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Outside the Box:
Abstraction-Based Monitoring of Neural Networks
Thomas A. Henzinger and Anna Lukina and Christian Schilling1
Abstract. Neural networks have demonstrated unmatched performance in a range of classiﬁcation tasks. Despite numerous efforts of
the research community, novelty detection remains one of the signiﬁcant limitations of neural networks. The ability to identify previously
unseen inputs as novel is crucial for our understanding of the decisions made by neural networks. At runtime, inputs not falling into
any of the categories learned during training cannot be classiﬁed correctly by the neural network. Existing approaches treat the neural
network as a black box and try to detect novel inputs based on the
conﬁdence of the output predictions. However, neural networks are
not trained to reduce their conﬁdence for novel inputs, which limits the effectiveness of these approaches. We propose a framework to
monitor a neural network by observing the hidden layers. We employ
a common abstraction from program analysis—boxes—to identify
novel behaviors in the monitored layers, i.e., inputs that cause behaviors outside the box. For each neuron, the boxes range over the values
seen in training. The framework is efﬁcient and ﬂexible to achieve a
desired trade-off between raising false warnings and detecting novel
inputs. We illustrate the performance and the robustness to variability
in the unknown classes on popular image-classiﬁcation benchmarks.

1

INTRODUCTION

Neural networks have become the state of the art for a wide range of
academic and industrial machine-learning applications, such as image or speech recognition [44, 42, 47]. With this technology becoming ever more widespread, one of the next great challenges is building
techniques for identifying and mitigating intrinsic limitations of neural networks in the general problem domain of classiﬁcation. Given
an input, a neural-network classiﬁer must, by deﬁnition, output one
of the classes it was trained for. The ability to output “do not know”
for novel inputs (i.e., inputs corresponding to classes the network was
not trained for) is crucial for safety-critical applications. The software architects of autonomous cars, for instance, are facing a tradeoff between efﬁciency and risk to misclassify anomalies [6, 46, 33].
This fundamental problem of novelty detection has been of great interest to the research community (see the survey [36]). Moreover,
evaluating learning algorithms in the face of parameter or input variation has become a part of the emerging topic of explainable artiﬁcial
intelligence [13, 31], where interpretability is investigated as a way
to ascertain reliability of a learned system.
In search of a deeper understanding of the neural network’s decision making and improved runtime management of the novel inputs,
we turn to abstraction techniques commonly used in program analysis for monitoring complex safety-critical systems [11, 29, 8, 2].
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Figure 1: A schematic view of our monitoring framework.

Focusing on novelty detection, we propose to accompany the neuralnetwork classiﬁer with a runtime monitor that supervises the decisions. Fig. 1 depicts the high-level architecture of our framework.
Running in parallel, the neural network and the monitor share the
same interface, which allows for seamless integration into existing
tools. The framework receives an input to be classiﬁed and can have
two types of outputs: a classiﬁcation (the neural network’s decision)
or a warning (“do not know”).
While this architecture is general enough to be applied to other
classiﬁcation techniques, our work is built around neural networks.
The monitor “watches” a number of ﬁxed network layers chosen to
incorporate the essential feature information, namely layers close to
the ﬁnal network output [49]. The underlying assumption is that the
neurons at the watched layers exhibit a pattern typical for inputs of
the same class. The monitor is trained to recognize these patterns.
At runtime, the output of the watched layers is compared against
the corresponding pattern. In case of close resemblance, the monitor
accepts the input and the framework outputs the class predicted by
the neural network. In the opposite scenario, the monitor suspects the
network of making a classiﬁcation decision in an atypical way. With
this suspicion, the monitor rejects the proposed class and outputs a
warning about a possible novelty instead.
The patterns (abstractions) we consider are (unions of) intervals,
or boxes, overapproximating the set of known neuron valuations. Despite their simplicity, our experiments show a remarkable noveltydetection performance. Owing to their efﬁciency, boxes can be used
for runtime monitoring with no signiﬁcant overhead.
Our contributions can be summarized as follows. We propose an
abstraction-based approach to detect novel inputs to neural-network
classiﬁers, independent of their architecture. The abstraction at chosen layers concisely represents all values ever seen during training.
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We can efﬁciently identify novel inputs at runtime by comparing the
behavior of the neural network to the abstraction. Our approach can
be tailored to a desired trade-off between the number of false warnings and undetected novelties.
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Related work

