight expressions, synthesized using the enumeration approach 
described previously, that should be applied to each class. Th us, for a given set
of classes, the end CAM-weight expression will be an expression in the grammar
given by G extended with the following production rule:

Expr := (Y ci = max(Y c1 , . . . Y cn)) ?Expr : Expr

where Y ci is the confidence score for class ci, and {c1, . . . cn} is the set of classes
generated by the model M. It would be possible to use any classifier in this step,
but we take advantage of having a classifier that can choose the expression for
each image: the model M.

One advantage of this approach is that it prevents the rejection of good 
expressions that do not perform well only for small subsets of images. However, 
an important disadvantage is that the algorithm has to be executed once for 
each output class. If the number of output classes of a model is in the order of
thousands, this method requires considerable computing power.

5 Experiments 

In this section, we present three sets of experiments that show the efficacy of
SyCAM:
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– E1 - Sanity check: We show the ability of SyCAM to synthesize known 
dominant CAM expressions for a given metric, or better ones if the grammar 
allows for more expressive expressions. We apply SyCAM to one Pytorch
model, VGG16 trained over the PASCAL VOC 2007 dataset [8]. 

– E2 - Enumeration vs class-based decomposition: We compare SyCAM 
to the classical approaches of GradCAM, GradCAM++, ScoreCAM, and 
AblationCAM. Here, we particularly compare the enumerative and class-
based decomposition approaches and show how the latter improves over the 
former. SyCAM is applied to three PyTorch models: ResNet50, VGG16, and
VGG19, trained over the Imagenette dataset [13]. 

– E3 - Incorporating ground truth: This experiment is an application of 
SyCAM to show that, in contrast to standard methods, SyCAM allows us to 
incorporate expert knowledge into the generation of saliency maps, resulting 
in better saliency maps. SyCAM is applied to a ResNet50 model trained over
COVID-19 X-ray images from the COVID-QU-Ex dataset [34]. 

All experiments were run using an NVIDIA T4 with 16 GB RAM. The code
used can be found in https://github.com/starlab-systems/SyCAM. The compu-
tations were enabled by resources provided by the National Academic Infrastruc-
ture for Supercomputing in Sweden (NAISS), partially funded by the Swedish
Research Council through grant agreement no. 2022-06725.

5.1 Experimental Setup 

As established in Sect. 3.1, the goal is to find an expression e such that 
μ(Lc[e],  M,  I) >  λ(M, I), for a given image set I and a model M by follow-
ing Algorithm 1. We adapt Algorithm 1, to one that instead of stopping the 
computation the moment we find an expression e that beats a threshold λ,  to  
one that continues the search, always saving the so-far best expression found, 
and taking the value μ(Lc[e],  M,  I) for the best expression as the new threshold 
λ. We start with λ = 0. We let the experiments run for a fixed amount of time
and return the best expression synthesized during that time.

Grammar: The grammar used for the experiments is defined in Sect. 4.  Com-
puting the weights generated by terminals CICScores and AblScores is compu-
tationally expensive. In the case of ResNet50, VGG16, and VGG19, they are 
required to compute 512 classifications per image. To reduce the computation 
overhead, for each dataset and evaluation metric, we precompute the weights
produced by these terminals beforehand for each image in the dataset.

Synthesis Phase: The set of expressions generated grows exponentially. Because 
we have 7 terminals in the grammar, and we are enumerating solutions that can 
be produced with the rules defined, more than 1000 expressions were generated
in only three applications of the Expand function (see Algorithm 1)  even  after  
discarding equivalent expressions using observational equivalence (Sect. 4.1). By 
the fourth application of the Expand function, we would generate more than

https://github.com/starlab-systems/SyCAM
https://github.com/starlab-systems/SyCAM
https://github.com/starlab-systems/SyCAM
https://github.com/starlab-systems/SyCAM
https://github.com/starlab-systems/SyCAM
https://github.com/starlab-systems/SyCAM
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106 expressions. To prevent spending too much time just discarding equivalent 
expressions without evaluating them, instead of generating a whole new set of 
expressions with Expand before evaluating, we generate and yield expressions 
one by one. E ach expression is evaluated just after being generated by the equiv-
alence oracle and, if not discarded, by the correctness oracle.

