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Abstract 

Artificial intelligence systems increasingly operate in domains where decisions can carry 

ethical consequences, yet many existing approaches remain either data-driven or rule-based 

and provide limited support for experience-grounded justification. This paper presents 

MORAL-MEM, a neuro-symbolic prototype that integrates structured ethical memory for 

internally justifiable decision-making. Ethical experiences are represented as quadruples of 

Situation, Action, Affective Valence, and Lesson, allowing the agent to retrieve related cases 

and check the coherence among a selected action, an abstracted moral lesson, and simulated 

affective feedback. The ethical memory was constructed from 20 selected cases from the 

Moral Machine dataset. The prototype was then evaluated on 15 held-out moral dilemmas 

and compared with a rule-based baseline and a neural baseline. Evaluation used the proposed 
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Ethical Coherence Score (ECS), a deterministic metric based on justification presence, action-

lesson alignment, and action-affect consistency. MORAL-MEM achieved a mean ECS of 1.00 

(SD = 0.00) across the held-out set, whereas the two baselines obtained ECS = 0.00 because 

their architectures did not produce memory-grounded natural-language justifications. The 

results show that structured ethical memory can provide measurable internal coherence and 

traceable justification. The ECS evaluates coherence rather than moral correctness, and the 

prototype remains limited by its small memory, single-annotator encoding, and lack of 

explicit value-conflict resolution. 

Keywords: Ethical AI, Neuro-symbolic reasoning, Moral memory, Explainable AI, Value 

alignment, Ethical coherence 

1. Introduction 

There are two general categories into which current ethical artificial intelligence (AI) design 

practices fall. While bottom-up approaches rely on learning moral behavior from human 

examples, top-down approaches use explicit reasoning mechanisms to encode 

predetermined ethical principles (Winfield et al., 2014; Awad et al., 2018). Despite the fact 

that both paradigms have produced notable advancements, they have one important 

drawback in common: neither of them sufficiently fosters dynamic, experience-driven moral 

reasoning, which is characterized as the ability to remember morally significant past 

decisions, think back on them, abstract moral lessons, and modify future behavior 

accordingly (Moor, 2006; Wallach & Allen, 2008). In contrast, human moral learning is 

intrinsically reflective and episodic. Moral formation has been regarded as originating from 

lived decision-making experience, from Aristotle's emphasis on habituation to Kant's theory 

of self-legislation validated through post hoc reflection. Results in modern neuroscience that 

show moral judgment activates memory-related brain systems, especially the ventromedial 

prefrontal cortex, lend more credence to this theory (Bechara et al., 2000; Damasio, 1994). 

These findings imply that memory in moral cognition is an active system engaged in the 

creation and modification of values rather than just a passive storage mechanism. Building 

on this realization, previous research work focused on case-based reasoning methods in 

ethics, where agents use moral examples they have already encountered to reason (McLaren, 

2006; Anderson & Anderson, 2007). Nevertheless, three essential elements are not 

concurrently integrated by current models:  

• Robust abstraction of moral lessons from experience. 

• Affective feedback mechanisms (such as regret as an evaluative signal).  

• Cutting-edge neuro-symbolic architectures that successfully balance learning and 

symbolic reasoning (Dennett, 1987). 

This work closes that gap. We present MORAL-MEM, a neuro-symbolic Moral Reasoning and 

Learning Memory prototype that integrates a structured Ethical Memory based on human 

choices in the Moral Machine Dataset (MM Dataset). The quadruples of Situation, Action, 

Affective Valence, and Lesson are used to represent ethical events, allowing for both 
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experiential grounding and principled generalization. Additionally, MORAL-MEM raises the 

bar by introducing: 

Reasoned judgments, articulated as natural-language justifications that are clearly based on 

past experiences. 

Cross-component consistency, which guarantees logical coherence among behaviors, 

subjective assessments, and abstract concepts. 

Objective examination using the Ethical Correctness Scores (ECS), which use a rule-based 

method to assess logical and structural validity. 

Subsequently, this paper takes a functionalist view of moral agency instead of referencing the 

metaphysically complex idea of conscience. According to Dennett (1987), moral agency is not 

defined by appeal to subjective interior states but rather by behavior that is, by making 

decisions that are logical, reasonable, and responsible. In this way, MORAL-MEM aims to 

create ethically responsible artificial beings based on lived experience and reflective ethical 

learning rather than to mimic consciousness. 

1.1 Motivation and Problem Statement 

A fundamental challenge has arisen with the growing use of AI systems in ethically delicate 

fields like healthcare, autonomous driving, and military decision-making: how can artificial 

agents be empowered with the ability to make morally sound decisions instead of just 

mimicking statistically regularized human behavior or following predetermined rules? 