Runtime monitoring. Runtime monitoring for machine-learned
systems is a common approach in the literature. Bishop proposes to
use a runtime monitor to estimate the uncertainty in a neural network, where statistical likelihood is used as the measure of novelty [5]. However, unlike boxes, computing the likelihood is expensive. The work by Gilpin considers a hierarchy of monitors: each
component of a system has its own monitor, and for each subsystem consisting of several components there is a committee of monitors [17]. Dokhanchi et al. present quality temporal logic for specifying properties of runtime monitors about label stability in video
streams [12]. Similar properties can be modeled with the model assertions from [22]. The abstraction in our approach could be used
to explain when a label change is to be expected (namely, when,
over time, the vectors observed at layer  approach the border of the
abstraction). Cheng et al. introduce Boolean abstraction for neuralnetwork monitoring, which, unlike the abstraction presented in this
paper, is speciﬁc to ReLU activation functions (deﬁned as σ(x) =
max(x, 0) for neuron x) [7]. Due to the use of operations on Boolean
logic with a binary decision diagram (BDD), their approach is only
scalable for layers with a few neurons.
Novelty detection. Novelty detection has been investigated by
many researchers (see, e.g., [36] for a survey). It is well known that
the problem stems from differences in data distributions at training and prediction time [3, 19]. Some approaches, e.g., the work by
Ganin and Lempitsky [15], attempt to circumvent such cases by domain adaptation [35], which requires sampling the distribution at runtime. Other approaches try to detect novelties probabilistically, e.g.,
using nonparametric density estimation [23]. Few approaches, e.g.,
[37], perform an online adaptation of classiﬁers without having access to the whole distribution. Our framework is orthogonal to these
stochastic techniques, since we construct an abstraction. Approaches
such as k-centers [48] and support-vector data description [32] consider ideas related to the ball abstraction presented in our experimental comparison (Section 6.3), but they do not operate on neural
networks. Another solution to detect novelties is one-class classiﬁcation, where a classiﬁer is trained to separate inputs of a single class
from all other inputs (see, e.g., [38] for a recent approach).
Anomaly detection. In selective classiﬁcation (or abstention) the
idea is to reject inputs if a conﬁdence score is too low [16, 1, 20, 43].
Unlike novelty detection, selective classiﬁcation is applied at training
time already. A well-known conﬁdence score is the “softmax score”
(see, e.g., [19, 18]), which we compare to in our experimental evaluation. Liang et al. observe that novelties may result in lower conﬁdence scores when applying supportive perturbation to the input and
temperature scaling to the output [27]. In contrast, our monitor does
not require preprocessing of the input. Gal and Ghahramani illustrate
limitations of the softmax output as conﬁdence metric [14]. Their approach requires access to the network structure to add dropout functions for modeling predictive uncertainty. Lakshminarayanan et al.
quantify that uncertainty using ensembles of neural networks [25].
Sun and Lampert consider a generalization of novelty called outof-specs situation, which also includes the case that situations from
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Figure 2: Left: example of a neural network that in each layer computes the function f (x) = σ(Ax +b) where A given by the weights,
b = 0, and σ is the componentwise ReLU activation function. Right:
box abstraction for layer 2 and the inputs given in Ex. 1.

training never occur at runtime [41]. Although our approach targets
the task of novelty detection only, according to the criteria proposed
in that work, our framework is universal (applicable to different network architectures), pre-trained ready (requires no access to network
training), and nonparametric (uses no a priori knowledge about the
data distribution), but not black-box ready (since we require access
to the network output in chosen layers).
Complementary to novelty detection, failure prediction is the task
of ﬁnding incorrect classiﬁcations that do not arise from input novelty (see e.g., [50]). Some approaches, e.g., open-set learning [4] and
zero-shot learning [34] learn new classes at training respectively at
prediction time, which also requires that novel inputs can be detected.

2

PRELIMINARIES

We shortly introduce the basic terminology used in this paper.

2.1

Neural networks

We assume the reader is familiar with the basic concepts of a neural
network (see, e.g., [39]). In Fig. 2 we depict a simple neural network,
which we will later use to explain our approach. We do not make any
assumptions about the architecture or parameters (e.g., the activation
functions) of the neural network. Let Y be the set of output classes.
Given an n-dimensional input x ∈ Rn and an index  ∈ N of a ddimensional layer, we deﬁne the functions watch : Rn × N → Rd
and classify : Rn → Y where watch(x, ) is the output at layer 
and classify(x) is the class predicted by the network. Our approach
is based on the following assumption, supported by other works [49].
Assumption 1 The layers close to the output layer of a neural network contain high-level information. Moreover, the output at these
layers is similar for inputs of the same class and different for inputs
of different classes.

