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Abstract

Escalating pace of technological change necessitates a
fundamental shift from static workforce assessment to
dynamic, personalized skill enhancement. This paper
introduces the Al-Based Talent Improver Monitor
(ATIM), an intelligent framework designed to optimize
continuous employee The development. Our
methodology integrates a fine-tuned BERT model for
accurate skill gap identification with a Deep Q-Network
(DQN) Reinforcement Learning (RL) agent—a novel
application in this domain. Unlike non-adaptive systems
that provide generic recommendations, the DQN agent
is trained to autonomously learn the optimal sequence
of actions (e.g., specific training modules, targeted
mentorship) required to maximize a predefined Reward
Function linked to critical organizational metrics, such
as a reduction in Time-to-Competency (TTC).
Empirical validation, including analysis of the agent's
rapid policy convergence (within 4,200 episodes) and a
statistically significant 27.8% performance gain over
conventional baseline methods, establishes the ATIM
framework as a technically robust and highly effective
solution for data-driven human resource management.
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I. Introduction

The modern corporate landscape, characterized by rapid
technological cycles and evolving job roles, demands
that organizations maintain an agile and highly
competent workforce. Traditional talent management
systems often struggle to keep pace, typically relying on
static, periodic performance reviews and standardized
training curricula that fail to address individual skill

deficiencies effectively. This non-adaptive approach
results in organizational friction, including extended
ramp-up times for new roles and suboptimal utilization
of human capital.

Existing technological solutions primarily utilize
predictive analytics (e.g., using LSTM for attrition
forecasting) or collaborative filtering for skill
recommendation. While valuable, these systems
inevitably falter by stopping at a passive prediction or
recommendation. They lack the crucial, final capability:
an adaptive, closed-loop mechanism that can model and
optimize the long-term, sequential impact of an
intervention on an employee’s development trajectory.
Simply put, current tools cannot reliably determine the
best sequence of actions needed to hit a specific
performance target.

To address this critical research deficiency, we introduce
the Al-Based Talent Improver Monitor (ATIM). The
core scientific contribution of this paper is the
successful formulation and solution of the personalized
skill development problem as a Markov Decision
Process (MDP) using a Deep Q-Network (DQN) agent.
This DRL approach allows the ATIM framework to
dynamically assess a user's current competency level,
prescribe the optimal skill-enhancement action (or
action-set), and learn from the subsequent
organizational outcome, thereby maximizing efficiency.
The remainder of this paper details this novel
architecture, the mathematical construction of the DRL
environment, and the empirical results demonstrating
the superiority of our adaptive solution.

I1. Related Work

The foundation of the ATIM framework spans three
distinct, yet interconnected, research domains: Al in
Human Resource (HR) Analytics, Natural Language
Processing (NLP) for Skill Assessment, and
Reinforcement Learning (RL) in  Sequential
Recommendation Systems.
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A. Al and Predictive Analytics in Talent Management
Early applications of Al in HR primarily focused on
predictive analytics—forecasting outcomes such as
employee attrition risk or future performance. These
models successfully identified who might leave or who
might underperform. However, these systems are
fundamentally passive. They stop short of providing
actionable, optimized recommendations, thereby failing
to model the causal relationship between a specific
intervention (training, mentorship) and the resulting
change in Key Performance Indicators (KPIs). The
existing literature lacks robust mechanisms for
prescriptive, adaptive policy generation in continuous
employee development.

B. NLP for Dynamic Skill Assessment

Accurate skill modelling is prerequisite for any
personalized system. More advanced systems leverage
deep learning, with BERT (Bidirectional Encoder
Representations from Transformers) emerging as the
state-of-the-art technique for handling unstructured
textual data, such as resumes, job descriptions, and
performance reviews. This ability to generate high-
fidelity, contextualized Skill Vectors is critical, as it
forms the foundational State Space (§) for the
Reinforcement Learning agent.

C. Deep Reinforcement Learning (DRL) for Sequential
Decision-Making

The use of Deep Reinforcement Learning, specifically
the Deep Q-Network (DQN), has proven highly
effective in modelling user interactions as sequential
decision-making processes, particularly in the realm of
recommendation systems. Our approach extends this
proven methodology to a novel domain: employee
development. Its application to formalize the sequential,
policy-driven optimization of organizational Time-to-
Competency (TTC) via a formal Reward Function(R)
represents a significant, unexplored contribution to the
HR analytics literature.

I11. System Architecture

The Al-Based Talent Improver Monitor (ATIM)
framework operates as a closed-loop intelligent system,
designed for continuous skill optimization. Its
architecture is fundamentally modular, clearly
separating the processes of gathering and analyzing data
from the engine that generates the optimal policy.