Equivalence Oracle: The function ElimEquiv of Algorithm 1 employs a subset 
with 10 images, one of each class of the dataset, to ensure this subset is as repre-
sentative as possible. We also tested subsets of size 20 and 30 of the Imagenette 
dataset, and we confirmed that the number of expressions discarded decreases 
(by 1.5% and 7.2%, respectively) with the number of images in the subset. How-
ever, the expressions synthesized were the same, and there is a trade-off with 
the computation time dedicated to generating expressions and discarding those 
equivalents, so we maintained the original size of 10 images. 
Correctness Oracle: It would be t ime-consuming to test every generated CAM
method on every image in the dataset I. For example, it takes around 18min to
compute the Deletion metric for ResNet50 and a single expression over a dataset
of 4000 images. To overcome this computation overhead, we implement the cor-
rectness oracle as follows, aiming to discard expressions as early as possible.

The evaluation is done by applying an evaluation procedure on the candi-
date expression defined in terms of an evaluation metric μ and over increasingly 
large sets of images I1 ⊂ I2 ⊂ .  .  .  ⊂ I. If a candidate expression e is evaluated 
over the set Ii and results in a score larger than that computed by a threshold 
function λ over at least half of the images in Ii, and the average score is better, 
i.e. μ(Lc[e],  M,  Ii) >  λ(M, Ii), it is then evaluated over the next largest set of 
images, Ii+1. Otherwise, the candidate is discarded. If a candidate expression 
e is evaluated on the set I and achieves a score higher than that computed by 
the threshold function over at least half of the images, and the average score 
is higher, then e is the best expression found, and λ is updated with the new 
threshold d efined by e. With this multi-layered approach, we can quickly elimi-
nate programs that already fail evaluation on smaller sets of data, thus speeding
up the search for solutions. It is possible that a candidate may perform poorly
on a subset Ii and then perform better than the threshold function on a subset
Ii+1, and thus be discarded early. This risk is small since our subsets are rela-
tively large and are uniformly sampled from the full set of images, so likely to
be representative.

The oracle checks if the candidate expression e is better than the best solution 
found for at least half of the images because the goal is to find an expression 
that works w ell for as many images as possible, i.e., that generalizes well, and
at the same time has a higher score.

Lastly, we set a timeout of 6 h for experiment E1 and 24 h for E2 and E3, i.e., 
the returned expression is the best expression found within these time bounds. 
We note that within this timeout, we were able to reach the fourth iteration 
of the algorithm, but despite the optimizations, we are not able to cover all
the 106 expressions of that iteration. This results in a limitation on the size of
the expressions that can be synthesized. However, we show later that SyCAM
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manages to synthesize better expressions than widely known CAM methods. 
Furthermore, once the SyCAM expression is synthesized, the computational 
cost of generating saliency maps is similar to that of other CAM expressions, so 
it is reasonable to spend time on generating the best possible expression. The 
cost depe nds on the terminals used. For example, the cost of generating saliency
maps for an expression that computes the CICScores as part of the expression
is similar to the cost of ScoreCAM.

5.2 Experiments E1: Sanity Check 

“Show the ability of SyCAM to synthesize known CAM expressions if they are 
dominant for a given metric, or even better ones if the grammar allows for more
expressive expressions”

In this experiment, we applied SyCAM to a VGG16 model trained over the 
training subset of the PASCAL VOC 2007 dataset, and using the Av erage Drop
% metric: one of the settings described in the original GradCAM++ paper [4]. 
The dataset I contains 2510 images distributed in 20 classes. For the correctness 
oracle, we use three subsets of images, I ⊃ I2 ⊃ I1.  The  s  et I2 is a subset of
1000 randomly chosen images, and I1 contains 100 randomly chosen images.

We applied SyCAM using two grammars for a fixed time of 6 h each:

– G1: A grammar defined by: 

Expr := Term | Expr + Expr | 2 · Expr + Expr | Expr · Expr | ReLU (Expr ) 
Term := Grads | top5 (Grads) | top10 (Grads) | top20 (Grads) | top50 (Grads) 

Grads := GP( 
∂Y c 

Ak
) for any c ∈ C and k ∈ K .

