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Abstract

Multimodal artificial intelligence offers promising solutions for enhancing operational excellence
in contract manufacturing, where small job shops typically operate with limited standardization
and high process variability. This research develops a part similarity tool that integrates
geometric, material, and scale information to improve quoting accuracy and engineering
efficiency in high-mix, low-volume production environments. After examining the fragmented
manufacturing landscape and reviewing current Al applications in manufacturing, the study
introduces an approach based on Variational Autoencoders for encoding 3D geometry alongside
material properties and dimensional scale information. The technical implementation addresses
challenges of multimodal fusion, missing data handling, and computational efficiency, while a
gualitative ablation study demonstrates how this comprehensive approach outperforms single-
modal methods in manufacturing relevance. Engineers benefit from improved insights for
manufacturing planning, while estimators achieve more consistent cost predictions using the
multimodal system. Reinforcement learning with human feedback provides a mechanism for
continuous refinement, creating a framework that bridges geometric similarity with
manufacturing context and reduces subjectivity in critical business processes. The research
contributes both theoretical insights into multimodal learning and practical implementation
strategies for standardizing operations in contract manufacturing environments.
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Chapter 1

Introduction

Contract manufacturing in aerospace and defense has historically been characterized by
its fragmented nature. Small to medium-sized enterprises, colloquially referred to as “mom-and-
pop” shops, often operate with deeply specialized skill sets developed over years of experience
but seldom backed by standardized processes. The result is a sector that struggles with
inefficiencies across multiple operational domains, including quoting, engineering, and
production. Particularly in job shop environments—where each project is treated as a unique
endeavor—these inefficiencies become magnified, leading to high work-in-process (WIP),
unbalanced workloads, and underutilized machinery. The problem extends beyond mere

operational costs; it also impedes efforts to deliver consistently high-quality products on time. [1]

This thesis aims to address these inefficiencies by applying advanced multimodal Al
techniques. Leveraging historical data, 3D geometric models, material properties, and part scale,
the research goal is to develop robust Al models capable of learning part similarities. Successful
implementation of such tools can standardize early-stage processes like quoting and engineering,
thus reducing subjectivity, and variability. This not only promises to lower costs and shorten lead
times but also enhances the overall ecosystem of contract manufacturing through better
knowledge capture and operational excellence. Specifically, by identifying similarities among
parts, manufacturers can more effectively improve quoting accuracy and consistency in

engineering practices.

The following sections present the rationale, motivation, and strategic approach for
employing Al-driven technology in contract manufacturing. Section 1.1 further defines the

specific problem at hand; Section 1.2 details the broader motivation for this work in the context
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of both industry needs and academic research; and Section 1.3 provides an overview of the thesis

goals and the structured plan to achieve them.

1.1 Problem Statement

The aerospace and defense manufacturing sector presents unique challenges arising from
the highly specialized and varied nature of its components. While A&D serves as a prominent
example, similar complexities occur across other low-volume, high-mix industries such as medical
device manufacturing and custom automotive part fabrication. In these sectors, the quoting
process heavily relies on the subjective expertise of long-tenured employees. As new complex
parts are introduced—with unfamiliar geometries, tolerances, and materials—reliance on
personal experience alone results in significant variations in quoting accuracy. These inaccuracies
impact profitability, competitiveness, and the capability to secure and retain contracts. These
variations negatively impact profitability, competitive positioning, and the ability to secure or

retain contracts, further exacerbating the issue of inherently low anticipated production volumes.

Beyond quoting, the engineering process also suffers from a lack of standardization,
especially when dealing with high-complexity parts. Even minor design changes can demand
entirely new methods of manufacturing leading to repetitive engineering cycles that inflate lead
times. These challenges are further complicated by limited data sharing across the organization,
resulting in knowledge silos that prevent best practices from scaling effectively. The broader effect
is that many shops continue to operate with outdated or ad hoc processes, reinforcing a vicious

cycle of high work in progress (WIP), uncertain delivery times, and elevated operational costs.