A. Core Processing and State Generation Layer
This layer is crucial. Its job is to take raw, messy data
from multiple sources and transform it into the single,

mathematically clean State vector (S) required by the
Reinforcement Learning agent.

1. NLP Component (BERT): The system uses a
specialized version of the BERT language model. This
model is fine-tuned to process all unstructured text
inputs, such as resumes, job descriptions, and manager
feedback. It converts these texts into a dense Skill
Embedding (a numerical representation of skill
proficiency). This embedding is then condensed using a
technique like PCA (Principal Component Analysis) to
create a fixed-size vector of skill features.

2. Feature Synthesis: The final State vector (S;), which
represents the complete snapshot of the employee at
time t, is constructed by combining three key pieces of
information:

e Skill Embedding: The numerical proficiency score
from BERT.

e KPI Metrics: Real-time performance indicators (e.g.,
bug resolution time, code commit frequency).

e Historical Data: Records of previous training actions
taken and their immediate impact.

e This combination ensures the state is fully
informative and accurate for decision-making.

B. Policy Generation Layer (DQN Engine)

This layer is the decision-making nucleus of the entire
ATIM framework.

1. DQN Mechanism: The intelligence comes from the
Deep Q-Network (DQN) agent. This agent uses two
separate neural networks (an Online Network and a
Target Network) to reliably estimate the value of taking
any possible Action (A) in the current State (S).

2. Action Selection: The network is implemented using
standard fully connected layers and uses the ReLU
activation function. The final layer of the network has
an output for every single available intervention
(course, mentor, project—the Action Space). The agent
simply chooses the action that the network predicts will
yield the maximum long-term reward.
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Figure 1. Architecture of the Al-Based Talent Improver
Monitor (ATIM) Framework.

IV. Methodology
The ATIM system models the dynamic employee
development process as a Markov Decision Process
(MDP), denoted as

(S,A,R,P,y)

where Srepresents the state space, Athe action space,
Rthe reward function, Pthe state transition probabilities,
and ythe discount factor. The objective is to determine
the optimal policy, m*, that maximizes the expected
cumulative discounted reward.

A. Action Space (A) and Reward Function (R)

The Action Space (A) is defined as a finite, discrete set
of Njorganizational interventions designed to enhance
employee competencies. The Reward Function (R) is
formulated to incentivize actions that accelerate the
minimization of Time-to-Competency (TTC). It is
expressed as:

1
R; = A, (ASKkill Score) + 4, (m) — A3Cost(4;)

Here, 14, A;,and Azare empirically optimized weighting
hyperparameters that balance the importance of skill
improvement, speed of learning, and resource

efficiency. The term Cost(4;)penalizes high-resource
actions to encourage cost-effective strategies.

B. DQN Learning and Optimization

The learning agent approximates the optimal action-
value function, Q*(s, a), through iterative minimization
of the Temporal Difference (TD) loss. A Deep Q-
Network (DQN) architecture is employed, integrating
an Experience Replay buffer (D) and an epsilon-greedy
exploration policy (with edecaying from 1.0 to 0.01
over 4,000 episodes) to ensure stable convergence. The
TD loss function at iteration iis given by:

Li(gi) = IE[(T' + ymax Q(S', a’; Hgarget)
— Q(s,a;6)7]

where Edenotes the expectation operator, y = 0.99is
the discount factor, and Gl-targetrepresents the parameters
of the Target Network used for stabilized learning. The
optimization is performed using the Adam optimizer to
achieve faster and more robust convergence.

V. System Implementation

The ATIM framework was implemented using a
combination of contemporary data science and machine
learning libraries to realize the proposed DRL
architecture. The environment was simulated based on
historical organizational performance data, and the core
components were deployed on a cloud computing
platform to handle the computational load of the Deep
Q-Network (DQN) training.

A. Environment and Data Pipeline

The development environment was built using Python
3.9. The data pipeline, which manages the Data
Acquisition and Core Processing Layers, relied on the
following libraries:

e Data Handling: Pandas and NumPy were used for
structuring the collected organizational data (KPlIs,
historical actions) and managing the large Experience
Replay buffer (D).

e NLP Component (BERT): The skill embedding was
generated using the Hugging Face Transformers library,
specifically by fine-tuning a pre-trained bert-base-
uncased model. The resulting high-dimensional
embeddings were processed using scikit-learn for PCA
(Principal Component Analysis) to ensure a stable,
reduced-dimension State Vector (S).

e Simulation: The "Environment" (the organizational
system responsible for calculating Reward (R) and the
Next State (S')) was built using a custom, time-series
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simulation module to model employee skill decay,
learning rates, and the impact of prescribed actions.

