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ABSTRACT

The growing complexity of contemporary organizational ecosystems has unveiled the drawbacks of
conventional HR analytics, which are based on obviously fixed rules, linear designs and data silos that do
not encompass the nuances of context, relations and behavior in workforce competency patterns. Overcoming
these limitations, this paper presents PolyNeuroGraphMARL a meta-contextual inferential model of HR
competencies that combines polysemantic neural encoding with graph-transformer structural reasoning and
autonomous multi-agent reinforcement learning. The system integrates heterogeneous HR cues, employee
characteristics, behavioral histories, written records and organizational graphs, into a single representation
that is able to model latent semantics, dynamical interactions, and role appropriateness changes. Under the
framework of multi-agent policy dynamics, the role alignment, training suggestions, and performance
forecasting are continuously optimized by the framework as the organizational environment is in non-
stationary state. Empirically tested results indicate that it has greatly improved predictive accuracy and
structural faithful, with 93.5% accuracy, 94.0% F1-score, 0.110 RMSE, 0.91 edge precision and Ravg/Rmax
ratio of 0.87 that is more accurate than the state-of-the-art predictive analytics baselines. The system provides
strong decision support in the areas of talent allocation, internal mobility, team composition, and responsive
workforce planning in the areas of sectors that must constantly evaluate competency and organizational
knowledge. The study paves the way to a new frontier in HR computational modeling by providing an
extensively scalable, context sensitive, and interpretable neuro-graph reasoning structure that can be used to
provide anticipatory and data-driven strategic workforce management.

Keywords: Five Keywords are Required Separated By Commas (Capitalize Each Work Italic)

1. INTRODUCTION based on fixed profiling, subjective judgement, and

inflexible rule-based approaches, have been found to
Inference of human resource competencies has be inadequate in reflecting the emerging dynamic
increasingly become an analytical field and behavioural, cognitive and situational patterns that
organizations are looking to define, nurture and influence contemporary workforce competencies
utilise talent more precisely and contextually [1]. [2]. The modern workplace is multi-contextual by
The conventional competencies evaluation methods, nature, and jobs require intellect to be flexible, do
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cross-domain thinking, and interpret latent into a coherent architecture of meta-contextual

competencies based on heterogeneous interplay [3].
With the growth of digital ecosystems, enormous
datasets of behavioural clues become available
through the network of communication, records of
activities, patterns of collaboration and performance
trajectories and contribute to the formation of a
complex picture of personal and collective skills
altogether [4]. To derive useful insights on such
polysemantic behavioural cues, the learning
processes must be in a position to model structural
dependencies and dynamic inter-agent dependencies
[5]- Recently, the computational workforce analytics
have presented neural structures and graph models to
learn complex relational patterns of recruitment,
talent fit, career trajectories and predicting
performance [6]. These approaches have made it
easier to have more subtle interpretations of the
skills of the candidates, their cultural fit, job-role fit,
and team dynamics of interaction [7]. The problem
is though that in most of these models, there is a lack
of interaction with multi-level contextual cues,
interpretation of latent semantic differences amongst
different modalities of behaviour, and adjustment of
competency profiles [8]. As workforce systems
become more determined by hybrid work
frameworks, permeable staffing groups, and the
quickening pace of organizational exigencies, there
is an urgent necessity within the requirements of
analytical frameworks that can model distributed
intelligence amid agents, jobs, and contexts [9].

The combination of polysemantic neural models
with relational reasoning systems is an interesting
basis of modelling the multi-layered semantics of
human abilities. These representations allow
extracting latent deep features that capture both the
explicit behaviours, as well as the implicit cognitive
patterns [10]. Graph-transformative reasoning
complementarily can be used to build interaction-
sensitive representations, which map the way
competencies spread, strengthen, or evolve across
intricate organizational systems. Because the human
competencies are dynamically developed in the
process of interaction, collaboration, and situational
adaptation, multi-agent learning paradigms can offer
a strong mechanism to represent adaptive strategies,
collaborative ~ dynamics, and  policy-based
behavioural change [11]. They allow to draw the
conclusion about concealed competencies through
watching how agents react to contextual differences,
make optimal decisions, and bargain task-specific
constraints [12]. It is on this background that a new
methodological paradigm is needed to bring together
the polysemantic encoding mechanism, relational
graph reasoning and multi-agent adaptive learning

inference. To meet this research requirement, the
current work proposes PolyNeuroGraphMARL
(Polysemantic Neural Encoding fused with Graph
Transformer representations and Multi-Agent
Reinforcement Learning in Meta-Contextual HR
Competency Inference) as a  sophisticated
computational model that can be used to describe the
multifaceted and dynamic nature of workforce
competencies.

1.1 Research Motivation

Even with the development of computational talent
analytics, the current systems have not yet reached
high contextual fidelity in the inference of
competencies [13]. The existing models tend to be
topical and fail to focus on the latent behavioural
semantics and fail to provide adaptive strategies to
understand competency development within a
dynamic work environment [14]. Most of the
frameworks are unresponsive to multi-level
relational cues and are unable to capture subtle
competency changes that arise out of inter-agent
interactions,  environmental  pressures, and
collaborative structures [15]. Such gaps do not allow
organizations to establish precise talent knowledge,
role-fit, or predict the capability paths. This then
creates a sense of urgency to have an integrated
framework that can integrate polysemantic
behavioural cues, relationality relations, and
adaptive policy dynamics that can provide a more
comprehensive and contextually sensitive view of
workforce competency patterns.

1.2 Research Significance

The resolution of the shortcomings of the current
system of competency inference allows making
significant improvements in the organizational
intelligence, talent strategy, and human-oriented
decision support. The proposed research will provide
a channel through which competencies that are
highly contextual, evolution-conscious, and adaptive
to behavioural ambiguity can be inferred by
combining advanced representational learning with
multi-agent adaptation. These enhancements have
the potential to revolutionize recruitment accuracy,
workforce planning accuracy, team make up
planning and internal mobility prediction. Moreover,
amore advanced inference model will facilitate clear
capability evaluation, minimize bias as a result of
fixed assessment schemes and reinforce data-driven
human resource traditions. The bigger picture here is
to have a scalable analytical base that can be
generalized across various organizational settings
and thus form the next generation of intelligent
workforce analytics architectures.

1.3 Problem Statement
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Organizations are also demanding more competency
insights which are accurate and contextually rooted
in order to assist with strategic decision-making, but
the existing numerical computational techniques are
insufficient to capture the complexity in behaviour
and relational dependencies found in human
performance data [16]. Current systems generally
consider competency indicators as fixed or
shallowly contextualized, and they do not reflect
latent semantic variation and dynamic interaction
between the present-day workforce eco-system [17].
Lack of interpretability of behavioural embeddings,
role-context modelling and adaptive multi-agent
inference also weaken the accuracy of competency
inference. These limitations do not allow developing
comprehensive talent insights and do not allow
scaling to the application in the field of actual
organizations. Hence, the core issue that this
research needs to resolve is the formulation of a
powerful, flexible, and structurally based framework
of deducing changing human competencies out of
multi-faceted behavioural and relational
information.
1.4 Recent Innovations and Limitations
Most recent studies in computational talent analytics
have added graph-based rationale, representation
learning, and behavioural embedding methodologies
to enhance fit between candidates and roles,
collaboration modelling, and prediction of
competencies. This has been supported by
innovations such as inductive graph architecture to
support dynamic matching, neural encoders to
support skill extraction and hybrid models to support
interpreting multi-source behavioural signals. The
developments have improved the capability of
mapping relational dependencies and obtaining
structured information out of workforce data.
Nevertheless, there are still a number of challenges:
most of the models are unable to incorporate
polysemantic  behavioural cues effectively;
relational reasoning is usually shallow or context-
domain-specific; and current methods do not provide
a mechanism to model adaptive behavioural
evolution under different conditions. Furthermore,
existing research lacks the measurement of emergent
competencies that emerge during agent-agent
interactions or environmental changes, and this fact
also shows the necessity of more comprehensive
contextual-dynamic modelling methods.
1.5 Key Contributions
e Develops an adaptive HR competency

inferential architecture combining the

multi-modal semantics, structural

reasoning and dynamic policy intelligence.