Current methods lack what could be called dynamic moral memory, whether they are data-

driven systems trained on datasets like the Moral Machine or rule-based systems based on 

deontic or Kantian ethics. In particular, they do not support the integrated ability to: 

• Retrieve pertinent past morally difficult situations in light of a current dilemma. 

• Link decisions with simulated affective feedback (such as pride or regret). 

• Abstract general moral lessons from experience. 

• Coherently articulate these elements within a natural-language justification for the 

current decision. 

Because of this, these systems may be able to correlate with human behavior that has been 

seen, but they may not be able to explain why a decision is morally right or how it represents 

a coherent and principled ethical attitude. Moral accountability is compromised by this lack 

of internal consistency, even in situations where behavioral outcomes seem normatively 

acceptable. 

1.2 Research Objectives 

The main objectives of this paper are summarized as follows: 
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• Conceptual Framework Development: Based on Dennett's intentional stance theory 

and Moor's categorization of ethical agents, the goal is to create a formal explanation 

of internal ethical integrity that connects situation, action, affective tone, and 

abstracted moral lesson. 

• Design and Implementation of the Prototype: The goal is to create a replicable, 

memory-enhanced neuro-symbolic assistant whose ethical memory is represented 

by structured quadruplets that are taken from the Moral Machine Dataset and 

incorporate both cultural provenance and decision hypotheses. 

• The Ethical Coherence Score (ECS), an objective, rule-based metric for assessing the 

existence of internal justification, coherence between action and lesson, and 

alignment between action and emotive valence, is proposed and put into practice. 

• Empirical Hypothesis Testing: Using a limited ethical memory (n = 20 cases) and 

comparison with rule-based and neural baseline models, the design hypothesis that 

architectural support for internal justification is a necessary condition for non-zero 

ethical coherence formally, that ECS > 0 is achievable only when all four ethical 

memory components (situation, action, affective valence, and lesson) are encoded 

will be empirically tested. 

• Bias and Reflexive Design Analysis: To investigate the constraints and possible 

dangers of bias propagation, especially cultural prejudice, and to provide reflexive 

design principles and technical mechanisms for experience-based ethical AI systems. 

1.3 Research Significance 

This study adopts a functional account of moral reasoning based on explicit and inspectable 

structural relations. Under this view, a system can be evaluated by whether its decisions are 

accompanied by coherent reasons rather than by claims about phenomenal consciousness 

(Dennett, 1987). The proposed framework also extends Moor's (2006) concept of an explicit 

ethical agent by representing the situation, action, affective response, and moral lesson in a 

form that can be retrieved and examined computationally. 

The Ethical Coherence Score (ECS) is proposed as a rule-based alternative to subjective 

human judgment based on both the practical and philosophical significance in order to 

enhance methodological reliability and auditability. Using Practical Significance, the 

suggested paradigm makes it possible for AI to act more responsibly in morally delicate 

situations, such as: 

Healthcare: systems that can be explained, such as those that prioritize comfort when a 

patient is in distress.  

Autonomous cars: danger analysis based on past moral experiences. 

Governance: institutional frameworks that uphold clear, understandable moral standards. 

This work re-engages the topic by exploiting its philosophical significance. It contends that 

the proper realization of coherence, learning, and justification can occur without 



 

107  Journal of Sustainable Smart Systems in Education & Environment (JSSSEE) — Open Access, Peer Reviewed eISSN: 2979-143X 

consciousness. By rephrasing the well-known question "Can machines be moral?" as one 

concerning the self-consistent and justifiable structural requirements of morality. 

2. Literature Review 

A wide variety of approaches, including rule-based, data-driven preference learning, hybrid 

neuro-symbolic, and theoretical frameworks of value alignment, have been examined in 

ethical artificial intelligence. The lack of computational techniques that support experience-

based moral reasoning that is, the ability to record, narrate, and gather experience on 

structured moral episodes to guide and justify future decisions remains a gap in the field 

despite these advancements. 

McLaren's Truth-Teller (McLaren, 2006) and Anderson and Anderson's MedEthEx (Anderson 

& Anderson, 2007) are two examples of early case-based reasoning systems that show some 

of the earliest attempts to establish precedent for ethical reasoning. Nevertheless, these 

systems lack mechanisms for organizing affective feedback or automatically abstracting 

moral lessons from past experiences, and instead rely on hand-crafted instances and strict 

similarity measures. 

Allen et al. (2005) proposed a widely cited taxonomy of ethical AI systems with three broad 

categories: 

• The top-down systems, which explicitly impose normative ethical theories (such as 

utilitarianism or deontology). 

• The bottom-up systems, which infer ethical behavior from human data without 

antecedent rules. 

• The hybrid systems, which incorporate aspects of both approaches. Although 

conceptually helpful, this classification does not specifically take into consideration 

moral memory's function as a dynamic substrate that might facilitate ethical growth 

via experience and introspection. 