2.2

Box abstraction

Our monitor will observe the output at a d-dimensional layer (i.e., it
obtains vectors in Rd ). Given a ﬁnite set X ⊆ Rd of such vectors, we
want to construct a set Y ⊇ X that generalizes X to inﬁnitely many
elements. This concept is known as abstraction. The rationale is to
choose a simple representation for Y that is easy to manipulate and
answer queries for. In this context, we are interested in the following
operations on such sets Y :
• creation of a set Y from a ﬁnite set X of vectors,
• a membership test for a vector x (i.e., deciding x ∈ Y ), and
• (optional) enlargement (or bloating) to a superset Y  ⊇ Y .

T.A. Henzinger et al. / Outside the Box: Abstraction-Based Monitoring of Neural Networks

Algorithm 1: Constructing abstraction at layer 
Input: Y: output classes
D = {x(1) , y (1) , . . . , x(m) , y (m) }: training data
τ : clustering parameter
Output: A1 , . . . , A|Y| : lists of abstractions
1

2
3
4
5

for y ∈ Y do
// collect
all outputs at layer
  for inputs of class y


Wy ← watch(x, )x, y ∈ D ∧ y = classify(x) ;
Cy ← cluster(Wy , τ ); // divide collected vectors into clusters
Ay ← [ ] ; // list of abstractions for class y
for C ∈ Cy do
// construct abstraction for vectors in cluster C

6
7
8
9
10

AC
y ← abstract(C);
Ay .add(AC
y ) ; // add abstraction to list
end
end
return A1 , . . . , A|Y|

We focus on the interval abstraction [10] where the set Y is a Cartesian product of intervals [li , ui ] with li and ui being the respective
lower and upper bounds in dimension i. Geometrically, the shape of
Y is called a box (or hyperrectangle). A d-dimensional box can be
represented by 2d bounds. Creating a tight box around a set of m
vectors is a simple O(dm) task. Testing membership of a vector in
a box is in O(d). Boxes can be enlarged (absolutely or relatively) by
extending the bounds in O(d). In this work, we propose an extension
to a union of such boxes, which we call the box abstraction.

3

OUTSIDE-THE-BOX MONITORING

In this section we describe the process of building and employing a
monitor for a neural-network classiﬁer.

3.1

Constructing a monitor

The ﬁrst step is to construct a monitor for a given trained neural network and a labeled training dataset. We would typically use the same
dataset that the network was trained on, but this is not obligatory. We
require access to the network’s output at predeﬁned layers (which
we call the watched layers). To simplify the presentation, we describe the concept for a single watched layer , but we discuss the
generalization to multiple layers in Section 4.2.
In Algorithm 1 we present the pseudocode for constructing a monitor at layer . The algorithm consists of three phases for each output
class. In the ﬁrst phase (line 2), we run the network on the training
data while watching layer , i.e., we collect the corresponding output
at layer . The output is labeled with the corresponding ground-truth
class (we only consider correctly classiﬁed input data2 ).
Example 1 Recall the network from Fig. 2 and the following labeled
training data for output classes  and •:
D = { (0.5, 0.5)T , , (0.5, 0.6)T , , (0.4, 0.6)T , ,
(0.2, 0.7)T , , (0.7, 0.2)T , •, (0.6, 0.2)T , •,
(0.7, 0.1)T , •, (0.8, 0.1)T , •, (0.9, 0.2)T , • }
2

For the purpose of novelty detection, whether or not to consider misclassiﬁed inputs is not crucial. However, experiments suggested that ignoring
misclassiﬁed inputs improves the false-negative rate of the monitor.
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Algorithm 2: Monitoring at layer 
Input: x: network input
A1 , . . . , A|Y| : lists of abstractions
Output: “accept”/“reject”: answer
1
2
3
4
5
6
7
8

y ← classify(x) ; // predict class of x
v ← watch(x, ) ; // collect output at layer 
for AC
y ∈ Ay do // check each abstraction for class y
if v ∈ AC
y then
return “accept” ; // found an abstraction containing v
end
end
return “reject” ; // v is not contained in any abstraction

