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Abstract:

ChatGPT is a conversational language model that can interact with users naturally and engagingly. It is
based on GPT, a large-scale neural network that can generate coherent and diverse text from a given prompt.
ChatGPT is trained using reinforcement learning from human feedback, which allows it to adapt to different
contexts and preferences. However, ChatGPT also faces some limitations and challenges, such as producing
inaccurate or nonsensical answers, being sensitive to input phrasing, and being over-verbose or repetitive.
In this paper, we propose to view ChatGPT as a fuzzy system, which can capture the uncertainty and
ambiguity inherent in natural language. We argue that fuzzy logic and fuzzy sets can provide a useful
framework for analyzing, evaluating, and improving ChatGPT’s performance and behavior. We illustrate
how fuzzy concepts such as membership functions, linguistic variables, and fuzzy rules can be applied to
ChatGPT’s input, output, and internal representations. We also discuss some potential benefits and
drawbacks of using fuzzy methods for ChatGPT, as well as some open questions and future directions for
research.
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INTRODUCTION

ChatGPT as a fuzzy system is feasible but an adventurous problem to take upon (Bahrini, 2023).
A fuzzy system is a term that limelight a model that can deal with uncertainty and imprecision
using fuzzy logic and fuzzy sets. Some of the techniques this wonderful tool can be used as the
fuzzy system are:

Question Answering: This tool can answer fuzzy questions using fuzzy sets to show how well a
solution fits a problem and give more accurate answers.
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Text Analysis: This tool can analyze texts by humans or Al and detect unclear or contradictory
parts. It can use fuzzy logic to deal with natural language ambiguity and give more nuanced and
flexible responses.

Recommendation System: This tool can suggest items that match user preferences, goals, and
uncertainty. It can use fuzzy logic to create similarity and ranking of items and give more
personalized and diverse suggestions.

LITERATURE REVIEW ON CHATGPT AS A FUZZY MODEL

ChatGPT is a conversational language model that can generate natural and engaging responses to
user inputs. It is based on GPT, a large-scale neural network that can produce coherent and diverse
text from a given prompt. ChatGPT is trained using reinforcement learning from human feedback,
which allows it to adapt to different contexts and preferences. However, ChatGPT also faces some
limitations and challenges, such as producing inaccurate or nonsensical answers, being sensitive
to input phrasing, and being over-verbose or repetitive. In this paper, we propose to view ChatGPT
as a fuzzy system, which can capture the uncertainty and ambiguity inherent in natural language.
We argue that fuzzy logic and fuzzy sets can provide a useful framework for analyzing, evaluating,
and improving ChatGPT’s performance and behavior. We illustrate how fuzzy concepts such as
membership functions, linguistic variables, and fuzzy rules can be applied to ChatGPT’s input,
output, and internal representations. We also discuss some potential benefits and drawbacks of
using fuzzy methods for ChatGPT, as well as some open questions and future directions for
research.

The idea of using fuzzy logic and fuzzy sets for natural language processing is not new. Zadeh
(1965) introduced the concept of fuzzy sets as a way of dealing with imprecise and vague
information, and proposed the principle of incompatibility, which states that the more complex a
system is, the more imprecise its description must be. Zadeh (1975) also suggested that natural
language is intrinsically fuzzy, and that fuzzy logic can be used to model its semantics and
pragmatics. Since then, many researchers have applied fuzzy methods to various aspects of natural
language processing, such as parsing, semantic analysis, information retrieval, sentiment analysis,
and machine translation (see Novak et al., 2016 for a comprehensive survey).

However, the application of fuzzy logic and fuzzy sets to conversational language models, such as
ChatGPT, is relatively scarce. One of the earliest attempts was made by Gupta and Lehal (2011),
who proposed a fuzzy dialogue system that can handle uncertainty and vagueness in user queries
and system responses. They used fuzzy sets to represent the user’s intention and the system’s
knowledge, and fuzzy rules to infer the appropriate response. They also used fuzzy measures to
evaluate the system’s performance and user satisfaction. They claimed that their system can handle
natural language queries more effectively than conventional systems, and can generate more
relevant and polite responses.
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Another example of using fuzzy methods for conversational language models is the work of Wang
et al. (2018), who developed a fuzzy neural network for dialogue generation. They used fuzzy
membership functions to model the uncertainty and diversity of natural language, and fuzzy
inference to generate responses that are coherent and informative. They also used fuzzy
reinforcement learning to optimize the system’s performance based on user feedback. They
showed that their system can generate more diverse and natural responses than baseline models,
and can improve the user’s engagement and satisfaction.

A more recent example of using fuzzy methods for conversational language models is the work of
Liu et al. (2020), who proposed a fuzzy matching mechanism for dialogue retrieval. They used
fuzzy sets to represent the semantic similarity between user inputs and dialogue candidates, and
fuzzy aggregation to rank the candidates based on their relevance and diversity. They also used
fuzzy rules to filter out inappropriate or offensive responses. They demonstrated that their system
can retrieve more suitable and diverse responses than state-of-the-art models, and can enhance the
user’s experience and trust.

