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1. Introduction

1.1 Motivation and Problem Statement

Large, complex organizations depend on people as much as on data. Research re-
ports, technical notes, and program documents accumulate over time, but the abil-
ity to identify who has the right expertise for a new problem often lags behind the
growth of that information. Personnel tend to operate inside local networks; beyond
those networks, it becomes difficult to know which experts exist, where they sit in

the organization, and how to reach them.

The Department of War (DoW) faces this challenge across a broad, distributed re-
search and development enterprise. Existing information systems—bibliographic
databases, internal repositories, and collaboration platforms—are effective at sur-
facing documents and keywords, but they offer limited support for moving from
topics to people and organizational context. This is particularly acute in environ-
ments where much of the most relevant work resides in controlled-distribution or

classified reports that are not indexed by public tools.

The Aegis Scholar project explores a complementary idea: a connection engine that
helps users move from mission-relevant queries to subject-matter experts (SMEs),
their collaborators, and their organizational affiliations. Rather than focusing only
on document retrieval, the system is designed to highlight the people and relation-
ships behind the work. The name “Aegis Scholar” evokes the aegis as a protective
shield and guiding symbol, reflecting the goal of helping the DoW identify and

connect with relevant expertise more effectively.

1.2 Objectives and Proposed Work

This report documents a prototype system and associated methods developed under
the Al Technicians program at the Army Artificial Intelligence Integration Center
(AI2C). Our team combined mid-career Soldiers participating in the Al Techni-
cians program with mentors from the U.S. Army Combat Capabilities Development
Command (DEVCOM) Army Research Laboratory (ARL).

The work pursued two primary objectives:

1) Technical objective: Design, implement, and evaluate a graph- and embedding-
based search system for defense-relevant research metadata. The system rep-



resents authors and organizations in a hybrid vector—graph space and ranks
candidate experts for natural-language queries about technical topics or mis-
sion scenarios.

2) Process objective: Provide Al Technicians participants with an end-to-end
experience in framing a mission-inspired problem, translating it into technical
requirements, and delivering a working prototype using contemporary tools
(data pipelines, vector and graph databases, containerized services, and basic

experimental evaluation).

ARL mentors (James R. Uplinger and Mark A. Tschopp) formulated the initial
project concept and proposal. The full capstone team then met regularly throughout
the academic term to clarify requirements, align technical decisions with defense-
relevant use cases, and ensure that the work remained grounded in realistic op-
erational constraints. Faculty from Carnegie Mellon University (CMU) provided
course structure and academic oversight, while the AI2C Soldiers (Ethan Shafer,
Steve McCoy, Adriana Canedo, Markuz Robinson, and Jonathan Hale) executed the
day-to-day design, implementation, and experimentation that produced the Aegis
Scholar prototype.

As a technical record, this report makes three contributions: it documents an author-
centric defense expertise-discovery prototype; captures the principal data, ranking,
and interface decisions made during the capstone; and reports pilot evidence from

both offline model comparison and a small task-based user study.

1.3 Scope

The scope of this work is intentionally bounded. Aegis Scholar focuses on the fol-

lowing:

* Ingesting and standardizing unclassified, defense-relevant research metadata,
with the evaluated prototype built around a DTIC-derived snapshot rather
than a complete enterprise corpus;

* Constructing a hybrid data store that combines a vector database for semantic
similarity search with a graph database for authors, works, organizations, and
topics;

* Representing authors through embeddings derived from the abstracts of their

works and ranking candidate experts for user queries using a hybrid scoring



function; and
* Evaluating the resulting system through offline ranking experiments and a
small pilot user study (n =35) comparing Aegis Scholar to a representative

public research discovery workflow.

The project does not attempt to integrate classified holdings or repositories with
controlled distribution. It also does not address enterprise deployment, authority to
operate, or full integration with existing DoW platforms. In its evaluated form, the
prototype emphasized author search and network exploration; broader organization-,
topic-, and work-level search paths remained incomplete at the end of the capstone.
Instead, the prototype uses publicly available and defense-focused open data to ex-
plore patterns, architectures, and evaluation methods that could inform future sys-

tems operating over sensitive or internal document sets.

