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EXPLAINABLE PARTS-BASED CONCEPT MODELING AND REASONING
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Dr. Derek T. Anderson, Thesis Supervisor

ABSTRACT

State-of-the-art artificial intelligence (AI) learning algorithms heavily rely on deep learning

methods that exploit correlation between inputs and outputs. While effective, these methods

typically provide little insight to the reasoning process used by the machine, which makes it difficult

for human users to understand the process, trust the decisions made by the system, and control

emergent behaviors in the system. One method to fix this is eXplainable AI (XAI), which aims to

create algorithms that perform well while also providing explanations to users about the reasoning

process to mitigate the problems outlined above. In this thesis, I focus on advancing the research

around XAI techniques by introducing systems that provide explanations through the use of parts-

based concept modeling and reasoning. Instead of correlating input to output, I correlate input to

sub-parts or features of the overall concept being learned by the system. These features are used to

model and reason about a concept using an explicitly defined structure. These structures provide

explanations to the user by nature of how they are defined. Specifically, I introduce a shallow and deep

Adaptive Neuro-Fuzzy Inference System (ANFIS) that can reason in noisy and uncertain contexts.

ANFIS provides explanations in the form of learned rules that combine features to determine the

overall output concept. I apply this system to real geospatial parts-based reasoning problems and

evaluate the performance and explainability of the algorithm. I discover some drawbacks to the

ANFIS system as traditionally defined due to dead and diminishing gradients. This leads me to focus

on how to model parts-based concepts and their inherent uncertainty in other ways, namely through

Spatially Attributed Relation Graphs (SARGs). I incorporate human feedback to refine the machine

learning of concepts using SARGs. Finally, I present future directions for research to build on the

progress presented in this thesis.
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Chapter 1

INTRODUCTION

State-of-the-art Artificial Intelligence (AI), e.g. Deep Learning (DL), is deeply rooted in the

exploitation of correlation. However, a major drawback to current DL approaches is we do not

explicitly know what they have learned; leading to the term “black box”. While we often assign

meaning to the inputs and outputs of the system, we are not usually able to interpret and/or explain

what happens “in-between”. What chain of evidence went into a decision? What biases are in our

data and solution? To what degree is our system confident in its decision? Many domains such

as healthcare and public policy require explanations to justify a particular decision or course of

action. Without these explanations, humans don’t understand the decisions made by AI as well, they

trust the AI system less, and there is more potential for unintended/emergent behavior [1] [2]. The

competency of AI systems will continue to increase as it is deployed into the real world more and

more. Long-term, the hope is for AI systems to continue behaving in ways that are in alignment

with human values [3]

Creating safe AI is challenging, and it has led to the rise of a sub field of so-called eXplainable AI

(XAI) [4]. XAI aims to create machine learning algorithms that maintain a high level of performance

while producing better explanations that allow a human to understand, reasonably trust, and manage

the emergent development of the AI system. One specific approach to XAI involves explicitly defining

the meaning of mathematical terms one step before the output of an AI system. Instead of black box

systems that learn output “concepts” (the meaning applied to the output as defined by humans)

through correlation to inputs, this approach breaks up the output concept into explicitly defined

sub-parts or features, which enables the system to correlate input to parts, and parts to output.

In this way, the system models the output concept using parts, and reasons over these parts to

determine the output concept. While this approach doesn’t completely eliminate the ambiguity of

black boxes, it adds an extra layer of explainability to the system.
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While explainable parts-based concept modeling and reasoning can be used to help address

pressing XAI concerns, it is not a solved problem. In this thesis, I focus on advancing this topic

in three steps. Step 1 (outlined in Chapter 2) involves a new shallow and deep neuro-fuzzy logic

system that can reason in noisy and uncertain contexts. Step 2 (Chapter 3) is the application of

this approach to a real geospatial parts-based reasoning problem. Last, step 3 (Chapter 4) is a focus

on how to model parts-based concepts and their inherent uncertainty. The next three sub-sections

summarize these three challenges.

1.1 Robust shallow and deep neuro-fuzzy logic

DL approaches that exploit correlation perform well on many tasks [5]. A challenge of building

XAI systems is utilizing DL techniques to exploit the performance advantages while incorporating

explicitly defined techniques to improve explainability. One technique to do this is neuro-fuzzy

logic [6], which combines the performance of neural networks with the explainability of fuzzy logic.

Specifically, I investigated the type-1 Takagi-Sugeno-Kang (TSK) adaptive neuro-fuzzy inference

system (ANFIS) [7] [8]. It is well accepted that many neural networks and fuzzy logic systems are

universal function approximators [9]. A hope is that a neuro-fuzzy logic system can take advantage

of neural learning algorithms and the explanation potential of fuzzy logic.

Specifically, in this thesis I address neuro-fuzzy logic using ANFIS in shallow and deep contexts with

respect to incomplete and noisy contexts. An open source PyTorch library (https://github.com/Blake-

Ruprecht/Fuzzy-Fusion [8]) was produced and shared for gradient descent (GD) based optimization

of ANFIS. In addition, we discovered that GD-based ANFIS is not naturally robust. To address

this problem, I utilized [10] the sequential possibilistic one mean (SPIM)[11]. My proposed solution

leads to rules that are more compact and associated with trends in the data versus noise in the

input and/or concepts. Furthermore, in [10] I showed vulnerabilities in GD-based ANFIS learning.

Specifically, I showed that, as is, GD-based neuro-fuzzy logic optimization leads to XAI problems

with duplicate rules, dead rules, bloated rules, and beyond. See Chapter 2 for further details.

1.2 ANFIS applied to geospatial parts-based task

Black-box style architectures like Convolution Neural Networks (CNNs) currently dominate per-

formance on geospatial reasoning tasks [12]. The challenge of this work was to see if we could use

a neuro-fuzzy logic system to recognize a complex scene with respect to its parts. The hope was

2



to show that not only could a solution be learned, and hopefully better than what a CNN could

learn, but could we learn “logic” in the process and be able to shed light on what’s going on. Ideally,

the neuro-fuzzy logic system will be explainable enough to provide insight about the steps used to

determine overall scene output.

In this task, I built on top of the research of Cannaday and Davis [13]. Specifically, Cannaday

and Davis used Deep Neural Networks (DNNs) to detect component objects part of a larger, more

complex scene. They then used different techniques to fuse the components together to determine

overall output. In this work, I used DNNs to provide object-level confidences of spatial components.

I fed these feature confidences into a ANFIS node in the hopes of using ANFIS rules to explain the

logical decision making of the fusion system. A great feature of ANFIS is the explicit “IF-THEN”

inference structure used to determine overall scene output. An example rule would be “IF Object A

presence is HIGH, and Object B presence is HIGH, THEN scene X presence is HIGH.” Each ANFIS

node can contain multiple of these “IF-THEN” rules, constituting the entire rule base of that node.

Each rule can contain as many conjuctions as needed to model the logical information required to

determine overall ANFIS node firing.

A major benefit of ANFIS is the ability to encode logical rules as discussed previously. In

this thesis, I found that expert knowledge in the form of “IF-THEN” rules can be embedded into

an ANFIS node, effectively encoding the expert knowledge. Next, I found that ANFIS utilizing

SP1M clustering could learn rule-bases from scratch, though the interpretability suffered from a

dead/diminishing gradient problem that I discuss further in Chapter 3. Finally, I found that the best

performing and most interpretable solution was using ANFIS to augment the encoded human rules,

which helped avoid the dead/diminishing gradient while improving upon the human rules using linear

regression learning. See Chapter 3 for further details.

1.3 Concept learning incorporating human feedback

After exploring the mathematical underpinnings of ANFIS and exploring it for a geospatial case

study, it became apparent that such an approach is primarily focused on parts-based reasoning. But

what was the concept that the model was learning? In this third part of my thesis [14] (see Chapter

4), I focused on parts-based modeling. Specifically, explicit focus was given to parts and modeling

their uncertainty with respect to an Attributed Relation Graph (ARG) [15]. Concept learning is

very similar to parts-based reasoning as discussed previously, but concept learning expands upon the

features within a scene to also include relationships between features within a scene. We move away

3



from ANFIS and towards more general graph representation of features and relationships in the form

of Attributed Relation Graphs (ARG). We maintain the parts-based complex scenes that motivated

[16], but incorporate spatial relationships in the form of Spatial ARGs (SARG).

For example, consider the simple but effective example of learning a human face (a concept). A

face consists of eyes, a nose, and mouth, or parts. These parts have attributes, e.g., size, shape,

etc. These parts also have spatial relations relative to one another. A concept, e.g., human face,

can take on a range of possible value assignments therein. In this part of my thesis, a spatial ARG

(SARG) [17] was the center of attention. This was chosen because it relates to our earlier application

of geospatial parts-based recognition.

Specifically, in this third challenge I focused on a new representation that enables incorporating

human feedback into the refinement of machine learning of concepts. Histograms of forces [18], a

form of type-1 fuzzy set, were extracted to model relative spatial relations. I show how features and

relationships are used to model a concept, how concepts are learned from data, and how to compare

concepts across SARGs. The SARG acts as a shared language that facilitates human interaction,

enabling online concept learning of a SARG.

In the remainder of this thesis, Chapter 2 presents my implementation of robust shallow and deep

neuro-fuzzy logic utilizing possibilistic clustering. Chapter 3 details this implementation applied to

geospatial parts-based tasks. Chapter 4 explores a new form of concept learning utilizing SARGs

that incorporate human feedback, and potential future routes for XAI research.
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Abstract

Artificial neural networks are a dominant force in our modern era of data-driven artificial intelligence.

The adaptive neuro fuzzy inference system (ANFIS) is a neural network based on fuzzy logic versus

a more traditional premise like convolution. Advantages of ANFIS include the ability to encode and

potentially understand machine learned neural information in the pursuit of explainable, interpretable,

and ultimately trustworthy artificial intelligence. However, real-world data is almost always imperfect,

e.g., incomplete or noisy, and ANFIS is not naturally robust. Specifically, ANFIS is susceptible to over

inflated uncertainty, poor antecedent (fuzzy set) data alignment, degenerate optimization conditions,

and hard to interpret logic, to name a few factors. Herein, we explore the use of possibilistic clustering

to identify outliers, specifically typicality degrees, to increase the robustness of ANFIS; or any fuzzy

logic neuron/network at that. Experiments are presented that demonstrate the need and quality

of the proposed solutions in the pursuit of robust interpretable machine learned neuro fuzzy logic

solutions.
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2.1 Introduction

The world is once again fixated on neural nets, due in large part to their recent performance leaps

across numerous application domains; computer vision, natural language processing, etc. On the other

hand, modern deep learning has a list of equally deep concerns, e.g., are we really just engineering

machines that discover desirable correlations versus underlying causation [19]. Regardless, in all this

excitement the field has more-or-less converged into a single mathematical foundation, convolution;

which powers more complicated constructs like residual and recurrent networks. Furthermore, the

vast majority of these deep nets have given rise to black box solutions–that have little emphasis on

explainability or interpretability. Herein, we focus on a non-convolutional contribution from the field

of fuzzy set theory, the adaptive neuro-fuzzy inference system (ANFIS) [7]. Specifically, we focus on

a first order (linear) Takagi-Sugeno-Kang (TSK) type ANFIS.

