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Abstract: Personal semantic memory is a way of inducing subjectivity in intelligent agents. Personal
semantic memory has knowledge related to personal beliefs, self-knowledge, preferences, and per-
spectives in humans. Modeling this cognitive feature in the intelligent agent can help them in per-
ception, learning, reasoning, and judgments. This paper presents a methodology for the develop-
ment of personal semantic memory in response to external information. The main contribution of
the work is to propose and implement the computational version of personal semantic memory. The
proposed model has modules for perception, learning, sentiment analysis, knowledge representa-
tion, and personal semantic construction. These modules work in synergy for personal semantic
knowledge formulation, learning, and storage. Personal semantics are added to the existing body
of knowledge qualitatively and quantitatively. We performed multiple experiments where the agent
had conversations with the humans. Results show an increase in personal semantic knowledge in
the agent’s memory during conversations with an F1 score of 0.86. These personal semantics
evolved qualitatively and quantitatively with time during experiments. Results demonstrated that
agents with the given personal semantics architecture possessed personal semantics that can help
the agent to produce some sort of subjectivity in the future.

Keywords: personal semantic memory model; subjectivity; semantic memory; episodic memory;
perception; cognitive agent

1. Introduction

Subjectivity is defined as the quality of humans how they act, think and react in their
way in a particular situation [1-4]. The quality of subjectivity varies with changes in per-
sonal feelings emotions and thoughts. Subjectivity changes as the knowledge and the ex-
perience evolve [4]. This knowledge is related to the perception, feelings, views, and judg-
ments for example an agent “X” has positive thinking about an agent “Y”. Agent “X”
positive thinking is based on agent “X” experience with the agent “Y”. A third agent “Z”
doesn’t necessarily think about agent “Y” in the same because agent “Z” thinking is based
on agent “Z” experience with the agent “Y”. Agent “X” thinking can vary from person
“Z” qualitatively and quantitatively. The individual’s emotion perception is associated
with personality traits [5]. Personality traits are defined as the forms of feelings, behaviors,
and thoughts. Personality traits change with time in life span as the thoughts, feelings,
and emotions evolved with time [6]. An agent with personal semantics can have the fea-
ture of possessing views, perspectives, and preferences based on experiences.

Intelligent agents need cognitive features for improving their behaviors [4,7]. Per-
sonal semantics are providing a way that may help the agent in the future for possessing
subjectivity for beliefs, views, perspectives, and preferences [8]. A model of personal se-
mantic memory is proposed and implemented in this work. Personal semantic memory
is the type of long-term memory responsible for personal semantic knowledge acquisition
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that evolves with time based on knowledge from other cognitive memories i.e., episodic
memory and semantic memory [9]. It acquires self-knowledge, personal perspectives, re-
peated events, personal beliefs, and preferences [8,10,11]. The nature of personal semantic
memory is explained in cognitive psychology and neurosciences distinctively separating
it from other long-term declarative cognitive memories (semantic memory and episodic
memory) [9,10,12]. There are different types of memories. A detailed description of cog-
nitive memories is given in Table 1 [13,14].

Table 1. Type of cognitive memories from the literature

Memory Nature Description
Receive information from sensors,
Sensory memory Short term .
perception of senses
Perception of entities in the sur-
Perceptual memory Short term .
roundings
Working memory Short term Temporarily hold information
. Hold knowledge of the general
Semantic memory Long term
world
Episodic memory Long term Hold knowledge of events
. Factual knowledge derived from
Personal Semantic memory Long term _
personal experiences
Knowledge of how to perform an
Procedural memory Long term & P

action

Philosophical aspects of personal semantic memory are different from the state of the
art memories [15,16] both in terms of its classification and neural correlates [17]. Different
types of personal semantic knowledge are illustrated in Table 2.

Table 2. Type of personal semantic knowledge.

Statements Type of Knowledge
I'like John Preferences/Self-knowledge
John is my brother autobiographical facts
I am stubborn Self-knowledge
John is a good person Perspectives, Beliefs
Tuse to talk to John repeated events
I'hope John buy a car this year Beliefs
John is my friend autobiographical facts
John is original, independent and hard- .
. Perspectives
working

The advancement in the development of agents has already come to the point where
all required memories are implemented. These included semantic memory and episodic
memory that can play a vital role in perception, reasoning, and learning for the formula-
tion of personal semantics.

The proposed personal semantic memory model used the semantic knowledge from
the semantic memory and the event knowledge from the episodic memory for perception,
learning, and cognitive values computation. Working memory act as a main control unit
where all the content space is accumulated from perception, semantic memory, and epi-
sodic memory. The content space play role in inferring the personal semantics. Personal
semantic formulates and explicitly represented in the form of knowledge graphs where
nodes are predicates and the links indicate the versions. A chunk of personal semantic in
a personal semantic memory consists of the content and the cognitive values. The pro-
posed cognitive values indicate the robustness of the chunk of personal semantics in the
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personal semantic memory. Personal semantic memory evolves with time in the form of
amendments and cognitive values that’'s why the design requirement of personal seman-
tic memory is different from the existing state-of-the-art memories. Change may occur
through adding a new amendment as a knowledge node or may increase the cognitive
values of the existing one. The proposed model was integrated with a conversational
agent to perform an experiment where the agent with the proposed model had a conver-
sation with human participants. As a result of conversations, the agent possesses a sub-
jective point of view about the person. On arrival of the query, a chunk of personal se-
mantic memory with the highest cognitive value of mass was retrieved as a response from
the agent memory. In the future increase in resources may fast up the whole process of
memory formulation. This work is an effort to define and implement procedures that run
in agent memory to construct personal semantics. Inducing subjectivity in an intelligent
agent is indeed a challenging task in terms of resources available for knowledge, learning,
and computation. The basic building block required for personal semantic memory is now
well-explained structures still improvement is required in terms of efficiency.

