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NASA STI Program...in Profile

Since its founding, NASA has been dedicated
to the advancement of aeronautics and space
science. The NASA scientific and technical
information (STI) program plays a key part
in helping NASA maintain this important
role.

The NASA STI Program operates under the
auspices of the Agency Chief Information
Officer. It collects, organizes, provides for
archiving, and disseminates NASA’s STI.
The NASA STI Program provides access to
the NASA Aeronautics and Space Database
and its public interface, the NASA Technical
Report Server, thus providing one of the
largest collection of aeronautical and space
science STI in the world. Results are
published in both non-NASA channels and
by NASA in the NASA STT Report Series,
which includes the following report types:

e TECHNICAL PUBLICATION. Reports of
completed research or a major significant
phase of research that present the results
of NASA programs and include extensive
data or theoretical analysis. Includes
compilations of significant scientific and
technical data and information deemed to
be of continuing reference value. NASA
counterpart of peer-reviewed formal
professional papers, but having less
stringent limitations on manuscript length
and extent of graphic presentations.

¢ TECHNICAL MEMORANDUM.
Scientific and technical findings that are
preliminary or of specialized interest, e.g.,
quick release reports, working papers, and
bibliographies that contain minimal
annotation. Does not contain extensive
analysis.

¢ CONTRACTOR REPORT. Scientific and
technical findings by NASA-sponsored
contractors and grantees.

¢ CONFERENCE PUBLICATTON.
Collected papers from scientific and
technical conferences, symposia, seminars,
or other meetings sponsored or
co-sponsored by NASA.

e SPECIAL PUBLICATION. Scientific,
technical, or historical information from
NASA programs, projects, and missions,
often concerned with subjects having
substantial public interest.

e TECHNICAL TRANSLATION. English-
language translations of foreign scientific
and technical material pertinent to
NASA’s mission.

Specialized services also include organizing
and publishing research results, distributing
specialized research announcements and
feeds, providing information desk and
personal search support, and enabling data
exchange services.

For more information about the NASA STI
Program, see the following:

e Access the NASA STI program home page
at http://www.sti.nasa.gov

e E-mail your question to
help@sti.nasa.gov

e Phone the NASA STI Information Desk at
757-864-9658

o Write to:
NASA STI Information Desk
Mail Stop 148
NASA Langley Research Center
Hampton, VA 23681-2199
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Abstract

This memorandum describes AMPLIFY, NASA’s compound Al system, designed
as a flexible, all-in-one platform for integrating, managing, and scaling large lan-
guage models (LLMs). It supports composable workflows across NASA-hosted and
third-party models, with optional use of external models for non-sensitive queries.
The initial use case addresses the challenges that air traffic controllers face in re-
trieving information from large repositories of technical documentation in a short
amount of time. The system applies a retrieval-augmented generation (RAG) ar-
chitecture, provides observability through Langfuse tracing, and production-grade
evaluation via VALOR. A novel element of AMPLIFY is its use of a Model Con-
text Protocol combined with a Model Router, enabling seamless orchestration and
dynamic selection of the most appropriate models for each query. Statistical met-
rics that measure the precision and reliability of our system show that AMPLIFY
can deliver accurate and context-aware responses to user-entered queries. Future
work will investigate a multi-agent, multi-step architecture to enhance modularity,
interpretability, and governance.



1 Introduction and Background

Motivation

Mission-critical organizations rely on timely, accurate, and contextually relevant ac-
cess to knowledge to ensure safety, compliance, and efficiency. In civil aviation, this
need is particularly significant. Technical manuals, advisory circulars, and certifica-
tion procedures often span thousands of pages of dense regulatory and engineering
content. Inspectors and engineers are tasked with finding highly specific information
under strict time pressures. Delays or inaccuracies in retrieving the right guidance
can prolong inspections, delay certification, and, most importantly, introduce safety
risks. As operations grow more complex and documentation expands, the demand
for advanced systems capable of delivering precise, context-sensitive results contin-
ues to grow.