Large-scale datasets such as the Moral Machine have substantially advanced bottom-up 

research by providing more than 40 million decisions from participants across 233 countries 

(Awad et al., 2018). Models trained on these data can capture behavioral preferences, but 

prediction alone does not provide an internal representation of why a particular decision is 

justified. Hendrycks et al. (2020) similarly study value alignment through behavioral 

benchmarks, while leaving deliberative reasoning and persistent ethical memory outside the 

model architecture. Recent evaluations using Moral Machine-style dilemmas further show 

that LLM moral choices can diverge quantitatively from human preferences and vary across 

models and languages (Takemoto, 2024; Vida et al., 2024). 

The need to align artificial-agent objectives with human values is also emphasized in Russell's 

(2019) human-compatible AI framework. Such work provides a broad account of value 

alignment but does not specify a structured mechanism for experience-grounded ethical 

memory. Winfield et al. (2014) provide a more operational approach through a simulation-
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based ethical architecture in which internal models are used to anticipate the consequences 

of actions. Their approach supports consequence evaluation but does not include persistent 

reflective memory or lesson abstraction from prior moral experiences. Recent alignment 

studies also emphasize that output-level value agreement does not by itself establish stable 

moral reasoning, particularly when values are implicit, culturally variable, or context 

dependent (Khamassi et al., 2024; Norhashim & Hahn, 2024). 

Garcez and Lamb (2023) describe neuro-symbolic AI as a way to combine the learning 

capacity of neural models with the interpretability of symbolic reasoning. Neuro-symbolic 

systems can provide more inspectable decision structures than purely statistical models, but 

persistent moral memory and experience-based lesson abstraction have not been central 

components of these architectures. More recent work has explicitly connected neuro-

symbolic and case-based techniques to machine ethics, while broader reviews identify 

interpretability, verifiability, and intervenability as important advantages of neuro-symbolic 

systems (Aijaz, 2025; Acharya & Song, 2026). 

Contextual and social norms are also important in ethical AI. Malle et al. (2015) emphasize 

norm competence, including the ability to identify and act on social norms, while Kim et al. 

(2022) use the ProsocialDialog dataset to support prosocial behavior in conversational 

agents. These approaches address socially appropriate behavior, but they do not provide a 

persistent mechanism for storing, revising, and generalizing structured ethical experiences 

across encounters. Participatory and democratic approaches to alignment likewise stress 

that the values encoded by AI systems should remain auditable and sensitive to plural and 

community-specific perspectives (Bergman et al., 2024; Huang et al., 2025). 

The proposed MORAL-MEM framework addresses this gap by using structured moral 

memory as a scaffold for experience-based ethical reasoning and explicit justification. Table 

1 summarizes representative related approaches and the limitations that motivate the 

proposed design. 

Table 1: Comparison of Representative Ethical AI Approaches and Their Limitations 

Study 
Methodology / Key 
Contribution 

Limitation Relative to Experience-
Grounded Ethical Reasoning 

Winfield et al. 
(2014) 

Simulation-based ethical 
control using internal models 
to anticipate action 
consequences 

Relies on forward simulation rather than 
reflective memory; no mechanism for learning 
from past moral experiences or extracting 
generalizable lessons 

Awad et al. (2018) 
Moral Machine: 40M+ 
decisions across cultures 

Captures behavior, not internal moral rationale 
or justification 

McLaren (2006) 
Case-based ethical reasoning 
via casuistry 

Lacks affective modeling & automated lesson 
extraction 

Allen et al. (2005) 
Taxonomy of ethical AI: top-
down, bottom-up, hybrid 

Does not incorporate moral memory or 
reflective learning 
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Study 
Methodology / Key 
Contribution 

Limitation Relative to Experience-
Grounded Ethical Reasoning 

Hendrycks et al. 
(2020) 

Value alignment via 
behavioral benchmarks 

Relies on statistical prediction; no structured 
ethical memory 

Russell (2019) 
Human-compatible AI via 
value alignment 

Lacks concrete mechanism for internal ethical 
reasoning 

Garcez & Lamb 
(2023) 

Neuro-symbolic AI for 
interpretable reasoning 

Memory treated as transient; not applied to 
ethical learning 

Malle et al. (2015); 
Kim et al. (2022) 

Norm competence; 
prosaically dialogue 

Focus on immediate social norms; no long-
term ethical memory 

Takemoto (2024) Moral Machine evaluation of 
major LLMs 

Evaluates moral preferences and deviations 
from human choices; does not model 
persistent moral memory or internal 
justification. 

Norhashim & 
Hahn (2024) 

Quantitative human-AI value 
alignment analysis for LLM 
outputs 

Measures output-level alignment but does not 
provide an episodic ethical-memory 
mechanism. 

Aijaz (2025) Neuro-symbolic ethical AI 
using ontology and case-
based reasoning 

Provides a conceptual path toward moral 
machines; persistent affect-linked memory 
and the ECS-style coherence test are not 
evaluated. 