B. Deep Reinforcement Learning (DRL) Engine

The Policy Generation Layer housing the DQN agent
was implemented using a leading deep learning
framework for stability and performance:

e Framework : PyTorch was selected as the primary
DRL framework due to its flexibility in defining custom
computation graphs and its robust support for GPU
acceleration, which is necessary for training the large
DQN networks.

e DOQN Architecture: The Online and Target Q-
Networks were constructed as Multi-Layer Perceptrons
(MLPs). The optimization was carried out using the
Adam optimizer, with a learning rate of 5x10*

e Hyperparameter : Key DRL hyperparameters were
set as follows:

a. Discount Factor (gamma): 0.99 (Prioritizing long-
term reward)

b. Batch Size: 64 (For sampling from the Experience
Replay bufter)

c. Target Network Update Frequency: 500 steps
(Ensuring stable convergence)

d. Epsilon-Decay Schedule: Linear decay over the first
4,000 episodes.

C. Deployment and Training

The model training was executed on NVIDIA Tesla
V100 GPUs within a cloud environment, allowing for
the rapid convergence of the DQN agent. The system
was designed for modular updates, permitting periodic
retraining of the BERT component on new
organizational data and continuous policy refinement
of the DQN agent.

VI. System Design

The Al-Based Talent Improver Monitor (ATIM)
framework is architected as a robust, asynchronous,
closed-loop pipeline, designed to ensure the stability
required for Deep Reinforcement Learning (DRL) while
maintaining the low latency needed for timely
prescriptive actions. The system's design is validated by
its logical and physical structure, detailed below using
standard data models.

A. Conceptual Data Model (ER Diagram):

The underlying integrity of the ATIM system is defined
by its data structure. The conceptual model, as
illustrated by the Entity-Relationship (ER) Diagram
(Figure 3), establishes the necessary relationships to

generate the State Vector (S) and calculate the Reward
(R). Key relationships ensure that every
SKILL SNAPSHOT (State) correctly links to the
resulting ACTION TAKEN and that the final
KPI RECORD (Outcome) is traceable back to the
specific action that caused it. This traceability is
fundamental for attributing rewards accurately.

4

ACTION_TAKEN

EMPLOYEE SKILL_SNAPSHOT

|
|

N N

N
“ EMPLOYEE KPI_RECORD

Figure 3: ER diagram

B. Functional Flow Model (DFD)

The operational structure of the ATIM system is
governed by a modular functional flow comprising three
interacting processes, P1, P2, and P3, that collectively
maintain the system’s closed-loop intelligence. The
Level 1 Data Flow Diagram (DFD) (Figure 5) illustrates
the movement of information among these processes
and their associated data stores.

1.Core Module Functions (DFD Processes):

e PI: Core Processing (State Generation):
This process gathers input from both the Structured
Data Store (D1) and the Unstructured Data Store (D2).
It executes the BERT-based observation generator,
producing a comprehensive State Vector (S) that
represents the wuser’s current performance and
contextual attributes.

e P2: Policy Execution (DON  Agent):
The DQN policy engine receives the State Vector (S)
and determines optimal Action (A) for skill
improvement or task allocation. The process also
receives the Reward (R) signal from P3, enabling
continuous reinforcement learning through policy
updates.

e P3: Environment Feedback and Reward Calculation:
This module evaluates the Action (A) executed by P2
using updated KPI Records and computes both
immediate and cumulative rewards (R). It then updates
the Structured Data Store (D1), effectively closing the
learning loop and ensuring continuous adaptation of the
policy model.
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2.Asynchronous Flow and Stability:

The system employs an asynchronous design in which
the Prediction Flow (S — A) operates rapidly and is
dedicated to real-time decision-making, while the
Learning Flow (R — DQN) runs asynchronously. This
design enables the DQN in P2 to train effectively on
uncorrelated experience batches drawn from its internal
Experience Replay Buffer, which is crucial for
maintaining training stability and preventing policy
divergence commonly observed in sequential
recommendation systems.

Furthermore, this asynchronous design provides three
critical operational benefits:

e Guaranteed Service Level: The separation ensures
that the Prediction Flow maintains a guaranteed low-
latency service level. Since real-time employee
intervention decisions cannot wait for a time-consuming
DRL training epoch to complete, the decision-making
policy (the fixed Online Q-Network) remains fast and
dedicated.

e Mitigation of Real-World Noise: The Experience
Replay Buffer in the Learning Flow acts as a temporal
de-correlator, effectively mitigating the "noise" and
inherent non-stationarity introduced by the real-world
organizational environment (e.g., external factors
influencing employee performance that are not
explicitly captured in the State vector S).

e Resource Efficiency: By training the DQN
asynchronously, the computationally intensive Learning
Flow can be scheduled during periods of low usage
(e.g., off-peak hours), thereby freeing up -crucial
computational resources (GPU cycles) during peak
business hours when the Prediction Flow needs to be
highly responsive.
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Figure 4:Data flow diagram.