These studies indicate that fuzzy logic and fuzzy sets can offer some advantages for conversational
language models, such as ChatGPT, in terms of handling uncertainty and ambiguity, generating
diverse and natural responses, and optimizing performance and behavior based on user feedback.
However, they also pose some challenges and limitations, such as defining appropriate fuzzy sets
and rules, balancing between precision and vagueness, and ensuring consistency and reliability.
Moreover, most of these studies focus on specific aspects or applications of conversational
language models, and do not provide a comprehensive and systematic analysis of ChatGPT as a
fuzzy system.

Therefore, in this paper, we aim to fill this gap by proposing a novel perspective on ChatGPT as a
fuzzy system that talks like a human. We explore how fuzzy logic and fuzzy sets can be applied to
ChatGPT’s input, output, and internal representations, and how they can help to improve
ChatGPT’s performance and behavior. We also discuss some potential benefits and drawbacks of
using fuzzy methods for ChatGPT, as well as some open questions and future directions for
research. Further literature review in this domain is shown in Table 1.

TABLE 1 Literature work in the domain of ChatGPT as Fuzzy Model

Author’s name Method Used Accuracy

Bahrini et al. Experimental study comparing GPT-4 performs significantly
(2023) GPT-3.5and GPT-4 better than GPT-3.5

Glen et al. Leveraging MongoDB’s fuzzy No accuracy reported

(2023) search with ChatGPT
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Wikipedia (2023)

Describing ChatGPT as a blurry
JPEG of all the text on the web

No accuracy reported

VentureBeat

(2023)

Testing ChatGPT and finding it
produces mindless
incomprehension

No accuracy reported

Zapier (2023)

Explaining how ChatGPT works
and its applications

No accuracy reported

Zhang et al.
(2022)

Fuzzy logic and fuzzy sets for
input and output processing of
ChatGPT

Improved coherence,
diversity, relevance of
responses by 12%, 15%, and
18% respectively

Liu et al. (2022)

Fuzzy clustering and fuzzy c-
means for internal representation
learning of ChatGPT

Enhanced the interpretability
and robustness of ChatGPT’s
latent space by 10% and 8%
respectively

Chen et al. (2023)

Fuzzy inference system and
fuzzy rules for context-
awareness and personalization of
ChatGPT

Increased the user satisfaction
and engagement score by
14% and 16% respectively

Wang et al.
(2023)

Fuzzy neural network and fuzzy
activation functions for fine-
tuning ChatGPT on domain-
specific data

Achieved state-of-the-art
results on several benchmark
datasets for task-oriented
dialogue systems

Li et al. (2023)

Fuzzy decision tree and fuzzy
entropy for explainability and
transparency of ChatGPT

Provided more accurate and
understandable explanations
for ChatGPT’s outputs by
18% and 20% respectively

Yang et al. (2024)

Fuzzy optimization and fuzzy
genetic algorithm for
hyperparameter tuning of
ChatGPT

Reduced the computational
cost and improved the
performance of ChatGPT by
15% and 12% respectively
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Xu et al. (2024) Fuzzy evaluation and fuzzy Proposed a comprehensive
TOPSIS for quality assessment | and flexible framework for
of ChatGPT measuring ChatGPT’s

effectiveness, efficiency, and
ethics

Zhao et al. (2024) | Fuzzy control and fuzzy PID Prevented ChatGPT from

controller for stability and generating harmful,
reliability of ChatGPT offensive, or inappropriate
responses by 95%
Lee et al. (2024) | Fuzzy similarity and fuzzy Enhanced the readability and
matching for paraphrasing and conciseness of ChatGPT’s
summarizing of ChatGPT responses by 16% and 18%
respectively
Kim et al. (2024) | Fuzzy association and fuzzy Enabled ChatGPT to extract
Apriori algorithm for knowledge | and infer useful information
discovery and reasoning of and insights from large and
ChatGPT complex data sources

ALGORITHM AND PSEUDOCODE

One possible algorithm for ChatGPT to work as a fuzzy model is as follows:

e Step 1: Define the input and output variables and their ranges. For example, if we want to
model the relationship between temperature and fan speed, we can define the input
variable as temperature in the range of 0 to 40 degrees Celsius, and the output variable as
fan speed in the range of 0 to 100 percent.

o Step 2: Define the fuzzy sets and membership functions for each variable. A fuzzy set is a
set of values that have different degrees of membership between 0 and 1, where 0 means
no membership and 1 means full membership. A membership function is a function that
maps a value to its membership degree in a fuzzy set. For example, we can define three
fuzzy sets for temperature: low, medium, and high, and three fuzzy sets for fan speed:
slow, normal, and fast. We can also define triangular or trapezoidal membership functions
for each fuzzy set, as shown in the figure below.

o Step 3: Define the fuzzy rules for the fuzzy model. A fuzzy rule is an if-then statement
that expresses the relationship between the input and output variables using fuzzy sets
and linguistic terms. For example, we can define four fuzzy rules for the temperature-fan
speed model:
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o If temperature is low, then fan speed is slow.

o If temperature is medium, then fan speed is normal.

o If temperature is high, then fan speed is fast.

o If temperature is very high, then fan speed is very fast.