A benefit of a fuzzy logic neuron/network (FLN), e.g., TSK ANFIS, is it holds the potential to

help realize more explainable, interpretable, and ultimately trustworthy AI. There are a number

of ways in which this can occur. For one, it is possible to insert human knowledge as rules into a

FLN. Furthermore, a FLN can be derived from data then opened to study what variables, rules,

and output combination strategies were learned. However, as shown by Keller and Yager in [20],

fuzzy logic can be achieved using a multi layer perceptron (MLP), as both are well-known universal

function approximators. A benefit of an approach like ANFIS, versus [20], is the information is

explicit and centralized versus implicit and distributed. While numerous approaches exist to learn a

fuzzy inference system, we focus on neural to support “plug-and-play” into existing deep learners and

to maintain homogeneity for the sake of optimization (e.g., backpropagation and gradient descent).

One challenge with current FLNs, and ANFIS in particular, is they are not robust. Specifically,

when noise is present it is likely that ANFIS will obtain variables with over inflated uncertainty: sets

that are wider than they need to be. Also likely is poor placement: misalignment of the learned set

relative to the underlying truth. Due to degenerate optimization conditions, if ANFIS is initialized

with more uncertainty than what is required, then it is likely that uncertainty will not sufficiently

decrease. Furthermore, it is possible to obtain rules that decrease the error function, but make

little-to-no high level sense. Also, once a rule is dead (i.e., it never fires), it stays dead. Meaning, it

does not get updated during training due to no data points contributing to the parameter update for

that particular rule. Last, determining how many sets and rules are required for ANFIS has proven

difficult, and not robust. As the reader can see, many challenges relate to ANFIS and FLN learning.
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Table 2.1: ANFIS Acronyms and Notation

ANFIS Adaptive Neuro Fuzzy Inference Sys-
tem

SP1M Sequential Possibilistic One-Means
N Number of input samples
K Number of input features
R Number of rules in an ANFIS rule-

base
N ×K Dimensionality of input dataset

xn Input of feature length K
xn(k) Scalar feature of input vector

wn Antecedent vector of the rule base, of
length R

zn Consequent vector of the rule base,
of length R

Ar
k(·) Membership function of rule r
prk Component weight of rule r
yn Output of ANFIS for xn

c Number of clusters
uji Typicality of ith sample to cluster j
vj jth cluster prototype

Figure 2.1: High-level overview of the proposed work. Traditionally, ANFIS is applied to the raw full
data. Here, possibilistic clustering is used to acquire data typicality degrees, which are fed to ANFIS
during learning. Blue dots denote noise points (outliers) and black dots belong to a cluster. Red
(and green, respectively) triangles are learned membership functions, where red indicates rule one
and green indicates rule two. Solid lines are ANFIS learned solutions and dotted is extended ANFIS.

The points mentioned above are explained and addressed in more detail later in the article.

Our contributions are as follows. First, possibilistic clustering is used to produce (data point,

typicality), where uji is the degree to which data point xi ∈ [0, 1] belongs to cluster j. Note, if

uji is low for all j, then a data point is generally considered an outlier. Second, we extend ANFIS to

use the data point and its typicality degree in learning. To this end, we explore two ways to exploit

this knowledge during optimization. As we show, the combination of possibilistic clustering and an

extended ANFIS allows us to address many of the challenges discussed herein.
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Before we delve into ANFIS and our extensions, it is important to note that ANFIS is not the only

neuro-fuzzy architecture. In [20], Keller and Yager proposed a multi layer perceptron (MLP) to learn

fuzzy logic. In [21], Keller and Tahani discussed the implementation of a conjunctive and disjunctive

fuzzy logic rules with neural networks. In [22], Pal and Mitra explored an array of topics on neuro-

fuzzy related to pattern recognition. In [23], Rajurkar and Verma put forth a deep fuzzy network with

Takagi Sugeno fuzzy inference system. In [8], Blake et al. discussed deep ANFIS for remote sensing and

open source PyTorch codes were made available at https://github.com/Blake-Ruprecht/Fuzzy-Fusion.

Beyond fuzzy logic, there are numerous other recent fuzzy neuro investigations; e.g., eXplainable AI

(XAI) based fuzzy integral neural network [24], fuzzy integrals for fusing heterogeneous architecture

deep learners in remote sensing [25], fuzzy layers in deep learning [26], ordered weighted average

networks [27], to name a few. The point is, past and present works exist connecting fuzzy set theory

and neural networks at many levels.

The remainder of the article is organized as such. In Section 2.2 we review ANFIS, Section 2.3

is a possibilistic clustering approach, Section 2.4 discusses typicality extended ANFIS, and Section

2.5 is experiments and results. Table 2.1 is a summary of acronyms and notation and Figure 2.1

illustrates the structure of our paper.

2.2 ANFIS

In [7], Jang introduced ANFIS, which was initially based on TSK type fuzzy inference [28]. An

illustrative overview and input-output depiction of ANFIS can be seen in Figure 2.2. Let a training

dataset have dimensionality, N ×K. While it is possible to support batch and mini-batch processing

in contexts like gradient descent-based optimization, herein we focus on sample-by-sample processing

for sake of readability. Let xn(k) denote the k-th feature of sample n, let ANFIS consist of R rules,

and let yn ∈ ℜ be the output of ANFIS. ANFIS performs three steps on xn to determine yn. The first

two steps, the Antecedent Firing and the Consequent Component Building, can be run in parallel,

and they produce an antecedent vector, wn, and consequent weighting vector, zn, respectively. The

third step, Aggregation, takes wn and zn, performs a weighted sum, and it produces the final output,

yn. The lengths of wn and zn are R. The rules in ANFIS follow the familiar IF-THEN format, each

of which has an antecedent and consequent clause.

Antecedent Firing: consists of calculating the firing strength of all the antecedent clauses of

each rule, wr
n, which uses a t-norm (herein, we use the product operator) of the membership values,
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Figure 2.2: This figure illustrates the flow of data in a first order TSK ANFIS for the case of two
inputs and two rules.

Ar
k(·), of each input feature, i.e.,

wr
n =

K∏
k=1

Ar
k(xn(k)). (2.1)

The membership functions Ar
k(·) are unique to each rule and feature, and can be learned. This step

can be thought of as how well the input vector matches each individual rule.

Consequent Component Building: consists of calculating the components of the consequent

clause of each rule, zrn, which is determined based on the summation of each input feature and weight

prk, plus a bias term, prbias, i.e.,

zrn =
( K∑

k=1

xn(k)p
r
k

)
+ prbias. (2.2)

The input feature weight prk is a unique scalar to each rule and feature, which can be learned. This

step can be thought of as the output each rule would make for the input vector that perfectly fires

the antecedent clauses.

Aggregation Step: consists of calculating the weighted aggregation of the consequent clauses,

zn, using the antecedent clauses, wn, as weights, to produce the output scalar yn, i.e.,

yn =

∑R
r=1 z

r
nw

r
n∑R

r=1 w
r
n

. (2.3)

This step can be thought of as the combination of the logical decisions from each rule based on how

well the input vector matched each rule.
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2.2.1 Semantic Considerations

By far, the most commonly utilized membership function for ANFIS is the Gaussian,

N(xn(k);µk, σk) = e

(
− 1

2

(xn(k)−µk)2

σ2
k

)
. (2.4)

While desirable, e.g., for differentiation, simplicity to work with, nonlinear, and infinite support

(theoretically), a semantic limitation is that the standard Gaussian can only have a single element

with membership value one. From a modeling standpoint, where one actually cares about the

membership values and their qualitative interpretations, this can prove to be overly restrictive. While

there are numerous functions to remedy this shortcoming, herein we focus, without loss of generality,

on the trapezoidal membership function,

T (xn(k);Θ) =



0 (xn(k) < Θk
1) or (xn(k) > Θk

4)

1 Θk
2 ≤ xn(k) ≤ Θk

3

xn(k)−Θk
1

Θk
2−Θk

1
Θk

1 ≤ xn(k) < Θk
2

Θk
4−xn(k)

Θk
4−Θk

3
Θk

3 < xn(k) ≤ Θk
4 .

(2.5)

2.2.2 ANFIS Optimization

For sake of article completeness, Table 2.2 are the partial derivatives for ANFIS, based on a first

order TSK model. The reader can refer to [7], [8], and [16] for full mathematical explanation and

derivations.

2.2.3 Open Source Codes

For reproducible research, in [8] we provided free PyTorch codes for shallow and deep ANFIS;

https://github.com/Blake-Ruprecht/Fuzzy-Fusion. For the current article, we have placed our

possibilistic clustering extended ANFIS at https://github.com/Blake-Ruprecht/ANFIS-SP1M.

2.2.4 Limitation of Traditional ANFIS

ANFIS [7] is a powerful tool, but not without flaw. While a number of shortcomings have been

identified, and addressed to varying degrees, we highlight a few relevant limitations.

11

https://github.com/Blake-Ruprecht/Fuzzy-Fusion
https://github.com/Blake-Ruprecht/ANFIS-SP1M


Table 2.2: ANFIS Derivatives for Gradient Descent

∂yn

∂zr
n
=

wr
n∑R

i=1 wi
n

∂yn

∂wr
n
=

∑R
j=1,j ̸=r wj

n(z
r
n−zj

n)

(
∑R

i=1 wi
n)

2

∂yn

∂pr
k
= ∂yn

∂zr
n
· xn(k) =

wr
n∑R

i=1 wi
n

xn(k)

∂yn

∂Ar
k(·)

=
(

∂yn

∂wr
n

)(∏K
j=1,j ̸=k A

r
j(xn(j))

)
∂yn

∂Θr,k
m

=
(

∂yn

∂Ar
k(·)

)(
∂Ar

k(·)
∂Θr,k

m

)

∂N(·)
∂µ = exp

(
− (x−µ)2

2σ2

)(
x−µ
σ2

)
∂N(·)
∂σ = exp

(
− (x−µ)2

2σ2

)(
(x−µ)2

σ3

)

Noise and Over Inflated Uncertainty

Noise pulls the estimated membership functions away from their true state of nature. For example,

consider a trapezoidal membership function. Noise in the data will increase the core region (member-

ship value one) and the support (membership value greater than zero) will widen. From a semantic

standpoint, this means noise has the impact of “inflating” or creating greater uncertainty than what

actually exists.