e Learns effectively feature contextual
representations by the use of fused
embeddings reflecting behavioral,
relationship and organizational diversities.

e Presents PolyNeuroGraphMARL that
combines polysemantic neural encoders
and graph-transformer fusion to enhance
competency in understanding.

e Uses joint multi-agent learning-based
reinforcement that allows robust role
choices to disturbances and shifting HR
environments.

e Has a high evaluation performance of
93.5% accuracy, 94.0% F1, 0.110 RMSE,
0.91 edge precision, 0.87 ratio.

1.6 Rest of the Section

The rest of this study is structured in the following
way. Section 2 analyses literature related to it. The
section 3 outlines the suggested
PolyNeuroGraphMARL  approach. Section 4
includes the set-up of the experiment, findings, and
discussion. Section 5 concludes the study and
indicates future directions of research.

2. RELATED WORKS

Nikmanesh et al. [18] suggested a fuzzy
inference-based structure to assess the productivity
of employees by presented by traditional
productivity tests, which are based on strictly fixed
and subjective measures. They used a Fuzzy
Inference System (FIS) to deal with uncertainty in
human-related variables, but applied a single dataset
on a case-study to test the approach. The results
showed that fuzzy modelling is a flexible and
realistic way of measuring the workforce
performance. The investigation was however limited
by small contextual data, lack of scalability and
unavailability of multi-source behavioural cues. The
method does not have dynamic modeling features
and fails to capture interaction-based competency
development, and thus cannot be wused in
multifaceted meta-contextual HR inference.

Sadler-Smith et al. [19] examined the
existence of intuition in HR decision-making within
the linguistic cue. It was done to find cues which
should signal the instance of automatic and non-
conscious judgement by HR practitioners. The
analysis employed Computerised Text Analysis
(CTA) of narrative reports given by HR
professionals, and found the word patterns related to
intuitive thinking. The findings provided some ideas
on how to mitigate bias, enhance the choice process,
and use Al-powered text analytics in HR.
Nevertheless, the data was purely textual and
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subjective which limited modeling structural,

behavioural and circumferential variables. The
research was meant to cross the boundaries

The  technique does not  imply
competencies, structural modelling, and

combination of behavioural, relational, or contextual
indications. Also, the study lacks predictive or multi-
agent reasoning processes, and hence, cannot apply
to technologically advanced competency inference
or dynamic HR intelligence models.

Arslankaya [20] explored the estimation of
labor loss of employees with the help of fuzzy logic
and Adaptive Neuro-Fuzzy Inference System
(ANFIS) to enhance productivity prediction of the
workforce. The aim of the study was to measure the
association between the health-related absenteeism
and loss of labor in the operational areas. A three-
year dataset of absenteeism of a courier company
were considered and twenty-eight causes in data
were analysed and five major factors of absenteeism
were taken to be modelled. The application of Fuzzy
Logic and ANFIS to predict the labor loss was
assessed by determining the performance in terms of
MAD, MAPE, MSE, and RMSE. The findings
revealed that ANFIS gave much more accurate
estimates of actual loss of labor than the classical
fuzzy logic. Although successful, the model was
finite to numerical absenteeism variables, contextual
modelling of behaviour was not included and
relational/dynamic competency inference
mechanism required to support state of the art HR
intelligence was missing.

Lee et al. [21] determined the competencies
of nonprofit organizations in terms of human, social
and financial resources management and the impact
of such aspects on volunteer utilisation in changing
environmental conditions. Based on the resource-
based and contingent resource-based theories, the
paper investigated the wuse of organizational
competencies to facilitate useful utilization of
volunteers especially when an economy is in crisis.
The authors based their study on the IRS 990 filings
and the U.S. Census data of 2010-2012 to formulate
zero-inflinated negative binomial regression to

measure competency-related relationships and
volunteer engagement. Their results have
highlighted the fact that holistic resource

management competency has a significant impact on
the use of volunteers as well as it is vital when the
community faces financial pressure. Nevertheless,
the paper has failed to address behavioural inference,
contextual modelling and cross-agent policy
dynamics, restricting it to predictive competency
analysis or meta-contextual HR intelligence
frameworks.

The study by Arini et al. [22] Upskilling
and Reskilling in Improving Competence of
Competitive Human Resources in the Digital
Economy Era was conducted using a descriptive
qualitative design to examine how MSMEs can
improve workforce competencies by facilitating
specific skills development programmes. The
authors gathered the information on the online
documents and literature-based sources in order to
comprehend the strategies of the competency-
building in the context of low- and high-skilled
populations. Their results emphasized the role of
joint effort by the public, private, and the community
in empowering HR competencies in the digital era.
It focused on collaboration through ecosystem and
long-term development of capability as the source of
competitive advantage. The study, however, was
based entirely on qualitative secondary data, there
were no indicators of competency to be measured
and computational modelling, behavioural profiling,
and predictive mechanisms were not applied.
Consequently, the work offers conceptual
knowledge but lacks algorithmic and data-based
approaches to automated HR competency inference.

Alzadjali et al. [23] investigated the role of
taking a learning-organization approach in
improving the quality of HR services and
performance of the employees in digital change of
HRM. The authors used statistical evaluation
methods such as reliability analysis, composite
validity, discriminant validation, and goodness-of-fit
tests using a structured dataset whose measurement
items are validated. The researchers discovered that
digital HRM practices were related to both direct and
indirectly influence the employee performance
variance of 67.5% and the HR services quality
variance of 61.2%. Although the model had
empirical rigour, it only used survey-based
constructs, with no behavioural, relational or policy-
interaction modelling. The research has not used
machine learning, graph reasoning, or multi-agent
organisational dynamics and therefore is not suited
to competency inference automation under complex
and changing HR settings. Its wisdom is also limited
to organizational change as opposed to
computational HR intelligence.

Laguerre et al. [24] explored the question of
determining the influence of human-resource
practices on motivational channels through the ages
by basing their study on the Self-Determination
Theory (SDT). They were aimed at validating the
entire mediational chain of SDT, that is, basic need
satisfaction and autonomous motivation, in HR
settings empirically. The authors analyzed
perceptual data rather than an external one using a
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mixed-methods design that used item-classification
task (N=48) together with a three-wave survey of
working adults (N=818). They also discovered that
autonomy- and competence-supportive practices
yielded greater psychological need satisfaction and
work performances whereas relatedness-supportive
practices brought about contrary outcomes as
anticipated. The contribution further developed
motivation-focused HR modelling; nevertheless, it
was constrained by perceptual self-reporting data,
lack of computational inference processes, and lack
of multi agent/polysemantic modelling (involving
complex competency-map tasks).