Watching the second (hidden) layer 2 , we obtain the following vectors, which we label with the ground truth (also depicted in Fig. 2):
W = {(0.3, 0.45)T, (0.38, 0.51)T, (0.4, 0.48)T, (0.52, 0.48)T }
W• = {(0.02, 0.33)T, (0.04, 0.3)T, (0, 0.27)T, (0, 0.3)T, (0, 0.39)T }
Having obtained the (labeled) vectors from the training data, we
continue with the second phase. Since the vectors collected for each
class often cover different regions of the state space, we use a clustering algorithm to group the vectors based on their region (line 3).
We note that this step is not mandatory, but we found that it can
improve the precision substantially. In our implementation, we use
k-means clustering [28], which requires to ﬁx the number of clusters
in advance; hence we iteratively increase the number of clusters until
the relative improvement of the sum-of-squares metric falls below a
threshold τ , which is an input parameter of the algorithm.
In the third phase, we construct a box abstraction for each combination of class and cluster identiﬁed before (function abstract in
line 6). As a result, we obtain a list of abstractions for each class.
Example 2 Consider again Example 1. For simplicity, we assume
that we obtain a single cluster for each class. For each class-cluster
combination, we construct the tightest box that contains all vectors,
as depicted in Fig. 2 on the right. For instance, for class • the extremal values are [0, 0.04] in dimension 0 and [0.27, 0.39] in dimension 1, which correspond to the green box in the lower left.

3.2

Monitoring procedure

We have computed an abstraction by watching a given layer  during
monitor training. We now describe how the monitor uses this abstraction to operate at runtime.
Recall the architecture from Fig. 1. We summarize the pseudocode
of the monitoring procedure in Algorithm 2. Given an input vector
x, we ﬁrst ask the network for a prediction y (function classify in
line 1). While the inputs are propagated through the network, we
observe the output vector v at layer  (line 2). (Note that, in practice,
the second step can be implemented as part of the ﬁrst step instead
of querying the neural network twice.) We then ask the abstractions
Ay constructed for class y whether one of them contains v (line 4).
If this is the case, we conclude that the network processed the input
in a usual way, and the monitor accepts the prediction y (line 5).
Otherwise, we conclude that the network has processed the input in
an unusual way, and the monitor rejects the input (line 8).
Example 3 In Fig. 3, we give an example of the box abstraction in
an arbitrary 2D projection for one of our benchmarks. Note that the
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Figure 3: Box abstraction and the outputs obtained for new data at the
second-to-last layer on the MNIST benchmark (see Section 5) with
two known classes (, •) and one unknown class () (projection to
two arbitrary dimensions). For better visibility, we ﬁxed the number
of boxes to three per class.

boxes are created from the training dataset and the ﬁgure shows the
points from the test dataset. With few exceptions, the boxes still contain the points of the same class. As can be seen in the ﬁgure, most of
the novelties are not contained in any box for this projection, which
leads to rejection by the monitor regardless of the class the network
predicts. Assuming that the three novelties inside the projected box
of class  are also contained in the high-dimensional box, these novelties will still be rejected if the network predicts the class •.

4

DISCUSSION

We now discuss the detection effectiveness, the extension to multiple
layers, and the resource efﬁciency of our monitoring approach.

can determine with certainty that this point does not belong to the
set outlined by the abstraction. On the other hand, when a point lies
inside the boundaries of the abstraction, we cannot conclude if the
set of values inside the abstraction and the given point belong to the
same input class. This property makes abstractions efﬁcient, and determining the values outside an abstraction is sufﬁcient for novelty
detection. However, if a novelty produces layer outputs falling inside
an abstraction, we would still like to reject this input. Here one could
use another novelty-detection approach in parallel.
Assume the abstraction has not yet converged. We differentiate
two cases of false warnings (false positives). In the ﬁrst case, the
vector obtained from the watched layer is outside the abstraction but
close to its border. Then the abstraction is too precise, meaning that
its generalization power is too weak. Generally one can enlarge the
abstraction to prevent such scenarios. In the second case, the vector
is far outside the abstraction. According to Assumption 1 that the
output at the layer  is representative of the input, it follows that
the network has processed the input in a unique way never observed
during training. Hence this case indicates insufﬁcient training.
Now consider the case when the monitor accepts the input, i.e.,
the vector observed at layer  is inside the abstraction, but the prediction of the network is wrong (false negative). With Assumption 1, the
monitor should not have seen any neighboring vector during training.
In this case, the abstraction is too coarse. We proposed to use clustering in order to mitigate such scenarios. As an alternative, we also
experimented with more precise types of abstractions, but the results
were not convincing (see Section 6.3).
We note that for each class we monitor every neuron in the layer.
However, typically only a subset of the neurons (identiﬁable using
principal component analysis [21]) is relevant for a given class. Focusing on these neurons is beyond the scope of this work.

