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Abstract

Most of the current explainability techniques focus on capturing the importance
of features in input space. However, given the complexity of models and data-
generating processes, the resulting explanations are far from being ‘complete’,
in that they lack an indication of feature interactions and visualisation of their
‘effect’. In this work, we propose a novel surrogate-model-based explainabil-
ity framework to explain the decisions of any CNN-based image classifiers by
extracting causal relations between the features. These causal relations serve
as global explanations from which local explanations of different forms can be
obtained. Specifically, we employ a generator to visualise the ‘effect’ of interac-
tions among features in latent space and draw feature importance therefrom as
local explanations. We demonstrate and evaluate explanations obtained with
our framework on the Morpho-MNIST, the FFHQ, and the AFHQ datasets.

1 Introduction

Deep learning models have emerged as powerful tools for solving complex problems in diverse
domains in the past decade; however, they still remain black-boxes due to their lack of inter-
pretability. There is a consensus among researchers, ethicists, policymakers and the public on the
need for explainability of these models, especially in high-stake applications like bio-medicine and
autonomous driving [1, 2]. Explaining decisions made by deep learning classifiers cannot only help
us understand the underpinning mechanism but also uncover model biases [3], which helps in iden-
tifying issues in the data-generating process [4]. There are many different forms of explainability
techniques, including feature attribution methods [5], network dissection-based interpretability
[6], mechanistic approaches for understanding neural networks [7, 8], and causal/counterfactual
explanations [9, 10, 11]. In this paper, we contribute to this landscape by proposing a novel
method for obtaining concept-based explanations.
Interpretability can be divided into two categories [12]: transparency and post-hoc explanations;
most of the above mentioned techniques fall under the latter category, as does our proposed
framework. Many existing frameworks for post-hoc explainability do not reflect concept-based
thinking of the kind exhibited by humans [13], with a few recent exceptions. [14] shows
the existence of these concepts, while [15] uses the idea of both existence and interaction
between concepts to generate explanations. Our proposed framework generates concept-based
explanations using unobserved latent and observed context features as concepts and identifying
(causal) interactions between them.
Among the different forms of explanations, counterfactual explanations are recently gaining
attention [9, 10, 16, 17]. At the same time, the language of causality is advocated as a precise
and powerful way of extracting explanations [18]. Counterfactual explanations can be drawn by
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Figure 1: Overview of the proposed framework, in which the feature extractor (Φf ) and the
feature classifier (Φc) are blocks of a trained, given classifier model (ΦC). The alignment (Φad)
and generator (Φg) blocks are part of our proposed surrogate model. The causal graph extraction,
feature attribution blocks, and the generator provide our explanations.

intervening on the set of features in the data-generating process to construct hypothetical scenarios.
The effectiveness of counterfactual explanations solely depends on an intuitive difference between
original and intervened data. In this work, under mild assumptions, we show the existence of
implicit causal knowledge by generating causal graphs using unobserved latent features which may
or may not be human understandable and observed context features to model the data-generating
process as perceived by the underlying model. The causal graph then serves as the basis for
obtaining our explanations.
Our goal in this work is to explain what a given CNN-based classifier learns, rather than explaining
the true label. We achieve this by learning a ‘pseudo’ data-generating process along with a feature
interaction graph,1 which serves as a global ground for extracting our local explanations (for
given inputs). Note, we do not claim (nor require) any guarantees of this pseudo data-generating
process to converge to the true causal process. These feature attribution based explanations
respect the feature interactions in the extracted graph. The global and local explanations can be
seen as two layers in a hierarchy, with the local explanations providing finer-grained information
about the weight of features and their influence on the classifier’s prediction while reflecting the
interactions imposed by the global graph.
Our contribution in this work is threefold: (i) Surrogate model 2.1: we propose a novel
surrogate model, aligning latent features for generating the classifier perceived data-generation
process. (ii) Pseudo data generating process 2.2: we formalise a method to facilitate the causal
discovery of feature interactions among unobserved latent and context features. (iii) Explanations
2.3: we propose a novel form of explanation that follows hierarchical steps of (i) global graph
generation, capturing causal relationships as perceived by the model, and (ii) local feature
attributions for a given input image along with a way to visualise and analyse feature interactions
via counterfactuals.