Leal-Ramirez et al. [25] suggested a
quantitative model of academic-skill assessment by
means of combined teaching and an active fuzzy-
inference model. These were aimed at getting rid of
subjective basis in the evaluation of knowledge,
processes and attitudes within the middle
educational settings. The approach entailed a
combination of structured instructional tables with
fuzzy rules to assess three learning activities without
any qualitative grading; the analysis involved the use
of student-performance datasets that were gathered
directly as a result of the in-class tasks and not an
open repository. The authors were able to come up
with clear, repeatable evaluation of competency and
indicate that fuzzy-based reasoning can replace
subjective assessment. Nevertheless, the method is
domain-specific, without multi-agent inference,
which does not involve graph-based or neural
polysemantic models, and is restricted to scale to
dynamic organizational HR ecosystems with
autonomous policy adaptation and complex fusion
of competencies.

The currently researched HR analytics are
primarily based on fuzzy inference, statistical
modelling, SDT-based perceptual analysis, and
qualitative measures. As much as all these strategies
are productive in terms of evaluation, motivational
pathway, absenteeism  forecasts, volunteer-
management competency, and skill development in
the digital era, they have urgent shortcomings. None
combine polysemantic neuro-graph patterns, multi-
source behavioural patterns and independent multi-
agent policy dynamics needed to model dynamic
competency evolution. The literature reviewed does
not have context-interaction modelling, cross-agent
reasoning, and real time competency inference based
on computational intelligence. Most of the
approaches additionally rely on limited datasets
survey-based, textual, qualitative, or single-case data
which limits the generalizability. This gap raises the
necessity of having such a meta-contextual, graph-
based, and policy-agile HR competency inference

framework to work in sophisticated, changing
organizational ecosystems.
Table 1. Summary of Existing Studies

Study Method Dataset | Advanta Drawbac
Used ges k
Nikman | FIS Single Realistic Lacks
esh et modelling | case- fuzzy- scalability
al. [18] study based and multi-
dataset productiv | source
ity signals
assessme
nt
Sadler- Computer | HR Identified | No
Smith ised Text | narrative | linguistic | competen
etal. Analysis s text markers cy
[20] of inference
intuitive or
judgemen | structural
t modelling
Arslank | Fuzzy Courier | Accurate | No
aya Logic + absentee | labor-loss | behaviour
[20] ANFIS ism prediction | al or
dataset contextual
modelling
Lee et Regressio | IRS & Demonstr | No
al. [21] n Census ated predictive
modelling | data resource- | or multi-
competen | agent
cy capabilitie
influence s
Ariniet | Qualitativ | Seconda | Highlight | No
al. [22] e ry ed computati
descriptiv | docume stakehold | onal or
e nts er-driven | measurabl
competen | e
cy indicators
developm
ent
Alzadja | Statistical | Survey High Lacks
lietal. structural | dataset explanato | behaviour
[23] modelling ry power al and
of HRM graph-
constructs | based
reasoning
Laguerr | Mixed Perceptu | Validated | No
eetal. methods al data SDT computati
[24] + MSEM motivatio | onal
nal inference
pathway or agent
interactio
n
Leal- Fuzzy Classroo | Transpare | Not
Ramire inference m nt, scalable
z et al. + activity quantitati | to HR
[25] Instructio | data ve skill ecosystem
n table assessme s
nt

Table 1 summarizes eight foundational studies
ranging over fuzzy modelling, intuition analysis,
absenteeism prediction, organizational competency
assessment,  qualitative  skill  development
evaluation, digital HRM transformation analysis,
SDT-based HR motivation modelling, and fuzzy-
driven academic competency evaluation. It
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highlights each study’s purpose, methodological
approach, dataset characteristics, major
contributions, and core limitations. Collectively, the
table illustrates that the existing work offers valuable
but domain-limited insights, relying heavily on
subjective, survey-based, or single-context datasets.
Most studies do not provide polysemantic
modelling, graph-based reasoning, multimodal
behavioural integration, and autonomous multi-
agent policy dynamics, clearly revealing the absence
of advanced computational frameworks for meta-
contextual HR competency inference.

3. POLYSEMANTIC NEURO-GRAPH
MULTI-AGENT COMPETENCY INFERENCE

The suggested PolyNeuroGraphMARL combines
polysemantic neural encoding, organizational graph
intelligence, and multi-agent reinforcement learning
to generate a single and meta-contextual
representation of workforce competencies. Multi-
source HR data, including employee characteristics
and data logs on performance, interaction history,
and task-based records is turned into layer
behavioural, relational, organizational, and temporal
contexts. A neural encoder created transformer, such
as polysemantic representations, can be used to
create subtleties in the interpretation of skills,
behaviour tendencies and collaboration intent. The

parallelogrammatically with that, a dynamic
organizational graph is created to represent
employees, skills, tasks and departmental
relationships, which allows graph-transformer

encoders to draw structural patterns of influence and
expertise. Neuro-Graph Fusion module combines
both the neural and relational representation into a
single competency vector. This  merged
representation is entered into Competency Inference
Engine to assist in estimation of proficiency,
behavioural interpretation, prediction of suitability
and performance forecasting. These insights are
further operationalized to a multi-agent policy layer,
which consists of agents who optimize decisions by
training recommendation, role allocation, team
formation and workforce planning using
reinforcement learning. A feedback-based policy
refinement loop (i.e. autonomous optimization) is
driven by rewards. The whole pipeline is assessed by
predictive, graphical and policy-performance
metrics and implemented with real-time
visualization tools to have HR decision intelligence.
Fig. 1 demonstrates an overall methodology
approach.

e
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Fig. 1 End-to-End PolyNeuroGraphMARL
Competency Framework

Fig. 1 provides the detailed workflow of the entire
processing of the  PolyNeuroGraphMARL
framework, combining multi-source HR data, meta-
contextual layering, polysemantic neural encoding,
and representations of organizational graphs
transformer. Competency Inference Engine can
create skill, role and performance insights by
combining semantic, behavioral and structural
patterns in the Neuro-Graph Fusion Module. Multi-
agent policy dynamics is a simulation of
organizational  interactions, = which  allows
optimization of HR decisions. The last stage of the
system is deployment-ready real-time visualization,
analytics, and strategic workforce intelligence
dashboards.

3.1. Data Collection

The Synthetic HR Employee Records data set [26] is
used in this study, where employees are organized in
structured employee profiles with demographic
characteristics, ~work  history, departmental
affiliation,  performance  measures, training
enrollment, and report to managerial relations. Its
multi-dimensional make-up permits coherence to
behavioural, relational, and skill-based contextual
layers needed to make meta-contextual inference.
Data were gathered by derivation of employee
records, descriptions of roles, skill annotations and
inter-departmental connections. All data were
purged, normalised, anonymised and time-aligned to
maintain organisational patterns of evolution. The
synthetic nature of the dataset removes the issue of
privacy but keeps the HR structures realistic, which
facilitates powerful model prototyping and multi-
agent simulation. Their existence makes it applicable
to building a dynamic organizational graph, creating
polysemantic encodings, and justifying competency
inference and policy-optimization processes.
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Table 2. Sample HR Records

Emplo | Departm Role Key Performa
yee ID ent Skills nce Score
E1023 Data Analyst Python, 88
Analytics BI Tools
E2047 HR Recruite | Talent 79
r Sourcing,
Interviewi
ng
E3175 Engineeri | Develop | Java, 92
ng er Microserv
ices
E4291 Marketin | Strategis | SEO, 81
g t Campaign
Design
E5632 Operatio | Coordin | Schedulin | 74
ns ator g,
Workflow
Managem
ent

Table 2 shows selected samples of the Synthetic HR
Employee Records dataset, which shows that it is
structured and multi-dimensional. It seizes different
roles, departmental settings, ability features, and
performance measures that are crucial in developing
behavioural and interpersonal strata of the model.
The samples aid in describing ways in which
features unique to each employee aid in encoding
polysemantic features, building graphs, and
simulation of multi-agent policies. This type of
systematic variability offers a natural likelihood of
inference of competency and also allows intensive
testing of organizational decision-making processes
within the suggested framework.