Limitations of Classical Search

Traditional keyword-based search systems, such as BM25 [1, 2], have been widely
used because of their efficiency and simplicity. However, their limitations are evident
in high-stakes technical environments. These methods operate primarily on token-
level matches, meaning that if a query does not contain the exact keywords present
in the documentation, the relevant passages may never be retrieved. For example, a
pilot querying “stall speed” may fail to retrieve guidance described using terms such
as “stalling airspeed,” “minimum stalling speed,” or the regulatory designation Vg,
even though these refer to the same underlying aerodynamic limit. Beyond synonym
mismatches, keyword-based systems tend to rank results using superficial features
such as word frequency rather than contextual relevance. This surfaces long lists
of partially related documents, forcing users to sift through noise and introducing
inefficiency into time-critical workflows. In aviation contexts, where seconds can
matter, such shortcomings translate directly into avoidable delays and increased
risk of bottlenecks.

The AMPLIFY Approach

AMPLIFY was designed specifically to address these limitations by leveraging retrieval-
augmented generation (RAG) [3-6]—a hybrid approach that integrates semantic
search with large language model (LLM) synthesis. Rather than relying on purely
lexical, keyword-based matching, AMPLIFY embeds documents and queries into
high-dimensional vector spaces, enabling retrieval based on semantic similarity and
allowing the system to recognize paraphrases, handle synonyms, and connect queries
expressed using different vocabularies. The retrieved passages are then synthesized
by a locally hosted LLM. A Model Context Protocol (MCP) [7] ensures that re-
trieved context, metadata, and supporting evidence are structured and passed to
the model in a consistent and auditable manner, producing natural-language re-
sponses that are both contextually relevant and grounded in authoritative source
documents.

AMPLIFY incorporates observability and evaluation as core components: retrieval
scores, source citations, and model outputs are logged, auditable, and benchmarked
against reference standards. Langfuse [8, 9] tracing underpins this observability
layer, capturing end-to-end query flows and metrics to support debugging, moni-



toring, and long-term reliability. This transparency not only builds trust among
users but also enables systematic monitoring, ensuring the system can evolve while
maintaining safety in mission-critical settings.

Novel Contributions of AMPLIFY

Beyond these capabilities, AMPLIFY advances standard RAG implementations
through two novel architectural mechanisms that are essential in safety-critical en-
vironments:

e Model Context Protocol (MCP). MCP provides a structured interoperabil-
ity layer that enforces consistent context formatting, tool orchestration, and
metadata handling across heterogeneous backends. This enables AMPLIFY
to integrate multiple retrieval, evaluation, and synthesis components without
introducing ambiguity or model-specific coupling.

e Model Router. The Model Router dynamically directs queries between se-
cure internal models and external services based on compliance requirements,
latency constraints, and expected performance. This routing logic embeds
governance directly into the system architecture, ensuring that sensitive FAA
or NASA data is handled appropriately while still allowing the use of high-
performance external models when permitted.

Together, these innovations provide a modular, auditable, and policy-aware RAG
framework, extending traditional retrieval-generation pipelines to meet the require-
ments of mission-critical domains.

2 System Design

2.1 Architecture Overview

The AMPLIFY architecture implements a retrieval-augmented generation (RAG)
pipeline that integrates document ingestion, semantic retrieval, and controlled model
routing within secure boundaries. Documents and associated metadata are normal-
ized, chunked, and embedded into high-dimensional vectors, enabling semantic simi-
larity search that matches queries to relevant content even when terminology differs.
Figure 1 illustrates this end-to-end AMPLIFY pipeline, from document ingestion
through retrieval, routing, and response generation.

At the core of this design are two mechanisms that extend beyond a conventional
RAG pipeline. A dedicated Model Context Protocol (MCP) manages how embed-
dings, metadata, and contextual data are packaged and passed downstream, ensur-
ing consistency across heterogeneous model backends and enabling structured tool
integration for the LLM. This protocol not only enforces observability, making ev-
ery step auditable, but also guarantees modularity, allowing retrievers and synthesis
models to be swapped without breaking compatibility.

