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Abstracts
Explaining the decisions of deep neural networks and beyond
Grégoire Montavon and Wojciech Samek
(joint work with Klaus-Robert Müller, Sebastian Lapuschkin, Alexander Binder,
Jacob Kauﬀmann)
Machine learning models have become increasingly complex and this complexity
has allowed them to reach high prediction accuracy on challenging datasets. In
some cases, improved predictivity has come at the expense of interpretability, in
particular, complex models tend to be perceived as black-boxes.
A lack of interpretability is problematic, not only because interpretability is
desirable in itself (e.g. to extract useful insights from a model or from the modeled
data), but also because common measurements of prediction accuracy can become
strongly unreliable when certain assumptions about the training data are not met.
Real-world datasets are typically not representative of all possible cases and the
truly relevant variables may correlate with other irrelevant variables. In such
circumstances, one would need to ensure that the machine learning model does
not rely on these irrelevant variables. An assessment based purely on test set
accuracy would be oblivious to the exact decision strategy and could overestimate
the true prediction performance. This phenomenon has been referred to as the
‘Clever Hans’ eﬀect [9]. Only an extension of the dataset with specific test cases,
or an inspection of the model, e.g. via interpretability techniques [3, 16, 12], is
capable of highlighting the improper decision structure.
In this talk, we look at the question of explaining the predictions of deep neural
networks, a successful machine learning approach that has been used increasingly
in real-world applications. A challenge for getting these explanations is the complexity of the decision function, which makes it hard to apply simple explanation
methods developed in the context of linear models, e.g. based on first-order Taylor
expansions. In particular, DNN decision functions are highly nonlinear and multiscale, with a gradient that is highly varying or ‘shattered’ [4]. Also, local searches
in the input space easily result in ‘adversarial examples’ [13] where the prediction
no longer corresponds to the observed pattern in the input.
Layer-wise relevance propagation (LRP) [3] is a technique that was proposed
to robustly explain the neural network decision in terms of input features. It
was shown to work on numerous models in a wide range of applications [14, 5,
15]. LRP departs from the neural network’s function representation to consider
instead its graph structure. Specifically, the LRP algorithm performs an iterative
redistribution of the neural network output to the lower layers. Redistribution
from each layer to the layer below is achieved by means of propagation rules
that satisfy a conservation property analogous to Kirchoﬀ’s conservation laws in
electrical circuits. The LRP algorithm terminates once the input layer has been
reached. The LRP algorithm can be motivated as decomposing a complex problem
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(analyzing a highly nonlinear function) into a collection of simpler subproblems
(treating each neuron individually).
Furthermore, it was shown that the LRP algorithm can be interpreted as a
collection of Taylor expansions performed at each layer and neuron of the neural
network [11]. Specifically, the ‘relevance’ received by a given neuron is approximately the product of the neuron activation and a locally constant term. In turn,
the LRP redistribution step can be interpreted as (1) identifying the linear terms
of a Taylor expansion of the relevance expressed as a function of activations in the
lower layer, and (2) propagating to the lower layer accordingly. A connection can
be made between diﬀerent proposed LRP propagation rules and the choice of reference point at which the Taylor expansion is performed [11, 10]. This Taylor-based
view on the LRP algorithm allows in particular to verify that the corresponding
reference points are meaningful, for example, that they satisfy domain membership constraints. This interpretation of LRP as a collection of Taylor expansions
is referred to as “deep Taylor decomposition” [11].
The LRP algorithm has been successfully applied to various data types and
problems, ranging from computer vision and natural language processing tasks
such as classification of concepts in images [3], age prediction [8] or categorization
of text documents [2], over reinforcement learning tasks such as playing computer
games [9], to various medical data analysis tasks, e.g., decoding of fMRI signals
[14] or therapy outcome prediction [15]. In these diverse applications, LRP explanations provide additional insights into the decision strategies used by the model,
which not only help to better understand the data, including its biases and artifacts [8, 9], but also help to analyze the learning processes and model’s decision
strategies [9].
In the second part of the talk, two recent advances that broaden the usefulness
of explanation methods are discussed. First, Spectral Relevance Analysis (SpRAy)
[9], a dataset-wide analysis of individual explanations that summarizes the overall
decision structure of the model into a finite and easily interpretable set of prototypical decision strategies. This analysis allows to systematically investigate complex
models on large datasets. It has unveiled in commonly used datasets, artifacts,
that tend to systematically induce flaws into the decision structure of ML models
trained on them. For example, a website logo was found in some images of the
class ‘truck’ of the ImageNet dataset, which the state-of-the-art VGG-16 neural
network would then use for its predictions [1].
Another advance brings successful explanation techniques to non-neural network architectures such as kernel-based models. The approach that we term ‘neuralization’ [6] finds for these non-neural network architectures a functionally equivalent neural network so that state-of-the-art explanation techniques such as LRP
can be applied. The approach was successfully applied to various unsupervised
models, in particular, kernel one-class SVMs [7] and various k-means clustering
models [6], thereby shedding light into what input features make a data point
anomalous or member of a given cluster.
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Although significant progress has been made to improve the transparency of ML
models such as deep neural networks, numerous challenges still need to be addressed both on the methods and theory side. In particular, there is a need for
standardized and unbiased evaluation benchmarks for assessing the quality and
usefulness of an explanation. Furthermore, an important future work will be to
adopt a more holistic view on the problem of explanation, that considers how to
make best use of the user’s interpretation and feedback capabilities, and that also
integrates the end goal of the explanation method, for example, achieving better and more informed decisions, or systematically improving and robustifying a
machine learning model.
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A feature sparse neural network
Robert Tibshirani
(joint work with Ismael Lemhadri, Feng Ruan)
We introduce LassoNet, a neural network model with global feature selection [1].
The model uses a residual connection to learn a subset of the most informative
input features. Specifically, the model honors a hierarchy restriction that an input
neuron only be included if its linear variable is important. This produces a path
of feature-sparse models in close analogy with the lasso for linear regression, while
eﬀectively capturing complex nonlinear dependencies in the data. Using a single
residual block, our iterative algorithm yields an eﬃcient proximal map which accurately selects the most salient features. On systematic experiments, LassoNet
achieves competitive performance using a much smaller number of input features.
LassoNet can be implemented by adding just a few lines of code to a standard
neural network.
We also apply LassoNet and the linear model lasso to convolution features from
mammograms to classify cancer images from normal images. We find that the
new methods are nearly as accurate as the state-of–the-art using ResNet, and the
results are easier to interpret
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Distributed Machine Learning over Networks
Francis Bach
(joint work with Hadrien Hendrikx Sébastien Bubeck, Laurent Massoulié,
Yin-Tat Lee)
The success of machine learning models is in part due to their capacity to train
on large amounts of data. Distributed systems are the common way to process
more data than one computer can store, but they can also be used to increase the
pace at which models are trained by splitting the work among many computing
nodes. In this work, we study the corresponding problem of minimizing a sum
of functions which are respectively accessible by separate nodes in a network.
New centralized and decentralized algorithms are analyzed, together with their
convergence guarantees in deterministic and stochastic convex settings, leading to
optimal algorithms for this particular class of distributed optimization problems.