2 GLANCE: Formalism

This section describes the methods underpinning our explainability framework, aiming to demystify
a given classifier by distilling its knowledge into a surrogate model, first learning to align features,
then causal discovery and generation of visual explanations. As illustrated in Fig. 1; the
proposed method involves the following blocks each responsible for: (i) aligning disentangled
features to observed context features, (ii) learning a generative decoder for visual explanations,
(iii) constructing a causal graph, and, finally (iv) deriving explanations.
Notations. Let D ⊆ X × Y be the dataset, such that elements of X ∈ RH×W×C and
Y = {1, . . . , N}, where H ×W × C and N correspond to image resolution and total number
of classes, respectively. Now, we define notations used to describe all the model components

1By pseudo we mean a data-generating process as perceived by the given classifier model.
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shown in Fig. 1: (i) the pre-trained classi�er is denoted by� C : X ! Y ; that can be further
decomposed into the feature extractor� f : X ! E and the classi�er� c : E ! Y , such that
� C (x) = (� c � � f )(X ) for all X � X , (ii) the selective disentanglement and alignment block is
denoted by� ad : E ! E 0 - this block aims to learn the distributionq(u; z j � f (X )) 2, where
u 2 E0

u and z 2 E0
z correspond to observed `context' variables and unobserved latent variables;

(iii) the generator block modelsp(X j u; z) is used to construct visual explanations from latent
space, denoted by� g : E0 ! X ; (iv) the graph extraction block is used to estimate causal
interactions between the features over an entire dataset, described as� G : fE 0g ! G, where
G is the space of all possible interactions andG is a speci�c instance of an estimated graph;
and �nally; (v) explanations block� exp : E0 � G ! A � X generates feature attribution and
counterfactual explanations, whereA � RjE 0j corresponds to feature attribution space.

2.1 Surrogate Explainer Model

Our explainability framework involves learning a surrogate model with a de�nite set of properties:
(i) alignment and (ii) an ability to generate visual explanations. Selective feature disentanglement
and alignment help us construct a set of independent and dependent features responsible for the
data-generating process, an alignment property transforms those obtained dependent features
into semantically meaningful features (thickness and intensity), and the generator helps us to
obtain visual explanations, explaining thee�ect of these features. Due to feature disentanglement
and generator aspects, our implicit choice of model was reduced to variational auto-encoders [19]
or adversarial models [20]. In our case, as the objective is to learn perceived data distribution,
we condition our generator model with the classi�er's features inspired by [21].

Proposal 2.1. We propose an alignment block that aligns latent features and encodes them
into two di�erent sets: (i) observed context features (E0

u ; i.e. observed, human-understandable
features in the data-generating process), and (ii) unobserved latent features (E0

z ) such that
E0

u � E 0, E0
z � E 0 and E0 = E0

u [ E 0
z .

Remark2.2. When E0
u = ; , we treat all the latent features as unobserved and apply disentangle-

ment loss. Availability ofjE0
u j > 0, encourages identi�ability of latent variables [22].

Now, we describe the properties and assumptions considered in constructing an alignment
block. TypicallyjE0

u j < jE0
z j, namely, the number of context features is less than the number of

unobserved latent features: this makes our alignment task a problem of subspace optimisation.
Based onE0s information, we propose an alignment regularisation term with the following
properties:(i) Regularisation should involve subspace optimisation, which makes use of
observed ground-truth context features; this forces the model to encoderelationsbetween context
features and the morphology of an image, also encouraging identi�ability of latent features. (ii)
Regularisation should impose orthogonality on features inE0

z among each other and also
with respect to features inE0

u ; this helps in optimising all the parameters in our alignment block,
while just aligning a subset of features.

De�nition 2.3. The alignment of latent subspace to observed context features can be achieved
by maximising the log-likelihood of estimated context distributionlog(p(u j � f (X ))) , while
maintaining the orthogonality of the style features (zi ? zj ; 8zi ; zj 2 z 3 i 6= j ).

Remark2.4. Instead of applying disentanglement on all the latent features, the proposed alignment
regularisation helps in learning relations among some while separating the rest.

Orthogonality constraint. For this, we �rst compute and track the running mean of eigenvectors
and condition the output of the alignment block to move close towards the mean eigenvectors.
In practice, we use singular value decomposition (SVD) on matrixM , whereM = M 1

�
�
�
�
�
�M 2

is the batch output of aligned style features (M z 2 Rb�jE 0
z j ), where the alignment block with

M 1 2 Rb�jE 0
u j , M 2 2 Rb�jE 0

z j ,
�
�
�
�
�
� is a concatenation operation, andb is the batch size used in

training3. The aim of the alignment block is to forceE0
zu to align towards the mean eigenvectors

of M 1. The SVD decomposition ofM 2 can be described asU� V � = M 2, whereU; � ; V �

2The elements ofE are in Rl and elements ofE0 are in Rm , with m < l and, typically, l; m � N -
here l; m corresponds to the dimension of the latent and encoded vector.