Complementing this, the Model Router dynamically directs queries to the most ap-
propriate model backend. Sensitive queries are routed to self-hosted foundational



models within secure NASA infrastructure, while less sensitive queries may leverage
managed external services. Routing decisions also account for latency and perfor-
mance, allowing lightweight models to handle simple classification tasks while more
complex synthesis is escalated to larger models. This adaptive routing enforces com-
pliance, optimizes efficiency, and introduces governance capabilities not present in
standard RAG implementations.

Together, these mechanisms—MCP and the Model Router—differentiate AMPLIFY
from existing RAG architectures by embedding modularity, observability, and policy-
driven adaptability as first-class design principles. By combining retrieval quality,
transparency, and robust security controls, AMPLIFY delivers accurate, traceable,
and compliant responses in high-stakes operational settings.
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Figure 1. AMPLIFY system architecture showing the RAG pipeline from document
ingestion to response generation.

2.2 FAA Use Case

Assisting Federal Aviation Administration (FAA)
air traffic controllers (ATCs; see Fig. 2) with
decision support and intelligent tools has been
identified as a prevalent challenge, and many re-
search efforts have explored Al and LLM-based
approaches in this domain [10, 11].

For the FAA, AMPLIFY provides a conver-
sational interface that allows ATCs to query
large repositories of documentation. Consider
an ATC detecting an unidentified unmanned
aerial vehicle (UAV) operating within controlled
airspace without an active transponder or filed
flight plan. Rather than manually consulting

Figure 2. Air traffic control envi-
ronment showing the operational
context for AMPLIFY deploy-
ment.



multiple FAA orders and interagency guidance

documents, the controller queries AMPLIFY: “What are the standard operating
procedures for identifying, reporting, and managing a non-cooperative UAV in Class
B airspace?” In practice, much of this work involves Standard Operating Procedures
(SOPs), which form a primary target corpus for AMPLIFY in both testing and in
deployment. AMPLIFY retrieves the relevant advisory circulars and SOP passages,
highlights applicable sections, and synthesizes a grounded answer that includes cita-
tions. This workflow both accelerates decision-making and builds trust by surfacing
the original source documents [12].

A central motivation for adopting AMPLIFY in this domain is security. Unlike ex-
ternal services such as OpenATI’s hosted models, which require transmitting queries
and sensitive data over public networks, AMPLIFY enables all retrieval, reason-
ing, and synthesis to occur within secure internal infrastructures. This ensures that
proprietary technical data, regulatory materials, and operational details remain pro-
tected. In safety-critical contexts like aviation, where much of the documentation
is non-public—including SOPs and other procedural manuals—the ability to deploy
advanced retrieval-augmented generation entirely within organizational networks
provides both a functional advantage and a compliance necessity [13].

2.3 Technology Stack

The AMPLIFY technology stack is engineered for modularity, scalability, and in-
teroperability, ensuring that experimental research components integrate seamlessly
into a production-grade environment.

e Python with Asynchronous I/O forms the backbone of the orchestration
layer. By leveraging event-driven concurrency, AMPLIFY manages multiple
retrieval and synthesis tasks in parallel, minimizing latency and maximizing
throughput. This is critical in environments where queries must be resolved
within seconds, such as air traffic management or emergency aviation operations.

e Fast API provides the lightweight service framework. Its support for asyn-
chronous request handling allows AMPLIFY to expose REST endpoints for in-
gestion, retrieval, and answer generation without bottlenecking under high query
loads. FastAPI’s automatic OpenAPI schema generation also facilitates interop-
erability with other FAA or NASA services.

e Llamalndex orchestrates the retrieval-augmented generation (RAG) pipeline,
integrating embedding generation, similarity search, and large language model
(LLM) synthesis into a unified workflow. By abstracting low-level complexity,
Llamalndex enables rapid experimentation with different embedding models,
retrievers, and synthesis strategies while preserving a consistent API.

e Qdrant is the vector database backend, optimized for high-dimensional similar-
ity search across millions of document embeddings. Its distributed architecture
and support for approximate nearest-neighbor search ensure AMPLIFY can scale
from pilot deployments to enterprise-scale repositories without compromising
retrieval quality or latency. In our deployment, collections are sharded across
nodes, enabling queries to be processed in parallel, while replication provides



fault tolerance and high availability.

e LibreChat provides the user-facing interface, enabling inspectors, engineers,
and controllers to interact with the system in a conversational manner. It also
supports side-by-side comparison of responses from different models, directly
aiding transparency, correctness assessment, and auditability.