Initialization

A number of works have been proposed to estimate the number and parameters of rules from

data. ANFIS, by default, requires the number of rules, and number of antecedents per rule, to

be specified before optimization can begin. ANFIS is not a structure learning algorithm, it is a

parameter estimation algorithm. Furthermore, what values should the membership functions (and

TSK coefficients) be set to initially, i.e., how should ANFIS be initialized? This selection can have

an impact on the result in the hands of an algorithm like stochastic gradient descent.

Non-Decreasing Uncertainty

An underappreciated aspect of ANFIS is its inability to reduce uncertainty during learning. Consider

two inputs and two rules. Let each rule correspond, antecedent-wise, to an underlying Gaussian
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distribution and let these clusters have no overlap and sufficient separation. Suppose that the

standard deviations are initialized to three times the true standard deviation. This is a simple

example. The point is, if no data points exist in the space between the two underlying clusters, then

there is no part of ANFIS learning that naturally tries to reduce uncertainty. There are no errors

driving the sets to be as specific as possible (see Proposition 2). From a control standpoint this might

be desirable if the goal is to partition the underlying space. However, if the goal is to listen to the

data and to have the membership functions fit the underlying samples, then this is problematic.

Once Dead, Always Dead

Consider an ANFIS with one or more rules initialized such that their membership functions do not

fire, i.e., return a rule firing strength greater than approximately zero for any sample in the training

data. Here, we refer to such rules as dead. In ANFIS, once a rule is dead, there is little-to-no force

(sufficiently scaled gradient) that drives that rule towards a location in space to remedy the problem

(see Proposition 1). This is a massive limitation with respect to learning quality ANFIS solutions.

It places a large burden on the initial position of the antecedent fuzzy sets and/or it requires us to

initialize with wide uncertainties which conflicts with the above non-decreasing uncertainty challenge.

In summary, this subsection exists to raise awareness of ANFIS limitations that need addressing.

The combination of possibilistic clustering and modified ANFIS learning leads to more robust neuro

fuzzy logic learning.

2.3 Sequential Possibilistic One Means (SP1M)

The sequential possibilistic one means (SP1M) algorithm [11] is based on the possibilistic c-means

(PCM) algorithm [29]. The PCM abandons the membership sum-to-one constraint in the fuzzy

c-means (FCM) [30] algorithm and it has been shown to be robust against outliers. Each cluster in

PCM is independent of the others and the user and/or algorithm may have to address coincident

clusters. The SP1M was created to combat the coincident clusters problem of PCM by generating

one cluster at a time until all the “dense” regions are found.

Pseudocode for the latest version of SP1M is shown in Algorithm 1, where X is the input samples,

c is the estimated input for cluster number, ϵ is the threshold, m is the fuzzifier, K is defined to

be the number of points whose maximum typicality is smaller than 0.5. Note that the (*) detail of

dynamic η computation in Algorithm 1 is discussed in [11].

In SP1M, the cluster centers are not initialized purely randomly. They are initialized from
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Algorithm 1 SP1M Pseudocode

1: INPUT: X, c, ϵ
2: OUTPUT: U : final typicality partition
3: OUTPUT: V : final cluster prototypes
4: Initialize U , V as empty
5: while j++ < c and #(P1M) < K do
6: repeat ▷ loop to find a suitable cluster
7: Pick v ∈ X with probabilities Eq. 2.6
8: repeat ▷ loop to execute P1M
9: Compute ηj dynamically (*)

10: Compute typicality uji =
1

1+

(
d2
ji
ηj

) 1
m−1

11: Compute cluster center: vj =
∑N

i=1 um
jixi∑N

i=1 um
ji

12: until ∆vj < ϵ
13: until minw∈V ||vj −w|| ≥ 2η
14: Append uj to U
15: Append vj to V
16: end while

probabilities based on the typicalities of the previously found clusters. The initial cluster centers are

picked from dataset X with probabilities

p(xi) =



1

n
if j = 1

0 if max
k=1,...,j

uki > 0.5

1−maxk=1,...,j uki

N −
∑N

s=1 maxk=1,...,j uks

otherwise

(2.6)

The returned matrix U from the SP1M is the typicality matrix that measures how “typical” a

particular point is to each cluster, that is, how close the point is to each cluster prototype. Outliers

have a large distance to all the existing clusters so that they naturally have low typicality to all

clusters. SP1M open source MATLAB code: https://github.com/waylongo/sp1m-de.

2.4 Possibilistic Clustering Informed ANFIS

2.4.1 Initialization

Herein, we do not rely on random ANFIS parameter initialization. ANFIS is a supervised learning

algorithm. First, the number of underlying clusters must be determined from the data (we will

create one rule for each underlying cluster). Next, user-specified membership functions are fit to

each cluster. In the case of a Gaussian, we calculate the respective mean and standard deviation.

In the case of a trapezoidal membership function, we set the core to three standard deviations and

the support to five standard deviations. The point is, the user has flexibility over what function to
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use and how to best fit the antecedent clause membership functions to the data. Next, once the

membership functions are estimated for each cluster, we use the least means squared (LMS), like

Jang [7], to estimate the ANFIS consequent weights (prk). Note, in traditional ANFIS the user selects

the number of rules and antecedents per rule. In our possibilistic clustering-based ANFIS, SP1M

informs us about the number of underlying clusters, which is used to pick the number of rules.

2.4.2 Method 1: Pre-Processing or Data Filtering

Our first proposal is to use the possibilistic clustering algorithm results to pre-process the training

data. Training data typicalities are generated using the SP1M algorithm. These typicalities are then

analyzed, and any typicality below a user defined threshold, Γ, are removed from the training data.

Specifically, we take the max typicality of a data point to all clusters, ti = maxj=1,...,c uji, i.e., the

strongest degree that it belongs to any cluster. This process has numerous benefits. First, there

are fewer data points, which lets an algorithm train faster. Second, there are fewer outliers, which

improves initialization and helps us combat challenges like non-decreasing uncertainty. However, this

procedure is crisp in the fact that it partitions data into use/not use, versus utilizing the degree to

which a data point is an outlier. Furthermore, results will likely vary based on parameter Γ.

2.4.3 Method 2: Gradient Scaling

Our second approach is to use SP1M typicalities to modify the ANFIS algorithm itself, not the data

presented to it. Specifically, we modify the learning algorithm. Herein, gradient descent is used

to optimize ANFIS. The criteria function used is the sum of squared error (SSE); which leads to

the derivatives in Table 2.2. We first summarize our data point typicalities according to their max

typicality, ti = maxj=1,...,c uji ∈ [0, 1]. Next, we scale the partials, i.e.,

[∂yn
∂zrn

]
scaled

= ti
∂yn
∂zrn

. (2.7)

Thus, if a sample has a high degree of belonging to a cluster then ANFIS operates “as is”. However,

outliers have a low typicality, which dampens their impact on learning. Note, as this is uniform

scaling, i.e., all gradients are scaled the same way, it does not change the direction of the gradient,

just its magnitude. In summary, Method 2 is different from Method 1 as it utilizes the typicality

information to scale gradients during learning, rather than partition data during pre-processing.

as it instead listens to the data with respect to their individual degrees of importance.
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2.5 Preliminary Experiments and Results

In this section, we demonstrate a set of controlled experiments to show the before and after effects

of clustering informed versus traditional ANFIS. Synthetic data is used because we can control the

conditions and range and we know the answer. We use two inputs/dimensions because the results

can be visualized. Furthermore, we focus on the quality of the results. ANFIS, as is, can be used to

achieve minimum error relative to a user specified criteria function. By quality, rather than accuracy

or an index like F1 score, we specifically mean generating fuzzy sets and rules that fit the data well.

For our synthetic experiments, this quality will be evident in how well the rules fit the underlying

clusters and ignore noise, since we can use this information to present to a decision maker or use for

a purpose such as eXplainable artificial intelligence.

2.5.1 Experiment 1: Low Amount of Noise

In Experiment 1, we focus on a dataset that should have five rules, which is intended to model a few

close rules whose noise can influence each other. Furthermore, five rules were selected because it

can be visualized; i.e., there are not too many points and overlaid resulting clustering information

to inhibit the readers viewing and understanding. Each cluster has 300 samples and 10% of the

data is noise. Specifically, noise samples are generated beyond four standard deviations of the

underlying generative Gaussian clouds. The five class (rule) centers are [0.080, 0.501], [0.074, 0.680],

[0.496, 0.077], [0.918, 0.679], [1.151, 0.903], with corresponding x and y dimension standard deviations

of [0.033, 0.0256], [0.0353, 0.0193], [0.0397, 0.0148], [0.0384, 0.0091], [0.0251, 0.0272]. It is worth noting

that we selected close, but not overlapped clusters because in a real scenario if two clusters/rules

overlap, it makes less sense. Meaning, two rules with similar IF but different THEN counterparts. A

single data point could potentially belong to multiple different rules. Such a scenario is semantically

confusing. The number of features may be inadequate to properly separate rules, or something else

may be causing issues. Figure 2.3 shows Experiment 1.

Figure 2.3 shows the result of traditional ANFIS, clustering-based pre-processing, and gradient

scaled ANFIS. Note, in traditional ANFIS one has to either select or engage in some external method

to pick R. Herein, we use SP1M to select R, which provides ANFIS more benefit than what the

core algorithm affords. Clearly, clustering-based pre-processing produces better rule structures.

Namely, the core (membership value one) region is a tight fit to the underlying data and the support

(membership value greater than zero) has a reasonable footprint; specifically, it does not include all
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Figure 2.3: Experiment 1. Each class is color coded. The traditional and gradient scaled ANFIS
trapezoidal membership functions are shown in grey. Solid is the core and dashed is support. Red
solid and dashed lines are clustering-based pre-processed ANFIS. The data points are scaled based
on typicality (note that the size has a lower bound to prevent points from disappearing).

of the noise. On the other hand, traditional and gradient scaled ANFIS have over inflated cores and

support regions. Furthermore, both have a problem with rule placement for the two close clusters

(green and bluegray). Overall, typicality-based pre-processing yields a good fit of the underlying

data, making the resulting fuzzy sets more faithful and interpretable descriptions of the data.