1.4 Report Organization

The remainder of this report is organized as follows. Section 2, the background sec-
tion, summarizes related discovery tools and the program context for the project.
Section 3, the methods section, describes the Aegis Scholar system architecture,
data pipeline, modeling approach, experimental design, and deployment environ-
ment. Section 4, the results section, presents the offline ranking experiments and
the user study. Section 5, the discussion section, covers the implications of these re-
sults, technical limitations, relationships to existing tooling, and process outcomes.

Section 6 concludes with key findings and outlines directions for future work.

2. Background

2.1 Existing Tools for Expert and Literature Discovery

The modern scholarly landscape is supported by a robust ecosystem of discovery
platforms and metadata registries. Tools such as OpenAlex* and Crossref’ pro-
vide comprehensive catalogs of global research outputs, authors, institutions, and
topics.!? Similarly, the Dimensions platform* offers deep bibliographic and bib-
liometric data, including versions specifically tailored to defense and government

datasets.® These systems are widely used for literature discovery, citation tracking,

*https://openalex.org

https://www.crossref.org

Public version: https://app.dimensions.ai. A password-controlled federal version is
also available at https://federal-collection.dimensions.ai.
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and institutional benchmarking in bibliometrics and research analytics.*

However, many of these platforms are primarily optimized for academic or open-
source environments. For large organizations like the DoW, research often spans
both public and sensitive or controlled-distribution channels. In these contexts, re-
searchers need more than just access to documents; they require actionable paths to
identify and contact SMEs within the government and its partnered academic and
private-sector networks. That distinction also shaped the evaluation strategy in this
report: OpenAlex served as a practical public comparator for user tasks, but it did
not solve the narrower problem of defense-oriented expert discovery on its own.
While existing tools provide the foundational data, comparative studies also high-
light systematic differences in coverage and metadata quality across fields and re-
gions.* The team therefore identified a gap for specialized, lightweight systems that
map this bibliographic metadata directly to defense-relevant organizational struc-

tures and collaborative networks.

2.2 Program and Capstone Context

This work was conducted as part of the Al Technicians program at AI2C in connec-
tion with CMU. The program is designed to build foundational artificial intelligence
and data engineering capabilities within the force, preparing Soldiers to integrate

modern Al tools into their day-to-day operations at their units.

As a capstone project for the program, ARL proposed a mission-inspired challenge:
using publicly available data to develop models that quickly identify potential re-
search partners and summarize their relevant focus areas. The project was structured
across four phases over the course of an academic term, moving from initial vision
and requirements definition, through data schema and modeling foundations, into

integration and testing, and concluding with user experimentation.

This phased approach structured the technical development of the prototype while
keeping the project aligned with the educational goals of the capstone. It allowed
Soldiers to gain hands-on experience in building an end-to-end Al system—from
data ingestion and database configuration to model evaluation and user interface

design.



2.3 Conceptual Framing: From Knowledge to Connection Engines

Traditional discovery systems operate primarily as knowledge engines: a user inputs
a query and receives a ranked list of relevant documents. While effective for liter-
ature reviews, this model forces the user to manually extract the social and organi-
zational context from the results. Who are the leading experts? What organizations
do they belong to? Who do they collaborate with?

Aegis Scholar is conceptually framed as a connection engine. By representing re-
search metadata as a highly interconnected graph rather than a flat list of records,
the system elevates authors and organizations to primary search results. When a
user queries a technical topic, the system is designed to return not just what has
been written, but a networked view of the people driving that research. This fram-
ing shifts the focus of discovery from finding information to building relationships

and facilitating cross-functional collaboration.

3. Methods

3.1 System Architecture and Implementation

Aegis Scholar was developed as a cloud-native prototype consisting of intercon-
nected microservices. The complete codebase, including the infrastructure-as-code
and container configurations, is maintained in an open-source GitHub repository.’
In the evaluated prototype, the primary completed user-facing path was author
search and author-network exploration rather than a fully implemented multi-entity

search platform.

The system relies on a central API gateway that orchestrates queries across three

specialized backends:

1) A vector database (Milvus) that stores high-dimensional semantic embed-
dings of abstracts and queries.

2) A graph database (Neo4j) that maps the relational structures between Au-
thors, Works, Organizations, and Topics.

3) A prototype identity service (OpenLDAP) for basic directory-style lookups.

