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Abstract

Artificial intelligence (AI) systems power the world we live in. Deep neural net-
works (DNN5s) are able to solve tasks in an ever-expanding landscape of scenarios, but
our eagerness to apply these powerful models leads us to focus on their performance
and deprioritises our ability to understand them. Current research in the field of ex-
plainable Al tries to bridge this gap by developing various perturbation or gradient-based
explanation techniques. For images, these techniques fail to fully capture and convey
the semantic information needed to elucidate why the model makes the predictions it
does. In this work, we develop a new form of explanation that is radically different in
nature from current explanation methods, such as Grad-CAM. Perception visualization
provides a visual representation of what the DNN perceives in the input image by de-
picting what visual patterns the latent representation corresponds to. Visualizations are
obtained through a reconstruction model that inverts the encoded features, such that the
parameters and predictions of the original models are not modified. Results of our user
study demonstrate that humans can better understand and predict the system’s decisions
when perception visualizations are available, thus easing the debugging and deployment
of deep models as trusted systems.

1 Introduction

Explaining a deep model is an intricate problem that requires balance between soundness
and completeness to be effective in real-world scenarios such as model debugging [15], and
is essential for building trusted systems. Explanations need to succinctly convey the model’s
reasoning and not overwhelm the user. Current explanation techniques such as Grad-CAM
[27] have focused on generating pixel-wise measures of conspicuity, by analysing the effect
each pixel has on the model’s prediction using gradient or perturbation-based analysis [7].
However, these are often uninformative [25], as exemplified in Figure 1. We believe that
explanations should instead carry semantic meaning at a higher level. Thus, we introduce
Perception Visualization (PV), a novel technique to explain the latent semantics of a deep
convolutional neural network (CNN).

PV consists of two components: i) a gradient-based saliency map and i7) a reconstruction
obtained through network inversion. This combination allows PV to show both where the
model is looking and what the model is seeing, in contrast to the vast majority of previous
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Figure 1: Based on saliency maps it is unclear why this image is labelled as a cat rather than
a laundry basket. Grad-CAM [27] explanations are essentially the same for both classes.

techniques that only show where the network is focusing its attention when making a deci-
sion. To the best of our knowledge, ours is the first work producing image explanations by
using a neural network to invert latent representations. Moreover, our work aims at providing
explanations for the diagnostic situation in which a data scientist performs error analysis on
an image classifier, manually inspecting images on which the model performs poorly. Useful
explanations should inform the direction for resolving the fault, such as procuring more train-
ing data from a particular domain. In Figure 2 we see examples of such misclassified images,
and note that the PV for the first image shows that the model is confusing a neon sign for a
television, which indicates a possible lack of training images containing neon signs. Such
a realization could not have been obtained without the help of the perception visualization,
since neon signs aren’t even a class in this problem. In this case, we see that PV explanations
can be employed in a prescriptive manner in order to improve model performance.

PV reveals itself empirically to be particularly effective at explaining incorrect predic-
tions from the model, as shown in Figure 2. We validate PV through a user study, investigat-
ing the users’ ability to guess the model’s predictions when explanations are given. Results
of a survey on circa 100 subjects show that PV is able to help respondents better determine
the predicted class in cases where the model had made an error. We make our code publicly
available at: https://github.com/loris2222/PerceptionVisualization

2 Related Work

Explainable artificial intelligence (XAI) is an emerging field that is experiencing a surge in
research interest. We now discuss XAl techniques as they relate to image classification.

An explanation, in the context of XAl, is a way to present results to a human in under-
standable terms [8]. This definition is purposely vague and includes, for example: textual
descriptions of the reasoning behind the prediction [14], heatmaps indicating the pixels that
most contributed to the result [27], or graphs that match decisions with some knowledge base
[31]. Our explanations are local to a single sample, similarly to what is done in Grad-CAM
[27] and SHAP [17], and differently to works such as LIME [23] and SpRAy [16]. More-
over, PV differs from methodologies that make use of gradient information (e.g. Grad-CAM
[27]) or perturbation analysis (e.g. RISE [22], Score-CAM [30]), in that we use a deep neural
network to reconstruct the semantics of the latent space.
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