3.2 Data Preprocessing

Pre-processing of data guarantees structural,
semantic and contextual consistency of the
heterogeneous HR data that is utilized in this study.
All  employee profiles, performance logs,
communication traces, and task histories are
cleansed, normalized, and anonymized to eliminate
any form of inconsistency and ensure privacy.
Temporal alignment It is used to align behavioural
and organizational signals so that they can be used to
generate sequence-aware competency inferences.
The relational data and skill attributes are mapped
onto ontology to guarantee their interoperability
with the polysemantic encoder. Graph ready formats
are then created by transforming interactions to edge
lists and contextual attributes to node features. This
preprocessing pipeline ensures coherence that is
essential in neuro-graph fusion and multi-agent
policy reasoning.

3.2.1 Data Cleaning and Noise Filtering

Data cleaning secures the elimination of unfinished,
repeated, or incompatible information on staff files,

conduct records and part of the role documentation.
Only the high-fidelity samples are to be retained to
facilitate the reliable neural encoding and graph
building in organizations. The gaps in numeric
values are filled with contextual medians, and the
gaps in texts with semantic interpolation along the
similarity of the worker-role. Noise filtering
removes performance or communication logs spikes
that are anomalous due to errors in the system or

unusual reporting intervals. The anomaly-
attenuation transformation takes the form as shown
below (1):

xg = x; — Mo — ) (1)

Where, x; is the raw value, u is the contextual mean,
and A controls noise suppression. It is controlled
correction;  before  polysemantic  encoding,
behavioural patterns are maintained.

3.2.2 Numerical Normalization and Feature
Scaling

Normalization is necessary to match the
heterogeneous data distributions of the performance
measures, activity rates, workload measures, and
interaction temporal patterns. This measure avoids
the scale dominance in the process of embedding
neural representations, as well as balances the
propagation of the gradient throughout the
transformer encoder. The approach taken is either
the min-max or z score, based on the dispersion of
features. The rating of skills, frequency of
communication and input to a project are scaled to
continuous  representation interval that are
compatible with downstream fusion layers. The

following (2) represents the standardized
transformation:
g =2 ®)

o
Where, x denotes the original value, p is the feature
mean, and o is the feature standard deviation. This
normalization conserves behavioural variations at
the relative level and makes polysemantic
embedding layers converge, and be compatible with
graph structural properties.
3.2.3 Temporal Alignment
Sequencing
Temporal alignment sorts asynchronous logs such as
performance events, communication timestamps,
task updates, to form coherent sequences to reason
about the context. This is an important step since
interpretation of behaviour and competency
inference are based on temporal consistency within
employees, teams and different tasks. Sliding-
window segmentation is used to produce event
blocks that would indicate short-term and long-term
competencies. [rregular reporting intervals are fixed
through temporal smoothing. Aggregation of time
indexed is as follows (3):

and Context
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Co=2l W xi¢ (3) graphic depictions to support HR decisions. This

Where, x; , is the i-th feature at time t and w; is the ~ architecture is progressive in interpretability,

contextual  weight representing  behavioural dynamic adaptation, multi-modal fusion of the

importance This provides synchronized temporal
vectors, which can support transformer-based policy
encoding polysemantic and dynamic multi-agent
policy forecasting.
3.2.4 Graph-Ready Structuring and Relational
Encoding
This stage converts purged and harmonized HR data
into graph-conformable formats of organization-
knowledge modelling. The nodes are represented as
employees, skills, tasks and departments and edge
structures are represented as communication,
collaboration, reporting relationships and project
dependencies. The contextual features are
represented as features of node and edge, and
structural learning can be performed utilizing graph-
transformer models. The sparsity of the graph is
minimized by coalescing the relationships that occur
most infrequently and maintaining the significant
paths to relationships. The formulation of the edge-
weight is as follows (4):

W) = & Syy + B ' fuv @
Here, s,,,, denotes skill similarity, f,,,, the interaction
frequency, and a,f weighting factors. This
relational encoding assists in correct representations
of graph-learning and directly supplies the Neuro-
Graph Fusion module.

3.3 PolyNeuroGraphMARL Meta-Contextual
Neuro-Graph Framework Design

PolyNeuroGraphMARL is an architecture that
combines polysemantic neural encoders, graph-
transformer relational learning and autonomous
multi-agent policy dynamics into a unified pipeline
of meta-contextual competency inference. Starting
with multi-source contextualization of multi-source
HR records, the model encodes behavioural traces
with semantically meaningful encoders and at the
same time builds an organization knowledge graph
of skills, tasks, and social connections. A Neuro-
Graph Fusion module is an integration of contextual
and relational embeddings into powerful
competency vectors. Proficiency estimation,
suitability ranking and performance forecasting are
done by downstream inference heads. An
autonomous reinforcement-learning agent takes
fused embeddings to optimize training prescriptions,
role assignments, team formation and long-term
workforce planning; agents can revise policies in an
autonomous optimization cycle under multi-
objective reward indications. The model is evaluated
based on predictive, graph-structural and policy-
efficiency measures and the model reveals real-time
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intelligence of organizational competency.

3.3.1 Contextual Layering

Cleanse, anonymize and align heterogeneous HR
sources into meta-context layers, behavioural,
relational, skill-based, organisational, temporal.
Layering maintains multi-scale information and
allows the downstream encoding to be modular and
graphical and makes the HR systems privacy-
assured and interoperable. The mapping of the
temporal alignment is given (5):

Le(e) ={l11= (D, D} (%)
Where, L,(e) denotes the set of context-layered
representations for employee e; D, is the raw multi-
source data; T is temporal reference; and @ (+) is the
context extraction operator. The alignment cost
minimization is expressed as (6):

min X, Xe |Aee —(Ace)? +YR(m  (6)
Here, A, are aligned attributes for employee e at
time t, m is the alignment transform, R(w) a
regularizer, and y its weight.

3.3.2 Polysemantic Feature Encoding
Learn text, activity and behavioural cues into multi-
meaning vectors using transformer-based encoders,
representing latent skills, intent, collaboration
patterns and performance hints in varied situations
and across time spans. The token sequence encoding
is represented by the transformer encoding of the
token sequence X as (7):
H=
TransformerEnc(X) =
LN(MHSA(X) + FFN(X))
(7
Where, H is the polysemantic embedding matrix,
MHSA denotes multi-head self-attention, FFN the
position-wise  feed-forward, and LN layer
normalization. The contextual pooling to produce
employee vector is (8):
v, =

Pool(H*™) = ST, achy )
Here, a, are attention pooling weights computed via
a softmax over relevance scores, producing a fixed-
length polysemantic vector v,.
3.3.3 Organizational Graph Construction
Build a dynamic heterogeneous graph that contains
the employees, skills, tasks, and teams as nodes; the
edges fill the interaction, reporting and co-
participation. Temporally isolated snapshots
preserve changing and shifting collaborations and
flows of expertise required in structural reasoning.
The heterogeneous adjacency representation is given
as (9):
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G=WEXy,Xe), AL = lumer,
©)

Where, G is the knowledge graph, V nodes, E edges,
Xy node features, X edge features, and Ag‘;) an
adjacency indicator at snapshot k. Graph snapshot
evolution is captured by (10):

X3 = (x, 40, At) (10)
Here, W, is the graph update operator integrating
edge events and temporal deltas At.