2. Related Work

There is a need of implementing modules that can provide a way for inducing sub-
jectivity in intelligent agents for improving their behavior [7]. This work intends to endow
subjectivity in intelligent agents through personal semantic memory implementation.
This behavior is required in intelligent agents for possessing subjective states.

The philosophical term of subjectivity is the quality of being a subject and having
own versions of perspectives, beliefs, and feelings, which can only be true in accordance
to the subject himself. These perspectives, beliefs, and feelings can be related to the self
and the environment. Subjectivity changes with experiences. In the past theoretical de-
scription of artificial subjectivity and its necessity is highlighted. It improves agent in con-
text to having inner mental life as quoted by Kiverstein [18]. Evans highlighted the im-
portance of having subjectivity in terms of emotions, passions, drives, and inclination in
robots [19].

Personal semantic memory is revealed by Renoult et al. [8,10,15,16] through perform-
ing Functional Magnetic Resonance Imaging (fMRI) experiments on the human brain.
Theoretical description of nature and types of personal semantic memory is carried out.
In cognitive psychology, many theories exist for the nature of personal semantic memory.
Grilli separates the neural correlates of personal semantic memory from other memory by
experimenting on dementia patients. Renoult et al. subcategorized the personal semantic
memory into self-knowledge, autobiographical facts, and repeated events. This work fo-
cus on building a subjective point of view as a result of agent conversation with humans
that is a core of subjectivity. Endowing subjectivity in agents required some artifacts inte-
gration in agent architecture that can be fulfilled by the implementation of personal se-
mantic memory.

In past, computational versions of many cognitive memories were designed, devel-
oped, and integrated. Each type of cognitive memory (sensory memory, perceptual
memory, semantic memory, episodic memory, and procedural memory) involved in the
type of knowledge acquisition indicated from their names. The designs of these memories
were fulfilled their philosophical requirements. These memories play a key role in per-
ception, planning, learning, and reasoning. There are schemas for knowledge encoding,
decoding, and storage. The encoded knowledge is later used for perception, learning, and
in other cognitive processes improving the overall behavior of an agent.

The structure of the state-of-the-art cognitive memories implemented in different
cognitive architectures is illustrated in Table 3.
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Table 3. State of the art cognitive architecture with memory comparison Working Memory (WM),
Semantic Memory (SM), Episodic Memory (EM), Procedural Memory (PROM).

Work Knowledge Representation Implemented Memories Cognitive Values

maps, relationships, situations,

[20] . WM, SM,EM,PROM Activation value
episodes, frames
[21] Chunks and productions, PROM Activation value
[22] Features and combinations of fea- WM, SM,EM,PROM Associated count and reward value.
[23] WM, PROM Activation value
[24] chunks, rules, and NNs WM,SM,EM,PROM Activation value
[25] Hypergraphs WM,SM,EM,PROM Truth Values, Attention value
[26] Belief sets (declarative) and acti- Small structure Activation value
vation levels WM, SM,EM,PROM
[13] ontology representation WM,SM,EM,PROM Activation value
[27] nodes and links WM, SM,EM,PROM Activation value
[28] Rules, graph WM,SM,EM,PROM Activation value
[29] short term, long term Activation value
[30] perception-action tuple EM,PROM Gaussian weighting function
Knowledge graph in form of . - . _—
Our nodes andglinis Evith cognitive WM,SM,EM,PSM Attention Objective, Attention Subjective,

Mass, Confidence, Support

Acquiring inspiration from the existing state of the art and considering the benefits
of having a computational version of personal semantic memory, In this research work, a
methodology for the implementation of personal semantic memory is proposed address-
ing the challenge of subjectivity [8]. The main contribution of this research is to implement
personal semantic memory for cognitive agents. The model proposed and computed
quantitative measure mentioned in the methodology section to represent the content of
personal semantic memory, making required modifications in the existing knowledge
representation schemes. Personal semantics provides a unique way to represent autobio-
graphical knowledge and its variations in terms of personal beliefs, perspectives, opin-
ions, and preferences that are based on and influence subjectivity. Therefore, it is expected
that inducing personal semantic memory along with episodic and semantic memories,
will be a small but vital step in the roadmap towards subjectivity.

3. Methodology

The personal semantic memory model is proposed in this paper as shown in Figure
1. The model consisted of different modules namely sensory memory, perception, work-
ing memory, semantic memory, and episodic memory for the construction of personal
semantics. These modules worked in synergy to construct personal semantics. Personal
semantic memory was formulated in two phases. In the first phase, perceptual semantics
were formulated, and in the second phase personal semantics were formulated. The per-
ceptual semantic phase included sensory memory, perception, semantic memory, and ep-
isodic memory. The system architecture is given in Figure 1 and explained in proposed
architecture section. Implementation of the proposed architecture is given in implemen-
tation of proposed architecture section. The nature of each component of the personal se-
mantic model is the same as given in Table 1.
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Figure 1. System overview.