Acharya & Song 
(2026) 

Review of neuro-symbolic AI 
for trustworthy reasoning 

Covers robustness, uncertainty, and 
intervenability broadly rather than 
experience-grounded moral reasoning. 

 

3. The Approach  

To organize the development and evaluation process, this study follows the CRISP-DM 

framework described by Shearer (2000). The implementation uses the Business 

Understanding, Data Understanding, Data Preparation, Modeling, and Evaluation activities 

that are relevant to the proposed memory-augmented ethical agent. 

3.1 Business Understanding 

The goal of this research is to create a memory-enhanced ethical agent, which is an artificial 

system that uses the structured retention of past ethical experiences to generate morally 

sound decisions. The suggested method focuses on functional moral agency, such as 

experiential learning, context-sensitive decision-making, and the creation of natural-

language moral justifications based on an ordered ethical memory, rather than merely 

behavioral alignment with aggregate human preferences. 

3.2 Data Understanding 

Mainly, the Moral Machine dataset (Awad et al., 2018) is used as the empirical basis for this 

study. It comprises over 40 million moral decisions collected from approximately 4.4 million 

participants across 233 countries, representing the largest available cross-cultural dataset of 

moral preferences in autonomous vehicle dilemmas. 
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3.2.1 Data Description 

Every observation consists of:  

• Characteristics of the scenario (age, gender, species, social standing, physical fitness). 

• A user choice that is binary (save left = 1, save right = 0). 

• Demographics of participants (age, gender, and nationality). 

Twenty relevant instances were chosen using a stratified purposive selection technique in 

order to build the agent's ethical memory. For each of the four ethical dimensions age 

contrast, gender contrast, physical fitness contrast, and culture framing (individualist vs. 

collectivist reaction patterns, following nationality clusters in Awad et al., 2018) five 

scenarios were selected. To optimize ecological validity, the scenario type that occurred most 

frequently within each stratum was chosen. 

3.2.2 Cultural Considerations 

The Moral Machine dataset has shown substantial cultural heterogeneity in moral 

preferences in previous investigations. While East Asian participants are more likely to favor 

group-oriented outcomes, Western participants are more likely to emphasize physically fit 

individuals. These results emphasize how moral judgment is subjective and culturally 

dependent, and they encourage the explicit storage of cultural provenance in the ethical 

memory to facilitate adaptive thinking as opposed to culturally inflexible conduct. Table 2 

shows the broken-down Scheme of Moral Machine data.  

Table 2: Moral Machine Dataset Features Used in the Study 

No. Feature Description Data Type 

1 DilemmaType 
Primary ethical axis (age, gender, fitness, 
species, status) 

Categorical 

2 LeftGroup 
Agents on the left track (e.g., [child, 
elderly_man]) 

List of categories 

3 RightGroup 
Agents on the right track (e.g., 
[young_woman, dog]) 

List of categories 

4 Choice User decision (0 = save right, 1 = save left) Binary 

5 Country User nationality (ISO 3166-1 code) Categorical 

6 DemographicCounts 
Counts per agent type (e.g., man: 1, stroller: 
1) 

Numeric 

 

The initial dataset is represented in a flat, tabular format, where scenario characteristics and 

decision outcomes are encoded using binary indicator variables. 
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3.3 Data Preparation 

The primary investigator manually entered twenty moral choices into an organized moral 

memory due to resource constraints. To ensure consistency and rigor, a comprehensive 

coding procedure was developed in advance. 

One phase in this process was the contextual categorization of affective valence categories 

(such as remorse, pride, relief, and pain).  

Clear guidelines for the development of moral lessons, expressed as heuristic principles (e.g., 

"prioritize agents with greater future potential"), which could take the form of poetic or 

culturally specific expressions. 

An action-lesson congruence checklist to assess the plausibility between the selected action 

and the associated affective response. 

All stored memories were subjected to a two-stage self-review procedure that included initial 

encoding and revision after a week in order to reduce recency effects and subjective bias. 

3.4 Structured Moral Memory 

Unlike non-persistent representations (like fleeting neural activations) and passive 

recording methods (like ethical black boxes), structured moral memory is thought of as an 

active scaffold for ethical reasoning. In particular: 

Every memory is rooted in a tangible ethical experience that includes the chosen course of 

action as well as the situational circumstances. 

Consistent with Damasio's (1994) somatic marker account, affective valence is used here as 

a computational signal of moral weight, represented through states such as pride, regret, 

relief, or pain. 

Moral lessons that are abstracted function as context-sensitive principles that enable 

generalization outside of the original situation. 

When combined, these components allow the agent to engage in episodic moral reflection, 

supporting internally justified moral decision-making by recovering past actions as well as 

the underlying motivations and related affective experiences. 