– G2: The grammar G1 adding the terminals CICScores and AblScores.  Thi  s
is, the grammar described in Sect. 4. 

Using grammar G1, SyCAM can only synthesize expressions that employ gra-
dients, so SyCAM can’t synthesize ScoreCAM, AblationCAM, or other similar 
expressions. By incorporating the CICScores and AblS cores terminals into G2,
SyCAM can generate more diverse expressions. Figure 3 illustrates the results 
obtained by SyCAM using both G1 and G2. When G1 was used, SyCAM man-
aged to synthesize GradCAM++, represented by ReLU (Grads) [21], guided by 
the Average Drop % metric, and did not synthesize a better expression before 
the timeout. However, when G2 was used, SyCAM was able to synthesize 
even better expressions, with a reduction of the Average Drop % metric of 5%. 
This shows that SyCAM can synthesize the dominant known expression, or
even better expressions if there is a possibility of doing so, and the grammar
allows it.
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Fig. 3. SyCAM application to a VGG16 model trained over the PASCAL VOC 2007 
dataset and the Average Drop % metric (lower is better). If only gradients-related 
terminals are included in the grammar, SyCAM synthesizes GradCAM++. Better
CAM expressions are synthesized for an expanded grammar.

5.3 Experiments E2: Enumerate & Class-Based Decomposition 

“Show the efficacy of SyCAM, and that the class-based decomposition approach 
can p erform better than the enumerate approach.”

We use this set of experiments to show the efficacy of SyCAM in comparison 
to other well-known CAM methods: GradCAM, GradCAM++, ScoreCAM, and 
AblationCAM. We also show how t he class-based decomposition allows us to
obtain better results than the simple enumerative approach.

In general, whilst the average value-wise improvement in the score obtained 
by SyCAM in each experiment may look only marginally better than the base 
methods, this marginally b etter score already results in more targeted saliency
maps for a significant number of images. In Fig. 4, while the SyCAM score shows 
minor improvement, SyCAM gets a better saliency map that does not highlight 
the right dog as GradCAM and GradCAM++ do and highlights the body of the 
left dog more than ScoreCAM and AblationCAM. This implies that the model is
making the classification of the image mostly based on the left dog, specifically
the head and the upper body.

In the following, we give more details about our findings for both the en u-
merative and class-based decomposition approaches.

Results for the Enumerative Approach. We use a reduced version of ImageNet ,
namely the Imagenette dataset [13] that includes images for 10 classes out of the 
1000 classes of ImageNet. Specifically, we use the validation dataset, with 3925 
images distributed evenly into the 10 output classes. The evaluation metric in 
all the experiments is the Deletion or the Insertion metric. The experiments run 
for a fixed time of 24 h. Then, they return the best expression found. For the
correctness oracle, we use three subsets of images, I ⊃ I2 ⊃ I1. The set I2 is a
subset of 1000 images: 100 from each class. I1 contains 100 images: 10 per class.

As explained in Sect. 5.1, the evaluation of each candidate over the whole 
dataset can lead to scalability issues. Around 1020 candidate expressions are
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Fig. 4. Saliency maps generated by GradCAM, GradCAM++, ScoreCAM, Ablation-
CAM, and the SyCAM expression for ResNet50, the class “2. English springer”, and 
the Deletion metric (P =  30, higher is better). The scores for each method are 0.2141, 
0.2414, 0.2419, 0.2343, and 0.2441, respectively. SyCAM gets a better score and a 
saliency map t hat does not highlight the right dog as much as GradCAM and Grad-
CAM++ do and highlights the body of the left dog more than ScoreCAM and Abla-
tionCAM.

generated in three iterations of Algorithm 1, and it takes ∼0.3s to evaluate the 
Deletion or the Insertion metric (P =  10) over a single image. The computation 
time of the evaluation of a candidate expression over eac h subset for the Deletion
and Insertion metrics (P = 10) is ∼18 m, ∼5 m, and ∼27s, respectively.