4.2
4.1

Detection effectiveness

We consider the potential outcomes of a query to a monitored network. Firstly, since the abstractions overapproximate all vectors ever
seen during training, the monitor never rejects a training input.
Proposition 1 Given a monitored network and an input x used for
monitor training, the monitor always accepts the prediction of the
network for input x at runtime.
Additional training always raises the monitor’s acceptance rate
since new inputs can only increase the abstraction. We say that an
abstraction has converged if it has reached a ﬁxpoint, i.e., if additional training on any new input of a known class does not enlarge
the abstraction anymore. Monitors with converged abstraction generalize the above property to any inputs of the known classes, and
conversely, warnings of monitors with converged abstraction are always genuine. Consequently, false warnings can only occur for nonconverged abstraction, and they indicate that more training data is
required. We summarize this observation below.
Proposition 2 Consider a monitored network with converged abstraction and an input x. If the network predicts the correct class,
the monitor accepts the prediction. If the monitor rejects the prediction, then x does not belong to the predicted class.
By design, an abstraction loses the direct link to the inputs it was
created for. As a result, if a point is outside the abstraction, then we

Monitoring multiple layers

There are two main options to generalize the abstraction from one
layer to multiple layers. The ﬁrst option is to consider a list of
monitors, one for each layer, and to accept an input if and only if
all monitors accept it. The second option is to instead concatenate
the outputs of the layers, i.e., for two layers i and j to consider
watch(x, i ) · watch(x, j ) as the input to the (single) monitor. In
this work we use the ﬁrst option, which we justify as follows. While
the second option is more precise as it keeps track of dependencies
between neurons in different layers, the hierarchical structure of neural networks makes inter-layer dependencies less important. The second option also increases the input dimension for the monitor, which
leads to the curse of dimensionality, especially for clustering.

4.3

Resource efﬁciency

As mentioned in Section 2, the box abstraction provides linear-time
operations for creation, membership, and (relative or absolute) enlargement of each box. In particular, creating a box abstraction from
samples is an incremental process, which is advantageous for processing large datasets, as we do not require to store all data at once.
Note that our presentation of Algorithm 1 processes the data in one
batch for clustering, but any online-clustering algorithm (e.g., [9])
can be used instead. We remark that working with a box abstraction
can also be parallelized, but we use a sequential implementation.
The size of memory required to store a box is independent of the
amount of training data. Thus the memory requirement is linear in the
number of neurons of the watched layers and the number of clusters.
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EXPERIMENTAL EVALUATION

In this section, we assess the performance of our monitoring framework, where we employ the following setup. To emulate the scenario
of novel inputs, we train a neural network on k out of n available
classes and vary k in the range [2, n). We choose the ﬁrst k classes
in the order deﬁned by each dataset. (Further experiments did not
reveal a signiﬁcant correlation between the monitoring performance
and the particular ordering of the k classes.) We use the same network training parameters (e.g., number of epochs) for all instances
of the same benchmark. After training the network, we construct the
monitor from the same training data. To simulate convergence of the
abstraction, we also include a scenario where we additionally train
the box abstraction on the k classes of the test dataset. We then run
the monitored network on the whole test dataset of n classes.
Since our approach is complementary to classiﬁcation techniques, we analyze four popular datasets for image classiﬁcation:
MNIST [26], fashion MNIST (F MNIST) [45], CIFAR-10 [24], and
German trafﬁc signs (GTSRB) [40]. We use two neural-network
models from [7], which we call NN1 and NN2 . More information
on the datasets and training parameters are provided in Tab. 1.
Table 1: Benchmarks and their parameters used in training the models

from [7]. Column “Acc. train / test” shows the training and testing
accuracy, respectively. Accuracy ﬂuctuates for the models trained on
different numbers of classes and we provide a range.
Classes Inputs train / test Network Epochs Acc. train / test %