3.1. Proposed Architecture

Sensory memory is the short-term memory of the agent received the external infor-
mation loyiernqr from sensors. loyrerng COmMe as an input to the system in textual form. It
consisted of a single sentence or multiple sentences. A sensory memory function named
fsensory memory iN S€NsOTry memory was running that received the external information
and tokenize it into sentences and words represented as low-level percepts. These low-
level perceptsnamed Perceptss in Equation (1). The function fsensory memory invoked the
perception unit carrying the low-level percepts to the perception unit for further pro-
cessing.

perceptss = fsensory memory(lexternal)r (1)

The perception unit received the low-level percepts and performed the perception
into three fragments: lingual perception, personality perception, and emotion perception.
It holds perception information of agent, object, and recipient. In these fragments, percep-
tion of emotion, personality, and language took place. A perception function named
fperception Was responsible for lingual perception, personality perception, and emotion
perception. The output of this function was represented as high-level percepts, denoted
as percepts, in Equation (2). High-level percept consisted of the knowledge about the
agent, action, recipient, personality, emotion, and sentiments and represented using lan-
guage data frame in the form of name-value pairs. Action from the lingual perception was
acted as a cue in working memory for fetching the relevant knowledge from the semantic
memory.

perceptsp = fperception (perceptss) (2)

Working memory was the executive control unit where the current knowledge tem-
porarily resides named as content space €. A working memory function named (fz.)
fetched the relevant knowledge from the semantic memory and the episodic memory

based on the cue from percepts, . It retrieved the number of chunks
C,,C,,C5,C4,Cs ... Cy from semantic memory denoted as Csy, in Equation (4). Chunks
¢,,C;,C3,C4,Cs .......Cy from episodic memory is denoted as Cgy in Equation (5). The

chunk of content space C consisted of the percepts, Csy and Cgy, at this stage as shown
in Equation (6) and Figure 2. This content space was used by the second phase for personal
semantic formulation.
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Figure 2. Content Space in working memory.

Semantic Memory is long-term memory that holds the general knowledge that plays
a key role in the perceptual semantic phase [10,31]. Here the semantic knowledge helped
in analyzing the positivity and negativity of action performed for example if the agent
receives external information “John helps Mark’, how the agent can evaluate that some pos-
itive action has been performed by the John? Semantic knowledge against the action “help”
was required to evaluate the person John for his action to build a type of person semantics
like “John is a good person”, “I like John”, and “I always find John doing good”. Semantic
memory can be constructed using conceptual graphs, semantic networks, etc. In this work,
a semantic memory was constructed using knowledge graphs considering the benefits of
knowledge graphs for easy extraction of complex knowledge [32].

Episodic Memory is the long-term memory accumulated the event knowledge in the
form of episodes. Episodic memory stored the seven aspects of each event in the form of
an episode. Three standard aspects were used from the emotion framework [33] such as
Agent, AgentAction, Time whereas four aspects Sentiment, AgentEmotion, RecepientE-
motion, and Personality added that means at a certain time some event held in which
Agent_i performed Action_i with Sentiment_i and Emotion_i showing Personality_i.
These aspects contributed to the computation of cognitive value as shown in Equation (6).

The personal semantics formulation phase consisted of the evaluation module and
the personal semantic construction module as shown in Figure 1. In this phase personal
semantic memory content and cognitive values were formulated. Each chunk of personal
semantics memory has eight aspects of personal semantics Agent_i, Personality_i, Senti-
ment_i, AttentionObjective_i, AttentionSubjective_i, Mass_i, Confidence_i, Support_i
which means that Agent_i has personality_i and the sentiment_i with cognitive value At-
tentionObjective_i, AttentionSubjective_i, Mass_i, Confidence_i and Support_i.
Knowledge graphs were used to represent the personal semantics where the predicate
was represented as a node and all the proposed cognitive values were represented as at-
tributes. The list of proposed cognitive values was Attention Objective, Attention Subjec-
tive, Mass, Confidence, and Support. These values were initially practiced using the wiz-
ard of Oz method [34]. A Mass value was proposed to compute the strength of a chunk of
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personal semantics that indicates its resistance to change. Details of cognitive values are
given under evaluation modules. Each chunk of personal semantics was either added as
new amendments using AmendmentLink or updated the existing one in terms of cogni-
tive values. Cognitive values were computed in the evaluation module whereas the con-
structor module was involved in the representation of the chunk of personal semantic
memory.

In Evaluation Module, f.,qua0r Was the evaluator function that evaluated the
knowledge based on the content space C and calculated the proposed cognitive values
of the specific chunk of personal semantic memory Cpsy as shown in Equation (7) using
Equations (9)-(12).

CPSM = fevaluator(c) (7)

The cognitive values that were used in this work are the Mass, Attention Objective,
Attention Subjective, Confidence, and Support.