3.4.1 Memory Representation 

Memories were stored in a machine-readable, modular format, as summarized in Table 3. The 

schema separates the observed situation and action from affective feedback, the abstracted 

lesson, and cultural provenance so that each component can be retrieved and audited 

independently. 



 

112  Journal of Sustainable Smart Systems in Education & Environment (JSSSEE) — Open Access, Peer Reviewed eISSN: 2979-143X 

Table 3: Structured Moral Memory Schema and Functional Roles 

Field 
Data 
Type 

Example Value Functional Role 

id Integer 1 
Unique identifier for retrieval and 
referencing. 

scenario String "Child vs Elderly Man" 
Encodes the core ethical conflict; enables 
similarity-based retrieval. 

action String "Save Child" 
Records the chosen behavior; anchors 
justification in concrete decision. 

affect String 
"Regret for the elderly 
man" 

Represents simulated affective feedback 
consistent with the somatic-marker 
concept (Damasio, 1994); signals moral 
weight and learning potential. 

lesson String 
"Prioritize agents with 
higher future 
potential" 

Abstracts a context-sensitive principle; 
enables generalization and reasoning. 

cultural_provenance String "SAU" 
Tags origin for bias auditing and cultural 
adaptation. 

 

3.5 Memory Retrieval Mechanism 

When faced with a novel ethical conundrum, MORAL-MEM dissects the input scenario into its 

basic ethical components (e.g., age, gender, and fitness). Next, using a predefined schema (e.g., 

age contrast = weight 1.0, gender contrast = 0.7), it determines a weighted similarity of 

features to all stored memories. When making decisions and coming up with explanations, 

the memory with the highest cosine similarity score is retrieved. 

3.6 Quality Assurance 

Two criteria were used to evaluate the encoded memories' validity: 

Internal consistency, which calls for the chosen course of action to make sense in relation to 

both the event and the moral lesson that was derived (e.g., saving a child corresponds to a 

lesson prioritizing future potential); 

Linguistic clarity, which calls for the expression of moral teachings in clear language 

appropriate for computer interpretation and symbolic matching. 

3.6.1 Cultural Bias Controls 

Two methods were employed:  

Provenance Tagging: Memories also include the country of the original respondent, which 

can be used to audit post-hoc bias (e.g., gender-protective framing is popular in certain 

cultures);  
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Sample Diversification: Including dilemmas with individualist (e.g., USA, Germany) and 

collectivist (e.g., China, Saudi Arabia) patterns of responses. 

Table 4 provides representative structured-memory entries. The examples show that each 

stored decision is accompanied by both affective feedback and an abstracted lesson rather 

than being retained only as an action label. 

Table 4: Examples of Structured Moral Memory Entries 

No. Scenario Action 
Affective 
Valence 

Lesson 

1 Child vs. Elderly Man 
Save 
Child 

Regret for the 
elderly man 

Prioritize agents with higher future 
potential 

2 
Pregnant Woman vs. 
Young Man 

Save 
Pregnant 
Woman 

Pride 
Double life warrants elevated 
protection 

3 
Elderly Person vs. 
Dog 

Save 
Elderly 
Person 

Regret for the 
dog 

Human life takes precedence, but 
compassion extends to all sentient 
beings 

4 
Athletic Man vs. 
Overweight Man 

Save 
Athletic 
Man 

Delayed regret 
Avoid valuing human life based on 
physical appearance 

5 Girl vs. Cat Save Girl Pain for the cat 
Non-human animals deserve moral 
consideration, though not equal weight 
to humans 

 

Remark: Each entry is of a common JSON format, which can be easily obtained by parsing, 

and merged with the neuro-symbolic reasoning engine. 

3.7 Baseline Selection and Modeling 

The MORAL-MEM was tested using two baseline agents:  

Rule-Based Agent: Written in Swi-Prolog, this deontic logic engine corresponds to three 

fundamental principles:  

Human life is superior to animal life; innocent life (infant, pregnant) equals adult life; and 

overall harm should be minimized.  

Binary choice is one of the scenario's features.  

It is impossible to limit any natural-language justifying capability to the mere activation of 

traceable rules.  

Neural Agent: A total of 100,000 Moral Machine scenarios were used to train a refined 

DistilBERT model implemented using the Hugging Face framework (Sanh et al., 2019). 
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The neural baseline receives a textual representation of each scenario and outputs a 

probability for saving the left or right option. It does not use the structured moral-memory 

or justification modules employed by MORAL-MEM. 

3.8 Ethical Coherence Score (ECS) 

We proposed the Ethical Coherence Score (ECS), a deterministic, rule-based metric assessed 

at the level of individual decisions, as a way to measure internal coherence objectively. The 

score is calculated as shown in Equation (1): 

𝐸𝐶𝑆 =
𝐶1+𝐶2+𝐶3

3
    (1) 

  

C1 (Justification Presence): Assigned a value of 1 if the agent produces a natural-language 

justification that explicitly references at least one stored moral memory; assigned 0 

otherwise. 