1.2 Thesis Motivation

There is a pressing need to formalize operational best practices in contract manufacturing by

harnessing data and digital tools. Recent developments in artificial intelligence—particularly in

11



deep learning and multimodal representation—offer promising avenues for transforming how

these shops quote and engineer parts.
1. Operational Efficiency

By using Al to identify and cluster similar parts that have been manufactured by the firm,
guoting teams can leverage historical data and built in knowledge to predict
manufacturing times and costs with greater confidence. This data-driven approach
reduces variability and the risk of misquoting, aligning customer expectations with actual

production realities.
2. Knowledge Sharing and Standardization

In many shops, specialized engineering knowledge is locked in the minds of a few experts.
A robust Al-driven similarity model can help codify this expertise, making it accessible to
less-experienced staff. As the industry grapples with an aging workforce, such tools

become critical in capturing and transferring tacit knowledge.
3. Competitive Advantage

With increased global competition, the ability to quote quickly and accurately is
paramount. Companies capable of adopting Al-based methodologies may see a boost in
both their market responsiveness and profitability. This competitive edge is further
amplified by on-time delivery and improved quality control—two pivotal metrics for

attracting high-value contracts.

From an academic standpoint, the intersection of 3D deep learning and manufacturing data
presents a rich domain for exploring new techniques in multimodal learning. By bridging these
disciplines, this thesis aims to advance the body of knowledge on how Al can be effectively
deployed in small to medium-sized contract manufacturing environments—a context that has

often been overlooked in mainstream Industry 4.0 research.
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1.3 Thesis Goals and Approach

Building on the needs identified above, the central objective of this thesis is to develop and

validate a multimodal Al model that predicts geometric and operational similarities between

manufacturing components, thereby standardizing and streamlining both quoting and

engineering processes in small-scale job shops. This objective can be broken down into the

following goals:

1. Model Development

o

Expand on the Existing Part Similarity Tool: Enhance a variational autoencoder-
based model initially trained on 3D geometry by incorporating additional data

modalities such as material type and dimensional scale.

Improve Predictive Power: Evaluate different network architectures, data
augmentation strategies, and loss functions to reduce model bias and improve

overall prediction accuracy.

2. Model Validation and Evaluation

Real-World Pilot Testing: Deploy a prototype tool at Company X and track

improvements in quoting accuracy and engineering lead times.

Human-in-the-Loop Reinforcement: Integrate user feedback from quoting and
engineering teams to iteratively refine the model, thereby ensuring practicality

and acceptance.

3. Dashboard and Stakeholder Engagement

o

Interactive Visualization: Create or enhance an existing dashboard to display
model outputs in a clear and actionable format, facilitating widespread adoption

and alignment across different levels of management.
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o Change Management and Organizational Buy-In: Collaborate with management
and shop-floor personnel to champion the tool’s benefits, address concerns, and

develop best practices for long-term sustainability.

The subsequent chapters of this thesis will discuss the background (Chapter 2) and
relevant literature (Chapter 3), delve into technical aspects of 3D deep learning and multimodal
modeling (Chapter 4), present the model validation framework (Chapter 5), and conclude with a

discussion on broader applications and future directions (Chapter 6).

14



Chapter 2

Background

This chapter provides critical context for understanding the aerospace and defense (A&D)
contract manufacturing landscape, with particular emphasis on the challenges faced by Tier 3/4
suppliers. We examine the industry structure, detail the contract manufacturing process flow,
introduce Company X (where this research was conducted), and explore the technological
developments in Industry 4.0 and artificial intelligence that are transforming traditional
manufacturing operations. Throughout, we focus on the quoting and process steps of the
manufacturing process—areas that directly benefit from the multimodal Al solutions presented

later in this thesis.

2.1 Industry Background

The A&D supply chain spans multiple tiers, each specializing in different aspects of design,
production, and assembly (Figure 1). At the apex, Original Equipment Manufacturers (OEMs) such
as Boeing, Airbus, and Lockheed Martin handle the final integration and assembly of aircraft.
Below them are Tier 1 suppliers (e.g., General Electric, Honeywell, United Technologies), which
design and build large systems such as engines, avionics, and hydraulic assemblies for OEMs.
These Tier 1 suppliers, in turn, source components from Tier 2 suppliers—entities like Parker and
Eaton—that specialize in sub-systems and place a strong emphasis on performance, cost-

effectiveness, and predictable delivery.
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Figure 1: Aerospace and Defense (A&D) supply chain spans multiple tiers, each specializing in
different aspects of design, production, and assembly.