2.5.2 Experiment 2: Moderate Amount of Noise

In Experiment 2, we keep the same dataset, allowing Experiment 2 to be compared to Experiment 1.

The only thing that has changed is that 25% of each cluster’s data is now noise, compared to 10% in

Experiment 1. The reason for Experiment 2 is to observe the impact and behavior of the proposed

approaches in light of a greater amount of noise. Figure 2.4 shows the dataset.

Figure 2.4 also displays the result of the three methods. The take away is as follows. As expected,

an increased level of noise impacts ANFIS, but the power of possibilistic clustering is able to address

and overcome shortcomings, namely typicality-based pre-processing.
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Figure 2.4: Experiment 2. Each class is color coded. The traditional and gradient scaled ANFIS
trapezoidal membership functions are shown in grey. Solid is the core and dashed is support. Red
solid and dashed lines are clustering-based pre-processed ANFIS. The data points are scaled based
on typicality (note that the size has a lower bound to prevent points from disappearing).

2.5.3 Additional Experiments

Figure 2.5 shows nine additional arbitrary ANFIS experiments with varying numbers of R, C, and

cluster overlap. The reason for these mini experiments is to give the reader a feel for performance

in different contexts. As can be seen, typicality weighted ANFIS is more resilient and its largest

shortcoming is if SP1M can estimate the true underlying generative cluster structure. While we have

only demonstrated results for two dimensions and a few clusters (2 ≤ C ≤ 10), the reader can download

and experiment with our open source codes, https://github.com/Blake-Ruprecht/Fuzzy-Fusion and

https://github.com/Blake-Ruprecht/ANFIS-SP1M.

2.6 Insights and Summary

Experiments 1 and 2 highlight the benefit of using possibilistic typicality degrees in neuro fuzzy logic.

This allows us to combat a number of underlying qualitative concerns about a learned neuro fuzzy

logic solution. However, it was our expectation that Method 2, gradient scaling, would be the top
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performer. Because this is not the case, we dug deeper into ANFIS. Consider the update equation

for a membership function parameter,

∂yn

∂Θr,k
m

=

(∑R
j=1,j ̸=r w

j
n(z

r
n − zjn)

(
∑R

i=1 w
i
n)

2

)
× (2.8a) K∏

j=1,j ̸=k

Ar
j(xn(j))

× (2.8b)

(
∂Ar

k(·)
∂Θr,k

m

)
. (2.8c)

Consider the following two scenarios.

Proposition 1. Term 1 (Equation 2.8a) results in a zero magnitude gradient (Equation 2.8) for

rule r when it is the only rule that fires, i.e., wr
n > 0, and ∀j ∈ {1, ..., R}, j ̸= r, wj

n = 0.

Proof. The numerator in Equation 2.8a is all rules other than r. As each of these rules have wj
n = 0,

the numerator is zero and the denominator is not. Thus, Equation 2.8 is zero.

Proposition 1 can be interpreted as diminishing the gradient when the rules are properly separated

with no overlap. This means that the conditions for Proposition 1 are constantly being met each

time a data point that belongs to rule r is being trained on. This prevents learning from occurring

for the rule membership parameters that the training data matches with. This is a drastic result if

the goal is to make the distribution fit the underlying data.

Proposition 2. Term 2 (Equation 2.8b) results in a gradient (Equation 2.8) whose magnitude is 0

when a data sample (n) is not in a rule (r), i.e., wr
n = 0.

Proof. If data sample n is not covered by rule r, then Ar
j(xn(j)) = 0. As each of these terms are

zero, their product (and other t-norms at that, e.g., the minimum) is zero. As a result, Equation 2.8

is zero.

Proposition 2 has a number of ramifications. For example, if a data point does not result in a

rule firing strength greater than zero, then that rule is not updated. While by itself, this does not

seem overly alarming, consider the case of a rule initialized to a region corresponding to no data

points. The rule will never get updated. This is the definition of “once dead, always dead.”

These two propositions highlight two common cases. More scenarios that give rise to diminishing-

to-dead gradients can be identified. The point is, it is clear why our typicality weighted and initialized

procedure performs best. Until factors like these are remedied with ANFIS, a procedure like gradient

scaling, while elegant in design, is rendered ineffective.
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2.7 Conclusion and Future Work

In this article we explored the role of possibilistic clustering to generate data point typicality degrees

to improve challenges in ANFIS, a neuro fuzzy logic learning tool. Specifically, we used SP1M, which

helps us combat coincident clusters in PCM, and it allows one to support, if desired, realtime, online

learning and/or Big Data. We explored two possible methods, pre-processing data by removing

SP1M identified outliers, and gradient scaling during ANFIS learning utilizing SP1M typicalities.

Pre-processing had the best results, namely due to a diminishing/dead gradient shortcoming in

ANFIS.

In future work, we will take this preliminary investigation and explore real-world applications

of neuro fuzzy logic. We will also find a way to remedy the diminishing/dead gradient problem

in ANFIS, which should make gradient scaling the top performer. Other future work will include

taking definitions of what constitutes a “good logic explanation”, and folding that into the learning

algorithms to promote better explanations. Last, once our work related to understanding shallow

neuro fuzzy logic networks is mature, we will open our processes up to deep inference nets.
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(a) 10% Noise, C=10, R=10.
All rules discovered well by extended
ANFIS.

(b) 40% Noise, C=10, R=10.
All rules discovered well by extended
ANFIS.

(c) 10% Noise, C=10, R=9.
Less rules than clusters and high
degree of overlap.

(d) 10% Noise, C=3, R=3.
All rules discovered well by extended
ANFIS.

(e) 30% Noise, C=3, R=3.
All rules discovered well by extended
ANFIS.

(f) 5% Noise, C=3, R=4.
More rules than clusters and high
degree of overlap.

(g) 10% Noise, C=5, R=5.
All rules discovered well by extended
ANFIS.

(h) 30% Noise, C=5, R=5.
All rules discovered well by extended
ANFIS.

(i) 60% Noise, C=5, R=5.
Some rules in wrong place.

Figure 2.5: Additional experiments that show variety and ANFIS behavior in a range of contexts.
The goal is a tight fit of boxes to data. C is number of underlying clusters, R is number SP1M found.
(a)-(c) have 1500 data points. (a) and (b) have the same means. (d)-(f) have 1500 data points. (d)
and (e) have the same means. (g)-(i) have 250 data points and the same means.
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Abstract

In this article, we explore the role and usefulness of neuro-fuzzy logic in the context of automatically

reasoning under uncertainty about complex scenes in remotely sensed data. Specifically, we consider

a first order Takagi-Sugeno-Kang (TSK) adaptive neuro-fuzzy inference system (ANFIS). First, we

explore the idea of embedding an experts knowledge into ANFIS. Second, we explore the augmentation

of this knowledge via optimization relative to training data. The aim is to explore the possibility of

transferring then improving domain performance on tedious but important and challenging tasks.

This route was selected, versus the popular modern thinking of learning a neural solution from

scratch in an attempt to maintain interpretability and explainability of the resultant solution. An

additional objective is to observe if the machine learns anything that can be returned to the human

to improve their individual performance. To this end, we explore the task of detecting construction

sites, an abstract concept that has a large amount of inner class variation. Our experiments show

the usefulness of the proposed methodology and it sheds light onto future directions for neuro-fuzzy

computing, both with respect to performance, but also with respect to glass box solutions.
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3.1 Introduction

In the last decade, we have witnessed exponential growth of research and disparate applications

of machine learning (ML) and artificial intelligence (AI). However, this advancement, primarily in

performance according to standard measures like F1, has arose off the back of black box AI-ML,

to varying degrees. While a success in and of itself, this arguably generates more problems than

solutions. One conundrum is trust and accountability in these machines derived from data and

the decisions they make, which falls under the umbrella of explainable AI (XAI). Another topic is

domains where expert knowledge exists, perhaps exacerbated by low data volume and/or variety. In

such a scenario, it might not be possible to learn a quality data-driven alone solution. In this article,

we explore the concept of encoding expert human knowledge into a neural logic system. This allows

for knowledge transfer, it maintains explainability and interpretability, and it provides a starting

point for augmenting the solution via optimizing with respect to data. The question then pivots to do

we see improvement and what logic was responsible for that gain? As a final payoff, any knowledge

discovery can be returned to the expert to improve their knowledge and performance on a domain.

The contributions of this article are as follows. First, we discuss high-level benefits and drawbacks,

with respect to XAI, of an adaptive neuro-fuzzy inference system (ANFIS) to machine reason about

remotely sensed data. Second, we discuss how to import human knowledge into ANFIS. Third, we

outline its optimization for augmented reasoning, which we call Human Augmentation. Fourth, we

explore and learn from these ideas on a specific application, classification of complex and vague

constructions sites. While a contribution in and of itself, this work sets us up to seek better neuro-fuzzy

solutions and human centered ML-AI.

The remainder of this article is organized as follows. In Section 3.2, we discuss traditional ANFIS.

Section 3.3 discusses initialization of ANFIS, Section 3.4 is different ANFIS membership functions,

Section 3.5 is “types” of rules that can be learned, Section 3.6 is the construction site application

and experiments, followed by a summary and future work. Figure 3.1 illustrates the main concepts

of our article and their connectivity.

3.2 Adaptive Neuro-Fuzzy Inference System (ANFIS)

Jang introduced ANFIS in[31], which was initially based on TSK type fuzzy inference [32]. Figure

3.2 illustrates the flow of data of ANFIS. Let a training dataset have dimensionality, N ×K. While

it is possible to support batch and mini-batch processing in contexts like gradient descent-based
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Figure 3.1: High-level illustration of this article. First, expert knowledge is transferred into an
adaptive neuro-fuzzy inference system (ANFIS) for sake of automating some process, e.g., object
detection or land classification in remote sensing. Next, data is used and the solution is optimized to
produce an augmented ANFIS, “ANFIS++”. The ANFIS++ is used in place of the expert and it is
analyzed to determine differences for the sake of discovering new domain specific logic that might be
of interest to the expert and/or analyzed for validation of the machine learned model.

optimization, herein we focus on sample-by-sample processing for sake of readability. Let xn(k)

denote the k-th feature of sample n, let ANFIS consist of R rules, and let yn ∈ ℜ be the output of

ANFIS. ANFIS performs three steps on xn to determine yn. The first two steps, the Antecedent Firing

and the Consequent Component Building, can be run in parallel, and they produce an antecedent

vector, wn, and consequent weighting vector, zn, respectively. The third step, Aggregation, takes wn

and zn, performs a weighted sum, and it produces the final output, yn. The lengths of wn and zn

are R. The rules in ANFIS follow the familiar IF-THEN format, each of which has an antecedent

and consequent clause.

