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Abstract—In today’s world of computer vision there is the
problem of “open set”, things that are unknown at training time.
Optimization is key when dealing with open set problems. Ideally
there is always positive and negative space that is taken into
account. This article extends the idea of open set recognition to
accommodate, or classify, for both positive and negative space,
but also for the unknown space. We further extend a slab seen in
previous work and modify it to incorporate a negative slab and
have different labels when classifying. The goal of this paper is
to be able to classify something as unknown instead of “I don’t
know”.

I. I NTRODUCTION
Open set recognition has become a common phrase in
computer vision the last couple of years. Almost all problems
have been closed set recognition, meaning that all classes were
known during training. When dealing with open set, there are
classes in testing that were not present when training. Recognition gives the assumption that some classes are recognized
in a much larger space of classes that are not recognized.
When dealing with the open set recognition problem, the data
will have multiple known classes and many unknown classes.
The unknowns are what make the problem open set. In this
case, those unknowns would be the collection of data not
recognized.
Every open set problem has some “openness” to it. A
problem becomes more open when there are more classes
of interest. As seen in Fig. 1, we will introduce unknown
classes during testing, thus making the problem more open
and moving away from the closed side of the spectrum. Facing
an open set recognition problem introduces open space. Open
space can be thought of as the region far away from any
known data. A sample that was not seen during training, but
was introduced during testing, would have no class nearby to
support classification. In other words, the sample would not
be labeled class 1, class 2, or class 3 if those were the only
classes present. Also in open space, there is no clear answer as
to how far is far. The idea of being close to a class still has the
possibility of being far. According to Scheirer et al. [1], open
set recognition is not well addressed by existing algorithms,
as it has strong generalization.
Differentiating between the known and unknown classes
introduces misclassification risk, which can cause a sample
to be misclassified. An unknown class may be classified as
part of another class, but be completely wrong. Another factor
to consider is open space risk. Labeling space as positive
that rarely has any data in the region is considered to be
overgeneralized. That overgeneralization can be thought of as
open space risk.
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Fig. 1. Shown are some of the vision problems faced today. The work in this
article is to the right of the spectrum. The plan is to further the knowledge
for the open set problem. Figure courtesy of Boult.

There are still problems that are present when dealing
with open set recognition. A problem that still is somewhat
unanswered is dealing with the multi-class setting. There is
no clear basis that labels something as positive, negative, or
unknown. When introducing a class at testing, there should be
some sort of procedure that aides in labeling something as not
having been seen before and not giving it the wrong label.
The goal of this work is to further develop the open set
setting. We construct a formalization that expands the existing
1-vs-Set Machine [1]. More in depth, we extend the machine
to have a positive and negative slab model that bounds the risk
for each respective class. The resulting Multi-Slab Models give
a way of voting for classification. Instead of having only one
choice, we introduce the positive region, negative region, and
the unknown region.
II. R ELATED W ORK
Open set recognition has been researched by Scheirer et al
before [1] [2] [3]. A solution that they formalized for some of
the open set problem was a new variation of a Support Vector
Machine (SVM) [4], called the 1-vs-Set Machine [1], as seen
in Fig. 2.
The idea of the 1-vs-Set Machine is to minimize the positive
labeled space to address open space risk combined with
constraints to the margin to minimize known risk. In other
words, positive space was reduced down to only a specific
region to reduce risk. The constrained positive region takes the
form of a slab as seen in the shaded region labeled positive
in Fig. 2. The slab risk model utilized empathized on having
continuous positive only space. The slab in [1] only bounds the
risk for the positive class, also known as the class of interest.
It is referred to as a slab because it is rectangular in shape. The
space between the two parallel hyperplanes A and Ω can be
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Fig. 2. The square images are from training and the oval images are
from testing. The 1-vs-Set Machine adds a second plane Ω and defines an
optimization to adjust A and Ω to balance empirical and open space risk.
Figure courtesy of Boult.