3We analyse the e�ect of batch size on alignment later in the appendix.
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correspond to left singular vectors, singular value matrix, and right singular vectors, respectively.
Eigenvectors ofM 2 can be computed by simply multiplying left singular vectors with a singular
value matrix. To control the maximum eigenvalue of unobserved latent features, we normalise the
eigenvector matrix (U� ) with the Forbinious-normjj :jj f of the singular value matrix� . Equation
1, describes the proposed alignment loss mathematically, whereÛ� corresponds to the running
mean of an eigenvector of matrixM 2, � max corresponds to a hyper-parameter to control the
maximum eigenvalue ofM 2, and � corresponds to weighage term of orthogonal conditioning.4.

U� V � = SV D(M 2); M 2 2 Rb�jE 0
u j ; L align = jjM 1 � Cjj 2

2 + �





 M 2 �

� max Û�
jj � jj f








2

2
(1)

Generative Block. As previously discussed, we train our generator model to distil the knowledge
from the feature extractor of the given classi�er. This is done so that the generated images
are faithful to the classi�er,it is important to note that our generator here is reconstructing
images as perceived by the classi�er, not the original data distribution. The reconstructed images
only contain features that the classi�er sees as important in making its decision. The joint
training objective corresponds to:L total = L adv + � 1L align + � 2L recon + � 3L cls , whereL cls is
cross-entropy loss applied on the classi�er's prediction between original images and the classi�er's
perceived images, the aim of this is to distil the knowledge of classi�er's decision making features
in the generator. Instead of randomly sampling a noise vector for generating images, we sample
features fromq(u; z j � f (X )) and in addition to an adversarial lossL adv , we also useL recon to
conditional the model to learn similar looking images. All� i are hyper-parameters to decide the
weight for each loss component. We provide hyperparameter details in appendix 4.

2.2 Perceived data-generating Process

We analyse the aligned features (ie., the output of the alignment block) to extract the learned
relations among features represented as directed edges in a DAG. In this work, we do not assume
causal su�ciency on the observed context features (i.e.: the unobserved latent features can
cause or confound the observed context features). After training, we can access thepseudo
data-generating process (generator model) as an oracle and perform controlled interventional
queries. These amount to questions of the form�How would the generated image change if this
particular feature is changed?�. We determine the existence of directed edges between features
by comparing original and intervened latent feature values. Now, we de�ne some graph speci�c
terms, which we use in our discovery step.

De�nition 2.5. Nodeni and nodenj in a DAG are said to have aDirect Causal Path (DCP)
if there exists an edge betweenni and nj (either ni ! nj or nj ! ni ), and are said to
have anIndirect Causal Path (ICP)if their exists a trail fromni to nj via a third nodenk
(either ni ! nk ! nj or nj ! nk ! ni ). Finally, we de�ne theedge-weightfor an edge
betweenni and nj as the ratio of treatment e�ect on a particular nodelj 2 ukz with respect

to intervened variableli 2 ukz, is formally described asEW(li ; lj ) ,
�

l̂j
l̂i

� lj
li

�
. where li ,

l̂i indicate thei th element in vectorsl ; l̂ , respectively (with positioni corresponding to node
ni in the graph, similarly forj ) and l̂ is the intervened latent vector, formally de�ned as
l̂ � q(u; z j � f (X )) ; X � p(X j u; z; do(li = I )) , for I an intervention oni .