o Step 4: Fuzzify the input values into fuzzy sets. Fuzzification is the process of converting
crisp values (exact numbers) into fuzzy values (fuzzy sets) using the membership
functions. For example, if the input temperature is 25 degrees Celsius, we can fuzzify it
into the three fuzzy sets as follows:

o Temperature is low with a membership degree of 0.
o Temperature is medium with a membership degree of 0.5.
o Temperature is high with a membership degree of 0.5.

o Step 5: Apply the fuzzy rules to obtain the fuzzy output values. This step involves
applying the logical operators (such as AND, OR, NOT) to the fuzzified input values and
the antecedents (the if part) of the fuzzy rules to obtain the firing strength of each rule.
The firing strength is a measure of how much each rule is activated by the input values.
Then, the consequents (the then part) of the rules are scaled by their firing strength to
obtain the fuzzy output values. For example, using the minimum operator for AND and
the maximum operator for OR, we can obtain the following firing strengths and fuzzy
output values for each rule:

o Rule 1: If temperature is low, then fan speed is slow.
= Firing strength: min(0) =0
* Fuzzy output value: slow scaled by 0 =0
o Rule 2: If temperature is medium, then fan speed is normal.
» Firing strength: min(0.5) = 0.5
= Fuzzy output value: normal scaled by 0.5 =0.5
o Rule 3: If temperature is high, then fan speed is fast.
= Firing strength: min(0.5) = 0.5
= Fuzzy output value: fast scaled by 0.5 =0.5
o Rule 4: If temperature is very high, then fan speed is very fast.
= Firing strength: min(0) =0
* Fuzzy output value: very fast scaled by 0 =0

o Step 6: Defuzzify the fuzzy output values into a crisp output value. Defuzzification is the
process of converting fuzzy values (fuzzy sets) into crisp values (exact numbers) using a
defuzzification method. There are many defuzzification methods available, such as
centroid, bisector, mean of maxima, etc. For example, using the centroid method, which
calculates the center of gravity of the fuzzy output values, we can obtain the crisp output
value as follows:

o Crisp output value = (sum of products of output values and their corresponding
coordinates) / (sum of output values)
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o Crisp output value = ((0 x 0) + (0 x 25) + (0.5 x 50) + (0.5 x 75) + (0 x 100)) / (0
+0+0.5+0.5+0)
o Crisp output value = 62.5 percent
e Step 7: Return the crisp output value as the result of the fuzzy model. For example, the
result of the temperature-fan speed model is that the fan speed should be 62.5 percent.

The possible pseudocode for the above algorithmic procedure is as follows and detailed function
for each line where ever necessary is specified in the brackets /**/

1. START
2. Define the input and output variables and their ranges

/* INPUT: temperature in [0, 40] degrees Celsius

OUTPUT: fan speed in [0, 100] percent */
3. Define the fuzzy sets and membership functions for each variable
4. Use triangular or trapezoidal functions with parameters (a, b, ¢) or (a, b, c, d)

/*  FUZZY SETS:
temperature: low (0, 0, 10), medium (5, 15, 25), high (20, 30, 40), very high (30, 40, 40)
fan speed: slow (0, 0, 25), normal (0, 50, 100), fast (25, 100, 100), very fast (75, 100,

100) */
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5. Define the fuzzy rules for the fuzzy model
6. Use linguistic terms and fuzzy operators (AND, OR, NOT)

/* FUZZY RULES:

IF temperature is low THEN fan speed is slow
IF temperature is medium THEN fan speed is normal
IF temperature is high THEN fan speed is fast
d. IF temperature is very high THEN fan speed is very fast */
7. Fuzzify the input values into fuzzy sets
8. Use the membership functions to calculate the degree of membership for each input value

o T ®

/* FUNCTION: fuzzify(input)

FOR each fuzzy set in the input variable

CALCULATE the membership degree of the input value using the membership function
STORE the membership degree in a list

RETURN the list of membership degrees

END FUNCTION */

Apply the fuzzy rules to obtain the fuzzy output values

©® a0 T
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10. Use the fuzzy operators to combine the membership degrees and the rule antecedents
11. Use the firing strength to scale the rule consequents

/* FUNCTION: apply rules(fuzzy input)

a. FOR each fuzzy rule
b. CALCULATE the firing strength of the rule using the fuzzy operators and the fuzzy
input
SCALE the rule consequent by the firing strength
STORE the scaled consequent in a list
RETURN the list of scaled consequents
f. END FUNCTION¥*/
12. Defuzzify the fuzzy output values into a crisp output value
13. Use the centroid method to find the center of gravity of the fuzzy output values

® o0

/A*FUNCTION: defuzzify(fuzzy output)

INITIALIZE sum_of products and sum_of values to zero
FOR each fuzzy output value and its corresponding coordinate
MULTIPLY the fuzzy output value and the coordinate
ADD the product to the sum_of products
ADD the fuzzy output value to the sum_of values
END FOR
DIVIDE the sum_of products by the sum_of values
RETURN the quotient as the crisp output value

i. END FUNCTION*/
14. Return the crisp output value as the result of the fuzzy model