referred to as the positive slab. The planes act as a boundary
to avoid misclassification. Positive is what is of interest, while
negative is perceived as an unsuccessful match or outside the
boundary.The slab accounts for risk by way of its thickness.
Depending upon the position of the classes, the slab can be
moved in order to account for more classes.
The solution to the problem in [1], is addressed as 1-vs-set
because only the closest data is being used. This solution,
however, is still problematic because it can be thought of
as 1-vs-all. The experiments and results never actually did
anything that was multi-class. The name, 1-vs-set, is only used
because 1-vs-all is more along the lines of saying that the
machine has seen everything in the world, which is not the
case. The 1-vs-Set Machine talks about the unknowns, but
never actually labels anything as unknown. The raccoon seen
in Fig. 2 should be classified as unknown because it is not
part of the dog class or the bird class. Based on the current
solution, however, the raccoon would be classified as negative
and not as an unknown. This showcases that there is still room
for improvement.
III. M ETHOD
Since the 1-vs-Set Machine defined a slab for the positive
region, we plan to use the current library of that work and
extend it based on our criteria. The current library has an implementation of LIBLINEAR [5] and LIBSVM [4]. It extends
the LIBSVM library to calculate the margin that separates the
data and uses LIBLINEAR to classify the data linearly. The
plane is calculated using parameters A and Ω. In this case A
is what we call the near plane, sometimes referred to as the
SVM margin, and Ω as the far plane. The space between the
near plane and the far plane is what is considered the slab.
This slab is what bounds the risk for a respective class.
Another extension for the 1-vs-Set Machine is to make the
problem multi-class instead of 1-vs-all. For example, let’s say
we currently have 3 classes and we introduce a random sample
at testing. Each of the three classes would have a positive slab

Fig. 3. The square images are from training and the oval images are
from testing. The 1-vs-Set Machine adds a second plane Ω and defines an
optimization to adjust A and Ω to balance empirical and open space risk.
Figure courtesy of Boult.

and a negative slab as seen in Fig. 3. If the sample falls within
a positive slab then it would get a vote for that particular
class. If the sample, however, gets more votes for unknown
than it does for positive, then the sample would be classified
as unknown. This is because the majority of the data has not
seen it before. Getting a negative vote, a positive vote, and a
unknown vote for the 3 class example would mean that the
sample would be classified positive for that particular positive
vote. This is because a class can at least differentiate between
not knowing what the sample was and that the sample is just
not part of the class. Also if the sample fell into the negative
slab for all three classes then it would be classified as unknown
because it is not part of any classes present.
IV. E VALUATION
The data sets used for these experiments are the re-casted
versions of the LETTER [6] and MNIST [7] data sets that
are seen in [3] and [2]. The LETTER data set was re-casted
and named OLETTER to better fit the open set problem. It
has 15,000 points, 26 classes, and 16 features with 15 random
distinct labels as known. Openness varied by adding subsets of
the remaining 11 labels. We chose to use this data set because
although it was thought to be solved with previous algorithms,
it is a significant challenge for the current state of the art.
The MNIST data set was re-casted and named OMNIST
to also better fit the open set problem. It has 60,000 points,
10 classes, and 778 features with 6 random distinct labels as
known. Openness varied by adding subsets of the remaining
4 classes.
Accuracy =

TP + TN
TP + TN + FP + FN

(1)

Most would assume that accuracy would be the optimal
evaluation, however it is not. Accuracy cannot be used with
open set recognition because the total number of classes is
always undefined. Eq. 1 can be used, but it does not provide

sufficient evidence between correct positive and negative classifications. The goal is to point of the positive samples that
are within the mass region of the negatives. An evaluation
that is optimal for open set recognition is f-measure because
it provides a consistent comparison from both precision and
recall numbers. F-measure can be thought at the combination
of both precision and recall.
Precision × Recall
(2)
Precision + Recall
When training with OLETTER and OMNIST, the precision
was about the same value as the 1-vs-Set Machine. However
once more and more unknown classes started to be introduced,
f-measure started increasing. The slabs classified some of the
points as unknowns, which were misclassified with the 1-vsSet Machine. The algorithm performs much better with larger
data, however, it slowly starts to diminish over time.
F-measure = 2 ×

V. P OSSIBLE E XTENSIONS
Based on the optimization of the Multi-Slab Models, this
current solution still has room for improvement. We plan to
implement Extreme Value Theory (EVT) [8] to further improve the models. Using EVT we can normalize the distances
of a point to the plane as a way of estimating probabilities. The
idea would be to use an arbitrary number of values from the
tail of the data. This is an improvement to a solution because
instead of votes, we will have 2 possible probabilities. One is
the probability of being on one side of the plane, which will
be referred to as confidence. Also the other is the probability
of being within the known data space, which will be referred
to as pertinence.
Extreme Value Theory provides a way to determine probabilities regardless of the distribution of data. The extreme
value scores of any distribution coming from a recognition
algorithm can be modeled by EVT distribution [3] [9]. This

is good for open space recognition because some data be out
in the extremes of open space.
VI. C ONCLUSION
This article provides a path on improving open set recognition. F-measure was on par with the 1-vs-Set Machine
and even classified things that should have been labeled as
unknown, unknown. With the extensions added to the current
implementation, we hope to come up with a state of the art
for all open set problems.
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