Mass was the weight of each personal semantic knowledge node indicated how
many supported episodes exist in the episodic memory of the agent. Suppose agent had
n number of supported episodes for the given chunk Cpgy, of personal semantic
knowledge. Mass was calculated by adding the number of supported episodes and the
direct association. The direct association was 1 in case the agent have direct interaction
with the individual otherwise it was zero. Mass increased as the number of supported
episodes increased symbolized in Equation (8).

Mass; = n Supported episodes + direct association (8)

Attention Objective, A0 of a chunk of personal semantics Cpgsy was the repetition
of the same event E' calculated using Equation (9). If the same event E occurred repeat-
edly the Attention Objective increases. A function ft, checked the experience periodically
and returned how many consecutive occurrences exist. Every repeated occurrence incre-
mented the attention objective by 1.

A0 = ft(E
ft(E) o)

Attention Subjective, AS of a chunk of personal semantics Cpg)y was the similarity
between the interests. Suppose the agent had a series of interest XI; whereas other inter-
active agents had interests, YI;. The Attention Subjective was computed by calculating the
similarity between the interests of the two agents using Equation (10).

_XLNYl

AS=—""1__1L
XL, UYL

(10)
Confidence of a chunk of personal semantic Cpgy indicated how many times the
agent correctly thought in the same way. Confidence of personal semantics Cpgy was the
number of similar events divided by the total events. Suppose an event with a specific
personality was EP; and event with the same personality and same sentiments was EPS;.
The confidence was calculated as shown in Equation (11).
EPS,
EP,
Support of a chunk of personal semantic Cpgy, indicated how many times the agent
thought in the same way. Support of personal semantics was the number of a similar event
EPS; divided by the total experiences E; given in Equation (12). The support value indi-
cated the support of specific personal semantics that how many times the same thinking
occurred.

Confidence = (11)

EPS;

Support = (12)

i
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The personal semantic memory constructor module represented the personal se-
mantics in the personal semantic memory. Personal semantics chunk was added as an
amendment to the existing personal semantic memory or reflects the cognitive values of
the existing one. A function named f, in Equation (13) represented the chunk of personal
semantic Cpgy in the personal semantic memory in Neo4j for long-term association in the
form of a knowledge graph as given in Equation (13). PSM is the chunk of the knowledge
graph represented in Neo4;.

PSM = f.(Cpsm) (13)

Further, this section explained the implementation of the modules of personal se-
mantic memory. It consisted of sensory memory, perception (emotion perception, person-
ality perception, and lingual perception), working memory (semantic and episodic simi-
larities), semantic memory (Action knowledge), episodic memory, and all the processes
involved in the construction of personal semantic memory (self-knowledge and person
knowledge).

3.2. Implementation of Proposed Architecture

Sensory memory received the input text. Here the NLTK (Natural Language Toolkit)
sentence tokenizer and word tokenizers tokenized the input stream into tokens
T={T1.......... Tn} and passed these tokens to the perception unit for lingual perception,
personality perception, and emotion perception.

Lingual perception processed tokens using Natural Language Processing (NLP)
part-of-speech tagging, named entity tagging, and basic dependency tagging. NLTK (Nat-
ural Language Toolkit) taggers Part of Speech (POS) tagger tagged input stream as noun
N = {NN, NNS, NNP, NNPS}, adjective Adj={J ], ] JR, J ]S}, and verb V = {VB, VBD, VBP,
VBN, VBG, VBZ}. Name Entity tagger of nltk was used for the identification of names and
places. Spacy basic dependency tagger was used for Agent, Action and Recipient identi-
fication that tagged tokens as Agent = {nsubj}, and Recipient R = {dobj}.

Personality perception perceived the personality from the input using the MBTI per-
sonality 16 trait model. Dataset was downloaded from Kaggle for the implementation of
personality perception. Data consist of 8675 samples. The downloaded data was prepro-
cessed for removing URLs and words that could guide the dataset for perceptioni.e., INT],
ESF]J, etc. Linear SVC was used for training with 86% accuracy. The output of the percep-
tion module is one of the personality traits among the 16-MBTI personality types [35].

Emotion perception extracted the emotion from semantic memory against the given
action. Tokens T are matched with event nodes in semantic memory. Node with the high-
est similarity value was retrieved with all the relationships from the semantic memory.
AgentEmotionLink was further evaluated for extraction of emotion value. The similarity
was estimated using the Jaccard similarity index shown in Equation (14). Suppose the
node i contenthad N; words and the tokens had I words. The similarity was computed
between N; and I using Equation (14).

NN

Max(N;, 1) = N Ul
l

(14)

Max shows the maximum similarity.

Working memory was the executive control that involved fetching the relevant
knowledge from semantic and episodic memory as shown in Figure 1. Action from the
lingual perception acted as a cue. In semantic memory and episodic memory, knowledge
was represented in the form of nodes and relationships. f. fetched all the nodes from
semantic memory returning a node Cg) with a high similarity score. Jaccard similarity
score was used to select an event node with all the associated links using Equation (8).
AgentEmotionLink, RecepientEmotionLink, and RecepientSentimentLink were more
evaluated for the extraction of agent emotion, recipient emotion, and recipient sentiments
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Semantic memory for action sentiment analysis was constructed using the
Event2mind dataset [36]. The dataset consisted of 46,473 instances. Dataset was imported
as a knowledge graph in Neo4;j extracting labels as relationship and the event as predicate
shown in Figures 3 and 4. The resultant knowledge graph consisted of six types of rela-
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Figure 3. Knowledge Graph representation against event (a) Content “It tastes better” (b) Content
for action “person X PersonX buys a new car”.