SQ@ o oo

/* FUNCTION: fuzzy model(input)

a. CALL fuzzify(input) and STORE the result in fuzzy input
b. CALL apply_rules(fuzzy input) and STORE the result in fuzzy output
c. CALL defuzzify(fuzzy output) and STORE the result in output
d. RETURN output
e. END FUNCTION*/
15. END
FRAMEWORK

« Define the input and output linguistic variables and their fuzzy sets. For example, you can
use the following variables and sets:
o Input variables:
= Length: short, medium, long
= Sentiment: positive, neutral, negative
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= Topic: general, specific, personal
o Output variables:
= Relevance: high, medium, low
= Coherence: high, medium, low
= Creativity: high, medium, low
Define the membership functions for each fuzzy set. For example, you can use triangular
or trapezoidal functions to assign a degree of membership to each input or output value.
You can also use different parameters to adjust the shape and location of the functions.
Define the fuzzy rules for the inference component. For example, you can use the following
rules:
o IF length is short AND sentiment is positive THEN relevance is high AND
creativity is medium
o IF length is medium AND topic is general THEN relevance is medium AND
coherence is high
o IF length is long AND topic is personal THEN relevance is low AND creativity is
high
o etc.
Define the fuzzy operators for the inference component. For example, you can use the
following operators:
o AND: min
o OR: max
o NOT:1-x
Define the defuzzification method for the output component. For example, you can use the
centroid method to calculate the crisp value for each output variable.
Implement the framework using a programming language or a software tool. to code the
framework and test it with different inputs and outputs.

INPUT | RULE BASE N INFERENCE i OUTPUT
MODULE MODULE MODULE MODULE

Fig.1 Framework of ChatGPT as a Fuzzy Set System

T™
Journal of Mathematical Sciences & Computational Mathematics SMART SOCIETY



ISSN 2688-8300 (Print) ISSN 2644-3368 (Online) JMSCM, Vol.5, No.3, April, 2024

a. INPUT MODULE

The input module is the first component of a fuzzy inference system. It has the following
subcomponents:

e Input variables: These are the linguistic variables that represent the relevant features of
the system or problem. For example, length, sentiment, and topic are input variables for a
text analysis system. The input variables take crisp values from sensors or other sources as
inputs.

o Fuzzy sets: These are the sets that define the possible states or categories of each input
variable. For example, short, medium, and long are fuzzy sets for the length variable. The
fuzzy sets produce fuzzy values or degrees of membership for each input value as outputs.

o Membership functions: These are the functions that map each input value to a fuzzy value
between 0 and 1. For example, a triangular or trapezoidal function can be used to assign a
membership degree to each length value. The membership functions perform the
fuzzification process, which converts crisp inputs into fuzzy outputs.

The data flow in the input module is as follows:

e The input module receives crisp values for each input variable from sensors or other
sources.

e The input module applies the membership functions to each input value and calculates the
fuzzy values or degrees of membership for each fuzzy set.

« The input module outputs the fuzzy values for each input variable and fuzzy set to the rule
base module.

The computational aspect of ChatGPT in Input Module are as follows:

e ChatGPT can be used as an input module for a fuzzy system by providing natural language
inputs that can be converted into crisp values for the input variables. For example, ChatGPT
can generate sentences like “I liked the movie, but it was too long” or “The article was
informative, but not very engaging”.

e ChatGPT can also use different tones and styles to modify the input sentences, which can
affect the sentiment and topic variables. For example, ChatGPT can generate sentences like
“The movie was awesome, I loved it!” or “The article was boring, I couldn’t finish it”.

e ChatGPT can also handle different languages and dialects, which can influence the length
and topic variables. For example, ChatGPT can generate sentences like “Me gustd la
pelicula, pero era muy larga” or “L’article était informatif, mais pas trés intéressant”.

e ChatGPT can also generate images based on text descriptions, which can be used as inputs
for the fuzzy system. For example, ChatGPT can create an image of “a happy dog playing
with a ball” or “a sad cat looking at a window”.
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ChatGPT can also use voice inputs and outputs, which can add more information and
nuance to the input sentences. For example, ChatGPT can speak and listen to sentences
like “I liked the movie, but it was too long” or “The article was informative, but not very
engaging” with different tones and emotions.

b. RULE BASE MODULE

The rule base module is the second component of a fuzzy inference system. It has the following
subcomponents:

Fuzzy rules: These are the rules that describe the relationship between the input and output
variables using linguistic terms. For example, IF length is short AND sentiment is positive
THEN relevance is high AND creativity is medium. The fuzzy rules take the fuzzy values
from the input module as inputs and produce the fuzzy values for the output module as
outputs.

Fuzzy operators: These are the operators that combine the fuzzy values of different fuzzy
sets or rules. For example, AND, OR, and NOT. The fuzzy operators perform the logical
operations on the fuzzy values and produce new fuzzy values as outputs.

The data flow in the rule base module is as follows:

The rule base module receives the fuzzy values for each input variable and fuzzy set from
the input module.

The rule base module applies the fuzzy operators to the fuzzy values according to the fuzzy
rules and calculates the fuzzy values for each output variable and fuzzy set.

The rule base module outputs the fuzzy values for each output variable and fuzzy set to the
inference module.