Further downstream, Tier 3 and Tier 4 suppliers predominantly operate as contract
manufacturers, often in the form of small job shops spread throughout the United States. With
annual revenues typically well under $100 million, these shops have historically enjoyed some
insulation from global competition due to the highly variable, low-volume, and classified nature
of their work. However, this fragmented environment—coupled with the capital constraints many
of these suppliers face—has often resulted in inconsistencies in quality, lengthy lead times, and
unreliable delivery performance. OEMs and Tier 1 suppliers react to these uncertainties by
ramping up inventories and building in excess buffer times into their quotes and engineering

plans, leading to inefficiencies and higher overall costs across the supply chain [2].

Recent shocks—ranging from geopolitical conflicts and inflationary pressures to labor
strikes and raw material shortages—have laid bare the fragility of the aerospace and defense
supply network. Heightened tensions in Eastern Europe and sporadic export restrictions on
critical metals (e.g., titanium, aluminum) have forced manufacturers to navigate sudden cost
surges and unpredictable lead times [2]. Meanwhile, domestic labor disputes, coupled with a
tightening labor market, have slowed production schedules and increased competition for skilled
workers. Smaller suppliers with concentrated customer portfolios and limited contingency plans
often find themselves unable to adapt, resulting in drastic restructuring or closure. By contrast,
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those that endure—generally companies with diversified client bases, robust operational
processes, and a track record of reliable on-time performance—demonstrate that operational
excellence is more than just a best practice; it is a vital strategic differentiator. As the industry
continues to experience volatility in 2025 and beyond, contract manufacturers must increasingly

adopt new methodologies and advanced technologies to remain resilient and competitive.

2.2 Contract Manufacturing Overview

The contract manufacturing process begins when a customer, typically a higher-tier
supplier or OEM, submits a Request for Quote (RFQ). This initiates a complex workflow (Figure 2)
that involves multiple functional departments and decision points before culminating in the

delivery of finished components.

End-to-End Process Flow in Aerospace and Defense Manufacturing

Al Focus Area: Quoting Process

. 2. Quote 3. Bid — .
1. RFQ Receipt H Analysis H Submission H 4. Negotiation H 5. PO Receipt

Customer provides Feasibility assessment, Formal quotation and Terms, pricing, and delivery  Purchase order and
drawings, specifications, cost and time estimation proposal to customer timelines contract formalization
and models
8. Process Planning 7. Material
. . 8. Manufacturin 9. Quality Testin 10. Shippin
[ Sourcing g Quality g pping
Ordering raw materialsand  Part machining and Inspection, testing, and Packaging and delivery to
production scheduling assembly operations certification customer

Figure 2: Contract Manufacturing Workflow

The following steps detail each phase of this process.

1. Request for Quote (RFQ) Receipt: The process begins when a customer approaches the
contract manufacturer with an RFQ for a specific component or assembly. These requests vary

significantly in format and completeness, but typically include:

e Engineering Drawing Formats: Customers provide drawings in diverse formats including

paper blueprints, PDFs, AutoCAD (DWG/DXF), SolidWorks, CATIA, NX, and other CAD
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system exports (Figure 3). Each format presents different challenges in data extraction,
with critical dimensions sometimes embedded in drawing notes rather than directly on
the model.

3D Model Variations: 3D models arrive in different formats:

o STEP (Standard for the Exchange of Product Data) — also known as ISO 10303, is a
widely used, standardized file format for 3D models and designs, facilitating easy
sharing and editing across different CAD programs.

o IGES (Initial Graphics Exchange Specification) —is a vendor-neutral file format used
for exchanging 2D and 3D CAD data between different CAD systems, storing
information like wireframes, surfaces, and solid models in an ASCII text format.

o STL (Stereolithography) — is a file format used to represent 3D object surface

geometry using a collection of triangles, commonly used for 3D printing and CAD

Each format handles feature information differently—STEP files typically retain parametric
features, while STL files only provide triangulated surfaces without feature intelligence.
Estimators must often work with incomplete geometry that lacks manufacturing feature

recognition.