ID Dataset
1
2
3
4

MNIST
F MNIST
CIFAR-10
GTSRB

10
10
10
43

60,000 / 10,000
60,000 / 10,000
60,000 / 10,000
39,209 / 12,630

NN1
NN1
NN2
NN2

10
30
200
10

99/99
98 − 99/91 − 99
99/71 − 95
98 − 99/88 − 97

A monitor solves a binary classiﬁcation problem. Given an input
and a network prediction, the task is to either accept or reject this
prediction, which is also called a negative and a positive test, respectively. Novelty detection corresponds to a true positive. Two types of
errors can occur: the input is rejected when it must be accepted (false
positive, equivalent to a false alarm), or the input is accepted when it
must be rejected (false negative, equivalent to a miss). In Tab. 2 we
outline our notation for these cases later used in the plots.
Table 2: Notation for possible monitoring outcomes in the plots. We

say that a network prediction is correct if it matches the ground truth.
To save space, we do not show the true negatives; as the plots show
percentages, the true negatives are the remaining difference to 100.
Pattern

Label

Explanation

false positive

prediction correct & outside abstraction

false negative

¬ prediction correct & ¬ outside abstraction

true positive

¬ prediction correct & outside abstraction

Our implementation and trained networks are available online.3
In the ﬁrst experiment, we demonstrate the performance of
our monitoring framework in comparison to two related noveltydetection approaches, which we shortly recall next.
The ﬁrst approach is the softmax prediction probability approach
following [19], which we will call the “threshold” approach. The idea
3
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Figure 4: Softmax output for the F MNIST benchmark with three
known classes (blue (x0 ), black (x1 ), green (x2 )) and one unknown
class (red). For each class there are 1,000 inputs.

is to interpret the softmax output of the
neural network (the normalization of each output value oi to oi / j oj ) as a probability. Given
a threshold value α, the approach rejects an input whenever the probability assigned to the output class falls below this threshold. We note
that this approach can be restated as a special case in our framework:
observing only the output layer, we use a single box for each class
ci with range [α, 1] in dimension i (the dimension corresponding to
class ci ) and unbounded range (−∞, ∞) in all other dimensions;
since α is ﬁxed, there is no monitor training involved.
In Fig. 4, we depict the output distribution of the F MNIST benchmark for three known and one unknown class. For three classes the
outputs can in principle be distributed on a triangular plane. However,
as can be seen, the network prefers to assign outputs to the corners
or at least to the edges of the triangle (“+” markers in the ﬁgure),
which correspond to a prediction probability 0 for two or one of the
classes, respectively. For novel inputs (red dots in the ﬁgure) the network tends to do the same. Hence the threshold approach requires a
high value α to reject them (we use 0.9 and 0.99 in the experiments).
We observed that the threshold approach performs poorly in scenarios with few known (or equivalently: many unknown) classes.
Since for n classes the prediction probability can range in the interval [1/n , 1], we normalized the threshold values relative to those
intervals. For example, in an experiment with n = 2 known classes
we map the threshold 0.9 to [1/2 , 1] · 0.9 = 0.95. For small values
of n the normalized version would thus reject more inputs. Still, the
threshold approach does not perform well in these scenarios.
As the second approach for comparison, we consider what we call
the Boolean abstraction from [7]. We apply the abstraction in the
last hidden layer, as suggested by the authors. Given a Boolean abstraction f , membership of a vector x reduces to satisﬁability of a
Boolean formula, which is expensive to decide. Indeed, we were only
able to employ the abstraction in the NN1 network’s last hidden layer
(40 neurons) and ran out of memory (8 GB) while constructing the
formula on the NN2 network’s last hidden layer (84 neurons). Compared to an average training time of 8 seconds on the 60,000 training
inputs and 2 seconds for monitoring the 10,000 test inputs for our
monitor in the MNIST benchmark (with four watched layers), the
Boolean abstraction took 48 seconds for training and 17 seconds for
running, respectively (with a single watched layer).
In Fig. 5, we compare the performance of the outlined approaches.
As can be seen, learning from the test data (last bar) in addition to the
training data often barely affects the novelty detection (i.e., the solid
blue bars are of almost equal length) but eliminates false warnings
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(a) MNIST: last four layers; τ = 0.07; 283 watched neurons.