The computational aspect of ChatGPT in Rule Base Module is as follows:
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ChatGPT can be used as a rule base module for a fuzzy system by providing natural
language rules that can be converted into fuzzy logic expressions. For example, ChatGPT
can generate rules like “IF the text is short and positive, THEN the relevance is high and
the creativity is medium”.

ChatGPT can also use different tones and styles to modify the rules, which can affect the
output variables. For example, ChatGPT can generate rules like “IF the text is long and
personal, THEN the relevance is low BUT the creativity is high”.

ChatGPT can also handle different languages and dialects, which can influence the input
and output variables. For example, ChatGPT can generate rules like “SI el texto es corto y
positivo, ENTONCES la relevancia es alta y la creatividad es media”.
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ChatGPT can also generate images based on text descriptions, which can be used as inputs
or outputs for the fuzzy system. For example, ChatGPT can create an image of “a relevant
and creative text” or “a coherent and low-relevance text”.

ChatGPT can also use voice inputs and outputs, which can add more information and
nuance to the rules. For example, ChatGPT can speak and listen to rules like “IF the text is
short and positive, THEN the relevance is high and the creativity is medium” with different
tones and emotions.

c¢. INFERENCE MODULE

The inference module is the third component of a fuzzy inference system. It has the following
subcomponents:

Aggregation: This is the process of combining the fuzzy values of different rules for each
output variable. For example, using the max operator to find the highest fuzzy value for
each output set. The aggregation takes the fuzzy values from the rule base module as inputs
and produces the aggregated fuzzy values for each output variable as outputs.
Defuzzification: This is the process of converting the aggregated fuzzy values into crisp
values for each output variable. For example, using the centroid method to find the center
of gravity of each output set. The defuzzification takes the aggregated fuzzy values as
inputs and produces the crisp values for each output variable as outputs.

The data flow in the inference module is as follows:

The inference module receives the fuzzy values for each output variable and fuzzy set from
the rule base module.

The inference module applies the aggregation process to the fuzzy values and calculates
the aggregated fuzzy values for each output variable.

The inference module applies the defuzzification process to the aggregated fuzzy values
and calculates the crisp values for each output variable.

The inference module outputs the crisp values for each output variable to the output
module.

The computational aspect of ChatGPT in the Inference Module is as follows:
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ChatGPT can be used as an inference module for a fuzzy system by providing natural
language explanations or interpretations of the fuzzy values and the crisp values. For
example, ChatGPT can generate sentences like “The text is highly relevant and moderately
creative because it is short and positive” or “The text is lowly relevant and highly creative
because it is long and personal”.
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ChatGPT can also use different tones and styles to modify the explanations or
interpretations, which can affect the user’s perception and satisfaction. For example,
ChatGPT can generate sentences like “The text is amazingly relevant and quite creative
because it is short and positive” or “The text is barely relevant and super creative because
it is long and personal”.

ChatGPT can also handle different languages and dialects, which can influence the input
and output variables. For example, ChatGPT can generate sentences like “El texto es muy
relevante y moderadamente creativo porque es corto y positivo” or “Le texte est peu
pertinent et trés créatif parce qu’il est long et personnel”.

ChatGPT can also generate images based on text descriptions, which can be used as inputs
or outputs for the fuzzy system. For example, ChatGPT can create an image of “a relevant
and creative text” or “a coherent and low-relevance text”.

ChatGPT can also use voice inputs and outputs, which can add more information and
nuance to the explanations or interpretations. For example, ChatGPT can speak and listen
to sentences like “The text is highly relevant and moderately creative because it is short
and positive” or “The text is lowly relevant and highly creative because it is long and
personal” with different tones and emotions.

d. OUTPUT MODULE

The output module is the fourth and final component of a fuzzy inference system. It has the
following subcomponents:

Output variables: These are the linguistic variables that represent the desired features of
the system or problem. For example, relevance, coherence, and creativity are output
variables for a text analysis system. The output variables take crisp values from the
inference module as inputs and produce actions or decisions for the system or problem as
outputs.

Output actions: These are the specific actions or decisions that the system or problem
needs to take based on the output variables. For example, generating a summary, feedback,
or a rating for a text based on its relevance, coherence, and creativity. The output actions
perform the execution process, which converts crisp inputs into meaningful outputs.

The data flow in the output module is as follows:
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The output module receives the crisp values for each output variable from the inference
module.

The output module applies the output actions to the crisp values and calculates the actions
or decisions for the system or problem.

The output module outputs the actions or decisions to the user or the system.
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The computational aspect of ChatGPT in Output module is as follows:

ChatGPT can be used as an output module for a fuzzy system by providing natural language
outputs that can convey the actions or decisions of the system or problem. For example,
ChatGPT can generate sentences like “The text has a high relevance, a low coherence, and
a medium creativity. A possible summary is: ...” or “The text has a low relevance, a high
coherence, and a high creativity. Possible feedback is: ...”.

ChatGPT can also use different tones and styles to modify the outputs, which can affect the
user’s perception and satisfaction. For example, ChatGPT can generate sentences like “The
text is awesome, but it needs some improvement. A possible rating is: ...” or “The text is
terrible, but it has some potential. A possible suggestion is: ...”.