In Table 1, we present our results for all three models. We show the expres-
sions synthesized by SyCAM, and provide a comparison with GradCAM, Grad-
CAM++, ScoreCAM, and AblationCAM, showing the average scores for each 
method when evaluated using the Deletion and the Insertion metrics. In general, 
SyCAM synthesizes expressions better than the base methods. In some cases, 
SyCAM synthesizes GradCAM (Grads), ScoreCAM (CICScores), or Ablation-
CAM (AblScores). We point to the fact that AblationCAM performs better than 
the rest of the base methods for the Deletion metric, but not for the Insertion 
metric, for which it is almost always surpassed by ScoreCAM. This emphasize 
the necessity of using a framework like SyCAM to synthesize the best expression 
for each context. For P =  15  and P =  30, the computation time grows propor-
tionally to P . There are some exceptions because of the correctness oracle. In the 
worst case, every expression is better than the threshold for I1 and I2 but worse 
than I and must be evaluated over the three sets. Note that both metrics depend
on the ratio between P and the size of the feature maps in the last convolutional
layer. Because the feature maps are bigger in VGG-16 and VGG-19 (14 × 14)
than in ResNet50 (7 × 7), this dependency makes the values obtained by both
metrics larger for ResNet50 than for VGG-19 and VGG-16 when comparing the
same CAM methods. Larger values of P are correlated with better metric scores
when comparing the same CAM methods.

Results for the Class-based Decomposition Approach. For each of the ten classes, 
the correctness oracle will use a subset I, which contains approximately 390 
images each, and I1 ⊂ I, which contains 100 images each. The t ime needed for
evaluating an expression over each subset is ∼2 m 10 s and ∼30 s, respectively.

To make a fair comparison between the enumerate and the class-based decom-
position approach, we established a timeout of 2.4 h per class. Although this 
limits the size of the expressions synthesized for each class, we can see in Table 2
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Table 1. Enumerative approach for the models ResNet50, VGG-16, and VGG-19 over 
the Imagenette dataset using our variants of the Deletion and Insertion metrics (higher
is better). G=GradCAM, G+=GradCAM++, S=ScoreCAM, A=AblationCAM.

Deletion metric (P=10) Insertion metric (P=10) 

Model G G+ S A SyCAM SyCAM Exp. G G+ S A SyCAM SyCAM Exp. 

ResNet50 0.3559 0.3479 0.3523 0.3601 0.3619 

5 · Grads 

+ top50 

+ ReLU (Grads) 

+ AblScores 

0.2287 0.2204 0.2243 0.2219 0.2296 
top50 

∗ CICScores 

VGG-16 0.1722 0.1718 0.1727 0.1836 0.1883 

2 · Grads 

+ top5 

+ CICScores 

+ AblScores 

0.0167 0.01850.0320 0.0204 0.0320 CICScores 

VGG-19 0.1736 0.1713 0.1744 0.1824 0.1825 
top10 

+ AblScores 
0.0260 0.02100.0346 0.0237 0.0346 CICScores 

Deletion metric (P=30) Insertion metric (P=30) 

Model G G+ S A SyCAM SyCAM Exp. G G+ S A SyCAM SyCAM Exp. 

ResNet50 0.6075 0.6010 0.6017 0.6049 0.6079 
Grads 

+top10 

0.5435 0.5289 0.5349 0.5402 0.5435 Grads 

VGG-16 0.3344 0.3382 0.3385 0.3523 0.3579 

4 · Grads 

+ top5 

+ CICScores 

+ AblScores 

0.0957 0.10750.14220.1160 0.1422 CICScores

VGG-19 0.33370.33640.33400.3454 0.3454 AblScores 0.0996 0.1105 0.1422 0.1146 0.1424
2 · Grads

+ ReLU (Grads)

+ CICScores

that, for ResNet50, the average scores of SyCAM per class show improvement 
over the enumerative approach except for the Deletion metric for L = 10 case. 
For certain images, SyCAM resulted in scores higher than those of GradCAM, 
GradCAM++, ScoreCAM, and AblationCAM. In other cases, SyCAM was out-
p erformed. This is because other methods may get much higher scores for a small 
subset of the data, but not for the rest. As explained in Sect. 5.1, our goal is to 
find expressions that are better than the best one found in at least half o f the 
images and that have a h igher average score.

