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Abstract. There is significant interest in fast machine learning and in explain-
ability. This paper’s contribution is a novel, but straightforward, fuzzy model that
learns on the fly, is accurate, and explains its conclusions in a literal manner.MaRz
(Machine Learning in Realtime with Fuzziness) treats each record as fuzzy and
applies classical fuzzy center-of-gravity calculations. In the interest of trustworthi-
ness, MaRz does not attempt a generalized form of explanation. Instead, it shows
the specific data that most contributed to the output and allows those data to be
tested in the context of the remaining data. It places at the user’s discretion how
many such data to provide and thereby increase the explanation. The contribution
of this paper is to demonstrate a machine learning approach for categorization and
regression of competitive accuracy that is, at the same time, novel, real time, and
explainable.

Keywords: Explainable machine learning · Real-time machine learning · Fuzzy
machine learning

1 Introduction

1.1 Motivation

The widespread dissemination of machine learning has exposed the need for real-time
performance as well as explainability—especially both at the same time. Billions-
parameter models have achieved great success, but at the expense of training time and
transparency [4]. In the literature, there is a great deal of interest in fast machine learn-
ing [1, 17] and real-time performance. Avoiding black box results is also receiving
considerable attention [2, 3].

The contributions of this paper are as follows.

1. It introduces a novel machine learning approach competitive in accuracy.
2. Its addresses both real-time performance and explainability.
3. It shows the practicability of interpreting real-world data as fuzzy.

Our research goal is to create a machine learning model that learns on the fly, is
accurate and provides simple, reliable explanations of its conclusions. The contribution
of MaRz is its combination of novelty, real-time, and explainability.
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1.2 MaRz Summarized

We present MaRz (Machine Learning in Realtime with Fuzziness), an approach based
on fuzzy theory. MaRz assumes that most data can be interpreted fuzzily. For example,
in the context of multiple data, the fact John exercises for 1 h a month is no better—and
perhaps less relevant—than John exercises Little, where “Little” is a fuzzy value with
center-of-gravity at 1 h a month. A query can be interpreted as “to what degree is it in
the dataset?”, i.e., in the fuzzy sense.

The MaRz learning phase is primarily a sorting process—to prepare for fuzzy cal-
culations. This turns out to be comparatively fast. It also allows continual learning via
insertion of new data rather than recompilation (as with neural nets, for example). MaRz
explains its conclusions by exhibiting the data that most influence its conclusion.

On the Airfoil dataset [14], MaRz is 6–8 times faster compared with the results in
[15], about 0.2% better measured by R-squared than one method, and 4% worse than a
second. It is superior in accuracy, squared error, and F1-score separately on three data
sets compared with Liquid Time-Constant experiments on real-time classification and
regression examples [17]. Its explainability is demonstrated with the UCI heart disease
dataset [20].

1.3 Prior Work

Asdataset becomevery large,machine learning approaches are needed that do not simply
require more and more training and data. The paradox has often been pointed out that
human learning is enabled by limited examples, whereas machine learning requiring
large amounts of data.

There have been numerous attempts to apply fuzzy theory to machine learning,
including a graph-based approach with cognitive maps [5], time-series and clustering
techniques [6], self-tuning and self-learning in fuzzy controllers [7], and defining a data
structure for automatically deriving fuzzy if-then rules and membership functions from
a set of training examples [8]. None, as far as we can determine, performs the MaRz
process of replacing data with fuzzified versions.

Explainable artificial intelligence (XAI), of high interest—see, for example, [9, 10],
and [11]—is also a MaRz property.

Hasani et al. (2021) showedhowa faithful attention to the nervous systemcan result in
machine learning that executes faster and more accurately than competing continuous-
time neural networks [17]. We compare MaRz output with several of Hasani et al.’s
results.

2 MaRz Methodology

We start with the data—typically cleaned. MaRz views each datum as fuzzy. Every
input/output data pair (i, o) is treated as a set of pairs of scalars (a, b) where a is the value
of i in one dimension and b the value of o in one dimension. Each such (a, b) is replaced
with fuzzy values A and B, isosceles-triangular-shaped, peaking at 1, and centered on a
and b respectively.
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The input triangles’ base widths wj are fixed for every dimension j, computed as
follows, and depends on a parameter 0 < α ≤ 1. Suppose that the (cleaned, outlier-
free) input part of the data set has total width t = (t1, t2, t3, …, tn). We set w = αt,
maintaining this total shape. One can think of w = (w1, w2, w3, …, wn) as forming a
“hyper-box” in input space similar in shape to the data set as a whole and centered at i.
This is illustrated in Fig. 1, where a≈¼, and the hyper-box, centered on the input query,
contains approximately one quarter of the total data space, and.

Fig. 1. Two-dimensional-input example—hyper-box from an input and widths of fuzzy values

For a given input andgivena, only the datawhose input values lie in the corresponding
hyper-box contribute to output.