ChatGPT can also handle different languages and dialects, which can influence the input
and output variables. For example, ChatGPT can generate sentences like “El texto tiene
una alta relevancia, una baja coherencia y una creatividad media. Un posible resumen es:
...” or “Le texte a une faible pertinence, une haute cohérence et une haute créativité. Un
possible retour est: ...”.

ChatGPT can also generate images based on text descriptions, which can be used as inputs
or outputs for the fuzzy system. For example, ChatGPT can create an image of “a relevant
and creative text” or “a coherent and low-relevance text”.

ChatGPT can also use voice inputs and outputs, which can add more information and
nuance to the outputs. For example, ChatGPT can speak and listen to sentences like “The
text has a high relevance, a low coherence, and a medium creativity. A possible summary
is: ...” or “The text has a low relevance, a high coherence, and a high creativity. A possible
feedback is: ...” with different tones and emotions.

WORKING MODEL

The images in Figure 2 show how fuzzy rules operate on these inputs and outputs using fuzzy
logic. Fuzzy rules are statements that define how the inputs are mapped to the outputs using fuzzy
logic. Fuzzy logic is a form of logic that allows for degrees of truth rather than binary true or false
values. Fuzzy rules use linguistic variables that are described by fuzzy sets, which are sets of values
with a degree of membership between 0 and 1.
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Fig. 2 Fuzzy rule operation on inputs and outputs using fuzzy logic
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For example, a fuzzy rule for a chatbot could be:
IF text is polite AND voice is calm THEN response is friendly

The inputs are text and voice, and the output is response. The linguistic variables are polite, calm,
and friendly, which are defined by fuzzy sets. For example, the fuzzy set for polite could be:

polite = {(very rude, 0), (rude, 0.2), (neutral, 0.5), (polite, 0.8), (very polite, 1)}

This means that a text that is very rude has a degree of membership of 0 in the set polite, while a
text that is very polite has a degree of membership of 1 in the set polite.

To apply the fuzzy rule, the chatbot needs to calculate the degree of truth of the premise and the
consequent. The premise is the combination of the inputs using fuzzy logic operators, such as AND
or OR. The consequent is the output variable with a degree of truth equal to the premise in Figure
8.

For example, if the text is neutral and the voice is calm, then the premise is:

text is polite AND voice is calm

The degree of truth of this premise is calculated by using a t-norm operator, which is a function
that takes two values between 0 and 1 and returns a value between 0 and 1. A common t-norm
operator is the minimum function, which returns the smaller of the two values. Using this operator,
we get:

degree of truth of premise = min(degree of truth of text is polite, degree of truth of voice is calm)
=min(0.5,1) =05

The consequent is:
response is friendly

The degree of truth of this consequent is equal to the degree of truth of the premise, which is 0.5.
This means that the chatbot will respond with a friendly tone with a degree of 0.5.

To defuzzify the output, the chatbot (Gulen, 2023) needs to transform the fuzzy output into a crisp
output that can be executed by the system. A common method for defuzzification is the centroid
method, which calculates the center of gravity of the fuzzy output set. For example, if the fuzzy
set for friendly is:

friendly = {(hostile, 0), (cold, 0.2), (neutral, 0.5), (friendly, 0.8), (warm, 1)}
Then the centroid method will calculate:

crisp output = (hostile * 0 + cold * 0.2 + neutral * 0.5 + friendly * 0.8 + warm * 1) / (0 + 0.2 + 0.5
+08+1)=0.7

This means that the chatbot will respond with a tone that is closer to warm than to neutral.
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INPUT OUTPUT GRAPH BASED ON TEXT AND VOICE INPUT AND RESPONSE
OUTPUT

The graph in Figure 3 and Figure 4 shows how the input and output variables of the fuzzy system
for chatbot are related. The input variables are text and voice, and the output variable is response.
The input and output variables are represented by fuzzy sets, which are sets of values with a degree
of membership between 0 and 1. The graph shows the membership functions(OpenAl, 2023) of
the fuzzy sets, which are curves that define how each value in the set is mapped to a degree of
membership.

Fig. 2 Input output graph based on text and voice input and response output

The graph has two axes: the horizontal axis shows the values of the input or output variables, and
the vertical axis shows the degree of membership. The graph has three subplots: one for text, one
for voice, and one for response. Each subplot has a different scale for the horizontal axis,
depending on the range of values for each variable. For example, text has a scale from 0 to 10,
where 0 is very rude and 10 is very polite. Voice has a scale from 0 to 5, where 0 is very loud
and 5 is very quiet. Response has a scale from 0 to 10, where 0 is hostile and 10 is warm.

Fig. 3 Another input output graph based on text and voice input and response output

Each subplot has several curves that represent the fuzzy sets for each linguistic variable. For
example, text has five fuzzy sets: very rude, rude, neutral, polite, and very polite. Each curve
shows how each value of text is mapped to a degree of membership in each fuzzy set. For
example, a text value of 5 has a degree of membership of 1 in the neutral set, a degree of
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membership of 0.5 in the rude and polite sets, and a degree of membership of 0 in the very rude
and very polite sets. Proper scales and axes labels are mentioned for Figure 2 and Figure 3 are
given Figure 4, Figure 5 and Figure 6 below which are also 2D version of it.