3.2.1 ANFIS Equations

The following are the equations that delineate the forward ANFIS system.

Antecedent Firing: consists of calculating the firing strength of all the antecedent clauses of

each rule, wr
n, which uses a t-norm (herein, we use the product operator) of the membership values,

Ar
k(·), of each input feature, i.e.,

wr
n =

K∏
k=1

Ar
k(xn(k)). (3.1)

The membership functions Ar
k(·) are unique to each rule and feature, and can be learned. This step

can be thought of as how well the input vector matches each individual rule.
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Figure 3.2: This figure illustrates the flow of data in a first order TSK ANFIS for the case of two
inputs and two rules.

Consequent Component Building: consists of calculating the components of the consequent

clause of each rule, zrn, which is based on the summation of each input feature and weight prk, plus a

bias term, prbias, i.e.,

zrn =
( K∑

k=1

xn(k)p
r
k

)
+ prbias. (3.2)

The input feature weight prk is a unique scalar to each rule and feature, which can be learned. This

step can be thought of as the output each rule would make for the input vector that perfectly fires

the antecedent clauses.

Aggregation Step: consists of calculating the weighted aggregation of the consequent clauses,

zn, using the antecedent clauses, wn, as weights, to produce the output scalar yn, i.e.,

yn =

∑R
r=1 z

r
nw

r
n∑R

r=1 w
r
n

. (3.3)

This step can be thought of as the combination of the logical decisions from each rule based on how

well the input vector matched each rule.
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Table 3.1: ANFIS Derivatives for Gradient Descent
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3.2.2 Optimization

Table 3.1 are the partial derivatives for ANFIS, based on a first order TSK model. Backpropagation

based on the partial derivatives can be performed to update or learn the ANFIS parameters. Different

methods can be used to perform learning updates; herein we use PyTorch’s automatic differentiation.

We have open source PyTorch codes made available at https://github.com/Blake-Ruprecht/Fuzzy-

Fusion.

3.3 Initialization

The parameters of the Antecedent Firing step, namely the membership functions Ar
k(·) must be

determined during initialization. The parameters for the Consequent Component Building, namely

prk, must be initialized.

3.3.1 Antecedent Parameters

Due to the dead gradient problem with ANFIS, as discussed in [10], antecedent parameter initialization

is crucial to the performance of the algorithm. Different methods may be used, including random

initialization, expert-determined, and clustering to inform where potential membership functions

should instantiate. We have used K-means and SP1M clustering to estimate the initial parameters for
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the membership functions. As shown in [10], SP1M clustering creates the most accurate membership

function estimations. Expert knowledge can also be used to determine the initial position of the

membership functions, as discussed in section 3.6.

3.3.2 Consequent Parameters

Different methods may be used to initialize the consequent parameters, including random initialization,

and Least-Means Squared (LMS) estimation. Herein, we use LMS, since the TSK system is linear,

and it provides a good starting point for learning.

3.4 Membership Functions

The choice of membership functions shapes not only the learning behavior of ANFIS, but the semantic

interpretation too. Factors such as differentiability, simplicity, nonlinearity, fuzzy support and core,

and more must be considered when choosing membership functions in ANFIS.

3.4.1 Gaussian Membership Function

By far, the most commonly utilized membership function for ANFIS is the Gaussian,

N(xn(k);µk, σk) = e

(
− 1

2

(xn(k)−µk)2

σ2
k

)
. (3.4)

While desirable, e.g., for differentiation, simplicity to work with, nonlinear, and infinite support

(theoretically), a semantic limitation is that the standard Gaussian can only have a single element with

membership value one. From a modeling standpoint, where one actually cares about the membership

values and their qualitative interpretations, this can prove to be overly restrictive. Furthermore,

Gaussian functions are symmetric about the mean, meaning any type of skew cannot be learned.

This restricts the membership function further.
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3.4.2 Trapezoidal Membership Function

While there are numerous functions to remedy this shortcoming, herein we focus on the trapezoidal

function,

T (xn(k);Θ) =



0 (xn(k) < Θk
1) or (xn(k) > Θk

4)

1 Θk
2 ≤ xn(k) ≤ Θk

3

xn(k)−Θk
1

Θk
2−Θk

1
Θk

1 ≤ xn(k) < Θk
2

Θk
4−xn(k)

Θk
4−Θk

3
Θk

3 < xn(k) ≤ Θk
4 .

(3.5)

The trapezoidal function remedies the semantic limitations of the Gaussian through the inclusion

of many elements that may have membership value one, and not necessarily infinite support.

The trapezoidal function also allows asymmetric behavior to be learned, increasing the quality of

interpretations.

3.5 Different “Types” of Rules

In the pursuit of explainable and interpretable solutions, it is not enough to say that ANFIS is

automatically understandable simply because it consists of rules. This story might hold if we

just encode human knowledge into ANFIS. But, if we learn an ANFIS from scratch and/or if we

augment—start with the human and optimized from there—is the resultant solution understandable?

To this end, we contemplate some of the scenarios that could arise in the context of a (potentially

partially) machine learned ANFIS solution. Note, we discuss different types of rules that ANFIS can

discover, but we do not consider below any post processing procedures to identify and/or possibility

remediate their existence. We mention this because we do not want to discredit such a possibility,

but we do not want to consider one as well since we are unaware of how it would be conducted.

Exception Rules: These rules are rare or they are not present in the data. In the case of the

latter, they can be added after the fact by a human based on expert knowledge. In the case of the

prior, there is a low probability that ANFIS will naturally discover them. Nevertheless, they are

important as they present real logic that the system needs to learn.

Noise Rules: These rules correspond to noise in the underlying data and they may arise from

factors like initialization and/or rule over specification. The problem is these rules are not real and

they can lead to over fitting. From a learning standpoint, they are not desirable but they may be

otherwise indistinguishable by the machine from exception rules.
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Counter Rule: Counter rules are cancel one another. In theory, these rules should have similar

antecedents, they just have opposite effects (consequences). These rules are problematic because

they lead to wasted computation and from an XAI standpoint they complicate matters.

Duplicate Rules: Similar to counter rules, duplicate rules consist of multiple rules covering

more-or-less the same antecedent space. If the consequent components are similar then this leads to

increased weighting of an underlying rule during aggregation. In a sense, this is ANFIS gaming the

system, as its a way to high jack the rule aggregation process and improve the importance of a rule.

Split Rules: These types of rules occur when multiple rules subdivide a rule and work together,

versus a more compact and succinct single rule solution. In terms of XAI, this equates to an “overly

wordy” machine.

Dead Rule: These are rules that are not associated with any underlying data samples (clusters

or noise). Instead, they never fire and they pose a real risk, e.g., ANFIS not generalizing to new

data. The reader can refer to our recent work[10], which proves their existence due to initialization

and a dead gradient problem.

Good Rules: We could not end this section without discussing the most positive outcome of

ANFIS. A good rule is a real relationship that exists and we have learned. Technically speaking, a

good rule would be a rule whose antecedents accurately capture the underlying uncertainty in the

antecedents and well approximate the consequence. These are the underlying generative structure

that we desire ANFIS to learn and wish to learn and explain to a user.

3.6 Case Study: Parts-Based Construction Site Reasoning

Construction site detection from satellite imagery is difficult from a machine learning perspective.

There is much variation in the different features and amounts of those features that make up

construction sites. Due to this variation, parts-based detectors can be used to classify the features of

a construction site to simplify the problem. These simpler detectors can be used as the input to a

neuro-fuzzy system, which will then build fuzzy rules and TSK linear relations to fuse the parts into

a decision.

The dataset used is from the “DIUx xView 2018 Detection Challenge” [33]. The dataset consists

of a series of large image scenes with sets of feature/object bounding boxes. xView is one of the

largest and most diverse publicly available satellite imagery object-detection datasets. The initial

results used in this paper, i.e. the human expert, were provided by Cannaday et al. [34].

The construction site problem consists of identifying construction sites from satellite imagery
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Figure 3.3: This figure illustrates an example of our construction site application. We show some of
the features based on their parts-detector categories and their resultant outputs. Note, the entire
image (region of interest in the context of broad area scanning) is analyzed for SD, the construction
site detector confidence.

based on parts-detection. Our usage of the xView dataset involves four different parts-detectors:

small, medium, and large Engineering Vehicles (EVS , EVM , and EVL, respectively), small Trucks

(TRS), and the inference output from the ProxylessNAS DNN trained model (SD), detailed in [4]

[34]. An example of a construction site image with some example parts-detectors is shown in Figure

3.3.

3.6.1 Experiment 1: Human Replication

Parts-based detection can be done by ANFIS with the goal of replicating a human expert’s knowledge.

Since the rules used by a human in this task typically look like threshold based IF-THEN rules (see

Figure 3.4. These rules can be manually instantiated in the antecedent firing step of ANFIS, allowing

the system to replicate the logical rules used by an expert. The trapezoidal membership function

can be made to perform like a step-function when the Θk
1 and Θk

2 parameters are equal (creating a

vertical line), and the Θk
3 parameter is suitably large enough to create a core encompassing all possible

input values greater than the vertical threshold. The consequent component building step must be

instantiated to reflect a step-function, which we accomplished using a linear equation solver. Note, for

the sake of this experiment, we turned off the learning feature of ANFIS to ensure the rules did not

improve, and only replicated expert knowledge. Under these restrictions and instantiations, ANFIS
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Figure 3.4: An example of the four rules used by our expert. The variables with a T in front are
thresholds. These four rules were instantiated in Experiment 1 to replicate human knowledge (the
blue box). In Experiment 2, ANFIS from scratch learned new rules and parameters in an attempt to
make better decisions. Experiment 3 (the red box), shows what happens when we combine the two
different strategies to utilize the benefits of both.

was able to perfectly replicate the expert-informed rules, leading to the same exact performance and

interpretability.

3.6.2 Experiment 2: ANFIS from Scratch

In our second experiment, we instantiated ANFIS using SP1M clustering and least-means squared

for the antecedent and the consequent parameters, respectively. The purpose of this experiment

was to determine if smart instantiation of ANFIS from scratch could approach the performance of

ANFIS with expert knowledge, while maintaining interpretability. In these experiments, learning was

turned back on to allow ANFIS to refine the instantiation methods over time. ANFIS mostly learned

the consequent parameters, and the initialized antecedent parameters tended to not move due to

the diminishing/dead gradient problem. This led to an ANFIS solution from scratch the performed

about as well as the human expert did on the task, but with worse interpretability. The rules ANFIS

learned are able to be analyzed, and look similar to the human’s IF-THEN structure, albeit with more

fuzziness than the crisp thresholds used by the human. The rules are more difficult to analyze with

respect to expected results are, losing some interpretability compared to the human rules. Learning

ANFIS from scratch proves to be an okay method in terms of both performance and interpretability,

but it doesn’t transfer expert knowledge in any way, which could improve performance on this domain

while maintaining interpretability.