5.4 Experiments E3: Incorporating Ground Truth 

“Show how to incorporate expert knowledge into the generation of saliency maps.”
We use the COVID-QU-Ex dataset [34], which consists of 5826 chest X-

ray images with infection segmentation data distributed between 1456 normal 
(healthy) images, 2913 COVID-19 images, and 1457 non-COVID images with 
other diseases. Ground-truth COVID-19 segmentation masks are provided. We 
fine-tuned a ResNet50 model to correctly classify the test dataset with accuracy 
higher than 95%, a nd precision and recall higher than 92% for each class.

We consider a set I with only the 2913 COVID-19 X-ray images and the asso-
ciated ground-truth COVID-19 segmentation masks. For the correctness oracle,
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Table 2. Class-based decomposition approach for ResNet50 over the Imagenette 
dataset using the Deletion and Insertion m etrics (higher is better). G=GradCAM, 
G+=GradCAM++, S=ScoreCAM, A=AblationCAM.

Deletion metric (P=10) Insertion metric (P=10) 

Model G G+ S A SyCAM SyCAM Exp. G G+ S A SyCAM SyCAM Exp. 

1.Tench 0.4329 0.4286 0.4203 0.4258 0.4358 
Grads 

+top5 

0.2307 0.2209 0.2188 0.2346 0.2367 
CICScores 

∗AblScores 

2.English springer 0.4293 0.4193 0.4413 0.4513 0.4406 
Grads2 

+top50 

∗CICScores 
0.1741 0.16390.1786 0.1706 0.1741 Grads 

3.Cassette player 0.2755 0.2719 0.2698 0.2577 0.2766 top50 0.1584 0.1517 0.1514 0.1201 0.1663 top10 

4.Chain saw 0.4360 0.43010.4439 0.4432 0.4404 top10 0.2524 0.24250.2536 0.2327 0.2524 Grads 

5.Church 0.2634 0.2468 0.2505 0.2799 0.2640 
2 · Grads 

+top20 

0.0859 0.0803 0.0880 0.0862 0.0891 top20 

6.French horn 0.3891 0.3849 0.3831 0.3972 0.3891 Grads 0.2550 0.2441 0.2460 0.2693 0.2550 Grads 

7.Garbage truck 0.3757 0.3643 0.3650 0.3779 0.3757 Grads 0.2411 0.2390 0.2412 0.2328 0.2438 
Grads 

+top20 

+Grads2 

8.Gas Pump 0.3405 0.3262 0.3369 0.3470 0.3405 Grads 0.0508 0.04720.0570 0.0464 0.0508 Grads 

9.Golf ball 0.3309 0.3272 0.3206 0.3279 0.3356 top10 0.4149 0.4047 0.3953 0.4200 0.4167 top50 

10.Parachute 0.2855 0.28050.2918 0.2897 0.2858 
2 · Grads 

+top10 

0.4343 0.4205 0.4231 0.4129 0.4343 Grads 

Average 0.3559 0.3480 0.3523 0.3598 0.3584 0.2287 0.2215 0.2253 0.2226 0.2308 

Deletion metric (P=30) Insertion metric (P=30) 

Model G G+ S A SyCAM SyCAM Exp. G G+ S A SyCAM SyCAM Exp. 

1.Tench 0.7215 0.7170 0.7120 0.7148 0.7236 
top50 

∗CICScores 0.6415 0.6310 0.6297 0.6398 0.6415 Grads 

2.English springer 0.6360 0.6290 0.6365 0.6447 0.6416 
top50 

∗CICScores 0.4815 0.4672 0.47460.4855 0.4815 Grads 

3.Cassette player 0.4374 0.4336 0.4323 0.4169 0.4385 top10 0.3404 0.3256 0.3324 0.2932 0.3427 
Grads 

+top5 

4.Chain saw 0.6711 0.6667 0.6694 0.6504 0.6730 top10 0.5896 0.5698 0.5863 0.5678 0.5896 Grads 

5.Church 0.4677 0.4548 0.4580 0.4755 0.4692 
2 · Grads 

+top 20 
0.3488 0.3319 0.34420.3632 0.3501 

2 · Grads 

+top20 

6.French horn 0.6464 0.6412 0.6363 0.6527 0.6476 top50 0.5968 0.5816 0.58670.6126 0.5968 Grads 