(b) F MNIST: last ﬁve layers; τ = 0.07; 602 watched neurons.

(c) CIFAR-10: last four layers; τ = 0.07; 826 watched neurons.

(d) GTSRB: last hidden layer; τ = 0.3; 84 watched neurons.

Figure 5: Comparison of novelty detection. Bars from left to right: threshold approach with α = 0.9 and α = 0.99, Boolean abstraction

(MNIST and F MNIST only), and box abstraction (excluding and including training on test dataset; parameters given in the captions). The
x axis shows the number of known classes and the y axis shows percentages (see Tab. 2).
(outlined red bars) as expected. For the ﬁrst three benchmarks we
used a clustering threshold of τ = 0.07. The GTSRB benchmark (for
which we only report results for the instances with up to 20 classes
due to lack of space) uses much fewer (less than 1,000) training data
per class, which is not enough for our monitor to converge sufﬁciently. Hence we used a coarser value τ = 0.3 and also increased
the boxes by 10 % after training. Notice that for 19 known classes the
number of misclassiﬁcations (the height of the solid blue and decorated yellow bars combined) produced by the network is higher than
the one for the same network trained on 18 known classes, indicating
that the former has inferior precision (which we validated on the test
dataset). As the runtime statistics in Table 3 show, monitoring takes
less than a millisecond per input despite watching multiple layers.

Table 3: Runtime statistics for different benchmarks. We report the
accumulated time for clustering (“Cluster”) and for creating the abstraction (“Creation”) on all training inputs, and the time for running
the monitor (“Running”) on all test inputs, averaged over all runs
presented in Fig. 5. The results were obtained on a laptop (2.20 GHz
CPU with four cores and 8 GB RAM) using Linux.
MNIST F MNIST CIFAR-10 GTSRB
Cluster
Creation
Running

158.8 s
7.6 s
2.1 s

198.1 s
14.3 s
4.4 s

168.1 s
15.2 s
5.6 s

6.1 s
1.32 s
9.2 s

We also experimented with combinations of our monitor and the
threshold approach. For instance, we used our monitor for rejection
and, in case of acceptance, used the result of the threshold approach.
However, we were not able to identify a superior combination, possibly because the threshold approach is a special case of our approach.

6

FRAMEWORK FLEXIBILITY

This section is dedicated to demonstrating features of the framework
that can be explored by the user to improve the desired metrics.

6.1

Monitoring multiple layers

For evaluating the combination of different layers, we monitored the
MNIST benchmark with box abstraction for the last three hidden
layers. We use the monitor policy to accept inputs only if the corresponding outputs at all layers are inside the respective abstraction.
The detection performance is given in Fig. 6. As expected, the number of warnings increases with the number of watched layers, and we
mainly see an increase in correct warnings (true positives). Interestingly, monitoring the last layer is already sufﬁciently precise for this
benchmark on instances with many known classes (right part of the
ﬁgure), but on the instances with few known classes the combination
with other layers is more powerful and no layer alone can achieve the
combined performance (left part of the ﬁgure).

T.A. Henzinger et al. / Outside the Box: Abstraction-Based Monitoring of Neural Networks

Figure 6: Box abstraction with different observed layers. We consider all combinations of the last three layers (x , y , and z ) for the
MNIST benchmark. The order of the bars from left to right is z ; y ;
x ;  y ,  z ;  x ,  z ;  x ,  y ;  x ,  y ,  z .

Figure 7: Left: enlarging a box by factor γ. Right: results for enlarged

boxes by different factors γ (x axis) for the MNIST benchmark with
ﬁve known and unknown classes each.

6.2

Enlarging boxes

Our monitor can be easily tuned to be more (or less) restrictive by
shrinking (or enlarging) the boxes. This roughly corresponds to deor increasing the factor α in the threshold approach. We can simultaneously reason about arbitrary box sizes by computing the Euclidean
distance between data points not inside any boxes and the box centers. We illustrate the idea in Fig. 7 on the left. The line segment connecting the green point with the box center has distance γd, where d
is the distance between the center and the intersection of the line segment with the border of the box. Hence we would need to increase
the box (i.e., each interval) by at least factor γ in order to contain the
point (if we use a uniform increase factor).
Having computed the factor γ for each point, we plot the results
for (uniformly) increased boxes by varying values of γ in Fig. 7 on
the right. From this plot, based on the preferences, we can choose
a policy to achieve, e.g., a ﬁxed false-positive rate. For instance, to
avoid false positives altogether, we should increase the boxes by factor γ = 0.09 for maximal detection. Given such a policy, the optimal
value γ can be found automatically.