3.6.3 Experiment 3: Human Augmentation

After the expert rules were replicated, we turned learning on to allow ANFIS to optimize the

parameters of the antecedent firing and the consequent component building. Ideally, this method can
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utilize the learning ability of ANFIS along with the transference of expert knowledge to create solution

that performs better and maintains interpretability. Based on the expert rules, ANFIS was able

to optimize the parameters of the consequent step, resulting in better F1-scores, while maintaining

the interpretability of the human rules in the antecedent step. This improved performance was

accomplished using backpropgation of error, creating a better TSK linear regressor. The antecedent

step continued to use interpretable thresholds, and the increase in performance can be interpreted

as better consequent component parameters being learned to combine the antecedent firings in the

aggregation step. Basically, the linear equation can learn how important the different number of

vehicles are in comparison. Since the expert knowledge was transferred to this system, ANFIS did

not have to learn from scratch, which prevented some of the known issues of ANFIS (see Section 3.5)

from hampering learning.

All three methods offer the same level of explainability that is inherent in ANFIS. In each case,

the main way to analyze the decisions made by the algorithm consist in looking at the core and

support of the antecedent firing functions. In Experiment 1, it is easy to see that the core and

support form a step-function antecedent for each rule. This is by design, since we implemented the

antecedent initialization to function like this, and didn’t turn on learning to change it. Experiment

3 hardly changes the antecedent parameters (due to previously mentioned problems), but in this

case, explainability is maintained because the decision thresholds are still clear. These step-function

antecedents are interpretable as such: if the input value is greater than the rule threshold, the

antecedent firing strength for that rule is high (normally 1). If the antecedent firing strength is

high, the consequent component is ”listened to” during aggregation. Similarly, Experiment 3 has

interpretable antecedent parameters. Since the trapezoidal function is defined by four parameters,

we can view the parameters for each rule to determine the core and support for each rule. In our

experimentation, we discovered that ANFIS from scratch did not create step threshold functions,

which is not surprising due to the initialization strategy, but did create explainable rules. It is easy to

see that the core and support of the ANFIS from scratch rules define what types of values each rule

fires for. In ANFIS, the consequent component step creates a linear logical decision; the explainability

of the system resides within the antecedent firing parameters.

3.7 Summary and Future Work

Herein, we explored the role of neuro-fuzzy logic on a real-world problem, parts-based reasoning

of complex scenes for remote sensing. First, we showed a way to encode expert knowledge into a
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Table 3.2: Experimental Results

EXPERIMENT TP FP F1-SCORE

Expert Rules 341 37 90.93%
1) Human Replication 341 37 90.93%
2) ANFIS from Scratch 344 44 90.53%
3) Human Augmentation 335 16 92.67%

machine. Next, we showed that ANFIS could optimize this starting logic and find a better solution,

which makes sense because it is hard for a user to optimize their logic. The final machine logic could

be understood and explained back to the expert. However, the weakest part of the explanations are

the rule consequences, which are likely due to a type-one TSK inference formulation. Last, we also

showed that it is possible to learn the fuzzy logic system from scratch—even in light of the fact that

ANFIS is hindered by diminishing to dead gradients that lessen its ability to learn—and we found a

similar performing solution but with different logic. In summary, we demonstrated a way to take a

good explanation, from the human, to encode it into the machine and to improve on that logic. This

process is a good example of human-machine teaming and the answer was better than the machine

learned only solution likely due to the domain knowledge of the human.

In light of the above case study, a number of weaknesses were identified. First, another neuro-fuzzy

inference system beyond ANFIS needs to be used or ANFIS needs to be improved. There are severe

hindrances that restrict ANFIS from achieving desired logic. Next, we spent a lot of time trying to

get “good explanations”. However, what is a good explanation? That needs to be defined and likely

folded into the learning process if the goal is to find high quality answers that are also high quality

explanations to the expert. Last, we took the output from a set of parts-based detectors. In future

work it would be more beneficial if the machine could extract its own features, perhaps based on

aspects like spatial relationships between evidence in the scene. However, our concern is that the

quality degree of an explanation largely depends on the interpretability of the input; e.g., black box

in, black box out.
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Abstract

In this article, we explore the role and usefulness of parts-based spatial concept learning about

complex scenes. Specifically, we consider the process of teaching a spatially attributed graph how to

utilize parts-detectors and relative positions as attributes in order to learn concepts and to produce

human oriented explanations. First, we endow the graph with parts detectors and relative positions

to determine the possible range of attributes that will limit the types of concepts that are learned.

Next, we enable the graph to learn concepts in the context of recognizing structured objects in

imagery and the spatial relations between these objects. As the graph is learning concepts, we allow

human operators to give feedback on attribute knowledge, creating a system that can augment expert

knowledge for any similar task. Effectively, we show how to perform online concept learning of a

spatially attributed graph. This route was chosen due to the vast representational capabilities of

attributed graphs, and the low-data requirement of online learning. Finally, we explore how well

this method lends itself to human augmentation, leveraging human expertise to perform otherwise

difficult tasks for a machine. Our experiments shed light on the usefulness of spatially attributed

graphs utilizing online concept learning, and shows the way forward for more explainable image

reasoning machines.
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4.1 Introduction

In the last decade, we have seen an exponential rise in research and funding of machines that can

perform visual object detection exceptionally well. However, this advancement, primarily in regards to

standard measures of performance like F1, has originated from techniques that function as correlation

machines, rather than concept learners. While a success no doubt, these so-called black box machines

arguably generate more problems than solutions. One major problem is the explainability and

accountability of these machines, which generate no natural explanations and don’t promise similar

outcomes under similar circumstances. Explainable AI (XAI) attempts to rectify this in one way

by developing novel techniques to perform concept learning rather than correlation learning. In

essence, concept learning is the search for attributes that are used to distinguish exemplars from

non-exemplars of a certain category. This is inherently explainable due to the ability to point to the

attributes that did or did not lead to a decision made by the machine. Furthermore, the inclusion

of a human in the loop provides oversight and faster machine learning from the interaction of the

human and machine. While broad in scope, there are many application areas that can benefit from

concept learning based on human interaction and XAI, including computer vision, geospatial sensing,

pattern recognition, object detection, natural language processing, and more. In the context of

this paper, we are less focused on specific application, and more focused on the dialogue that is

created between human and machine when using explainable AI techniques. An explainable AI

machine can naturally generate explanations for decisions, a human in the loop can evaluate these

explanations and decisions and provide feedback, and the machine accepts the feedback to improve

concept definitions, leading to better explanations and performance.

The contributions of this article are as follows. First, we discuss the high-level benefits and

drawbacks of concept learning based on human interaction and explainable AI, along with discussing

some potential application areas. Second, we describe the low-level methods and techniques of

our machine, and the spatially attributed graph that combines these techniques into one learner.

Third, we illustrate the explanation-feedback loop of concept learning with the human in the loop,

highlighting the knowledge that the machine is using, the generated explanations, how humans can

provide feedback, and the improvements for both human and machine that this technique provides.

Finally, we provide an example of what concept learning of a spatially attributed graph with human

interaction would look like on a synthetic concept example, and show how this method would benefit

a scenario where a difficult false positive is encountered.
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Figure 4.1: A humorous XKCD comic showing some of the problems with correlation machine
learning techniques and their inherent lack of explainability. From xkcd.com/1838/.

The remainder of this article is organized as follows. In Section 4.2, we discuss the high level

overview of the method, and some specific applications. Section 4.3 discusses concept learning,

spatially attributed graphs, human interaction, parts detectors, and spatial relations. Section 4.4

discusses the overall method and how the specific methods are combined. Section 4.5 provides an

example of the method, followed by a summary and future work.

4.2 Big Picture

Computational solutions to problems do not always make intuitive sense to humans, especially when

the pile of equations used to solve the problem gets larger and larger (see Figure 4.1). Machines

solve tasks using the mathematical techniques we endow them with. When the techniques aren’t

interpretable, there is little hope for creating an explanation. Fuzzy uncertainty is an effective way

of dealing with many of the problems that come up in machine learning. Unfortunately, many

methods cannot adequately handle processes with fuzzy uncertainty, which leads to worse decisions

and explanations. However, when interpretable math techniques are used, explanations naturally

exist, and because of this a human can interpret what the machine is doing, and provide feedback[35].

Interpretable explanations require that a human can view the computation the machine is performing
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Figure 4.2: The big picture of where we want to go with machine learning – explainable human-
machine interaction. The human gives the machine a problem to solve, the machine provides an
explainable solution, it’s wrong, but since the explanation is interpretable, the human is able to
provide feedback, and the machine corrects its concept model. Admittedly, not as humorous.

and understand exactly what is going on. This type of explanation allows the human to both

trust what the machine is doing and easily understand where and why the machine makes mistakes.

Furthermore, actionable explanations allow the human to provide feedback to the machine by

correcting the mistakes made by the machine. This is useful because there is no conversion step

needed between feedback and update, maintaining the full explainability of the feedback.

Features and the relationships between features are used to distinguish exemplars of a concept

from non-exemplars [36]. A machine can represent features and relationships between features as a

model, and this model can be learned from data and human interaction. In Figure 4.2, an example

dialogue between human and machine is shown. The human has pre-trained the machine to learn a

concept model based on features and the relationships between features. Input data is then given to

the machine, and it utilizes the learned model to determine if the data is representative of the concept

or not. This determination is made based on the presence of certain features, and how well the

relationships between these features match with the learned concept model. The machine’s answer

explains exactly what features and relationships contributed to the decision as well as the degree to

which each feature and relationship contributed. Because the explanation can represent the entire

chain from input to computation to output, the human can easily interpret why the machine made

a certain decision[37]. Of course, this explanation could be too much information for the user; the

scope of the explanation can be intelligently limited. The explanations provide the perfect interface
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for the human to provide actionable feedback to adjust the concept model. This feedback can adjust

which features are important, how present they must be, which relationships are important, and the

nature of those relationships. It is then straightforward for the machine to update its concept model

to reflect the feedback provided by the human.