Graph
Embedding |

f

Readout

Node
T , | Embedding

Add & Norm
>

Multi-head Self

Fig. 2 Polysemantié Graph-Transformer
Embedding Architecture Overview

A single polysemantic graph-transformer encoding
pipeline, combining multi-modal feature projection,
encoding of relational structures and hierarchical
self-attention, is illustrated in Fig. 2. Features of
nodes are first linearly encoded and joined between
a transformer block that is further enhanced with all
positional, Laplacian, centrality, and relational
encodings. Multi-head attention represents a more
complex dependency and feed-forward layers
semanticize the structure. This is done through a
readout module that combines the contextualized
node representations to obtain a global graph that is
optimized to  competency inference and
organizational pattern reasoning.

3.3.4 Neuro-Graph Fusion Module

Utilize cross-attention, gated fusion, and residual
aggregation to combine fuse transformer-based
polysemantic  embeddings with  graph-based
relational embeddings into single competency
vectors without lost semantic and structural

information. Gated fusion process is modeled as

(11):

ue = o(Wg[vellge] + bg) © tanh (We[vellge] +
by) (11)

Where, v, is the polysemantic vector, g, the graph-
based embedding, o sigmoid gating, O element-
wise product, and W,,b, learnable parameters. A
residual cross-attention refinement is (12):

U, = U, + CrossAttn(u,, G)
12)
Here, G is global graph context and CrossAttn
denotes cross-attention between fused vector and
graph context.
3.3.5 Competency Inference Engine
Use task-specific prediction heads (classification,
regression, ranking) on fused competency vectors to
make inferences about skill competence, behaviour
archetypes, role-suitability scores and prediction of
performances to decide and consume downstream
agents. The multi-head prediction is formalised as
(13):
y© = softmax (W ©u, + b(©), y =
w®y, + b (13)

Where, y’@ denotes categorical suitability/class
labels, y’(?) continuous performance prediction, and
W®, b™ are head parameters. Objective losses
combined are (14):

L=2%Lee(y©,59) + & Lagse (Y, y™)
(14)
Here, A, balance loss terms; Lqc cross-entropy;
Lyrse mean-squared error.
3.3.6 Multi-Agent Policy Dynamics (Decision
Layer)
Predict task-specific prediction heads (classification,
regression, ranking) on fused competency vectors to
predict skill proficiency, behavioural archetypes,
role-suitability scores and performance predictions
to make decisions and consume downstream agents.
The multi-head prediction has the formalization
(15):
Vo) (6) % Erog[X: Vo log o (alsy) G
15)

Where, my is the agent policy parameterized by 6 ,
a; actions, s; fused state, and G; return (cumulative
reward).

Multi-objective reward composition is (16):

414



Journal of Theoretical and Applied Information Technology
30" September 2026. Vol.104. No.18

d

N

© Little Lion Scientific

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

Ry = 0 R™ + 0, R + w, RS
(16)

Here, w; weights balance performance, engagement,
and efficiency rewards.

3.3.7 Autonomous HR Optimization Loop
Simulate organizational scenarios with agents to
evaluate policy trajectories; incorporate outcome
feedback to iteratively update policies and graph
states, generating optimal strategies for career
planning, team formation, and workforce
deployment. The policy update within loop using
critic baseline is (17):

8 =1+ YV¢(5t+1) - Vq)(st), Vo] =
2t Ve logmg (atls,)8, (17)
Where, V, is the value function (critic)

parameterized by ¢, &, the TD-error, and y discount
factor.
Policy convergence monitoring metric is (18):
k=23L, Mo, C Is) — o, (- ISl
(18)
Here, k¥ measures policy changes between iterations
K, K+ 1.
3.3.8 Evaluation and Validation
Measure the accuracy of inference, structural faithful
graphs, and policy effectiveness with predictive
measures (Accuracy, F1, RMSE), graph measures
(edge precision/recall, clustering) and RL measures
(cumulative reward, stability) against known HR
analytics baselines. The composite evaluation score
is constituted as (19):
S =My FL+m, - (1= RMSEpgpy) +15 - 1

max
(19)
Where, n; are importance weights, RMSE, .,
normalized RMSE, R,,, average cumulative reward
and R,,, maximum achievable reward. Graph
structural correctness uses (20):
|EprednEgt|

EdgePrecision =
|Epred|

(20)
Here, E,.q and Ey are predicted and ground-truth
edge sets.
3.3.9 Deployment and Visualization Layer

Using dashboards expose inferred abilities, gaps in
skill, proposed policies, and structures of teams.
Allow explainability modules to overcome the
problem of fused vectors and break down fused
vectors into interpretable semantic and relational
inputs that HR practitioners trust and operate with.
The scoring pipeline in the real time is modeled as

(21):
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se(t) = ¢dcploy(ué (t)): Dashboard = V({s,(t)})
3y

Where, @yepioy maps fused embeddings to human-
readable scores and V is the visualization aggregator.
Explainability decomposition uses (22):

'U.é = Ziyicl’ ) Contributioni = Yilcil

(22)
Here, c¢; are component vectors (semantic,
relational), and vy; their gating weights for
interpretability. The  PolyNeuroGraphMARL
incorporates multi-source HR data into multi-level
contextual  representations, which allows
polysemantic features to be encoded with

Transformer-based neural models. The relational
structures are represented in a dynamic
organizational graph and combined with neural
embeddings with the help of a Neuro-Graph Fusion
module to yield a single competency profile. Role
allocation, team formation and career-path
optimization are then done with adaptive decision-
making by a multi-agent reinforcement-learning
system. The evaluation is based on predictive,
relational, and policy-performance metrics and then
it is deployed using interpretable dashboards that aid
with real-time HR intelligence.

Algorithm.1 Meta-Contextual Competency Inference
Step 1: Load multi-source HR data
If data_format is inconsistent
Apply normalization and alignment
Else
Proceed with contextual layering

Step 2: Encode polysemantic features
If input_type is text or behavioral signal
Generate transformer embeddings
Else
Map to dense latent vectors

Step 3: Construct organizational graph
If relational evidence exists
Create employee—skill-task nodes
Else
Initialize minimal graph structure

Step 4: Perform Neuro-Graph Fusion
If both embeddings are available
Combine using cross-modal fusion layer
Else
Use fallback single-modality encoder

Step 5: Infer competencies
If prediction_target is skill or behavior
Apply classification/regression heads
Else
Estimate role suitability rankings
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Step 6: Multi-agent policy dynamics
For each agent
Observe fused state
If reward improves
Update policy via RL
Else
Retain previous policy

Step 7: Optimization and feedback
If convergence condition met
Output competency map and HR policies
Else
Iterate with updated rewards

Step 8: Deploy insights
Visualize competencies, gaps, and decisions
End Algorithm

The algorithm 1 operationalizes meta-contextual
competency inference by sequentially integrating
heterogeneous HR signals, transforming them into
polysemantic and graph-structured representations,
and applying a fused embedding to drive multi-agent
policy decisions. Through conditional logic, each
module adapts based on data availability,
competency stability, or behavioral transitions.
Reinforcement-learning agents iteratively refine
policies using reward feedback while maintaining
coherence  with  organizational  constraints,
producing optimized competency insights and
actionable HR decisions.

tart: Load Multi-Sor

Yes _fiData Gl - No
- and ugnmrl = —l
// -\\\
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Fig. 3 Conditional Meta-Contextual Inference
Workflow

Fig. 3 represents This flow a flow chart illustrates the

conditional logic of the

operations workflow of

model. It shows the dynamic adaptability of the
system in response to data modality, relational
completeness, fusion availability, competency
stability and reward convergence. All decision
points decide the option of having the pipeline in full
contextual integration, fallback encoders, alternative
heads of inference or modified reinforcement-
learning behavior. The diagram highlights the
intelligence, which is adaptive and rule-based and is
needed to process various HR signals and to
coordinate multi-agent decision policies in complex
and changing organizational settings.