7.Garbage truck 0.6676 0.6619 0.6622 0.6681 0.6676 Grads 0.6072 0.5972 0.60300.6091 0.6072 Grads 

8.Gas Pump 0.6286 0.6223 0.6288 0.6341 0.6286 Grads 0.4049 0.3862 0.4008 0.4045 0.4050 
2 · Grads 

+top5 

9.Golf ball 0.5865 0.5791 0.5649 0.5875 0.5895 top10 0.7158 0.7072 0.69870.7224 0.7158 Grads 

10.Parachute 0.6041 0.59720.6090 0.5930 0.6041 Grads 0.70840.69240.6928 0.6982 0.7084 Grads

Average 0.60750.6010 0.6017 0.6049 0.6091 0.54350.52890.5349 0.5402 0.5438

we use three subsets of images, I ⊃ I2 ⊃ I1.  The  set  I2 is a subset of 1000 images, 
while I1 contains 100 images. W e apply SyCAM using two metrics: the mGT and 
the SCH metrics defined in Sect. 2.3. Because these metrics give importance to 
the ground truth COVID-19 masks, the SyCAM expressions incorporate expert 
knowledge into the saliency maps generated. Since we are only considering a 
binary classification, we employ the enumerative approach. For both metrics 
defined abov e, we let the experiments run for 24 h. In this experiment, evaluat-
ing m GT or SCH takes around 0. 05s per image.

The results are presented in Table 3. We can observe that, for both metrics, 
SyCAM synthesizes expressions whose basis is o f the form expn,  w  ith  exp a
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terminal and n ∈ N: CICScores4 for the mGT metric, and Grads5 for the SCH 
metric. This may indicate that dominant expressions have this form, which highly 
reduces the values lower than 1 and gives more i mportance to the h igh values.

Examples of saliency maps generated by SyCAM are included in Figs. 1, 
5a  and  5b. We can observe in the X-ray images of Fig. 1 that the saliency map 
generated by SyCAM is more concentrated on the ground-truth mask, while the 
rest of the CAM methods fail to do so. In fact, we can see that GradCAM++ and 
ScoreCAM give high importance to a region outside of the body in the bottom 
right. Something similar happens in Fig. 5a. In Fig. 5b, because the SyCAM 
expression is 2 · Grads5 , the heatmap obtained is a more compact version of the 
GradCAM heatmap. This reduces the importance of areas outside of the ground 
truth, achieving a higher SCH score.

Table 3. Enumerative approach for the fine-tuned model ResNet50 over the COVID-19 
benchmark. The metrics used are the mGT and the SCH metrics (higher is be tter).

Metric GradCAM GradCAM++ ScoreCAM AblationCAM SyCAM SyCAM Exp. 
mGT 0.1861 0.1712 0.1512 0.1876 0.1972 Grads ∗top20 ∗CIC4 

SCH 0.1567 0.1491 0.1458 0.1524 0.1610 2 · Grads 5 

Fig. 5. Saliency maps generated by GradCAM, GradCAM++, ScoreCAM, Ablation-
CAM, and t he SyCAM expression synthesized f or ResNet50.
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6 Discussion and Future Work 

We presented SyCAM, a metric-based synthesis framework for automatically 
generating CAM expressions. SyCAM offers advantages in tailoring CAM 
expressions to specific syntactic restrictions, datasets, and evaluation metrics. 
However, our approach still has limitations that we plan to address in future 
work. One key limitation is the high computation time required to gener-
ate expressions, which stems from the complexity of the synthesis algorithms. 
Improvements in synthesis methods will directly enhance our approach. However, 
we emphasize that generating a SyCAM expression is a one-time process, and 
the computation time for generating saliency m aps remains reasonable. Addi-
tionally, the SyCAM framework relies on enumerating expressions and verifying 
their validity. Future work will explore ways to guide this search process more 
efficiently, thereby r educing computation time. Lastly, we also aim to extend our 
study to multi-objective settings [35], incorporating multiple evaluation metrics 
simultaneously and identifying P areto-optimal expressions as solutions. 
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