AgentEmotionLink represented the agent emotions, IntentLink represented the
agent intents, RecepientEmotionLink represented the recipient emotion and Re-
cepientSentimentLink represented the recipient sentiments. While importing the dataset,
each event of the dataset is processed using a spacy dependency tagger. Spacy tagger
tagged verb as V = {VB, VBD, VBP, VBN, VBG, VBZ}. The semantic memory unit repre-
sented it in the form of a node and linked it with the event node via ActionLink as shown
in Figure 3a. The verb was stemmed through applying poster stemmer converting word
into base form for avoiding duplication of the words i.e., walk, walking and walked had
single representation as walk. After importing the dataset, the semantic memory
knowledge graph consisted of 157,887 nodes and 269,415 relationships. A chunk of se-
mantic memory is shown in Figure 4.
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Episodic memory was contained knowledge of Agent, AgentAction, Sentiment,
AgentEmotion, RecepientEmotion, Personality, and Time in the form of episodes. Epi-
sodes were represented as knowledge nodes. These aspects helped the model to anticipate
the cognitive value of the chunk of personal semantics as shown in Equation (9). Repre-
sentation of one episode in episodic memory is given in Figure 5.

|"n" I

|{"SentiAgent":"3","Context":["test"],"Time":"08:59:37","EpisodeNumber" |

| :["29"],"Date":"20/09/2021","Re cepientEmotion":"Unknown"," EventNumber" |
| :94,"PersonalityValue":"INTP"," AgentActions":"enjoy"," AgentName":"hani |
|","Recepient":"conversation","AgentRefID":"7555","SentiOther":"3","Age |

| ntEmotion":"excitement"} |
L

Figure 5. SingleEpisode representation in Episodic Memory (Neo4j text view).

Agent retrieved relevant past episodes based on the cue. Episodes related to a single
person were stored in the form of a cluster, the agent with the proposed architecture had
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the number of clusters in episodic memory. One cluster represented the episodes related
to one person shown in Figure 6.

<
£
|
5]
°
a
o
=3
w

Figure 6. n-Episodes of a person name “hani” in Episodic Memory.

Personal semantic memory consisted of the evaluation module and the constructor
module as mentioned in Figure 1. The evaluation module performed the sentiment anal-
ysis of the recipient sentiment. If the sentiment value was between the ranges of 0-3 the
performed action was considered as positive and if the sentiment value was between the
ranges of 3-5 the performed action was considered as negative. Sentiments of recipients
from semantic memory were used for assessment. Mass, subjective attention, attention
objective, confidence, and support value were calculated according to the aforementioned
equations of cognitive values computation. Cognitive value and sentiment analysis rep-
resented a chunk of personal semantic knowledge in the form of the language data frame.

The personal semantic constructor module represented this newly generated chunk
of personal semantics either as a new amendment to the existing personal semantic
memory or updated the cognitive values of the existing one for long-term association. A
graphical representation of a chunk of personal semantics in Neo4;j is given in Figure 7.
Figure 8 depicted the detail of chunks of related personal semantics in the Neo4;j text view.
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|{"Mass":"45"," ConfidenceValue™:1.0,"PersonName":"hani","SupportValue": |
|0.071,"AttentionSubjective":"2.5"," Personality":"INTJ","PersonReferenc |
| e":"7555"," AttentionObjective":2.0,"Sentiment":"good"} |

-
S
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0T
.

|{"Mass":"47","ConfidenceValue":0.889, "PersonName": "hani"," SupportValue|
|":0.164,"AttentionSubjective":"2.5","Personality": "INTP"," Person Refere|
| nce":"7555"," AttentionObjective™:7.0," Sentiment": "good "} |

-
S

|{"Mass":1,"ConfidenceValue™0,"PersonName": "hani","SupportValue":0," At |
|tentionSubjective":0.0,"Personality”: "INTP"," Person Reference": "7555"," |
| Sentiment":"netural”,"AttentionObjective":0} |

0
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|{"Mass":2,"ConfidenceValue™0.0,"PersonName": "hani"," SupportValue™:0.7|
|32,"AttentionSubjective":0.0,"Personality":"INFP","Person Reference":"7 |
|555","AttentionObjective":1.0,"Sentiment": "netural"} |

Figure 8. Representation of knowledge in personal semantic memory (Neo4j Text View).

Personal semantics enable the agent to think about Person X in a way i.e., Person X
is energetic, Person X is a good person and I like person X. personal semantics with high
mass value was retrieved during experiments. The minimum threshold of all the cognitive
values can be set according to the domain. During experiments, the threshold value for
support was 0.3 and for confidence was 0.5. Memory learns through experiences, after
fifty new interactions, the model retrains itself for knowledge generation and all the cog-
nitive values becoming recalculated using new experiences.
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4. Experiment Setup

In this work, an experimental setup was used in which a chatbot with the given ar-
chitecture was developed using the python wx library. During experiments, chatbot in-
teract with the random population of participants. There were 346 participants of different
age groups and all had a basic understanding of the English language. There were two
modes of conversation Question Mode and Conversation Mode.