VII. Results And Discussion

This section presents the empirical validation of the
ATIM framework, comparing its performance against a
baseline (non-adaptive) talent management system. The
primary metric for success is the reduction in Time-to-
Competency (TTC).

A. Quantitative Performance Metrics

A pilot study was conducted over a six-month period,
comparing a control group (receiving standardized,
non-adaptive training) against an intervention group
guided by the ATIM's DRL policy. The results,
summarized in Table I, demonstrate the superior
efficiency of the adaptive, RL-driven approach.

TABLE I. PILOT STUDY RESULTS (6 MONTHS)

Metric Contro | ATIM Performanc
1 Interventio | e Change
Group | n

Time-to- 8.5 6.1 27.8%

Competenc decrease

y (weeks)

Bug 4.2 3.5 16.7%

Resolution decrease

Rate

(hours)

Engagemen | 0.74 0.89 20.3%

t Stability increase

Index

The measured 27.8% reduction in Time-to-Competency
is statistically significant and confirms the efficacy of
framing personalized skill enhancement as a sequential
decision-making problem solved by the DQN agent.
The system's ability to select the optimal action
sequence, rather than generic recommendations,
directly leads to faster proficiency gains.

B. Skill Gap Visualization and Policy Convergence

The efficiency gain is clearly reflected in the rate at
which the targeted skill gaps were closed during the
intervention period.

The DQN agent demonstrated rapid policy convergence,
stabilizing its Q-values within approximately 4,200
training episodes. This fast convergence is attributed to
the high-quality State Vector (S) provided by the fine-
tuned BERT model, which ensured the agent was
learning from clean, highly predictive features rather
than noise. Furthermore, the stable convergence
validates the asynchronous design of the learning loop,
confirming that the use of the Experience Replay Buffer
successfully mitigated the non-stationarity of the
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environment. The resulting optimized policy is not only
effective but also computationally efficient to acquire,
underscoring the practical viability of the ATIM
framework for industrial deployment.

100%

100% 27.8% Reduction in TTC
h {See Table |

o0% ATIM Intervention Group {DQN)

_ 80%
7 70%
o
5 20%
[+ 4]
@
2 0%

3% Control Group (Static)

o%

0 4 5 6 20 23 24
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Figure 5: Skill Gap Reduction Trend over 24 Week.

IX. CONCLUSION AND FUTURE WORK

This section formally summarizes your paper's
contribution, re-emphasizes the main findings, and
outlines the research path forward.

A. Conclusion

This paper introduced the Al-Based Talent Improver
Monitor (ATIM), a novel framework that successfully
models and solves the personalized employee
development challenge as a Markov Decision Process
(MDP) using a Deep Q-Network (DQN) agent and a
fine-tuned BERT model. We have demonstrated the
technical viability of this DRL approach in a real-world
scenario. Empirical validation confirmed that the
adaptive, policy-driven recommendations resulted in a
statistically significant 27.8% reduction in Time-to-
Competency (TTC) compared to conventional talent
management baselines. The system's rapid policy
convergence, facilitated by the high-fidelity BERT-
generated State Vector, validates the architectural
design choices made. The ATIM framework represents
a significant step toward truly prescriptive and efficient
human resource management.

B. Future Work

e Future research and development efforts for the
ATIM framework will focus on three key areas to
enhance its robustness and applicability:

e Algorithmic  Expansion: Investigating more
advanced DRL algorithms, such as Dueling DQN or
Double DQN, to potentially improve convergence
stability and handle the large, continuous state space

more efficiently. We will also explore Policy Gradient
methods for handling more complex action spaces.

e Ethics and Fairness Mitigation: Integrating fairness
constraints directly into the Reward Function (R) and
implementing adversarial debiasing techniques during
the BERT fine-tuning process to mitigate potential
algorithmic biases related to demographic factors
(gender, age, tenure) that could inadvertently be
learned from the historical training data.

e Scalable and Private Deployment: Exploring
Federated Learning (FL) approaches to train the BERT
model across multiple organizational departments
without centralizing sensitive textual data, thereby
enhancing employee data privacy and allowing for
collaboration across different corporate environments.
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