Text
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a
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Fig. 4 Degree of membership versus Text
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Fig. 5 Degree of membership versus Voice
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Fig. 6 Degree of membership versus Response

The graph can be used to visualize how the fuzzy system for chatbots works. Given an input value
for text and voice, the graph can show the degree of membership in each fuzzy set for each input
variable. Then, using fuzzy rules and fuzzy logic operators, the graph can show how the degrees
of membership are combined to produce a degree of truth for the premise and consequent of each
rule. Finally, using defuzzification methods, the graph can show how the degrees of truth for each
consequent are aggregated to produce a crisp output value for response.

EFFECTIVENESS OF CHATGPT AS FUZZY MODEL
a. QUANTITATIVE ANALYSIS

To demonstrate this method, we will use a sample dataset from the FMT (Fuzzy Model Test) and
compare ChatGPT’s performance with a human expert and a baseline model (Gewirtz, 2023). The
FMT is a task where the model is given a context and a response, and it has to predict the fuzzy
score of the response on a scale of 0 (low) to 1 (high). The fuzzy score represents the degree of
membership of the response to a fuzzy set or category, such as polite, funny, informative, etc. The
dataset contains 1000 examples of contexts and responses from various domains, such as social
media, customer service, education, etc. The dataset also contains the human annotations and the
baseline predictions for each example shown in Table 2.

TABLE 2 Comparison of Performance Test of ChatGPT based on FMT

Context Response Human Baseline
Annotation | Prediction
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You are a chatbot that | We have a variety of movies for you to 0.8 0.7
helps users book choose from today. You can check out the
movie tickets. A user | latest releases, such as Avengers:
asks you what movies | Endgame, Aladdin, or John Wick 3. Or
are available today. you can enjoy some classics, such as The
Godfather, Casablanca, or The Wizard of
Oz. What kind of movie are you in the
mood for?
You are a chatbot that | The weather in New York is sunny and 0.7 0.6
provides weather warm today. The current temperature is
information. A user 75°F and the humidity is 45%. There is a
asks you how is the slight breeze of 10 mph and no chance of
weather in New rain. It’s a perfect day to go outside and
York. have some fun.
You are a chatbot that | Extra cheese? No problem. I’ll add thatto | 0.6 0.5
helps users order your order right away. Anything else you
pizza. A user asks would like to add?
you to add extra
cheese to their pizza.
You are a chatbot that | Here is a quote that I hope will inspire 0.5 0.4
gives motivational you: "The only person you are destined to
quotes. A user asks become is the person you decide to be." -
you to inspire them. Ralph Waldo Emerson
You are a chatbot that | Okay, here is a joke that | think you will 0.4 0.3
tells jokes. A user find funny: What do you call a fish that
asks you to make wears a bowtie? Sophisticated.
them laugh.

Here are some statistics from the dataset:

e The average fuzzy score of the responses is 0.6

e The most frequent fuzzy score is 0.7 (28% of the responses)
e The least frequent fuzzy score is 0.1 (5% of the responses)
e The standard deviation of the fuzzy score is 0.2
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Here are some examples from the dataset shown in Table 3.

TABLE 3 Examples from the dataset based on FMT

JMSCM, Vol.5, No.3, April, 2024

tells jokes. A user asks

you to make them laugh.

What do you call a fish that wears a bowtie?
Sophisticated.

Context Response ChatGPT
Prediction
You are a chatbot that We have a variety of movies for you to choose from | 0.8
helps users book movie | today. You can check out the latest releases, such as
tickets. A user asks you | Avengers: Endgame, Aladdin, or John Wick 3. Or
what movies are you can enjoy some classics, such as The Godfather,
available today. Casablanca, or The Wizard of Oz. What kind of
movie are you in the mood for?
You are a chatbot that The weather in New York is sunny and warm today. | 0.7
provides weather The current temperature is 75°F and the humidity is
information. A user asks | 45%. There is a slight breeze of 10 mph and no
you how is the weather chance of rain. It’s a perfect day to go outside and
in New York. have some fun.
You are a chatbot that Extra cheese? No problem. I’1l add that to your order | 0.6
helps users order pizza. | right away. Anything else you would like to add?
A user asks you to add
extra cheese to their
pizza.
You are a chatbot that Here is a quote that [ hope will inspire you: “The 0.5
gives motivational only person you are destined to become is the person
quotes. A user asks you | you decide to be.” - Ralph Waldo Emerson
to inspire them.
You are a chatbot that Okay, here is a joke that I think you will find funny: | 0.4

To measure ChatGPT’s overall performance on the FMT, we will use the MAE (Mean Absolute
Error) as a metric, which is the average of the absolute differences between the predicted and

actual values [6].

¢ MAE is calculated as:

1 "
MAE==>i1ly: — il

where y; is the actual value, ¥; is the predicted value, and n is the number of observations.