In conversation mode, the chatbot asked random questions from the pool of ques-
tions available https://github.com/hanimunir/Question/blob/main/QuestionContext.csv.
(accessed date: 29 September 2021) Participants were instructed to answer those questions
honestly with the first answer coming to their mind. During conversation chatbot personal
semantics memory was constructed comprehended self-knowledge (personal view, per-
spectives, and preferences). Chatbot dialogue in conversational mode is given in Table 4.

Table 4. Example dialogue exchange between a personal semantic agent and human agent.

Dialogue between Human Agent and Personal Semantic Agent
Agent says: Hello! Tell me about yourself
Human says: I enjoy going to the office
Agent says: If you had $200,000 to spend on a party, how would you spend the money?
Human says: I will buy a car
Agent says: Is it worse to: be “in a rut? the answer is yes/no
Human says: yes
Agent says: What would your utopia look like?
Human says: I look bad
Agent says: Are you more impressed by: emotions. ? the answer is yes/no
Human says: yes
Agent says: How do your body and mind react to stress?
Human says: I try to make myself relax
Agent says: Are more drawn toward the: touching. ? the answer is yes/no
Human says: yes
Agent says: What is your favorite memory related to a holiday?
Human says: I went to Naran with my husband

In Question Mode, the chatbot was queried for the personal semantics about the par-
ticipant. A chunk of personal semantic memory with the highest mass value was retrieved
in response to the query. Chatbot expressed the personal semantics using the dictionary
given in Table 5. The contents of the dictionary were taken from the MBTI personality test.

Table 5. Dictionary to express personal semantics.

Personality Type Personality Value
IST] Organized, Practical, Factual and steadfast
INT]J Detailed, devoted, and traditional”,
ISFJ] Committed, determined, idealistic, and creative
INF] Independent, visionary, and original
ISTP Logical, realistic, adventurous, and self-determined
ISFP Caring, adaptable, gentle and harmonious”,
INFP Compassionate, original, creative and empathetic”,
INTP Independent, theoretical and reserved”,
ESTP Versatile and pragmatic
ESFP Cooperative and friendly
ENFP Imaginative and creative

ENTP Creative, versatile, imaginative, and perceptive
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EST] Outspoken and resourceful

ESEFJ Thorough and responsible

ENFJ Loyal, verbal, and energetic
ENT]J Logical, fair, and straightforward

Validation of a given model was carried out using the external validation method of
unsupervised learning. An MBTI-personality test was used for generating the true labels
M={C1, C2, C3,..., Cn} whereas personal semantic memory model generated labels were
considered as predicted labels P ={ D1, D2, D3,..., Dn}. The similarity between the two is
computed generating confusion metrics in Section 5. Chatbot asked questions randomly
from the participants from the MBTI questionnaire (test) and the pool of general questions
(training) turn by turn. Memory learns after every fifty interactions. The performance met-
rics recall, precision, and F1 score were measured temporally at time ¢ retraining model
for every fifty new interactions given in Table 5 in Section 5. Precision, recall, and f1 score
calculated according to the Equations 15-17.

True Positive

Procision 15
TECSION = e Positive + False Positive )

Recall = TruePositive 16
eear = TruePositive + FalseNegative (16)

Fls ) Precesion = Recall (17)
= *
core Precesion + Recall

5. Results

Multiple experiments were performed to verify the model during conversation
mode. Knowledge transient during experiments is depicted in Figure 9. Chatbot received
external stimuli from the participants. Percept, semantic knowledge, episodes, and per-
sonal semantic knowledge generated during processing of external stimuli as shown in
Figure 9. Knowledge transient is shown in Figure 9. Figure 10 depicted the personal se-
mantics generated by the chatbot generated. Confusion metrics for each iteration were
computed and shown in Figure 11.
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Input: I want

mapped Hani want to
to buy a car PP

™ buyacar

Perception:{'Agent’: [hani'],
‘AgentEmotion”: [Thappy’], "SentiAgent”

[5.0], Recepient’: ['car’], Personal Semantic
RecepientEmotion": [none'], Memory:
"SentiOther": [5.0], Personality: [TNTP'], (:PersonalSemantic
'AgentActions”: ['buy’], Number": [1], {AttentionObjective: 1,

AttentionSubjective: 2.5,
ConfidenceValue: 0.5,
Mass: 3, PersonName:

'hani’, PersonReference:

‘Context: [ party money']}

Semantic Knowledge: (
XEmotion:happy’,Yemotion:

‘none’, Xsentiment: 5.0, "XYZ','Perso-na]jty:
Ysentiment: 5.0) H\T:lP N 59111111?:3:
‘netural’, SupportValue:
Episodic Memory: // OEE:}E))

(:Episode {AgentActions: 'buy’,
AgentEmotion: happy', AgentName: hani’,
AgentRefID: 'XYZ', Context: [ party
money'], Date: "22/09/2021',
EpisodeNumber: [1], EventNumber: [13],
PersonalityValue: INTP', Recepient: ‘car’,
RecepientEmotion: mone’, Senti Agent: 5.0,
SentiOther: 5.0, Time: '13:20:59'})

tInRIUt I WE‘-Hﬂt mapped Hani I went to

o Naran w1 » Naranwithm

my husband husband Y
Perception:

{'Agent": [hani'], 'AgentEmotion":
['responsible’], 'SentiAgent': [5.0],
Recepient': ['Naran'], Memory:
‘RecepientEmotion': ['none'], (:PersonalSemantic

'SenﬁOther.': [5.0], Personality": ['INFI], {AttentionObjective: 1,
'AgentActions’: ['went'], Number": [3], AttentionSubjective: 2.5,
'Context": [' favorite memory holiday ']} ConfidenceValue: 0.95

Mass: 5, PersonName:
> 'hani’, PersonReference:

Personal Semantic

Semantic Knowledge: (
XEmotion:'responsible’,Yem
otion: 'none', Xsentiment: 5.0, XYZ, Perso.na]ity:

Ysentiment: 5.0) 'INEF, Sentiment:
Episodic Memory: /// 'good’, SupportValue:
(:Episode {AgentActions: 'went', -~ 0.746})
AgentEmotion: 'responsible’, AgentName:
'hani', AgentRefID: 'XYZ', Context: ['
favorite memory holiday'], Date: '22/09/
2021', EpisodeNumber: [10], EventNumber:
[13], PersonalityValue: INFI”, Recepient:
‘Naran', RecepientEmotion: none’,
SentiAgent: 5.0, SentiOther: 5.0, Time:
'13:22:24'Y)
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Input: [ want
to buy a mapped Hani want to
house » buy a house

Perception:{'Agent”: ['hani'],
'AgentEmotion': ['happy'], 'SentiAgent':
[5.0], Recepient': ['house'],
RecepientEmotion': ['none'],

'SentiOther": [5.0], Personality": ['INTP'],

Personal Semantic
Memory:
(:PersonalSemantic

'‘AgentActions: ['buy'], Number": [1], _ _ {AttentionObjective: 2,
'Context": [ party money']} S AttentionSubjective: 2.5,
) A . ConfidenceValue: 0.58,
Semantic Knowledge: ( Personal Semantic » Mass: 5, PersonName:
XEmotion:'happy',Yemotion: ——— Memory Model hani', Personality:
'none’, Xsentiment: 5.0, 'INTP', Sentiment:
Ysentiment: 5.0) P c

) netural', SupportValue:
Episodic Memory: 0.25})
(:Episode {AgentActions: buy’,
AgentEmotion: 'happy', AgentName: hani',
AgentRefID: 'XYZ', Context: [' party
money'], Date: '22/09/2021',
EpisodeNumber: [1], EventNumber: [13],
PersonalityValue: 'INTI”, Recepient: 'car’,
RecepientEmotion: none’, SentiAgent: 5.0,
SentiOther: 5.0, Time: '13:20:59'})

Figure 9. Knowledge transient during experiments.

|r|nr| |

Dialogue between Human Agent and Personal Semantic Agent | ["Mass":"47" " ConfidenceValue":0.88 |

Human says: what do you think about hani? |9,"PersonName":"hani","SupportValue |
Agent says: hani is independent, theoretical and reserved | ":0.164,"AttentionSubjective™:"2.5" |
Human says: Do you like hani? |,"Personality":"INTP","PersonRefere|
Agents says: Yes, | like |nce™:"7555","AttentionObjective™: 7. |

|0,"Sentiment":"good"} |

(a) (b)

Figure 10. Experiment Results for a personae = {AgentName”: [‘hani’], ‘PersonReference”: ['XYZ'],
‘PersonInterest’: ['Boating’], ‘Interaction’: [7], ‘Personality’: None} (a) Dialogue between chatbot and
human in Question mode for the verification of personal semantic memory; (b)Knowledge retrieved
from Personal Semantic Memory in response to the query.
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Figure 11. Confusion Metrics. (a) After 50 interactions; (b) After 100 interactions; (c) After 150 interactions; (d) After 200
interactions; (e) After 250 interactions; (f) After 300 interactions.

Our findings described an increase in recall and precision retraining model after a few
conversations as shown in Figure 12 and illustrated from Table 6. The philosophical aspect of
personal semantic memory is different from the existing memories, the proposed model was
compared with the state-of-the-art other cognitive memory models for technicality as given in
Table 7. An agent with a personal semantic model can able to construct and express personal
views, perspectives, and preferences mentioned in Table 2 along with the other cognitive fea-
tures of emotion recognition, semantic memory, and episodic memory as expressed likeness
(I like Hani) and personal views (Hani is independent, theoretical and reserved) during ex-

periments given in Figure 10a.

Table 6. Recall, Precision and F1 score for every fifty new interactions.

Interactions Recall Precision F1 Score
50 0.273871 0.380314 0.223834
100 0.584362 0.767422 0.587153
150 0.726122 0.819998 0.723436
200 0.851190 0.914022 0.849489
250 0.841066 0.919367 0.846240
300 0.868627 0.924558 0.869885
Average Deviation 0.0272 0.028 0.028
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Figure 12. Standard deviation for Recall, Precision and F1 score.

Table 7. State-of-the-art comparison with proposed personal semantic memory: Working Memory
(WM), Semantic Memory (SM), Episodic Memory (EM), Personal Semantic Memory (PSM).