4. RESULTS AND DISCUSSION

The experimental test measures the efficiency of the
Meta-Contextual Human Resource Competency
Inference system which is a combination of
polysemantic neural encoding, an organizational
graph reasoning, and autonomous multi-agent policy
dynamics. Python-based deep learning toolchains,
such as PyTorch, a neural and graph-transformer
modelling platform, NetworkX and DGL,
organizational graph building platforms, and Ray
RLIlib, a multi-agent reinforcement-learning policy
training platform, were used to perform all analyses.
Pandas, spaCy, and Scikit-learn were used to run
data preprocessing and context layering pipelines
and custom Gym-compatible environments were
used to run simulation environments to model HR
scenarios. The outcomes are aimed at assessing the

effectiveness of the fused  neuro-graph
representations to make correct competency
inferences, adaptive role assignment, predictive

performance, and optimal policy decisions under
dynamic HR conditions. The model behaviours were
also studied using scenario-based simulations which
simulates organizational perturbations which
include the restructuring of a team, changes in
workload and changes in the skill-demand criteria.
On the whole, the findings demonstrate the strong,
flexible, and decision-support nature of the
suggested architecture without the need to make
predetermined assumptions and fixed HR
regulations.
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Table 3. Simulation Parameter and Hardware
Setup

Parameter Value / Description
Category

Simulation 5,000 iterative organizational

Episodes cycles

Agent Types Policy, Role-Allocation, Team-
Formation, Performance-
Forecasting

Graph Size 300-500 employee and skill nodes

Embedding 256-dim fused neuro-graph vector

Dimension

Environment Dynamic workload, team

Variability restructuring, skill-demand shifts

Policy Update Every 10 simulation steps

Frequency

Learning Ray RLIib multi-agent

Framework environment

Hardware GPU-accelerated PyTorch + DGL
setup

Table 3 shows the most important parameters of the
simulation environment configuration in assessing
competency inference, agent behaviour, and
optimization of organizational decision making. It
contains parameters associated with reinforcement-
learning events, the scale of organizational graph,
cycles of policy-updates, embedding dimensions,
and environmental fluctuations. These parameters
are reproducible and facilitate controlling
experimentation in numerous HR decision-making
situations.

4.1 Experimental Evaluation

The experimental test examines performance of the
proposed Meta-Contextual HR  Competency
Inference framework under the conditions of
heterogeneous and multi-layered organizational data
and dynamically changing decision environments.
The system is benchmarked on the quality of
encoding, cross-modal fusion behavior, graph
structural learning and policy adaptation using the
Synthetic  HR  Employee Records dataset.
Robustness, scalability, and consistency of decision-
making in the HR ecosystems of real-world
uncertainty of performance and contextual
ambiguity can be tested wusing simulated
organizational situations, noise perturbations, and
agent-level interactions.

Employee Attribute Distribution
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Fig. 4 Employee Attribute Feature Spread
Visualization

Fig. 4 shows dispersion of the core workforce
attributes, which allows evaluating the heterogeneity
of the populations and structural noise within the HR
ecosystems. The plotted distribution illustrates the
experience-performance associations, which is an
important baseline in the validation of downstream
competency inference. The detection of nonlinear
behavior, density pockets and outlier displacements
can be used to calibrate encoding layers in learning
stable  representations.  This  distributional
description is also used to inform the sensitivity
analysis of models by offering a background on how
organizational diversity affects neural embedding
convergence, contextual structuring, as well as
adaptive policy alignment within the suggested

architecture.
Feature Normalization Comparison
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Fig. 5 Normalized Versus Raw Feature
Comparison
Fig. 5 provides a comparison between raw and
normalized numerical features in order to confirm an
unchanged preprocessing transformation. Z-score
scaling plays an essential role in making sure that the
downstream neural encoders do not favor all the
dimensions, but rather they favor attributes with high
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magnitude. The curves that are plotted indicate that
in normalization variability is compressed, but the
structural trends needed to draw inferences about
competencies are preserved. This move makes
downstream polysemantic encoding more resistant,
optimizing curves more stable, and model
generalization on structurally divergent HR data
increased. Regular normalization is to guarantee an
equal treatment of the heterogeneous data sources in
the global pipeline of meta-inference.

4.2 Polysemantic Context Encoding Performance
Polysemantic encoding measures the ability of the
system to convert heterogeneous HR information,
i.e., text logs, behavioral records, skill descriptions,
and interaction traces, into common and multi-
meaning embedding spaces. It is aimed at making
sure that the contextual subtlety, latent semantic, and
relational clues are reflected in the neural
representation layer. Transformer-based encoders
are used to check the separability of clusters and
semantic overlap and richness of features. The
analysis confirms that the model has the capabilities
of encoding break-even organizational semantics
through the maintenance of a variety of channels of
interpretation that indicate employee intention,
probability of skill transfer, collusion, and flexibility
of tasks.

Table 4 is the summary of the architectural settings
used in the polysemantic neural encoding module.
The above parameters are a tradeoff between
representational  richness and computational
efficiency power and stabilization of optimization
when generating embedding. These structures
facilitate multi-level semantic extraction, which
allows the system to achieve a diversity of contexts
of HR data modalities. Appropriate choice of depth,
dimensionality and activation dynamics can allow
the same set of raw employee attributes to be
mapped consistently into structured embedding
spaces that can be used to make fusion, competency

inferences and multi-agent policy learning.
Polysemantic Embedding Cluster Map
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Fig. 6 Polysemantic Embedding Cluster
Distribution

e
418

Fig. 6 visualization illustrates the encoding layer
distance between heterogeneous HR semantics and
structured polysemantic spaces. Separate groups of
features reveal that the encoder is able to distinguish
efficiently between skill-based, behavioral and role-
oriented messages without the loss of latent
contextual correlations. The well-defined spatial
delimiting boundaries imply high representational
fidelity allowing downstream graph and policy
modules to provide high-granularity competency
structures. This kind of separability is essential to
maintain the contextual coherence, so that the
multimodal interpretations add value to meta-
contextual decision layers and the organizational

competency modeling.
Token-Level Attention Distribution
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Fig. 7 indicates the importance of linguistic and
behavioral cues in the process of constructing
polysemantic embeddings in the encoder. Salient
role identifiers, performance indicators, or
collaboration signals, as examples of other elements,
are represented by higher attention weights that are
obtained based on HR textual logs. The difference
between tokens is a sign of adaptive semantic
weighting which proves that the encoder is sensitive
to context-critical features. Such behaviour enables
deeper downstream reasoning and this further
strengthens the system to distinguish between fine
competency cues and contextual interactions. Strong
semantic fidelity and accuracy of relational and
behavioral inference tasks are achieved through
effective attention modeling.

4.3 Organizational Graph Learning and
Structural Competency Patterns

Organizational graph learning is an evaluation of the
success rates in the model to map the employees,
skills, tasks and teams into a graph structure which
can be interpreted to reflect organizational
dynamics. The system with the help of Graph
Transformer encoders finds influence pathways,
collaboration clusters, expertise hubs, and structural
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bottlenecks. These acquired graph presentations
demonstrate competitive patterns of relational
patterns that play a part in competency inference and
role suitability provisions. This section can show
how structural learning can boost interpretability and
favor the integrated process of neuro-graph
reasoning by analyzing centrality patterns,
connectivity processes, community structures in
large-scale HR ecosystems.