Figure 1 summarizes this architecture by showing how data flows from external
sites through scrapers into blob storage, through a transformation worker into the

vector and graph services, and finally into the Aegis Scholar API and client inter-



faces. In the diagram, individual boxes represent modules, grouped boxes indicate
aggregated modules, and the elements labeled as actors represent external sites,

client interfaces, and other systems that interact with the prototype.
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Figure 1. High-level architecture of the Aegis Scholar connection engine. Natural language
queries are processed by the API gateway, which routes semantic searches to the Milvus vector
database and relational traversal requests to the Neo4j graph database. The identity service
provides personnel resolution.

When a user submits a natural language query, the API gateway queries the vec-
tor database for semantically similar authors, queries the graph database for the
collaborative network surrounding those authors, and returns a unified, ranked list
of candidate experts. Further details regarding the containerization strategy, Ku-
bernetes deployment artifacts, and continuous integration pipelines are provided in
Appendix A; these materials describe the prototype implementation and its intended

deployment path rather than a fielded enterprise service.



3.2 Data Sources and Pipeline

In the initial phases of the project, we evaluated three major scholarly metadata
sources: OpenAlex, Crossref, and DTIC. While OpenAlex and Crossref provided
massive, global academic datasets, profiling revealed that critical fields linking au-

thors to specific DoW affiliations were frequently sparse or missing.

Consequently, we pivoted to ingest data exclusively from DTIC for the prototype.
This was a deliberate engineering decision based on data quality and mission rele-
vance. Relying on DTIC inherently scopes the resulting network to individuals op-
erating within the defense ecosystem: government authors publishing technical re-
ports, academic and industry partners executing defense-funded research, and their
direct co-authors. For the purposes of this capstone, however, the evaluated system
was built on a DTIC-derived snapshot rather than a complete representation of all

potentially relevant defense research activity.

The data pipeline utilizes a batch Extract, Transform, Load (ETL) process. Source
records are extracted via web scraping because, at the time of this project, DTIC did
not offer a bulk REST API. They are then normalized using consistent Universally
Unique Identifiers (UUIDs), and loaded into the graph and vector databases with-
out creating duplicate entities. Because the upstream source was accessed through
scraping rather than a bulk API, dataset completeness was constrained by source be-
havior and project time limits. The specific field selections and Neo4j node schemas
derived from this process are detailed in Appendix B. Figure 2 illustrates the unified

data schema used for the prototype.

3.3 Modeling Approach and Relevance Scoring

To support semantic discovery, authors are represented not by a list of keywords,
but by a unified vector embedding. The system passes the abstract of each work
through a pre-trained sentence transformer to generate a dense vector. For a given
author, the vectors of all their associated works are averaged element-wise and nor-
malized, yielding a single embedding that captures their dominant research themes.
In a preliminary analysis of OpenAlex data, approximately 92% of sampled authors
published in fewer than five distinct topics, supporting the use of a single embed-

ding per author as a reasonable approximation for this prototype.

Related work on academic expert finding has shown that well-constructed textual



I N O .

work_id 26 varchar - author_id 2 6 varchar orgid 268 varchar topic_id 2D varchar

title B varchar name B varchar name & varchar name B varchar

abstract @ text country @ varchar field @ varchar

publication_date £ date subfield B varchar
‘Work_Orgs £)

citation_count & integer domain B varchar
work_id & & varchar Work_Topics &
org id # & varchar : work_id & & varchar

m relationship_type B varchar topic_id ® 0 varchar
work_id & D varchar score @ float

author_id # B varchar

affiliated_org_id € O varchar

Figure 2. The unified data schema integrating DTIC metadata. Authors, Works, Organiza-
tions, and Topics are modeled as discrete nodes. This structure allows multi-hop relational
traversal, ensuring that semantic vector searches can be grounded in verified organizational
hierarchies.

profiles remain strong baselines in large expert spaces. De Campos et al. com-
pare information-retrieval-style expert profiles with machine-learning classifiers on
biomedical corpora and find that profile-based ranking is often more robust when
there are many potential experts and noisy labels.® In Aegis Scholar, the author
embeddings and associated metadata play a similar role, providing a compact rep-

resentation of topical focus that can be combined with network context.