Work Framework Task Memories Performance Metrics
[33] Computational Emotion recognition WM,SM,EM F score = 0.65
[10] Theoretical Separating personal seman’Fic PSM event-related potentials
memory from other memories (ERPs)
Classification of Personal se- repeated-measures
8 Theoretical PSM
5] eoretiea mantic memory ANOVA
[37] Computational  Episodic memory to Al agent EM loss function
S ticM f boti
[38] Computational emantic Viemory 1ot a robotie SM CPU performance
agent
[39] Computational Action modeling EM Accuracy
[40] Computational Enhance decision making SM,EM Success rate
[41] Theoretical Subjectivity - Theoretical description
Emotion recognition, semantic
Our Computational memory, episodic memory, Perception, WM,SM,EM,PSM Average F1 score = 0.86

personal semantic generation

6. Discussion

In our findings, personal semantic memory played role in subjective knowledge ac-
quisition related to personal views about a person. These views evolved as the knowledge
evolved. Cognitive values are supported in the computation of robustness of a particular
chunk of personal semantics. Semantic memory and episodic memory helped in the for-
mulation of personal semantics. Semantic memory and episodic memory in the proposed
model fulfill the philosophical requirements emphasized by Renoult by comparing the
main characteristics of semantic and episodic memory [12]. He elaborated semantic
memory as the content of perception and actions and found a separate region in the brain
for their representation. In this work, general world knowledge in the form of semantic
memory was represented as a knowledge graph where the predicate between the person
“X” and person “Y” and the impact of the predicate was represented as nodes and the
types of relationship between as link shown in Figure 3. According to Renoult, semantic
processing is the understanding of external stimuli [12]. Semantic processing of external
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stimuli in the proposed model took place at the perception level for the easy understand-
ing of the meanings depicted in Figure 12. In the future, further enrichment in knowledge
can further improve formulated personal semantics.

In the proposed architecture, the episodic memory main features described in
[12,24,28,39] were considered. Episodic memory entailed events knowledge in the form of
episodes as shown in Figure 6. The episode consisted of the event number, episode num-
ber, time, and space information for the long-term associations. The knowledge from ep-
isodic memory and semantic knowledge was used for inferring the personal semantic
knowledge. The proposed model sentiment analysis unit can help in the assessment of
actions and personality. Inferred knowledge was represented in personal semantic
memory as a chunk of personal semantic. The model followed the concept of amendment
for the version. Each version had mass, support, and confidence values as shown in Figure
8. Mass represented the weight for resistance that can be used in the future for resisting
the change depending on subjective importance. Renoult claimed that the preferences and
perspectives of a person evolve with time [42]. The proposed model followed the philos-
ophy for personal semantics construction. Personal semantics in a proposed model
evolved with time in terms of weight and content as depicted in Figure 12. Minimum
threshold values for cognitive values can be adjusted according to the domain knowledge
as it can vary from domain to domain for the truthiness of knowledge. In this research, a
chatbot was developed with the given architecture. Personal semantics constructed in the
personal semantic memory of a chatbot during experiments. Chatbot expressed personal
semantic in the form of perspective and likeness shown in Figure 10(a). This was required
for testing and validation purposes. Chatbot responded on receiving the external stimuli
in the form of a query during experiments. Personal semantics expressed by the chatbot
fall in the sub category of personal semantics highlighted by Renoult [8]. The given results
are the qualitative description of the theories and philosophies proposed by Renoult and
Grilli [9,17]. Results suggest that agents with the proposed architecture can possess per-
sonal views, perspectives, and preferences that may evolve with time. Moreover, the
model suggested that agent behaviors can be improved through possessing and express-
ing conscious responses from personal semantic memory during the interaction.

This work opens up a new way for intelligent agents to formulate their views, beliefs,
and thoughts that is the foundation of subjectivity. An intelligent agent can formulate
these based on the knowledge from the perception that can be different from others in
terms of content and weight. Moreover, this ability of intelligent agents can help them in
the assessment of actions for mapping perception to their own actions repertoire in the
taxonomy of social learning [43]. In the future intelligent agent can use this ability to assess
collaborators in the collaborative environment during interaction where control over
physical states, emotions, and feeling is required [44].

An agent with the proposed model was capable of having personal semantics based
on semantic memory built from the Event2mind dataset and episodes from episodic
memory. The system’s general knowledge and experiences are limited right now and can
be improved further as the knowledge evolves. Considering the importance of the work
for the future, there is a need to define more knowledge regulatory units for agent better
understanding to improve personal semantic production and formulation for other types
of personal semantics mentioned in Table 2, also there is a need to deduce a test to check
the level of subjectivity on some Likert scale as the personal semantics evolves and become
more mature.
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7. Conclusions

The personal semantic memory model is proposed in this paper for personal seman-
tics acquisition. Our contribution is the implementation of personal semantic memory
providing a way of inducing subjectivity in a cognitive agent in terms of personal views
and perspectives. Personal semantics changed as knowledge evolved. The experiments
were conducted on the chatbot with the proposed architecture in which conversation of
chatbot held with humans for the construction of personal semantic memory. As a result
of conversations, personal semantics in a personal semantic memory of a chatbot formu-
lates. The results suggest that agents with a proposed architecture can acquire personal
semantic knowledge utilizing the knowledge from semantic memory and episodic
memory endowing subjectivity in context to the personal views, perspectives, and self-
knowledge.
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