The process of updating the concept model lends itself well to tackling important problems related

to concept drift and concept evolution [38]. There isn’t always curated data to train on, leading to

systems that may not generalize well, and overfit the data. Streaming data is a good way to address

this problem, but leads to problems of its own. The concepts that were initially designed may need

to be updated or changed to reflect the changing meaning of those concepts, and our method can

allow for these changes thanks to the human feedback and update abilities.

This method is particularly well-suited to complex scenes and objects that have regular spatial

attributes. Figure 4.3a shows how airplane identification follows spatial patterns with changing

objects. The figure details the shapes and spatial relations involved with recognizing friendly aircraft.

These are very distinct spatial relationships that lend themselves to classification [39]. Figure 4.3b

shows geospatial reasoning over complex scenes, which can be simplified to reasoning over individual

parts and their spatial relationships to one another. The individual parts of a construction site can

include things like work trucks, engineering vehicles, cranes, etc. These parts can then be reasoned

about spatially to determine if the scene involves construction. Figure 4.3c shows an example of

sentiment understanding. The process can be improved by tracking changing spatial relationships of

individual facial features to one another. In this case, the shape of the mouth changes relative to the

other features of the face, leading to a likely change in sentiment. Other applications involving visual

reasoning [40] could be good use cases for our method.

4.3 Specific Methods

4.3.1 Concept Learning

The driving force behind choosing concept learning as the paradigm to view our general problem

through is the explainability benefit. Our goal here is not to completely replace pattern recognition

as a technique, but rather to rely less on it for complex scenes and objects. Similarly to how complex

scenes can be broken up into their constituent objects, complex objects can be broken up into their

constituent features. Building a reasoning machine from simpler pattern recognition tasks allows for

greater explainability. Complex pattern recognition systems, e.g. CNNs, have no specific, defined
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(a) Airplane identification from 1942

(b) Geospatial reasoning

(c) Sentiment analysis

Figure 4.3: Some application areas for concept learning based on human-interaction and explainable
AI
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internal method for dealing with sub-features, causing these techniques to appear as a black box. A

system informed by simpler parts detectors that then reasons on top of the simple parts is by-design

more explainable since all of the simpler features are built into the system and easily interpretable.

We call this technique concept learning because it serves as a good reference for reasoning over

features to identify larger concepts/objects/scenes [37]. Simply put, we are moving the pattern

recognition layer one level down from object detection to parts detection, and then performing

concept learning on the parts to determine the presence of an object. Since this method is more

explainable, humans can easily interpret the reasoning behind decisions made by the machine, which

also provides a common language for humans to give feedback to the machine[35].

4.3.2 Spatially Attributed Graph

Our main goal in building the framework of this technique is to learn concepts from features. The

learning process utilizes the features themselves, and also the relationships between features [36][41].

The features and relationships are analogous to the nodes and edges of a graph, as shown in Figure

4.4. The features are parts detectors, and the relationships are spatial relations between parts.

This natural graph structure and the usage of spatial attributes is combined into the term spatially

attributed graph [17]. Here, the nodes of the graph represent the parts detectors used in the system.

The edges represent every relationship and function defined between parts in the system. Formally,

within the system there exists F , the set of all features. Specific features are denoted as Fi. The set

of all possible relationships is denoted as R, with each unique type of relationship denoted Rt, where

t is the type of relationship (distance, histogram of forces, etc.). Finally, each relationship applies

to multiple features, denoted with a subscript as Rt
ij , where ij are all nodes that the relationship

relates together, in the direction i to j if needed. In the next subsections, we discuss some of the

specific parts and relationships used.

4.3.3 Human Interaction

A driving force behind the choice of concept learning a spatially attributed graph is the natural

interaction humans can have with those specific techniques. Concept learning allows humans to give

feedback to machines in order to teach them how to better recognize a concept. It is a paradigm

that allows for human-in-the-loop interaction[42]. In a spatially attributed graph, the behavior of

each node and edge is interpretable, allowing the human to see exactly how each node and edge

contributes to the decision. Using this setup, when a machine makes a wrong decision, we can see
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Figure 4.4: On the left, an image containing three features (the circle, square, and triangle). The
gray arrows between the features represent the different relationships between features (distances,
spatial relations, etc.).The features and relationships between features directly translate to the nodes
and the edges between nodes of a graph, shown on the right.

precisely which nodes and edges don’t fit with the concept definition. The language of the spatially

attributed graph allows us to communicate which nodes or edges are wrong, and how to fix them to

better represent the concept.

Finally, the human in the loop has direct supervision over the learning process, since the human

can provide precise feedback to directly change the feature or relationship that was incorrect. This

can help prevent large errors from dominating a system, and allows for faster machine learning. This

is particularly helpful for problems that require a high-degree of accuracy, yet are limited in the

amount of training data they have.

4.3.4 Parts Detectors

Any type of parts detector can be used in our system. We don’t do anything to deal with the

uncertainty of the parts detectors, we treat them as a given. Currently, black-box architectures

perform well at simple pattern recognition tasks[43]. We seek to utilize state-of-the-art parts detectors

at the low-level, while focusing on the explainability and human interaction benefits of spatially

attributed graph concept learning at the high-level. This combination allows us to use the advantages

produced by state of the art parts detectors, but also not fully trust their outputs, letting us deal

with the uncertainty at a higher level.

4.3.5 Spatial Relations

Concepts are learned from independent features, but the relationships between features provides

important contextual details that allow for richer concepts to be developed by a machine. Spatial
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Figure 4.5: Two objects exist in the image on the left; the blue blob in the top right is “above and to
the right” of the green blob in the bottom left of the image. The Histogram of Forces for these two
objects is shown on the right.

relationships are implicitly explainable, since they are interpreted by humans easily. For example,

an object that exists at 90 degrees to another object could easily be interpreted as “to the right”

(depending on reference frame), since spatial relationships are concepts that humans are very familiar

with. Many different ways of relating objects spatially have been developed; here we focus on binary

relationships. Simple relationships such as relative distances are trivial to define and can change

based on context.

We use histograms of forces as one of the key tools to relate objects spatially. This type of relation

calculates the force exerted by some object B on some object A, at all angles −π to π, and creates

a histogram representing the force at every angle[18]. The force at an angle relates the number of

particles of object B encountered by vectors emanating from A, and the distance those particles are

relative to A. As shown in Figure 4.5, the histogram is built from scenes where one object exerts

force on another object; this force represents the direction and intensity of that force at all angles

emanating outward from the argument object. This creates a histogram that is interpreted as the

relative spatial positioning of the referent object to the argument object. In the case of Figure 4.5,

it is clear that the blue blob in the top right is “above and to the right” of the green blob in the

bottom left. The histogram to the right in the figure shows this as the force being most intense at

and angle of π/4. The histogram is the description of the spatial relationship, and can be translated

into linguistic descriptions like “above and to the right”. This histogram can then inform linguistic

descriptions of scenes[18]. Histograms are compared to one another using similarity functions, as

defined in [44], which provides the basis for how they are used in spatially attributed graph concept

learning.
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4.4 Overall Method

4.4.1 Combining Features and Relationships into a Graph

For the purposes of this paper, we assume that concepts are partially constructed, and we focus on

the human machine interaction. The spatially attributed graph model is composed of nodes and edges.

The nodes are chosen from the set of features, or parts, that currently have parts detectors in the

system. These parts detectors independently analyze the image data for their respective parts, acting

as modular components that are added and removed as necessary. The edges are comprised of all

relationships between two parts that are currently defined in the system. These spatial relationships

are also modular, since different relations can be defined based on the problem domain. Simply,

the nodes and edges come from the features found in the input data, and the relationships between

features, respectively. The graph is limited by the total number of parts detectors in the system.

Features that are not detectable by the system cannot be included in the graph, which is a limitation

for all machine learning systems. Similarly, relationships that have not been defined are impossible

to detect and add to the graph. This is to say that the possible combinations of nodes and edges are

limited to what is detectable by the system (nodes), and what we have defined to be relationships

between nodes (edges). This limited set of nodes and edges forms the shared “language” that machine

and human can use to create and refine concepts. In the context of images in space, we refer to this

as a spatially attributed graph, since the nodes and edges have spatial attributes. An example of

this limited language is shown in Figure 4.6, where three different objects are currently detected, and

all other objects in the scene are not part of the shared language of that system.

4.4.2 From Input to Concept Graph

This graph model can represent a concept present in an image by including features of the concept

(nodes) and specific relationships between those features (edges) from the total set of features and

relationships available in the system. The presence of each unique feature is determined from the set

of parts detectors in the system. Using parts detectors introduces some uncertainty into the system,

so the presence of each part can have a relative match strength, e.g. a number between 0 and 1 of

how present that part is in the image. This presence value is used to determine which features from

the total set of detectable features are present in any given input image. Once the present features

are determined, each spatial relationship between features is calculated. These relationships can be

of any arity, but for our purposes as defined in the previous section, we use binary relationships.
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Figure 4.6: In this scene, three different types of objects are currently being detected by their
respective parts detectors, the red box is medium trucks, the green boxes are small trucks, and the
yellow box is a crane. Currently, concepts can only be built using these parts, since all other parts of
the image are not being detected at this time – they are unknown to the system.
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Figure 4.7: Each feature in the image on the left maps to a node in the graph on the right. Specifically,
Node 1 = right circle, Node 2 = left circle, Node 3 = triangle, Node 4 = crescent, Node 5 = outer
oval

These relationships, along with the features themselves, form the complete spatially attributed graph

for the given input image. This graph model is easily interpretable, since for each input image, every

feature that was detected and the relationships between features are easy to inspect. Specifically, to

demonstrate what the process would look like, we will look at the example of a cartoon face shown

in Figure 4.7. In this Figure, each of the five features of the cartoon face in the image on the left

map to nodes on the graph. This example is simple to describe, and recognizable as an example that

heavily depends on the relationships between features.

4.4.3 Learning a Concept from Scratch

For the purposes of human-machine interaction, and for the sake of speed, a human expert can define

an approximate concept using the shared language of the spatially attributed graph by selecting

important features and relationships. The process of defining a concept is as simple as selecting

which features must be present, and then determining the approximate spatial relations between

features. The problem of learning the concept from scratch is currently unsolved, and outside of

the scope of this paper. We don’t discuss exactly how to learn the concept, instead we focus on

comparing concepts and the human feedback loop of concept learning.

4.4.4 Comparing Concept Graphs

The graph model representing the input image will be referred to as the input graph, and the graph

model representing the existing concept model will be referred to at the reference graph. It is easy

to determine which features and relationships are necessary for a given concept by analyzing the

reference graph. Each specific required feature is present in the reference graph, and the relationships
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between each feature are easily inspected to determine the spatial relationships between features.

The input graph is compared to the reference graph to determine if the necessary concept features in

the reference graph are all present in the input graph.