Together, these components form a modular ecosystem. Each layer can be indepen-
dently upgraded or replaced without disrupting the overall architecture.

3 Evaluation and Results

3.1 Observability

Observability refers to the ability to capture and analyze the internal operations of a
system so that its behavior can be understood, audited, and improved [14]. Langfuse
tracing provides full observability across the pipeline. Each query is logged with its
input, retrieval results, system response, latency, and error traces. This granular
tracking supports debugging, monitoring, and long-term performance analysis. In
safety-critical environments like aviation, observability is not optional: it provides
the evidence trail needed for auditing, certification, and regulatory review. Figure 3
shows the Langfuse dashboard used to surface these traces and performance metrics
across the pipeline.
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Figure 3. Langfuse dashboard showing query traces and performance metrics.

Beyond individual traces, Langfuse enables trend analysis across large volumes of
queries, highlighting systemic issues such as degraded retriever recall or model drift
over time. When such anomalies are detected, engineers can investigate specific
executions to identify root causes. Figure 4 shows a representative detailed trace,
exposing retrieval, prompt construction, and synthesis steps for a single query. These
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Figure 4. Detailed trace view in Langfuse showing retrieval and synthesis steps.

capabilities allow engineers to fine-tune components while providing auditors with
a transparent, step-by-step record of system behavior. Observability therefore func-
tions not only as a debugging tool but also as an accountability mechanism, ensuring
that AMPLIFY can be trusted and maintained in operational environments.

3.2 Metrics

To evaluate AMPLIFY, we use metrics capturing retrieval effectiveness and output
quality. Table 1 lists each metric with a brief description, moving from judgment-
based measures (correctness, faithfulness, relevance) to classical IR metrics (recall,
NDCG, MRR), and concluding with composite measures such as the retriever score.

Metric

Description

Correctness Score

Recall

Faithfulness Rate

Measures factual accuracy of system responses compared
to authoritative sources. High correctness means fewer fac-

tual errors.

Fraction of relevant documents retrieved out of all possi-
ble relevant documents. High recall indicates coverage of

relevant material.

Assesses whether generated responses remain grounded in
retrieved passages, avoiding unsupported claims or hallu-

cinations.



NDCG Score [15] Normalized Discounted Cumulative Gain measures how
well retrieved documents are ranked by relevance, giving
more weight to higher-ranked items. Defined as:

k
DCGQk rel;
NDCGQk = ————, DCGQk = —
IDCGQk’ ; logy (7 + 1)
where rel; is the graded relevance of the document at rank
i, and Ideal Discounted Cumulative Gain (IDCG) is the
Discounted Cumulative Gain (DCG) of the ideal ranking.

MRR (Mean Recip- Average reciprocal of the rank at which the first relevant
rocal Rank) [16] document appears across queries:

1 1Q 1
MRR = — % ——
Q] jz:; rank;

where @ is the set of all queries, |@| is the total number of
queries, and rank; is the position of the first relevant result
for query j.

Retriever Score Lexical overlap measure between query and retrieved text,
based on exact token intersections. Reflects surface-level
matching without accounting for semantic similarity.

Relevance Score LLM-judged measure of how well each retrieved passage
semantically addresses the query.

Table 1: Metrics used to evaluate AMPLIFY’s retrieval and
generation performance.