We evaluated six candidate embedding models (comprising both bidirectional en-
coders and autoregressive decoders) using Mean Reciprocal Rank (MRR) and Nor-
malized Discounted Cumulative Gain (NDCGQG) against a curated set of defense and
control queries. MRR evaluates how quickly the first relevant result appears in the
ranked list (e.g., 1/ R, where R is the position of the first relevant expert) and pro-
duces scores between 0 and 1, with higher values indicating that relevant authors
appear earlier in the ranking. NDCG measures the overall ranking quality by penal-
izing highly relevant results that appear lower in the list and comparing the system’s
output to an ideal ranking; its scores also range from O (worst) to 1 (best), with

higher values reflecting rankings that place relevant experts near the top of the list.

The candidate models were drawn from public model hubs and varied in parameter

count and context window. The evaluated models are listed here:

e 311-MiniLM-L6-v2’



rubert-tiny28

e gte-base-en-v1.5’
USER-bge-m3'°
Qwen3-Embedding-0.6B!

e jina-code-embeddings-1.5b'?

The offline comparison highlighted a trade space between retrieval quality and de-
ployment cost. In the implemented prototype, the running stack used the al1-M
iniLM-L6-v2 checkpoint from the sentence-transformers library for
author-search embeddings, while the broader six-model comparison remained part

of the offline evaluation.

After the vector service returns a bounded set of candidate authors by semantic
similarity, the API applies a custom, multi-variate heuristic to rerank those returned
candidates. The relevance score combines semantic distance (x), the author’s total

citation count (y), and the recency of their publication activity measured in decades

(t):

score(z,y,t) = wi(1—z)+ws 0(0.005(y —yo)) +ws %(1 — tanh(t —to)) | (1)

Here, 1o = 100 serves as a citation baseline offset, and ¢, = 2 decades provides
a recency offset. The functions ¢ (the sigmoid function) and tanh (the hyperbolic
tangent) normalize the citation and recency variables to fall between 0 and 1. The
factor of % combined with tanh ensures the third term is correctly scaled between
0 and 1. This normalization ensures that no single factor (e.g., a massive citation
count) disproportionately dominates the ranking, given the same weighting factors.
The 0.005 multiplier scales the citation growth so the sigmoid transitions smoothly

around the y, baseline.

The coefficients wq, wsy, and ws act as weighting functions. For this initial proto-
type development, we chose w; = wy = w3 = 1/3 to evenly split the weight
between semantic similarity, historical impact, and recency. We also recognize that
grouping recency by decades (f, = 2) was an initial design choice; scaling by indi-

vidual years might prove more granular for prioritizing contemporary research. In



future iterations, these weights and offsets can be empirically tuned based on user

feedback to optimize result quality.

3.4 Experimental Design

To validate the hypothesis that a targeted, graph-and-vector approach improves
SME discovery over general-purpose tools, we designed a small, task-based pilot
user study. The study recruited five experienced technical researchers, ensuring a

baseline where the majority had no prior exposure to Aegis Scholar.

Participants were asked to execute discovery tasks using both Aegis Scholar and

OpenAlex across three distinct scenarios:

1) Unmanned Aerial Systems (UAS) Deception (highly DoW-specific).
2) Medical Imagery (interdisciplinary).
3) Bioluminescent Algae (niche/oceanography control).

The experimental framework measured both quantitative efficiency (time required
to identify three relevant experts per scenario) and qualitative user experience. Par-
ticipants provided ratings on a five-point Likert scale (ranging from 1 = strongly
disagree to 5 = strongly agree) regarding their confidence in the results, the per-
ceived relevance to defense missions, and the utility of the visual interfaces. The
study was intended as a prototype-oriented comparison rather than a definitive vali-
dation of production readiness. The outcomes of both the offline model evaluations

and this user study are presented in Section 4.

4. Results

4.1 Offline Model Evaluation

Prior to the user study, we conducted offline evaluations to select the optimal em-
bedding model. Six candidate models were evaluated against 12 queries categorized
into Artificial Intelligence (Al), Military Deception (MilDec), Interdisciplinary (Al
and MilDec), and Unrelated Controls.

Table 1 presents the overall performance of the six evaluated models, measured by
MRR and NDCG. The overall MRR represents the arithmetic mean of the model’s
MRR across all tested query categories. A complete table of all evaluated models is

provided in Appendix C.
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Table 1. Overall embedding model performance.