Using Figure 4.8 as an example, we can see that the reference graph on top contains 5 nodes,

each specifying a specific feature. The input graph on bottom contains those same five nodes. If

there are more or fewer features present in the input graph compared to the reference graph, then

the concept is not present, by definition. However, extra or missing features do not necessarily mean

that the input data does not demonstrate the concept or at least a partial concept, both of which

can be useful. Due to the fuzzy nature of defining concepts, partial concepts may be present in

images and will need to be dealt with, e.g. by forming a new concept, removing requirements from

the current concept, etc. Humans can easily verify visually that the same features are present in

both images. The spatial relationships between features are compared depending on the type of

relationship. If the relationships are relative distances, the scalars are compared using allowable

plus/minus thresholds, or a matter of degree represented by a fuzzy set. If the relationships are

relative positions using histograms of forces, the histograms are compared using similarity functions.

Of course, spatial relationships don’t necessarily have to perfectly match. Thresholds of allowable

deviation are set to allow for some variation in spatial positioning.

Depending on how each node and edge is compared, the overall graph comparison is determined

using any combination function – minimum usually makes sense, because if any part of the input is

wrong, the entire input doesn’t fit the concept. Again, if this isn’t the case, the human can provide

feedback to the machine to learn a better concept. In Figure 4.8, the spatial relationship between

Nodes 1 and 2 are shown on the right. Nodes 1 and 2 (the right eye and left eye of the cartoon face),

are the same relative distance away from each other in both images, but the histogram of forces

clearly shows that they are at different relative positions in the different images. The similarity

between the two histograms is low, which shows that the input image does not match the reference

image. This overall comparison leads to the decision of whether a concept is found within the input

image or not.

4.4.5 Feedback Loop

For an input, the machine computes the spatially attributed graph and performs the comparison to

the reference graph, deciding if the concept is present or not. Any of the set of features, relationships,

and comparisons leading to the final decision can then be displayed to the human expert for evaluation,
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Figure 4.8: The comparison between input graph and reference graph. Note that while Features 1
and 2 are the same distance in both, and the histograms look similar, the histogram mean is at a
different angle for the two graphs.

as shown in Figure 4.8. Of course, all of these are displayed easily, showing the full explainability

of the system, but this could also be an overwhelming amount of information, given the problem

domain. The human is able to analyze each step that led to the decision and determine if the decision

is correct or incorrect, and either way, if any of the steps were correct or incorrect. The human can

then provide feedback of varying degrees and specificity explaining what aspects are incorrect, and

why, using the common language of the spatially attributed graph. An example of what this looks

like is shown in Figure 4.9. In the example, the human gives linguistic feedback, specifically the

term “farther”. The machine uses this to shrink the allowable histogram of forces between the two

objects to better match the intended relationship based on the term “farther”. Using feedback, the

machine can refine the features, relationships, thresholds, and comparisons to better represent the

given concept. This process can then be repeated for more input images, and even the same input

image to compare performance of concepts as they develop across time.

4.5 Example

4.5.1 Prototype

Here, we call the allowable ranges for each feature and relationship the prototype of the concept.

This prototype represents the currently defined concept, including all relevant features, and the

49



Figure 4.9: An example of the shared language the human can use to provide feedback to the machine
to assist in concept learning. The machine has a method of translating the linguistic term “farther”
into an operation on the histogram values to reduce the allowable force.
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Figure 4.10: An example of the shared language the human can use to provide feedback to the
machine to assist in concept learning.

specifics of the relationships allowed. We use the cartoon face example because it does a good

job of demonstrating why this technique is useful: specifically, because each feature is distinct and

detectable, and the relationships between features defines whether or not the features represent a

cartoon face or not. The prototype can be represented using crisp relationships with margins of error,

or fuzzy relationships that build uncertainty into the relationship directly. The visual representation

of the prototype, shown in Figure 4.10, is meant to show roughly where the allowable spatial positions

for each feature are, based on the allowable spatial relations between features The prototype on

the left represents the core of each image allowable spatial position, along with a higher and lower

confidence interval to show the range of positions into which each feature could fit. The spatial

relations, in effect, constrain the features to certain positions relative to one another. Of course,

the figure doesn’t show the relative angles or distances between individual features – for example,

the right eye should be 0 degrees (to the right) of the left eye, and can’t be at -2 or +2 degrees.

These constraints allow the machine to determine if the image represents a certain concept or not.

The flexibility in the constraints allows the machine to deal with uncertainty, as shown in the more

translucent areas surrounding each crisp feature on the prototype.

4.5.2 Difficult False Positive

Here, we show what would happen when a false-positive is shown to the system, i.e. an input image

that presents the current features and relationships of the prototype, but shouldn’t, so the human

has an opportunity to demonstrate the process of fixing this. In Figure 4.11, we see an image that

currently matches the prototype for all features. The prototypical relationship between the eyes,
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Figure 4.11: Input image on the left, overlaid on top of the prototype image. a.) is the prototype
relationship of right eye to left eye. b.) is the input image HoF. c.) is the updated prototype after
human feedback.

Nodes 1 and 2, is shown in every histogram. Histogram a.) shows the allowable spatial relation

between the eyes for the protoype initially. Since histogram b.), which shows the relationship between

the eyes for the input image, clearly falls within the allowable region defined in histogram a.), the

prototype needs to be refined to specify the relationship better. The human expert has decided that

this cartoon face does not satisfy their concept of a face, so provides feedback to the machine that

the right eye is too far above the left eye. The human feedback triggers and update to the prototype,

which leads to the refined prototype relationship shown in histogram c.), where the relationship

between the eyes has been specified to allow fewer angles.

4.6 Conclusion

In this article, we explored concept learning based on human interaction and explainable AI. In

the context of parts-based concept learning about complex scenes, we showed how features found

using parts detectors act as nodes in a graph, and the spatial relations between features act as edges,

creating a spatially attributed graph. We discussed the process of inputting an image into this

system, and how the image data forms the spatially attributed graph. Next, we showed how concepts

are represented in the spatially attributed graph, and the current state of learning a concept from

data. Next, we showed how concepts are compared across different graphs due to the interpretable

nature of the graphs, allowing humans to understand and take part in the process. This naturally

leads to the opportunity for human interaction, where humans can improve the system using the

shared language of the spatially attributed graph. Effectively, we showed how to perform online
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concept learning of a spatially attributed graph. We emphasized the explainability of this method by

demonstrating the process using a synthetic example, helping to show the way forward towards more

explainable artificial intelligence.
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Chapter 5

CONCLUSION

5.1 Summary

In summary, this thesis attempted to build an XAI system to address problems with AI safety, mainly

the lack of a system combining explicit knowledge representation, concept learning, and human

feedback. To this end, I implemented Type-1 TSK ANFIS in PyTorch, and attempted to improve

performance using possibilistic clustering. After implementing and testing, I found some problems

with the logic learned. Further experimentation performing parts-based reasoning further showed

limitations to ANFIS. While it could replicate and improve on human rules, learning rules from

scratch proved much more challenging. “Good logic” was not learned by the system, instead we

showed that due to diminishing and dead gradients in ANFIS, many bad types of rules were learned

like “dead” rules and “noisy” rules. This showed that more constraints or other mechanisms to

enforce good logic are necessary for ANFIS to really shine. This led to our exploration into different

explicit techniques to perform concept learning, where we tried to focus more on creating a feedback

loop using a human expert. We just got started on that last area or research, which leads to the

future work necessary to make this explainable logic system function.

5.2 Future Work

In the future, more work needs to be done to address the problems with ANFIS. The dead and

diminishing gradients lead to poor logic, so the gradient descent part of the ANFIS algorithm needs

updates or revisions to learn better logic rules. Furthermore, we discussed using a SARG to perform

concept learning, and did not get far enough to evaluate whether this structure is an improvement

over ANFIS or not. Concept learning using features and relationships is a layer above correlation
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learning, but the features are still learned using correlation techniques. This may be the best solution

in the end, but more work is needed to evaluate the safety of using correlation techniques at that

level of learning. Further research must be performed into the human feedback loop. We did not

define what type of information is best to pass between human and machine, nor how this should be

done in practice. We did not evaluate any human factors during the course of this research, so that

needs to be done as well. Finally, more rigorous definitions of safety and explainability need to be

applied to AI research to ensure that future machines stay aligned to our human values.

Much work needs to be done in the future to improve the systems outlined in this thesis. Neuro

fuzzy logic gradient descent learning needs a major overhaul to fix problems with dead and diminishing

rules, especially if we want to stay committed to being able to incorporate neuro-fuzzy with existing

neural algorithms. We need to find a way to incorporate metrics of “goodness” into the learning

process, either as a cost function, constraints, etc., to encourage better rules. Further, to create better

rules, membership functions need some form of “shrinkage” to be able to better fit the data. We

saw problems with noise, so some technique needs to be developed to address that. Next, there isn’t

consensus on what constitutes an explainable deep fuzzy logic system, and more exploration needs to

be done to make the algorithm more transparent. If the inputs/outputs aren’t 100% explainable by

themselves, what makes an explanation? Finally, how do we use the rules/logic learning by ANFIS

to generate an explanation? I think the work done here is a good start, but many of these questions

need to be addressed to create a more effective and explainable ANFIS.

Next, the application of ANFIS brought up some future questions. How do we best make use of

human knowledge/rules prior to training? During training, how do we best make use of human-in-the-

loop feedback? When doing so, how do we align this feedback and learn the humans true intentions,

so that human bias doesn’t negatively impact the learning process? We defined rules on parts, but

can we further define rules that incorporate the parts to learn concepts better? We must analyze the

trade offs between performance and explainability, and see if we can do both, or if explanation comes

at the cost of worse performance. In our application, we used CNNs to perform parts detection, and

I wonder if this is the best method to feed parts to ANFIS. How do we handle variable numbers of

parts, and how do we learn ANFIS rules on the fly with different parts appearing?

Finally, I made good progress on the SARG route, but many questions are left unanswered. What

if parts are missing? What if there are extra parts? How do we learn concepts on the fly using many

different parts detectors? Ideally, I’m picturing a system that can update concepts based on human

feedback using whatever parts that system can currently detect, without the human having to specify

each part. How do we learn to do this? Furthermore, can we reason about what the machine learns
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when doing this, and can the machine generate a satisfactory explanation? Human feedback is a

promising research route, yet we need to determine how to “optimally” interact with a human to

learn their preferences, and ideally, none of their biases, to truly learn the intention of the human.

Much work needs to be done to create more explainable parts-based concept modeling and reasoning

machines.
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