Taken together, these metrics provide a comprehensive evaluation framework for
AMPLIFY. Correctness, faithfulness, and relevance directly capture the quality of
generated answers, while recall, NDCG, and MRR quantify how effectively the re-
triever surfaces supporting evidence. By combining system-level measures (e.g.,
Retriever Score) with task-specific judgments, evaluators can not only assess overall
performance but also identify where errors originate in the pipeline. This multi-
dimensional view makes it possible to target improvements in a principled way,
such as tuning retrieval strategies when recall is low, or refining synthesis when
faithfulness lags. This ultimately ensures that AMPLIFY remains both reliable and
trustworthy in mission-critical contexts.

3.3 Methodology

Evaluation in AMPLIFY is conducted using Validation for Aerospace LLM Output
and Reasoning (VALOR) [17], a rubric-based framework developed to provide sys-



tematic, repeatable scoring of LLM outputs. VALOR submits predefined queries to
the system and compares generated answers against vetted reference responses. For
this study, evaluation was conducted on a curated subset of FAA technical docu-
mentation, including Standard Operating Procedures and advisory circulars. The
corpus comprised several dozen documents totaling a few hundred pages, paired
with a test set of representative queries. Queries were designed to reflect realistic
inspector and engineer information needs, ensuring that scoring captured perfor-
mance in operationally relevant contexts. VALOR decomposes performance into
accuracy, retrieval quality, robustness, and uncertainty, offering a multidimensional
view of system quality. Figure 5 shows the VALOR, evaluation interface used to
compute and visualize these metrics across experimental runs.
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Figure 5. VALOR evaluation interface showing systematic scoring of LLM responses

across multiple quality dimensions.

3.4 Analysis of Results

Preliminary results demonstrate promising performance in the FAA domain. On a
curated test set of FAA-relevant queries, AMPLIFY achieved strong retrieval quality
and synthesis scores (evaluated on a real data subset of the corpus):
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Figure 6. VALOR metrics visualization showing performance across different eval-
uation dimensions.

Each metric captures a distinct retrieval or generation property; interpretations
below describe observed behavior under this evaluation setting.

On this curated dataset shown in Figure 6, we observe a Correctness Score of
1.0, indicating consistent factual accuracy, an essential requirement in safety-critical
contexts. The Faithfulness Rate of 0.75 indicates that most responses were
grounded in retrieved passages, with the remaining cases involving paraphrasing or
synthesis beyond the exact text.

Perfect recall (1.0) is rarely attainable in semantic retrieval, where models re-
trieve passages based on meaning rather than exact term matching. Thus, AM-
PLIFY’s Recall of 0.70 is consistent with reported performance ranges for untuned
embedding-based semantic retrievers, which commonly trade exact coverage for con-
ceptual matching. This value therefore reflects a known design trade-off rather than
an optimized operating point. The near-perfect NDCG of 0.99 and MRR of
1.0 further show that the most useful supporting material consistently appeared
at the top of the ranked list. Under this evaluation setup, high NDCG and MRR
values reduce the likelihood that inspectors must scan lower-ranked results to locate
supporting material.

The Retriever Score (0.65) and Relevance Score (0.65) reflect trade-offs in
semantic retrieval. This behavior is consistent with embedding-based semantic re-
trieval, which prioritizes conceptual similarity over exact token overlap. Because
semantic retrievers prioritize conceptual similarity over lexical overlap, maximizing
the Retriever Score toward 1.0 would bias retrieval toward exact term matches, po-
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tentially reducing coverage of semantically relevant but differently phrased passages.
The observed score of 0.65 reflects this trade-off rather than an optimization target.
Likewise, perfect semantic relevance (1.0) is uncommon, as LLM-based relevance
scoring is conservative and technical domains often contain partially aligned but
not strictly direct passages. Within the constraints of the curated FAA subset and
limited query set, these scores indicate functional semantic matching, though their
generality cannot be assumed without broader evaluation.

Together, these results indicate that LLM system implementations built using the
AMPLIFY framework can deliver reliable and trustworthy answers under the eval-
uated conditions. The framework’s transparent metrics provide clear guidance for
targeted refinements in future iterations.