6.3

Comparing abstractions

Following the same main ideas as for boxes, our framework allows
to consider other types of abstractions. We report results for two of
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Figure 8: Evaluation of further abstractions on the MNIST bench-

mark. Bars from left to right: balls, octagons, and boxes in the
second-to-last layer, and the bar for boxes from Fig. 5(a).
them: (Euclidean) balls and shapes called “octagons” [30]. Octagons
are tighter versions of boxes with additional diagonal constraints between each pair of dimensions. Octagons can be stored as differencebound matrices with O(d2 ) entries, where d is the number of neurons
of the watched layer. Determining whether a point lies inside a ball
is linear in d (as it is for boxes), but for octagons it is quadratic.
Since a ball needs to have the same radius in each dimension and
neural networks do not use the same domain for each neuron, balls
are too coarse to be effective. As octagon abstraction is more precise than box abstraction, octagons may detect more novelties but
also raise more false warnings. We compare these abstractions to the
box abstraction on the MNIST benchmark in Fig. 8, where we used
the second-to-last layer (ﬁrst three bars). In addition, the fourth bar
shows the box abstraction from Fig. 5(a) in four layers. As can be
seen, boxes in four layers strictly outperform octagons in both higher
detection power and fewer false warnings, while being computationally much more efﬁcient (2 seconds compared to 121 seconds).

7

CONCLUSIONS

Guaranteeing correctness of systems that rely on neural-network
classiﬁers remains an important open challenge. In safety-critical applications, addressing the problem of novelty detection is crucial.
The framework we propose in this paper brings us one step closer
to a general methodology for developing reliable machine-learned
tools. Inspired by abstraction techniques that have proved effective
in the program-analysis domain, we monitor neural networks at runtime. Experimental results on common benchmarks for image classiﬁcation demonstrate that our framework for constructing box abstractions of neural-network layers is effective in detecting novelties
and computationally cheap. As future direction, we plan to apply our
approach in a real-world setting such as monitoring neural-network
controllers for cyber-physical systems.
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Antoine Miné, ‘The octagon abstract domain’, Higher-Order and Symbolic Computation, 19(1), 31–100, (2006).
W. James Murdoch, Chandan Singh, Karl Kumbier, Reza Abbasi-Asl,
and Bin Yu, ‘Interpretable machine learning: deﬁnitions, methods, and
applications’, CoRR, abs/1901.04592, (2019).
Zineb Noumir, Paul Honeine, and Cedue Richard, ‘On simple one-class
classiﬁcation methods’, in ISIT, pp. 2022–2026. IEEE, (2012).
NTSB. Preliminary report released for crash involving pedestrian, Uber
Technologies, Inc., test vehicle, 2018.
Mark Palatucci, Dean Pomerleau, Geoffrey E. Hinton, and Tom M.
Mitchell, ‘Zero-shot learning with semantic output codes’, in NIPS, pp.
1410–1418. Curran Associates, Inc., (2009).
Sinno Jialin Pan and Qiang Yang, ‘A survey on transfer learning’, Trans.
Knowl. Data Eng., 22(10), 1345–1359, (2010).
Marco A. F. Pimentel, David A. Clifton, Lei A. Clifton, and Lionel
Tarassenko, ‘A review of novelty detection’, Signal Processing, 99,
215–249, (2014).
Amelie Royer and Christoph H. Lampert, ‘Classiﬁer adaptation at prediction time’, in CVPR, pp. 1401–1409, (2015).
Mohammad Sabokrou, Mohammad Khalooei, Mahmood Fathy, and
Ehsan Adeli, ‘Adversarially learned one-class classiﬁer for novelty detection’, in CVPR, pp. 3379–3388. IEEE Computer Society, (2018).
Jürgen Schmidhuber, ‘Deep learning’, in Encyclopedia of Machine
Learning and Data Mining, 338–348, Springer, (2017).
Johannes Stallkamp, Marc Schlipsing, Jan Salmen, and Christian Igel,
‘The German Trafﬁc Sign Recognition Benchmark: A multi-class classiﬁcation competition’, in IJCNN, pp. 1453–1460, (2011).
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