Organizational Graph Degree Distribution
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Fig. 8 Organizational Node Degree Variability
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Fig. 8 distribution defines the structural diversity of
the organizational knowledge graph. The degree
variability in the nodes indicates the heterogeneous
collaboration, knowledge flows and frequency of
interactions among employees and skill nodes.
Degree nodes depict core contributors or well-linked
skill areas that are the key elements of competency
modeling. The distribution allows an interpretation
of the complexity of the graph that would facilitate a
measurement of stability of downstream relational
reasoning. Realistic organizational interaction
patterns that can be inferred and optimize policies is
a prerequisite that needs to be understood by the
nature of degree dynamics.
Centrality vs Competency Score
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Fig. 9 Centrality Influence on Competency
Estimation
Fig. 9 compares the relationship between network
centrality and inferred competency levels, which
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demonstrates the structural effect of relational
reasoning. Centrality is more likely to lead to more
organizational influence, which of course coincides
with higher competency estimates. The trend plot
illustrates that the graph-learning module is helpful
in encoding relational significance and incorporating
it into decisions on inferences. These patterns aid in
understanding hierarchical structure so that the
model can reason about the roles of employees,
propagation of influence, and patterns of
contribution. This alignment provides a stronger
predictive consistency between the predictive
systems in relational embeddings and the
mechanisms of predicting competency.

4.4 Neuro-Graph Fusion Effectiveness Analysis
This section examines the performance of the Neuro-
Graph Fusion module to yield integrated
competency representations that maintain semantic
subtleties as well as relational form. Experiments on
fusion testing under different modality completeness
(textual logs, activity traces, graph edges) and
separability, stability and modality contribution are
performed using the Synthetic HR Employee
Records as a reference distribution. Analyses assess
the maintenance of discriminative cues of skills,
behaviour and role signals by cross-attention, gating
and residual refinement. The experiments employ
degraded modalities and measures fusion to reclaim
lost information and thus the measure of robustness
and the ability of fused vectors to make downstream
inference and multi agent decision policies in
adversarial conditions or noisy organizational
conditions.
Fusion Embedding t-SNE Separation
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Fig. 10 Fusion Embedding t-SNE Cluster
Separation

Fig. 10 shows projected into two dimensions fused
competency vectors with clusters separated around
skill-dominant, behavior-dominant and role-
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dominant representations. The high level of cluster
cohesion implies that the fusion module maintains
modality specific discriminative clues but allows the
integration of interpretation. Cross-modal semantics
are seen in the overlap regions, where employees
show mixed traits, the traits that are vital in fine-
tuning inference. It is the plot that is used to diagnose
quality of fusion when clean modalities are
employed and compare with degraded cases when
inputs are partially missing or noisy. The ability to
be separable clearly aids downstream classification
and policy-making decisions based on integrated
competency embeddings.
Cross-Modal Contribution to Fused Embeddings
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Fig. 11 Cross-Modal Contribution to Fused
Embeddings

Fig. 11 contribution of modality in fused embedding
dimensions, which indicates what text, activity logs,
and graph signals contribute to each latent
component. The visualization is normalized per
dimension, and thus, the embedding axes are
dominated by relational structure, as opposed to
semantic content. These diagnostics can lead to
fusion design, e.g., whether to gate the graph context
to some tasks or to underline text to other tasks. The
redundancy and unused dimensions also are
identified in the heatmap and used to inform the
pruning or reweighting policies. Comparison of such
patterns when the simulation variant is varied can be
used to confirm the ability of the fusion module to
dynamically redistribute representational focus
when there are noisy or missing modalities.

4.5 Multi-Agent Policy Dynamics
Under Organizational Perturbations

Behavior

This section studies multi-agent policy dynamics in
case of perturbations in the organization, where there
is an abrupt workload spike, a temporary skills
shortage or a restructuring of the team. The
reinforcement-learning agents (role allocation, team
formation, training recommendation, forecasting)
are also sent to take an action on the fused
competency states and continuously optimize the

HR policies through multi-objective rewards. The
simulation of perturbation is used to test the
responsiveness, coordination, and stability of
convergence in agents. Some of the analyses are
learning curves, reward distributions, policy
variance in adversarial events and comparative
behavior in the case of centralized and decentralized
coordination. The Synthetic HR Employee Records
offer representative structure in the interaction of
agents and sampling of state space without
disclosing to private records.

Table. 5 RL Simulation and Perturbation Settings

Parameter Value
Episodes per 500
Experiment
Agent Types Policy, Role, Team, Forecast
Policy Update Every 10 steps
Frequency
Perturbation Types Workload spike, Skill shortage,
Re-org
Perturbation 0.05 per episode
Probability

Performance, Engagement,
Efficiency
Centralized Critic / Broadcast

Reward Components

Communication
Protocol
Exploration Strategy

e-greedy annealing
2025

Environment Seed

Table. 5 contains the parameters of the
reinforcement-learning simulation and perturbation
settings with which the behavior of multi-agents was
finally stress-tested. It contains the number of
episodes, the number of agents, frequency of
updates, and the kind/probability of disturbances in
the organization. They are set in environments
designed to be neither too challenging to experiment
on nor too volatile to reflect medium-sized
organizations. The combination allows agent
adaptations, coordination benefits and policy
resilience that are comparatively evaluated.
Recording these parameters makes hyperparameter
tuning and sensitivity analysis guide reproducible
and assists in the policy engineering process in the
future by guiding sensitivity analysis.
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Multi-Agent Cumulative Reward Learning Curve
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Fig. 12 Multi-Agent Cumulative Reward Learning
Curve

Fig. 12 plots cumulative reward curves of four RL
agents on training steps and demonstrates a variation
in the learning rate, stability, and long-term
performance. Divergent curves can be used to mean
that a state-space has uneven complexity, or that
sparsity in certain decision tasks is rewarded. The
presence of plateauing or oscillations informs about
the need to use a reward shaping regime, centralized
critics, or coordinated exploration strategies. The
figure directs the policy update frequency, intrinsic
reward, and inter-agent communication protocols
calibration. It is crucial to be aware of these
dynamics under baseline simulations, and then
perturb agens of an organization and adversarial
scenarios with stress.

Agent Coordination Reward Distribution Comparison
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Fig. 13 Agent Coordination Reward Distribution
Comparison

Fig. 13 presents differences in pre- and post-
introduction of explicit coordination mechanism
among agents’ distributions of episode rewards. An
increase in median rewards and a decrease in
variance following a coordinated state suggests that
there is strong robustness and efficacy of joint
policies in the presence of perturbations. The
visualization assists in measuring the returns on
communication channels or shared critics or well-
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coordinated exploration plans. Distributional shape
can also be used to point to episodes of outliers in
which coordination breaks down, and in those cases,
we can analyse the representations of states or
reward distortions specifically. These diagnostics
play an important role in designing robust multi-
agent HR policies that are appropriate to be
implemented in unstable organizational
environments.

4.6 Role Alignment and Performance Prediction
Outcomes

This subsection presents the results of role-
alignment recommendations and performance
prediction models with input of ingested fused
competency vectors and graph context. Experiments
allow evaluating the ranking of candidate-role fits,
skill gaps, and predict near-term performance in
changing team structures. Assessments involve
predictability of the results of the candidate details
in cases where the information is incomplete and the
predictability of the role appropriateness measures
and the interplay between the structural centrality
and accuracy of prediction. Findings indicate useful
practice in talent mobility, internal recruitment, and
training focus, and operational information on
automated role-alignment practices in complex
organizational structures is given to HR decision
makers.