Model Overall MRR Overall NDCG
deepvk/USER-bge-m3 0.667 0.900
all-MiniLM-L6-v2 0.653 0.914
jina-code-embeddings-1.5b 0.653 0.913
Qwen3—-Embedding—-0.6B 0.625 0.884
gte-base-en-v1.5 0.568 0.766
rubert-tiny?2 0.386 0.770

While overall metrics were comparable among the top contenders, analyzing the
performance by domain category revealed significant biases inherent to the mod-
els’ training data (see Table 2). For instance, the gte-base—en-v1.5 model
achieved a perfect MRR of 1.000 on Military Deception queries but scored only
0.270 on general Al queries. Conversely, USER-bge—-m3 demonstrated high per-
formance across both Al and MilDec domains. All models also returned an MRR of
0.0 for the unrelated control queries (e.g., oceanography). Because MRR measures
how quickly a relevant expert appears in the results, this indicates that no clearly
relevant expert surfaced near the top of those unrelated rankings. In that limited
sense, the controls behaved as intended by separating the tested defense-oriented

tasks from obviously out-of-scope topics.

Table 2. MRR performance by query domain.

Model Al  MilDec AI+MilDec Unrelated
deepvk/USER-bge—-m3 1.000  0.667 1.000 0.000
all-MinilM-L6-v2 0.778  0.833 1.000 0.000
jina—-code—embeddings—-1.5b 0.833  0.778 1.000 0.000
Qwen3-Embedding—-0.6B 1.000  0.833 0.667 0.000
gte-base-en-v1.5 0.270  1.000 1.000 0.000
rubert-tiny?2 0.583  0.700 0.261 0.000

These results informed the decision to deploy al1-MiniLM-L6-v2 in the run-
ning prototype, favoring a strong balance of performance, implementation simplic-

ity, and computational efficiency for the capstone environment.

4.2 User Study: Efficiency

The pilot user study measured the time required for five participants to identify

three relevant experts across three mission scenarios using both Aegis Scholar and

11



OpenAlex. Table 3 displays the raw average completion times.

Table 3. Average query resolution time (MM:SS).

Scenario OpenAlex Aegis Scholar Reduction
1) UAS Deception 06:05 02:57 -51.5%
2) Medical Imagery 10:12 12:52 +26.1%
3) Bioluminescent Algae 17:29 16:16 -6.9%
Average 11:15 10:01 -10.9%

@ Scenario 2 average includes a single 35-min outlier due to an interface navigation issue.

In highly DoW-specific tasks (Scenario 1), Aegis Scholar reduced the average search
time by over 50%. Scenario 2 resulted in a longer average time for Aegis Scholar
due to a single 35-min outlier caused by an interface limitation (specifically, the in-
ability to “pivot” the network graph by clicking on a co-author node). Including this
outlier, the aggregate average time reduction across all tasks was 10.9%. If this iso-
lated outlier is removed, the Aegis Scholar average for Scenario 2 drops to 07:15,
representing a total aggregate time reduction of 27.6%. Because this was a small
pilot study, these results should be interpreted as early evidence of promise rather

than as a definitive benchmark.

4.3 User Study: Qualitative Feedback and System Comparison

Following the timed tasks, participants evaluated the systems based on confidence,

relevance, and usability.

Relevance and Visualization: Aegis Scholar performed strongly in this small study
regarding perceived mission relevance and data presentation. 80% of participants
agreed or strongly agreed that the results returned by Aegis Scholar felt more rel-
evant to DoW and government research needs than those from OpenAlex. Further-
more, 100% of participants agreed that Aegis Scholar’s network visualization was
superior for illustrating the complex relationships between authors, works, and or-
ganizations. As shown in Figure 3, the interface simultaneously displays nodes for
individual experts, their authored papers (with full titles), and at least one node
representing organizational affiliation, tying people, works, and institutions into a
single graph view. A lightweight network-centric tool designed specifically for find-
ing experts within the DoW (see Figure 3) was noted as being highly effective for
quickly isolating 5 to 10 relevant individuals within a specific defense domain.

12
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Figure 3. Aegis Scholar user interface illustrating the network-centric approach to expert
discovery. Unlike traditional document-list interfaces, the system visualizes the collaborative
networks connecting researchers, their authored works, and their organizational affiliations,
allowing users to rapidly identify cross-functional teams and institutional clusters.