Procedurally, for causal discovery via interventional queries, we propose the following steps (for
simplicity, we equate nodes and positions in vectors): 1. We extract the aligned feature vector
by passing a sampled feature vector through a composite function of encoder, disentanglement
and alignment, formally described asl = q(u; z j � f (X )) , whereX � X ; 2. Without loss of
generality we select, in turn, each featureli in l and perform a �xed intervention of� p 5 to obtain
l̂ � q(u; z j � f (X )) ; X � p(X j u; z; do(li = � p)) ; we then �nd, in l̂ , all other features a�ected

4The value of � is increased gradually from 0 to 1 with respect to training iterations (based on our
experiments, we found the step-based incremental function to work best)

5The parameterp is a function of latent feature, which is estimated by measuring the feature values
for all data points and setting its value based on individual feature statistics (in our case,p = standard
deviation of the selected feature w.r.t to the dataset). This ensures that the resulting generated image is
in-domain w.r.t the classi�er.
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by this intervention and note the change in their value with respect to their original value inl ;
3. Once we establish the change in value for featurel̂j with respect tolj as a result of intervention
on li , we perform a controlled intervention on featurelj with the observed changêlj resulting in
l̂0 � q(u; z j � f (X )) ; X � p(X j u; z; do(lj = l̂j )) , and note changes in its descendent feature
values with respect tôl ; 4. We repeat the previous two steps until all the features are covered;
if the relative change before and after an intervention is greater than a given threshold in an
expectational sense, we establish an edge between (nodes corresponding to) those two features
(l i ! lj ). Equation 2 describes this process, where1 is an indicator function determining the
existence of a causal link between li and lj .

An edge exists between nodesl i and l j only if there is a di�erence betweenl j and l̂ j upon
intervention onl i , conditioned onpal i

(parent features ofl i ). Let us consider an ICP (see
De�nition 2.5) example, wheren1 ! n2 ! n3 and the second step establishes causal relations
n1 ! n2 and n1 ! n3, with respect to some threshold� and v1

2 ; v1
3 corresponding to new

values ofn2; n3, respectively, due to an intervention onn1. In the third step, when we perform
an intervention onn2 by setting its value tov1

2 , let the observed value ofn3 be v2
3 ; then, if

jv2
3 � v1

3 j < � we establish the correct edgen2 ! n3 by removing the spurious edgen1 ! n3. In
the case of loops, we use the edge weight to determine the prominent causal direction. If the
features are disentangled, intervening onli should not a�ect lj : we observe a similar e�ect in our
experiments, which we discuss later in section 3.

li ! lj , 1[El �E 0(EW (̂li ; lj )jpâli
)>� ]; l̂ � q(u; z j � f (X )) ; X � p(X j u; z; do(li = li )) (2)

2.3 Explanations

The latent space feature vocabulary is much richer for extracting explanations beyond feature
attributions and saliency maps. In contrast to importance scores and attention maps in input
space, explanations based on latent features may help us analyse the model's perception of
input features. Based on this, we generate globally-inspired local explanations using the feature
interaction graph (extracted as described in the previous sub-section) as a global form of
explanation. This feature interaction graph explains how the classi�er perceives the relationships
between various semantically meaningful concepts, which can reveal biases and be used to debug
the classi�er. For obtaining local explanations, we follow the LIME [23] feature attribution
method on the aligned latent features while preserving the feature interactions (respecting the
underlying global explanation), indicating the signi�cance of all the latent features in classifying
an image into a speci�c class. The generator model helps us visualise the e�ect of signi�cant
features and their interactions on a given image by constructing counterfactual samples. The
feature importance, along with the interaction graph, helps users to identify features and scale of
intervention to generate counterfactual images.Note that the proposed method can adapt any
feature attribution approaches for generating local explanations without loss of generality; we
select LIME in this work. Unlike global explanations, we do not possess any ground truths for the
generated explanations, making the evaluation quite challenging. Here, we measure stability and
faithfulness as a proxy for evaluating local explanations; we detail all the metrics in appendix??.

3 Results

We evaluate the performance of our proposed framework for both causal discovery and expla-
nations; we use classi�ers trained on two di�erent datasets with observed context features,
namely Morpho-MNIST[24] and FFHQ[25]. As the focus in this work is to use the discoveries for
explaining the reasoning process followed by a given classi�er. We compare our graph generation
technique against two standard methods for causal discovery, Linear Non-Gaussian Acyclic Model
(LiNGAM) with latent confounders [26] and Greedy Equivalence Search (GES) [27]. We compare
our explanations against saliency-based methods, LIME [5], DeepSHAP [28], deepLIFT [29], and
gradCAM [30]. All the graph comparisons are described in the appendix.

In the case of Morpho-MNIST, we tested our framework on four di�erent synthetically generated
datasets by varying causal relationships among features; all four data-generating processes are
described in the appendix. Fig. 5 and 2 indicate a qualitative di�erence between our method
and the other standard methods mentioned above. Existing explanations cannot understand the
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