C2(Action–Lesson Alignment): Assigned a value of 1 when the extracted moral lesson can be 

rationally derived from the selected action (e.g., lesson Protect the vulnerable aligned with 

action Save child), with symbolic correspondence successfully verified; assigned 0 otherwise. 

C3(Action–Affect Consistency): Assigned a value of 1 when the affective valence associated 

with the decision is consistent with its moral weight (e.g., sacrificing one to save many is 

associated with regret rather than pride); otherwise assigned 0. This criterion is 

operationalized using a preprogrammed action–affect mapping. 

Because the two baseline agents do not generate memory-grounded natural-language 

justifications, C1 = 0 and their reported ECS is 0.00; C2 and C3 are not evaluated for these 

baselines. MORAL-MEM is evaluated on a held-out set of previously unseen moral dilemmas, 

with the corresponding results reported in Section 4. 

3.9 Reflexive Design and Bias Mitigation Protocol 

In order to minimize the inherent subjectivity of single-annotator encoding, a rigorous 

Reflexive Design Protocol was implemented during the data preparation phase. This protocol 

entailed three key mechanisms: 

Standardized Coding Rubric: A predetermined and standardized coding rubric was strictly 

applied for affective valence categorization and moral lesson abstraction, ensuring 

consistency across all entries. 

Iterative Self-Review with Cooling-Off Period: A mandatory cooling-off period one to two 

weeks was observed between the initial encoding and the self-review phase. This temporal 

distance helps mitigate recency bias and allows for a more objective evaluation of the action-

lesson congruence. 
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Cultural Provenance Metadata: All memory entries were required to have attached 

cultural_provenance metadata country of origin, enabling post-hoc auditing of potential 

cultural biases. 

Although this protocol improves consistency for a proof-of-concept study, the use of a single 

annotator remains a limitation. Future work should use multiple annotators and report inter-

rater reliability. 

4. Results 

MORAL-MEM was tested on a set of fifteen new moral problems that were different from 

those employed during memory formation in order to test the central design hypothesis, 

which states that the existence of internal justification is a prerequisite for non-zero ethical 

coherence. The Ethical Coherence Score (ECS) technique was used to score the agent's 

outputs after each scenario was analyzed. The same set of problems under the same 

circumstances was used to compare the rule-based and neural baseline agents. 

4.1 Quantitative Performance 

The ability to internalize justification is structurally dependent on all four memory elements 

(situation, action, emotive valence, and lesson), as the theory indicates, in order to obtain a 

non-zero ECS, which is only shown in the MORAL-MEM. Because their architectures do not 

produce justifications (C1 = 0 by design), C2 and C3 are undefined. This is why the baseline 

agents' ECS scores were always ECS = 0.00, not because they make bad design decisions.  

In contrast, MORAL-MEM achieved an ideal mean ECS of 1.000 (SD = 0.00), indicating that all 

15 judgments were made in accordance with the three coherence conditions:  

• C1 (Justification Presence): Every output contained a natural-language explanation 

that specifically mentioned at least one moral memory that had been stored.  

• C2 (Action-Lesson Alignment): The extracted moral lesson provided logical 

justification or reflective qualification for every action.  

• C3 (Action-Affect Consistency): All affective valences, such as displays of regret in 

sacrificial decisions and resolve in vulnerability-based protection, were in line with 

the moral weight of the option. 

Table 5 reports the ECS components for the 15 held-out dilemmas. MORAL-MEM satisfies C1, 

C2, and C3 for every evaluated case, producing a mean ECS of 1.00. This score reflects internal 

coherence under the proposed metric and should not be interpreted as a measure of 

normative correctness. 
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Table 5: ECS Evaluation Results on the Held-Out Moral Dilemmas 

No. Scenario 
Memory 

ID 
Decision C1 C2 C3 ECS 

1 
Young Man vs. Elderly Woman 
(Mother) 

14 Save Elderly Woman 1 1 1 1 

2 
Man with Pet Dog vs. Lone 
Woman 

13 Save Lone Woman 1 1 1 1 

3 Rich Man vs. Poor Woman 12 Save Poor Woman 1 1 1 1 

4 
Disabled Child vs. Able-Bodied 
Teen 

11 Save Disabled Child 1 1 1 1 

5 Family of Four vs. Single Man 10 Save Family of Four 1 1 1 1 

6 Young Criminal vs. Elderly Doctor 9 Save Elderly Doctor 1 1 1 1 

7 Man vs. Woman 8 Save Woman 1 1 1 1 

8 Stroller (Baby) vs. Elderly Couple 7 Save Stroller 1 1 1 1 

9 Homeless Man vs. Executive 6 Save Executive 1 1 1 1 

10 Girl vs. Cat 5 Save Girl 1 1 1 1 

11 Athletic Man vs. Overweight Man 4 Save Athletic Man 1 1 1 1 

12 Elderly Person vs. Dog 3 Save Elderly Person 1 1 1 1 

13 Pregnant Woman vs. Young Man 2 
Save Pregnant 
Woman 

1 1 1 1 

14 Child vs. Elderly Man 1 Save Child 1 1 1 1 

15 
Doctor vs. Patient (during 
pandemic) 

19 Save Doctor 1 1 1 1 

 Mean — — 1 1 1 1 

 