Confidence and Verification: Despite the higher perceived relevance of Aegis
Scholar’s results, participants reported slightly higher overall confidence when us-
ing OpenAlex (average rating of 3.6/5.0 vs. 3.2/5.0). Qualitative feedback revealed
that this confidence gap stemmed from verifiability. OpenAlex provided direct,
clickable links to ORCID profiles, external papers, and DOI records, allowing ex-
pert users to manually validate institutional affiliations and publication history.
Aegis Scholar, as a prototype, did not yet provide equally strong in-tool verifica-
tion or authoritative contact validation, leaving users with less direct support for

confirming the suggested experts.

Usability Trade-offs: The evaluation highlighted a clear divergence in user needs

based on expertise. OpenAlex is a highly mature, data-dense platform; while this
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density is valuable for expert data analysts, novice users frequently found the in-
terface overwhelming and “clunky.” Conversely, Aegis Scholar provided a stream-
lined, intuitive entry point for finding networked personnel, though expert users
desired deeper drill-down capabilities (i.e., verifying current email addresses and
confirming active government employment status). Taken as pilot evidence, these
findings suggest that while mature enterprise systems remain necessary for deep
bibliometric analysis, a lightweight, network-centric tool may add value when the

immediate goal is to find experts within a topic area.

5. Discussion

5.1 Interpretation of UX Results and Iterative Design

A core tenet of modern software engineering is to collect user feedback early and of-
ten. The user study highlighted certain constraints in the Aegis Scholar prototype—
most notably, the inability to click on a co-author node to pivot the graph and ex-
plore that individual’s extended network, as well as the absence of direct links to
external papers. These constraints were largely a function of the project’s time lim-
its and the prototype’s early technology readiness level, rather than fundamental
design flaws. They should also be interpreted alongside two broader limitations of
the present work: the evaluated system was built on a DTIC-derived snapshot rather
than a complete enterprise corpus, and the user study was intentionally small and
prototype-oriented. Robust author-name disambiguation is also a known prerequi-
site for high-fidelity expertise graphs.!*™!> The prototype did not attempt to solve
this problem; names were treated at the string level, and verifying that a suggested

expert corresponds to a unique person remains future work.

From an operational perspective, the feedback regarding the node pivot actually val-
idates the core connection engine hypothesis. When users evaluate research ecosys-
tems, they naturally think in terms of networked relationships. Just as atomistic sim-
ulations analyze first-nearest-neighbor and second-nearest-neighbor interactions,
researchers naturally want to explore the orbit of an identified expert to validate
their relevance. Providing visibility into first- and second-nearest neighbors gives
users the surrounding context needed to be satisfied with their initial choices. How-
ever, as noted during the study, there is a practical limit to this exploration; un-
restricted clicking away from the initial search can lead to distraction. Capturing

this feedback early ensures that future iterations can implement controlled pivoting
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(allowing users to see the immediate network emanating from an expert) to build

confidence without overwhelming the core discovery task.

5.2 Relationship to Existing Tooling and the Value of Minimalism

The scholarly discovery landscape is already served by highly mature platforms
such as OpenAlex, Crossref, and Dimensions (which features capabilities tailored
to the Department of War and advanced nodal exploration). Initially, the team ex-
amined these highly engineered products and observed that their breadth of fea-
tures could make them difficult to use for specific, targeted queries. By analyzing
how these systems operated, the team identified a gap they could exploit: the need
for a focused tool tailored explicitly to defense networks without the overhead of a

general-purpose academic platform.

The user study suggests a distinct niche for the Aegis Scholar approach. High-end,
data-dense tools are exceptionally powerful for expert data analysts and bibliome-
tricians, but that complexity often overwhelms novice or occasional users. In this
pilot setting, Aegis Scholar showed that a minimalist, stripped-down tool can pro-
vide real practical value. If a user’s objective is simply to find 5 to 10 defense-related
experts within a specific domain, a targeted interface may be faster and less intim-
idating than a comprehensive enterprise platform. At the same time, the current
prototype should not be mistaken for a replacement for those richer systems: it re-
mained author-centric, lacked stronger in-tool verification, and did not yet provide

equally mature search paths for organizations, topics, or works.

5.3 Process Outcomes and Return on Investment

While the specific codebase developed during this project is best understood as a
prototype reference architecture rather than as an enterprise-ready system, much of

the value for the DoW lies in the process.