For input i and a given output dimension, each datumD in the hyper-box contributes
to the output in that dimension as follows. Let Ij be the fuzzified version of i in input
dimension j. As illustrated in Fig. 2, let dj be the degree to which D’s input part belongs
to Ij (i.e., the degree to which D’s input part “is” Ij). For each input dimension, D’s
contribution to the output is computed from the resulting trapezoid of height dj, as in
Fig. 2. In this example, there are two relevant data besides D (their inputs alone lie in
the hyper-box). The degree to which a datum D “is” I, is d, the minimum of dj, taken as
above over all input dimensions j.

Fig. 2. Computation of output for 1-dimensional input and output
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MaRz computes the output value in a traditional fuzzy manner. As illustrated in
Fig. 2, this consists of determining the center of gravity of the trapezoids corresponding
to all the data in the hyper-box for the given input. This computation is as follows.

Let B be the base length for all output triangular fuzzy values. The area of a trapezoid
with height h is the difference between the areas of two similar triangles, the smaller with
base b, say, and the larger with base B, which is fixed and has height 1. This is illustrated
in Fig. 3. Since b/(1 – h) = B/1, we have b = B(1 – h). The area of the trapezoid is thus:

(B · 1/2)−B(1−h)(1−h)/2 = Bh(2 − h)/2

—in other words, proportional to h(2 – h). The magnitude of B is irrelevant.
Consider two data, for example, in a hyper-box relevant to a given input, whose

outputs in a given dimension are od and are oe with degrees hd and he respectively. As
illustrated in Fig. 3, their contribution to output in that dimension is as follows (using
center-of-gravity calculations):

[hd (2−hd )od + he(2−he)oe] / [hd (2−hd ) + he(2−he)]
This weighting calculation is for two relevant data, but the computation for more

than two is similar. This computation is performed for each output dimension.

Fig. 3. Computation of Output

Proximity in input and output is implicit in the formulation of MaRz is because
fuzzy calculations are based on it. This is easiest to calculate when the data are ordered.
Consequently, all data—numerical, or converted as such—are first sorted. MaRz uses a
table of indices, or “sorter” [12]. Each column of the sorter table contains the indices
of the original dataset reordered as they would be if the dataset were sorted by the
corresponding feature. Figure 4 illustrates this.

The sorter allows MaRz to treat the data in each dimension of as if sorted without
altering the data set. Sorting is a potentially time-consuming aspect of MaRz, but it
was not noticeably detrimental in our experiments compared with the timing of other
machine learning methods. Indeed, speed is a MaRz asset.

MaRz avoids traditional time-consuming computation—performing backpropaga-
tion and adjusting weight parameters. It accomplishes this at the expense of creating a
traditional model; instead, its training consists of sorting the data to prepare for queries
rather than representing it or abstracting from it. Queries are serviced directly with the
sorted dataset, via the table of indices. Given an input, we interrogate the latter for
relevant records.
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Fig. 4. Generating a table of sorting indices (right) from a 3-dimensional dataset (left)

MaRz currently uses argsort, an efficient NumPy sorting algorithm. Sorting facili-
tates binary search when creating the hyper-box. The sort operations are required once,
as part of the preprocessing; binary search is performed for each query. With n the num-
ber of records and m the feature count, the time complexity of this binary search is O(m
log(n)) since MaRz must search on every feature. A list of record numbers within the
given constraints for each feature is returned. These lists must be intersected—a process
that requires nontrivial time. We found it effective to begin searching restrictively, then
to expand the hyper-box as required.

3 Results

MaRz has been run for classification and regression problems on a variety of datasets
and under several experimental conditions. MaRz is comparable to the best accuracy
results for those datasets, and is fast (sometimes multiple times faster), real-time, and
explainable.

MaRz allows us to use the entire dataset S as a test set as follows. For every record
R, we query for R using S\R as the dataset. In other words, we ask how does MaRz treat
R if all it knows is S\R? MaRz is fast enough to permit this process within practicable
time. Traditional training/testing splits are not required.

We sometimes find it effective to select hyper-boxes with just one record for classi-
fication and two for regression. However, as illustrated below, the user can remove one
of these records from the data set and re-run the application, repeating this process to
gain confidence in the output.

The aggregate results are described next, with comparatively superior results shown
in bold.

3.1 Airfoil Noise Dataset: Regression Example

MaRz produces good results on regression tasks, which we tested on NASA’s Airfoil
Noise dataset [14]. This involves 1500 instances and 6 measurements, including airfoil
sound pressure levels in decibels under various conditions. Themeasurements take place
in a wind tunnel. The MaRz results were compared with random forest and stochastic
gradient tree boosting models are shown in Table 1, along with their computation times
[16]. MaRz is about 0.04 less accurate measured by R-square value but 6- to 8 times
faster than these, executed on a laptop computer.
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Table 1. MaRz regression comparative Airfoil results

Model R-Square Value Computation time (seconds)

Random Forest 0.9291 4

Stochastic Gradient Tree Boosting 0.9686 3

MaRz 0.9315 0.5

3.2 Heart Disease Comparison: Transparency and Classification Example

To exemplify the transparency and explainability that MaRz provides, we compared it
to a standard neural net implemented in TensorFlow, showing the type of information
returned for queries. We used the UCI heart disease dataset [20], which consists of 468
records—303 heart disease patients and 165 healthy participants—eachwith 11 features.

