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I. INTRODUCTION

Autonomously-driving cars may become part of our everyday lives in a few years. One of the key factors that will likely enable
the development of autonomous systems is artificial intelligence and, in particular, deep neural networks (DNNs). According
to the results of a popular challenge for assessing the performance of DNNs [1], the error rate in image classification reduced
from 28% in 2010 to 2.3% in 2017 [2], surpassing the human capability, assessed between 5% and 10% (see Figure 1). Neural
networks are computing system inspired by the structure of mammalian brains, composed of many neurons (represented by
nodes) exchanging signals through synaptic channels (represented by weighted edges). Synaptic weights are tuned during a
supervised learning procedure, in which the network is trained by examples to match a set of expected outputs when specific
inputs are presented. The adoption of neural networks in safety-critical scenarios presents many issues. For instance, the
difficulty of understanding the meaning of weights configurations and the difficulty of predicting the network output to similar
input patterns represents a crucial problem for certification: who would certificate something whose behavior is not completely
understandable at design time and cannot be predictably replicated? A possible solution may consist in adopting algorithms
based on hard computing (i.e., with a well-defined behavior) aimed at acting as supervisors for DNNs. The supervisor would
detect misbehaviors from the neural network, redirecting the actuation to some defined safe actions. A further improvement
(but still in terms of average-case behavior) can be achieved using redundant neural networks in conjunction for performing
the same task, and merging the result by means of a voting mechanism.

The complexity of a neural network also makes it prone to attacks and malfunctionings, representing a security threat: what
if an attacker exploits the weakness of a DNN to take control over the related, safety-critical, steering system? Morever, DNNs
are typically executed on top of general purpose operating systems, whereas actuations take place in a Real-Time Operating
System (RTOS). For these reasons, guaranteeing isolation between DNNs and safety-critical tasks represents an important
issue.

A popular and effective technique to achieve isolation using a single heterogeneous multi-processor platform is to use
a hypervisor to separate a computationally intensive processing (i.e., DNNs) and safety-critical activities (e.g., AUTOSAR
compliant) in different domains. In this way, the two domains can safely co-exist, also adopting different operating systems.
This solution is shown in Figure 2.
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Fig. 1. Evolution of DNNs over the years in terms of error rate in Fig. 2. Sample architecture for achieving isolation between DNNs and safety
image classification tasks. critical tasks when the underlying hardware platform is shared.

Another key issue is represented by the temporal predictability of DNNs. However, predictability may be a requirement
only when DNNs are used in their inference phase (i.e., the network is already trained and it is only queried). Although a
DNN workload can be represented with a direct acyclic graph! (DAG), finding a representative task model (e.g., that accounts

'n its classical form: for instance the Tensorflow programming model provides some extensions for branching and looping, which leads to different task
models [3].



for memory accesses due to tensors exchanged between directly connected nodes) is fundamental to correctly characterize
its temporal behavior. Deep Neural Networks execute on hardware platforms composed of heterogeneous processing units,
such as (possibly asymmetric) multi-core CPUs, GPUs and portions of reconfigurable FPGAs. Recently, ad-hoc application
specific integrated circuits (ASICs) have been also produced and may be commonly included in commercial heterogeneous
platforms soon. The tensor processing unit (TPU) [4] produced by Google and compatible with Tensorflow, one of the most
used frameworks for developing Deep Neural Networks, is a notable and promising example. Accounting for the underlying
hardware architecture is unavoidable when designing more tailored analysis techniques, but not always simple. This is the case
of NVIDIA GPGPUs, whose internal structure and mechanisms are not publicly documented. For these platforms, research
can only rely on black-box characterizations based on experimentation results [5]. The support of FPGAs is not yet available
for most of the DNNs frameworks (e.g., Tensorflow), but efforts have been done to make them supported [6]. An interesting
area of research may also evaluate the execution of DNNs with dynamic partial reconfiguration [7], which recently have been
made available (as a prototype) under Linux [8]. Using this approach, computationally intensive nodes may be accelerated by
executing them on a FPGAs, exploiting dynamic partial reconfiguration to avoid having a fixed binding between a portion of
FPGA area and one or more DNN operations. The support of heterogeneous platforms opens to research on partitioning neural
network nodes to different types of devices. For instance, the placement algorithm (the one aimed at deciding where each node
should be executed, e.g., in a GPU or in a CPU) still needs to be improved in TensorFlow [3]. Among the usual frameworks for
developing and executing DNNs (e.g., Caffe [9], Tensorflow [10], Torch [11], etc.), novel frameworks specialized for inferencing
DNNs have been recently developed. For instance, it is worth mentioning TensorFlow Serving [12], an inference framework
aimed at increasing the throughput of a DNN by grouping individual inference requests into batches for joint execution on
a GPU, and NVIDIA TensorRT [13], which implements a pre-processing phase aimed at optimizing the neural network for
a future inference in an NVIDIA GPU. In this way, latency can be decreased and throughput increased. Predictability of
optimized inference engines for DNNs should also be evaluated as a future research work.

II. OPEN PROBLEMS: CATEGORIZATION AND KEY QUESTIONS
A. Certification

1) How to support DNNs in a safety-critical context to build a system that is prone for being certified?
2) Which type of supervision algorithms are needed to detect wrong outputs and redirect actuation to safe actions?

B. Isolation

1) How to avoid that the complexity of DNNs may lead to security threats for a safety-critical system running on top of a
shared hardware platform?
2) Which mechanism have to be provided to allow them interacting while running in different operating systems?

C. Predictability in the execution

1) Which is a suitable task model to describe and analyze the temporal behavior of a DNN?
2) How to account for novel (highly heterogeneous) computing platforms?
3) How to account for inference engines that affect the DNN’s execution?
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