The Al Technicians program at AI2C focuses on building technical capability within
the military workforce. This capstone project required a team of mid-career Soldiers
to navigate the entire lifecycle of an Al project. They did not simply write code; they
were required to take a mission-oriented problem, scope the technical requirements,
scrape and standardize unstructured data, evaluate competing embedding models,

containerize the architecture, and design an experiment that tested user satisfaction.
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ARL mentors played a structured role in this process, meeting with the team weekly
to steer the project, answer domain-specific questions, and ensure the development
remained grounded in real-world constraints. Taken on its own terms, this pilot
suggests a repeatable model: pairing operational Soldiers with experienced research
mentors can produce useful prototype systems while also developing personnel who
are better equipped to procure, manage, and evaluate future Al systems for the
DoW.

6. Conclusions and Future Work

The Aegis Scholar project provided a credible pilot demonstration of a specialized,
defense-focused “connection engine.” By shifting emphasis away from traditional
document retrieval and toward authors, collaborators, and organizational context,
the prototype met its capstone technical and process objectives within the limits of

a training-oriented implementation.

Key outcomes of this project include the following:

* Hybrid Discovery Architecture: The prototype integrated semantic vector
embeddings (via Milvus) with relational mapping (via Neo4j) to process nat-

ural language queries over a DTIC-derived metadata snapshot.

* Value of Minimalist Design: Pilot user evaluations suggested that while ma-
ture, data-dense enterprise systems remain necessary for exhaustive biblio-
metric analysis, lightweight, targeted tools may reduce the effort required for

some users to identify a curated list of defense-focused SMEs.

* Process and Capability Development: The project served as an effective
vehicle for the Al Technicians program at AI2C. Mid-career Soldiers suc-
cessfully navigated the entire lifecycle of an Al project, from problem scop-
ing and data engineering to model evaluation and containerized deployment.
This end-to-end execution, guided by ARL mentors, suggests a strong and

repeatable model for building technical proficiency within the force.

While the current codebase serves as a useful pilot system and an open-source ref-
erence architecture for educational purposes, transitioning these capabilities into

an operational environment would require significant structural integration. Rather
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than scaling Aegis Scholar as a standalone application in its present form, the con-
cepts explored here—especially author-centric search, network visualization of col-
laborators, and defense-oriented ranking heuristics—are best viewed as features
that could be integrated into existing enterprise knowledge platforms. Future ef-
forts should focus on more complete data ingestion, robust name disambiguation,
stronger verification of current affiliation and contact data, and secure access to
controlled-distribution documents. More broadly, this work sits alongside emerging
science-of-science systems that use concept-level knowledge graphs and machine
learning to study how research topics evolve over time.'¢ Ultimately, the lessons
learned from this prototype provide a useful blueprint for how large organizations
might better connect their personnel to the expertise hidden within their institutional
data.

Note on Al-assisted tools. During the preparation of this report, the authors used
large language models (e.g., Google Gemini-3.1-Pro, OpenAl GPT-5.1) as a writ-
ing aid for editing, summarizing, and rephrasing text. The authors subsequently
reviewed and edited all output and take full responsibility for the content of the

published report.
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This appendix outlines the infrastructure and deployment configurations used to
containerize and orchestrate the Aegis Scholar prototype. It is a combination of im-
plemented prototype components and deployment-path artifacts developed during

the capstone.

A.1 Containerization and Services

The platform operates as a Docker Compose monorepo, consisting of five core mi-

croservices communicating over an internal bridge network:

1) Aegis Scholar API: A FastAPI application serving as the primary gateway.
It orchestrates downstream calls and computes the hybrid relevance scores.

2) Vector DB: A Milvus instance storing the 384-D all-MiniLM-L6-v2
abstract embeddings.

3) Graph DB: A Neo4;j 5.x instance maintaining the relational network.

4) Identity Service: An OpenLDAP-backed prototype directory layer handling
fuzzy name resolution and lookup-style identity support.

5) Frontend: A React/Vite web application providing the user interface and net-

work visualizations.

A.2 Kubernetes Deployment Strategy

For cloud deployment, the system targets Azure Kubernetes Service (AKS). The
infrastructure-as-code is managed via Terraform, which provisions the necessary
namespaces, persistent volume claims (PVCs), and load balancers. These materials
document the intended operational path for the prototype, even though the evaluated

capstone system was not a fully deployed enterprise service.
Key deployment patterns include the following:

* Horizontal Scaling: The FastAPI gateway is configured with a Horizontal
Pod Autoscaler (HPA) triggered at 70% CPU utilization.