4.2 Qualitative Analysis 

The qualitative review of the held-out cases identified three recurring patterns: 

Application of Principle: In simple cases (e.g. case 12: Elderly Person vs. Dog), the agent used 

the lesson that human life takes precedence, directly due to affective valence (remorse over 

the dog), pointing to ethical consciousness rather than rule-following.   

Reflective Revision: On bias sensitive cases (e.g. case 11: Athletic Man vs. Overweight Man), 

the agent reproduced the original act (Save Athletic Man) but framed it by delayed regret and 

the moral of the story "Avoid valuing human life based on physical appearance" and turned a 

potentially biased act into a moral lesson.   
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Contextual Sensitivity: When dealing with culturally sensitive cases (e.g., case 1: Young Man 

vs. Elderly Woman [Mother]) the agent has appealed to memory 14 tagged SAU, and 

explained why preference should be given to the elderly woman through the appeal to 

Caregiving roles may increase moral weight in collectivist contexts, is adaptive cultural 

reasoning without Overreaching Universalism.   

No internal contradiction was observed under the three ECS criteria in the evaluated cases. 

This finding indicates that the structured memory maintained action-lesson and action-affect 

consistency within the tested scenarios. 

As an example, the agent gave the following justification when given the following dilemma: 

Girl vs. Cat. 

"I chose to save the girl. This correlates with memory #5, in which we had discovered that 

although non-human animals should not be morally ignored as the pain caused to the cat in 

its case, they are not morally equal to human children. 

This result satisfies all three ECS requirements, namely, it is founded on a stored memory 

(C1), it is consistent with the lesson (C2), and it is the same affect (pain) to the moral 

significance of the loss of a sentient life (C3). 

4.3 Baseline Comparison 

Rule-Based Agent: Makes decisions that can be traced to have been activated by a rule (e.g., 

Save Child), and are not provided with a natural-language justification.  

Thus, C1 = 0 - ECS = 0.00.   

Neural Agent: Does not have memory retrieval, nor does it have lesson abstraction (only the 

abstraction of output probabilistic prediction e.g. P (save left) = 0.94). C1 = 0 - ECS = 0.00.   

This extreme case supports the main argument: the internal ethical coherence is not an 

accidental feature of behavior or rules, but a service of architectural support of episodic 

moral thinking.   

5. Discussion 

On the 15-scenario held-out set, MORAL-MEM achieved ECS = 1.000, while the rule-based and 

neural baselines obtained ECS = 0.00 because they did not provide memory-grounded 

natural-language justifications. The result supports the design premise that combining 

situation, action, affective valence, and lesson in one structured memory enables measurable 

internal coherence. 

5.1 Contrast with Prior Work 

Compared with earlier case-based ethical reasoning systems such as McLaren (2006), 

MORAL-MEM explicitly links retrieved cases with affective feedback, abstracted lessons, and 

natural-language justification. The four memory components form a justificatory loop in 
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which an action is associated with affect, affect informs the lesson, and the lesson can guide 

later decisions. This extends case retrieval toward traceable ethical explanation in high-

stakes settings such as healthcare and autonomous systems. 

5.2 Theoretical Implications 

The framework follows a functional account of moral agency in which observable reasoning, 

recall, and justification are emphasized rather than claims about subjective consciousness 

(Dennett, 1987). It also operationalizes aspects of Moor's (2006) explicit ethical-agent 

concept by representing principles and justifications in a machine-readable structure. 

Treating memory as an active component of value-related reasoning is consistent with the 

broader machine-ethics perspective discussed by Wallach and Allen (2008). The use of 

affective valence as an evaluative signal is conceptually related to Damasio's (1994) somatic-

marker account, although the present model uses simulated rather than biological affect. 

5.3 Interpretation of a Perfect ECS 

An ECS of 1.00 indicates that all three internal-coherence criteria were satisfied for each 

evaluated decision. It does not imply moral infallibility or normative correctness. For 

example, a decision can be internally consistent with an encoded lesson while the lesson itself 

remains ethically contestable. This distinction is central to the interpretation of the metric: 

coherence does not imply correctness. ECS evaluates the structure of a justification, whereas 

the normative content must be assessed separately through fairness, stakeholder, and 

domain-specific criteria. 