Role Suitability Score Distribution Visualization
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Fig. 14 Role Suitability Score Distribution
Visualization

Fig. 14 provides comparison of the distribution of
the suitability scores of three role categories, which
indicate the distinctions made by the inference
engine in distinguishing the candidate fit. The
presence of distinct distributions implies great
discriminative strength; the overlapping areas imply
the candidates with unclear suitability who might
require human intervention or further evaluation.
The shape of distribution assists in setting thresholds
of automated role placement, level of risk associated
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with misalignment and who to focus on in
development. By following these distributions in
time, it is possible to monitor internal mobility in
talents and also the efficiency of training
interventions as created by policy actors.
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Fig. 15 Competency—Performance Correlation
Heatmap Matrix

Fig. 15 depicts visualizes the linear relationship
between the core competency dimensions and
performance indicators of organizations in the
synthetic HR simulation setting. The calculated
Pearson correlation coefficient is presented on each
cell which makes it possible to clearly see how skill
proficiency, behavioral measurements, collaboration
measurements, and task effectiveness help to
achieve such outcomes as performance ratings,
productivity rates, and team impact scores. The
heatmap can be used to help determine the
competencies that have the highest predictive power,
which can be used to calibrate the Neuro-Graph
fusion and inference modules.

4.7 Comparative Evaluation

Performance  evaluation rests on  several
complementary indicators that capture predictive
quality, robustness of relational reasoning, and
policy  effectiveness. = The  metrics  are:
classification/regression accuracy and F1 for
competency inference, root mean square error
(RMSE) for continuous performance forecasts,
graph structural correctness or edge-precision for
relational learning fidelity, and a normalized reward
ratio, R avg/R max for multi-agent policy
efficiency. Together, these metrics quantify
modeling quality across semantic, structural, and
decision layers, demonstrating how improvements in
polysemantic encoding and NeuroGraph fusion
translate into improved downstream HR decisions,
without relying on single-metric interpretations.

Table. 6 Comparative Performance of HR Analytics

Models
Author Accu | F1- R | EdgePr R _avg/
(Model) racy | sco | MS ecision | R_max
re E

ANFIS/Neur 81.0 | 79. | 0.2 0.72 0.65
o-Fuzzy % | 5% 10
Ranking [27]
Dynamic FIS 785 | 76. | 0.2 0.68 0.62
[28] % | 0% 35
ANFIS 793 | 78. | 0.2 0.70 0.66
Labor-Loss % | 4% 14
Predictor
[20]
Competency 75.0 | 74. 0.2 0.64 0.58
[21] % | 0% 60
Proposed 93.5 | 94. 0.1 0.91 0.87
PolyNeuroGr % | 0% 10
aphMARL

Table 6 provides a cross-study comparison of
predictive, graph-structural, and reinforcement-
learning metrics of the current HR analytics models
as compared to the proposed
PolyNeuroGraphMARL system, as well as
significant increases in accuracy, F1, structural
fidelity, and policy effectiveness. Fig. 16 that
compares Accuracy between baseline models and
proposed PolyNeuroGraphMARL that demonstrates
the increased performance of neuro-graphs with
polysemantic fusion and multi-agent optimization in
competency inference tasks.
Comparative Accuracy of Baseline

Models vs Proposed
100

95 -
901 93.5%

85

80

81.0%
75 | 78.5% Lkl

75.0%
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70
65

60 r T
Competency Proposed

PolyNeuro

GraphMARL

ANFIS
Labor-Loss
Predictor

ANFIS/ Dynamic
Neuro-Fuzzy FIS
Ranking

Fig. 16 Comparative Performance Analysis
4.8 Discussion

The efficiency of the PolyNeuroGraphMARL
framework based on dynamically heterogeneous
organizational settings is supported by the
experimental results. The distributions of employee
attributes, polysemantic embeddings and graph
structural patterns are analyzed to show that fused
neuro-graph representations are effective towards
multi-modal representations of semantic signals and
maintain relational integrity. Attention mechanisms
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based on transformers pay more attention to
contextually important features, allowing the fine-
grained distinction between skill sets, behavioral
tendencies, and role interactions. The learning of
organizational graphs reveals cascades of influence
and cooperation centers, which can give a
comprehensible  understanding  of  structural
competency deployment. Neuro-Graph fusion can
be successful in combining heterogeneous
modalities in order to make sure that incomplete or
noisy inputs would not affect the reliability of the
inference. The analysis of the contribution of cross-
modes identifies the balance in semantic and
relational information with axes, and the separation
power of role-dominant and skill-dominant
representations with t-SNE clustering. Experiments
in Multi-agent reinforcement-learning show the
apparatus of agents dynamically optimizing the
assignment of roles, the formation of a team, and
training prescriptions and show the adaptive process
of changing the policy in the case of perturbation,
e.g., workload spikes or skills shortages.
Coordination mechanisms enhance consistency of
rewards and convergence stability, which justifies
the ability of the model to learn collaborative
policies within a complex HR ecosystem. Relative
analysis with the recent benchmarks demonstrates
significant gains in predictive, structural and policy-
oriented indicators, which highlight the capability of
the system to combine probabilistic reasoning,
graph-based relational inference and policy
adaptation in an integrated system. All these findings
are indicators that integrating multi-modes of HR
data into a context-sensitive neuro-graph model
facilitates intensive competency ratings, role
alignment and predictive performance that are
essential in decision support in transformative
organization settings.

5. CONCLUSION AND FUTURE WORK

The suggested PolyNeuroGraphMARL framework
exhibits an action plan of comprehending and
managing human resource competencies within
intricate  organizational  settings. Combining
polysemantic neural encodings and structural graph
reasoning with autonomous multi-agent policy
dynamics, the system can bridge semantic, relational
and operational levels of HR analysis. Findings
suggest that multi-modal embeddings which are
reinforced by graph-based and attention-driven
processes are effective in capturing employee skills,
behavioral patterns, as well as, role-specific
contextual interactions. This type of a unified
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representation aids in drawing proper inferences of
competencies, role-alignment suggestions and
predicting performance even in the case of
environmental perturbation or incomplete data. The
results of the simulation prove that multi-agent
policies optimize the work of the organization
adaptively, balancing the process of creating teams,
distributing workplaces, and developing skills.
Neuro-graph fusion retains the modality-specific
discriminative information and retains relational
coherence leading to improved interpretability as
well as functional accuracy. The framework
demonstrates persistently higher performance in
terms of predictive scores, graph structural fidelity,
and reward-based policy efficiency, which justifies
the appropriateness of the framework to structured,
data-intensive HR ecosystems. Such a system will
offer practical guidance on talent management,
internal ~ mobility  planning, and training
prioritization, as well as allow the proactive
approach to workforce optimization.

6. It is also planned to integrate real-time HR data
streams in the future, which will allow constant
updating of embeddings and changes to policies in
dynamic organizational settings. Also, hierarchical
graph embedding and active attention control, multi-
objective policy reinforcement and exploration
might be wused to increase scalability and
responsiveness to context. The combination of cross-
organizational benchmarking and transfer learning
techniques could help to widen applicability to a
variety of industries and workforce patterns. The
adaptive, contextually enriched HR inference of the
framework makes it a powerful decision-support
system, which can respond to the changing demands
in the workforce, contribute to the organizational
transformation based on the available data, and
support strategic human capital initiatives. This
study proposes a base towards automated, explicable
and predictive workforce intelligence systems by
integrating structural, behavioral and semantic
aspects together in a single, computational
paradigm.
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