The neural net made a prediction comparable in accuracy to MaRz but supplied no
supporting information. MaRz returns not only a prediction, but also the most relevant
records from which the prediction was derived. In other words, the diagnostician can
explain to a patient, “among the data, this case was closest to yours and the conclusion
for it was …” or “these 10 cases were closest to yours and the conclusion for them was
…”. This explanation is not abstracted or otherwise processed; it gives the user plain
information. It is strongest when the details and provenance of the comparison cases are
independently verified (in this example application, when the individual cited is found
by direct means to have or not have heart disease).

To confirmMaRz’s result, the supporting record(s) can be removed from the dataset
and the query re-run to find the next-best supporting data and so on. The first column
of Table 2 contains the first query in our experiment. (It was actually record 100 in the
original dataset, but removed). MaRz output agrees with that record’s output (yes, heart
disease). Its explanation consists of exhibiting row (record) originally numbered 564.

To increase confidence—at the user’s request—that record is removed from the
dataset and an additional record is exhibited as further explanation. The second output,
obtained after removing row 564 from the data, was derived from row 451 in the original
dataset, and again correctly predicted the occurrence of heart disease. This process
of iteratively finding additional results and being able to see what unprocessed data
informed those results, can help to build user confidence in the system as a diagnostic
tool.

If the output for the second-most relevant data contradicts that of the most relevant,
the user’s confidence is correspondingly reduced: more, and richer, data may be called
for.
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Table 2. Output for two rounds of confidence-building

Attribute (input) Input to MaRz MaRz explains: row 564 MaRz explains: row 451

Age 65 61 60

Resting BP 130 141 140

Cholesterol 275 292 281

Fasting BS 0 0 0

Max HR 115 115 118

Oldpeak 1.0 1.7 1.5

Sex Male Male Male

Pain Type ASY ASY ASY

Resting ECG ST ST ST

Exercise Angina Yes Yes Yes

ST Slope Flat Flat Flat

Output Yes Yes Yes

Anadditional process that builds confidence is to remove each successive explanatory
record (and no other), then compare MaRz’s output for that record’s input with the
record’s output value. In other words, to check the veracity of each explanatory record
in the context of dataset. The longer that these outputs agree, the more confident the user
becomes.

Liquid Time-Constant Experiment Comparisons: Real-time Classification
and Regression Examples
Table 3 shows that MaRz produces superior results on three tasks selected by Hasani
et al. (2021), who used liquid time-constant (LTC) networks, a real-time machine learn-
ing approach [17]. The Occupancy dataset [18] (20,560 instances, each with 6 features)
and Ozone [19] (2,536 instances, each with 72 features) dataset are binary classifica-
tion tasks; the Power dataset [20] (2,075,259 instances, each with 9 features) concerns
regression. Due to the size of the Power dataset, the results were aggregated from several
executions, each testing 1% of the records in a 20% subset of the total dataset.

MaRz produced superior performance with all three tasks, as shown in bold.

Table 3. Comparison of MaRz with Hasani et al.’s Liquid Time-Constant results

Dataset Metric LTC MaRz

Occupancy accuracy 94.63% 99.37%

Power squared-error 0.642 0.005

Ozone F1-score 0.302 0.3148
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4 Limitations, Summary, Conclusions, and Future Work

4.1 Limitations

To determine an appropriate hyper-box, MaRz must intersect lists, which is potentially
time-consuming. The sorting step also presents a potential time penalty. As the experi-
mental results show, however, these have not slowed the experiments unacceptably, but
they remain potential limitations for larger data sets than those we used.

The benefit of MaRz lies in its combination of speed, accuracy, and explainability
(it is not claimed to be supreme with respect to all these properties).

Since MaRz results are closely tied to individual records, data cleaning is especially
important, including pruning of outliers. The process described above for the UCI heart
disease dataset deals with mitigating this issue.

4.2 Summary, Conclusions, and Future Work

MaRz is a novel machine-learning approach that fuzzifies records. Its learning consists
of sorting—essentially preparing the data to answer queries on the fly. It performs com-
petitively, in speed, accuracy, and particularly explainability, on several datasets. MaRz
explains its conclusions by exhibiting the data that most influence its output—it does
not synthesize explanations.

MaRz can run in real time and may be faster than some well-known contemporary
learning methods, as evidenced by several tests on data sets in the literature. Its accuracy
is competitive.

MaRz may not perform as well as other architectures for multi-category classifica-
tion, especially when the categories do not relate to each other (e.g., hats, gloves, shoes).
Fuzzy methods do better for categories with a sense of order such as small,medium, and
large. We have yet to measure the extent of this apparent limitation.

Future work on MaRz will include a close measurement and analysis of (a) its
effectiveness for increasingly large datasets and (b) the real-world effectiveness of its
instance-based style of explanation.We have comparedMaRzwith six different machine
learning methods applied to six different applications. While experimental results are
promising, it remains to prove the superiority of MaRz with respect to one of its benefits
alone. Accordingly, we plan to compare it with more machine learning approaches with
this in mind.
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