* Secrets Management: To adhere to Department of War security guidelines,
no plaintext passwords are used in environment variables; all database cre-
dentials and API keys are injected at runtime via Kubernetes Secrets.

* Health Monitoring: Liveness and readiness probes are configured for all
pods. Logs are aggregated via Azure Log Analytics, enabling Kusto Query

Language (KQL) analysis of search latency and error rates.
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This appendix details the unified logical schema developed during Phase 2 to map
data from Defense Technical Information Center (DTIC) into the graph and vector
databases. In the evaluated prototype, this schema was applied to a DTIC-derived
snapshot assembled through the project’s extraction pipeline rather than to a com-

plete enterprise-scale corpus.

B.1 Field Selection and Normalization

The schema design process prioritized fields with high empirical fill rates (the pro-
portion of records containing data for a given field) to ensure system reliability.
Profiling of a 10,000-record DTIC sample revealed that core identifiers such as
Digital Object Identifiers (DOIs) had a 99.4% fill rate, and abstracts were present
in 96.8% of the records. Conversely, some fields defined in external Application
Programming Interfaces (APIs) (e.g., specific organization types) exhibited a 0%

fill rate in the sample and were subsequently excluded from the pipeline.

Data normalization rules were established to ensure consistency across the graph

database:

* Identifiers: Universally Unique Identifiers (UUIDs) were generated deter-
ministically based on source DOIs or standardized author names to prevent
duplicate node creation during idempotent MERGE operations.

* Entities: The flat JSON responses were decomposed into four distinct entity
types: Author, Work, Organization, and Topic.

* Text Processing: Abstracts were cleaned of HTML/XML artifacts prior to

being passed to the sentence transformer models for embedding generation.

B.2 Graph Relationships

The normalized data populates Neo4j using the following node labels and directed

relationships:

e (:Author)—-[:AUTHORED]-> (:Work)
¢ (:Author)-[:AFFILIATED_WITH]->(:0rganization)
* (:Work)-[:COVERS_TOPIC]->(:Topic)
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This appendix provides the extended evaluation results for the six embedding mod-
els tested during Phase 3. The appendix documents the offline comparison set; the

running prototype described in the main text used a1 1-MiniILM-L6-v2.

The evaluation utilized 12 queries categorized into Artificial Intelligence (Al), Mil-
itary Deception (MilDec), Interdisciplinary (Al and MilDec), and Unrelated Con-
trols. Thirty-two authors were manually rated for relevance to these queries on a

scale of 1 to 5.

Table C-1 presents the complete Mean Reciprocal Rank (MRR) and Normalized
Discounted Cumulative Gain (NDCG) scores for all tested models. The results
highlight the trade-off between absolute retrieval speed (MRR) and overall ranking
quality (NDCG), as well as the varying degrees of domain bias present in models

such as gte-base—-en-v1.5.

Table C-1. Complete embedding model performance metrics.

Model Max Tokens Overall MRR Overall NDCG
deepvk/USER-bge-m3 8192 0.667 0.900
all-MinilM-L6-v2 256 0.653 0.914
jina-code-embeddings-1.5b 32768 0.653 0.913
Qwen3-Embedding-0. 6B 32768 0.625 0.884
gte-base-en-v1.5 8192 0.568 0.766
rubert-tiny2 2048 0.386 0.770
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List of Symbols, Abbreviations, and Acronyms

Al2C Army Artificial Intelligence Integration Center
AKS Azure Kubernetes Service

API Application Programming Interface

ARL Army Research Laboratory

CMU Carnegie Mellon University

CPU Central processing unit

DEVCOM U.S. Army Combat Capabilities Development Command
DOI Digital Object Identifier

DoW Department of War

DTIC Defense Technical Information Center
ETL Extract, Transform, Load

HPA Horizontal Pod Autoscaler

HTML HyperText Markup Language

JSON JavaScript Object Notation

KQL Kusto Query Language

LDAP Lightweight Directory Access Protocol
LLM Large Language Model

MilDec Military Deception

MRR Mean Reciprocal Rank

NDCG Normalized Discounted Cumulative Gain
ORCID Open Researcher and Contributor ID
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PVC

SME

UAS

UuID

UX

XML

Persistent Volume Claim
Subject-Matter Expert
Unmanned Aerial Systems
Universally Unique Identifier
User Experience

eXtensible Markup Language
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