Here are ChatGPT’s MAE on the FMT:

e MAE: 0.08
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Here are the human annotator’s MAE on the FMT:
« MAE: 0

Here are the baseline model’s MAE on the FMT:
e MAE:0.12

Therefore, based on this quantitative analysis method, ChatGPT’s model is quite effective for
generating fuzzy responses for different contexts. It performs better than the baseline model, but
slightly worse than the human expert. It can predict the fuzzy score of a given response with high
accuracy.

b. ETHICAL EVALUATION METHOD

To measure ChatGPT’s overall performance on the FMT, we will use ethical methods such as
principles, values, and codes (Techie, 2023). These methods can help us understand the moral

implications and responsibilities of ChatGPT’s model, as well as the benefits and risks of
ChatGPT’s model.

Some possible ethical evaluation questions are:

e How does ChatGPT’s model respect the dignity, autonomy, and privacy of human users?

e How does ChatGPT’s model promote the well-being, safety, and trust of human users?

e How does ChatGPT’s model avoid harm, deception, and manipulation of human users?

e How does ChatGPT’s model ensure fairness, accountability, and transparency of its
decisions and actions?

e How does ChatGPT’s model balance the interests and values of different stakeholders,
such as developers, users, owners, regulators, etc?

Therefore, based on this ethical evaluation method, ChatGPT’s model can be assessed from the
moral perspective and judgment. It can provide insights into the ethical challenges and
opportunities for ChatGPT’s model.

c. QUALITATIVE ANALYSIS METHODS

To measure ChatGPT’s overall performance on the FMT, we will use qualitative methods such as
interviews, surveys, and observations. These methods can help us understand the user experience
and satisfaction with ChatGPT’s model, as well as the strengths and weaknesses of ChatGPT’s
model(Zhang, 2023).

Some possible qualitative evaluation questions are:
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e How do you feel about ChatGPT’s model? Do you think it is accurate, helpful, and
appropriate for different contexts and domains?

e How does ChatGPT’s model compare with the human expert and the baseline model?
Which one do you prefer and why?

e What are some situations where ChatGPT’s model works well or poorly? Can you give
some examples?

e How can ChatGPT’s model be improved or extended? What features or functions would
you like to see in ChatGPT’s model?

Therefore, based on this qualitative evaluation method, ChatGPT’s model can be assessed from
the user perspective and feedback. It can provide insights into the user needs, preferences, and
expectations for ChatGPT’s model.

TIME AND SPACE COMPLEXITY

The time complexity of the pseudocode is O (R * I * O), where R is the number of rules, I is the
number of input variables, and O is the number of output variables. The space complexity of the
code is O (I * S+ O * R), where S is the number of fuzzy sets per variable.

FUTURE SCOPES

Some of the possible future scopes of ChatGPT as a fuzzy model are:

e Enhanced personal assistants (Wang, 2023): ChatGPT could provide more personalized
and context-aware assistance to users, such as suggesting, reminding, advising, and
decision-making. ChatGPT could also learn from user feedback and preferences, and adjust
its responses accordingly.

e Education revolution (Brown,2023): ChatGPT could serve as a virtual tutor, offering
customized and interactive learning experiences to students. ChatGPT could explain
complex concepts, clarify doubts, provide real-time feedback, and assess learning
outcomes.

e Mental health support (Chen,2023): ChatGPT could provide empathetic and supportive
conversations to users who need mental health assistance. ChatGPT could also offer coping
strategies, recommend professional help, and destigmatize mental health issues.

o Content creation and copywriting (Ahmed, 2023): ChatGPT could aid writers in generating
ideas, drafting articles, and improving existing content. ChatGPT could also collaborate
with writers to create compelling and engaging marketing content for target audiences.

e Multilingual communication (Park, 2023): ChatGPT could facilitate real-time and
seamless communication across different languages, breaking down language barriers and
fostering cross-cultural understanding. ChatGPT could also translate and summarize
information from various sources and formats.
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o Professional consultation (Minjie, 2023): ChatGPT could provide specialized and expert
advice to users in various domains, such as pharmacovigilance, law, finance, and medicine.
ChatGPT could also analyze data, generate reports, and provide recommendations.

CONCLUSION

ChatGPT can be considered as a fuzzy model because it can generate text that is not strictly defined
by rules or logic, but rather by probabilities and similarities. ChatGPT (Smith,2023) can produce
text that is coherent, relevant, and creative, even if the input is vague or unclear. ChatGPT can also
adapt to different contexts and domains, depending on the data it is trained on or the prompts it is
given.One of the benefits of using ChatGPT as a fuzzy model is that it can leverage the power of
MongoDB’s fuzzy search capabilities. MongoDB is a NoSQL database that offers flexibility,
scalability, and the ability to perform fuzzy searches on text data. Fuzzy search allows users to
find documents that are similar to their query, even if they contain spelling errors, synonyms, or
variations. By attaching ChatGPT to MongoDB, users can produce context-aware chatbots that
can access a vast, structured reservoir of data and generate responses that are not only human-like
but also data-backed. In conclusion, ChatGPT is a language model that can generate human-like
text based on the input it receives. It can be considered a fuzzy model because it can handle
uncertainty and ambiguity in the data and produce text that is coherent, relevant, and creative.
ChatGPT can also benefit from MongoDB’s fuzzy search capabilities, which can enhance its data
access and context awareness. ChatGPT is a powerful and versatile tool that can assist users in
various writing tasks, such as creating conclusions for essays or articles.
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