5.4 Generative Baseline Considerations 

The comparison with non-generative baselines favors architectures that explicitly produce 

justifications, because justification presence is part of ECS. A generative language-model 

baseline would therefore provide a more demanding comparison. Such a baseline was not 

executed in the present study, so its expected ECS performance cannot be established here. 

Future work should compare MORAL-MEM empirically with instruction-tuned language 

models using the same dilemmas and scoring criteria, including tests for unsupported 

lessons, action-lesson mismatch, and inappropriate affective valence. This comparison is 

especially relevant because recent studies report substantial variability in LLM moral 

reasoning and value alignment across prompts, languages, and model families (Takemoto, 

2024; Norhashim & Hahn, 2024; Vida et al., 2024). 

5.5 Applications in Education and Environmental Ethics 

The proposed memory structure may also be relevant to education and environmental 

decision support, although these applications were not evaluated empirically in this study. In 

an intelligent tutoring system, for example, a prior case could encode a decision to preserve 

productive struggle, an affective response related to learner resilience, and a lesson that long-

term learning can outweigh immediate convenience. In environmental decision support, 

structured memories could similarly record prior trade-offs between human needs and 
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ecological protection. These examples illustrate how the architecture could support traceable 

justification across domains, but domain-specific validation is required before deployment. 

5.6 Computational Sustainability 

From a computational-sustainability perspective, the structured-memory design is 

comparatively lightweight because retrieval and symbolic matching operate over a compact 

memory rather than requiring generation by a very large model for every decision. However, 

this study did not measure runtime, energy consumption, or carbon emissions. Any 

sustainability advantage should therefore be treated as a design hypothesis that requires 

direct empirical evaluation in future work. 

5.7 Limitations 

The present study is a proof-of-concept evaluation and should be interpreted within the 

following limitations: 

1. Limited memory and evaluation scale: the ethical memory contains 20 encoded cases and 

the held-out evaluation contains 15 dilemmas, which limits generalizability to more complex 

ethical conflicts. 

2. Single-annotator encoding: affective valence and moral lessons were encoded by one 

investigator. Multi-annotator studies and inter-rater reliability are needed to assess 

annotation stability. 

3. No explicit value-conflict arbitration: when retrieved memories support conflicting 

lessons, the current prototype relies on nearest-neighbor retrieval rather than an explicit 

mechanism for resolving competing values. 

4. Static memory: stored lessons are not revised automatically in response to repeated 

disagreement, counterfactual evidence, or new experiences. 

5. Cultural-bias risk: provenance tags support post-hoc auditing, but the system does not yet 

include an explicit fairness-auditing or bias-correction mechanism. 

6. Semantic-grounding limitation: consistent symbolic justification does not establish 

genuine semantic understanding; this limitation is consistent with the broader concern 

raised by Searle (1980). 

7. Metric scope: ECS measures internal structural coherence rather than moral correctness. 

A decision can be internally coherent while remaining normatively contestable. 

8. Baseline scope: the study does not include an empirical generative language-model 

baseline. Comparative claims about LLM justification quality therefore remain outside the 

evidence reported here. 
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6. Conclusion and Future Work 

This study presented MORAL-MEM, a neuro-symbolic prototype that integrates structured 

ethical memory into moral decision-making. Each memory records a Situation, Action, 

Affective Valence, and Lesson, enabling the agent to retrieve relevant prior cases and 

generate a justification whose components can be checked for internal consistency. The 

memory was constructed from 20 selected Moral Machine cases, and evaluation was 

conducted on 15 held-out dilemmas. MORAL-MEM achieved a mean Ethical Coherence Score 

of 1.00 (SD = 0.00), while the rule-based and neural baselines obtained ECS = 0.00 because 

they did not produce memory-grounded natural-language justifications. These findings 

support the architectural claim that explicit memory and justification mechanisms can 

provide measurable internal coherence; they do not establish that the selected actions are 

morally correct or universally preferable. 

The results also show the value of separating internal coherence from normative evaluation. 

Cultural provenance, affective feedback, and abstracted lessons make the reasoning path 

more traceable, but they can also preserve biases present in the source cases or in the 

annotation process. The current prototype is therefore best viewed as a controlled 

demonstration of experience-grounded ethical reasoning rather than a complete model of 

moral agency. Its main constraints include the small memory, single-annotator encoding, 

static lessons, nearest-neighbor conflict handling, and the absence of an empirical generative 

baseline. 

Future work should expand the memory with multi-annotator encoding, report inter-rater 

reliability, and introduce explicit value-conflict resolution and dynamic memory revision. 

Evaluation should also include instruction-tuned language-model baselines, fairness and 

stakeholder-based criteria in addition to ECS, and larger cross-cultural scenario sets. For 

applications in education, environmental decision support, and other smart systems, domain-

specific studies are needed to determine whether the same memory structure supports 

useful and acceptable justifications. Runtime and energy measurements should also be added 

before making computational-sustainability claims. 
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