Nonetheless, several limitations warrant discussion. First, the evaluation was con-
ducted on a curated subset of FAA technical documents with a relatively small
number of test queries. While the observed Correctness, NDCG, and MRR scores
are strong, they may not fully capture variability across the broader operational
corpus or across different implementations that adopt the AMPLIFY architecture.
Second, the Faithfulness Rate of 0.75 indicates that approximately one-quarter of
responses incorporated paraphrasing or synthesis beyond retrieved passages. In
safety-critical settings, such deviations may introduce risk, underscoring the need
for deeper analysis of paraphrasing patterns and more constrained generation strate-
gies at the level of the deployed LLM system rather than the framework itself. Third,
the moderate Retriever and Relevance Scores highlight the need for systematic re-
triever optimization, including evaluation of domain-adapted embedding models,
hybrid retrieval architectures, terminology normalization, and improved indexing
strategies. These improvements pertain to specific system configurations enabled
by AMPLIFY, rather than inherent limitations of the framework. More exten-
sive testing on larger and more diverse datasets will be essential to demonstrate
robustness and ensure that LLM systems implemented using AMPLIFY maintain
reliability under real-world operational demands.

4 Conclusions

Ultimately, AMPLIFY provides a streamlined approach for operationalizing retrieval-
augmented generation for mission-critical knowledge access. By combining semantic
retrieval, LLM synthesis, and robust observability, AMPLIFY provides users with
fast, accurate, and traceable answers. Its successful application to FAA documen-
tation highlights its potential for broader high-stakes domains such as healthcare,
engineering, and emergency management.

Looking ahead, a future version of AMPLIFY may evolve into a multi-agent sys-
tem, extending its current modular design and observability. Figure 7 illustrates
a representative multi-agent retrieval and reasoning workflow, demonstrating how
planning, sub-query decomposition, retrieval, extraction, and synthesis can be coor-
dinated across specialized agents. Such an architecture could incorporate specialized
roles, including: (1) Routing Agents [18] that dynamically select among retriev-
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ers or models based on sensitivity, latency, or accuracy requirements; (2) Query
Planning Agents [18] that decompose complex information needs into structured
sub-queries, improving retrieval coverage and precision; (3) ReAct Agents [18]
that integrate reasoning with action, deciding when to retrieve additional evidence
versus when to synthesize; and (4) Plan-and-Execute Agents [18] that coordinate
multi-step workflows, sequencing retrieval, validation, and synthesis into transpar-
ent, auditable pipelines.

By embedding these agentic roles within the existing Model Context Protocol and
Model Router, AMPLIFY could move beyond a linear RAG pipeline toward a co-
ordinated framework of interacting agents. This evolution would enhance inter-
pretability, reduce error propagation, and enable more adaptive responses in mission-
critical environments. In parallel, ongoing work will incorporate adaptive retrieval
strategies and strengthened safety controls, ensuring that AMPLIFY not only de-
livers practical value today but also scales into a trustworthy, future-proof platform
for critical knowledge management.
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Figure 7. Example multi-agent retrieval and reasoning workflow [19]. This con-
ceptual architecture illustrates how planning, sub-query decomposition, retrieval,
extraction, and answer synthesis can be coordinated across specialized agents.
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5.2 Acronyms

AT — Artificial Intelligence

API - Application Programming Interface
ATC — Air Traffic Controller

BM25 — Best Matching 25

DCG/NDCG - Discounted Cumulative Gain / Normalized Discounted Cumu-
lative Gain

FAA — Federal Aviation Administration
IDCG — Ideal Discounted Cumulative Gain
I/0O — Input/Output

LLM - Large Language Model

MCP - Model Context Protocol

MRR — Mean Reciprocal Rank

NASA — National Aeronautics and Space Administration
RAG — Retrieval-Augmented Generation
REST — Representational State Transfer
SOP - Standard Operating Procedure

TM — Technical Memorandum

VALOR - Validation for Aerospace LLM Output and Reasoning
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