GD&T Specification Inconsistencies: Geometric dimensioning and tolerancing
information appears in different locations and styles across customer documentation,
sometimes following ASME Y14.5, ISO, or proprietary standards. Tolerance requirements
may be scattered across notes, tables, or title blocks, requiring careful scrutiny.
Supplementary Documentation: Material specifications, surface treatment
requirements, and certification demands can be specified separately in documents like
material condition reports, finishing requirements, or quality assurance provisions—each
with customer-specific formatting and terminology.

Quantity and Delivery Specifications: Production volume requirements range from one-
time prototypes to ongoing programs with scheduled releases. These delivery
expectations may be communicated in formal scheduling documents or simply embedded

in email correspondence that accompanies the RFQ.
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Aerospace and defense RFQs present additional challenges due to security and compliance
requirements. ITAR (International Traffic in Arms Regulations) or EAR (Export Administration
Regulations) controlled documents often cannot be processed through standard email channels,
requiring secure data transfer protocols and restricted handling, which further complicates the

information gathering process.

The heterogeneity of RFQ inputs forces estimators to develop expertise in "translating"
between documentation styles—often manually extracting critical information and standardizing

it internally before proceeding with quote development.

J. ] | DETAR D(152:1)

@croNeB(0T:1) 4) FLANGE HOUSING PLATE
MATERIAL - GR 316 STANLESS STEEL

ENGINEERING GRAPHICS & DESIGN [
o [T e A

e 18, eyt = [ .
..I'.. V/ = ' : ‘FLWQMN ".I.‘;T'\"V'LS '+ g .’;‘I""" 9

Figure 3: Example of an engineering drawing PDF. The basic components of an engineering
drawing are the "Title block," "Dimensioning & Tolerances," "GD&T," "Block Diagrams and
Schematics, "Detailed Views," "Parts & Components List," and "Assembly Diagrams." [3]

2. Quote Analysis and Development: Upon receipt of the RFQ, the contract manufacturer
conducts a detailed technical and commercial analysis to determine feasibility and develop a

comprehensive quote. This critical phase typically involves multiple stakeholders:
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e Estimators evaluate part geometry, required tolerances, and machining complexity to
predict setup and run times

e Engineers assess manufacturability, and determine process

e Procurement specialists research material costs and availability

e Production planners evaluate capacity constraints and scheduling implications

Historical knowledge plays a crucial role, as estimators and engineers draw on experience with

similar parts to anticipate challenges, cycle times, and potential risks.

3. Bid Submission: Following internal analysis, the contract manufacturer prepares and submits

a detailed proposal to the customer. This typically includes:

e Itemized pricing structure (material, labor, overhead, profit)
e Lead time estimates and production schedule

e Terms and conditions including payment schedule

o Clarifications or exceptions to the customer's requirements

e Value engineering proposals (if applicable)

Win rates for contract manufacturers in aerospace & defense average 20-30%, suggesting that
guote preparation represents a significant operational cost with uncertain return on investment
[4]. Manufacturers typically invest substantial engineering resources in quotes that may never

convert to orders.

4. Negotiation and Contract Finalization: If the customer finds the quote compelling, a
negotiation phase follows to finalize pricing, delivery schedules, and other contractual terms. For

aerospace components, these discussions often include:

e Long-term agreements (LTAs) that secure volume commitments
e Material procurement responsibilities
e Quality requirements and inspection protocols

e Terms for potential design changes
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Once these terms are agreed upon and the contract is awarded, the supplier performs a final
contract review to verify alignment between the purchase order and the quoted assumptions.

Any discrepancies are resolved with the customer before formal project kickoff.

5. Purchase Order Receipt: Once terms are agreed upon, the customer issues a formal purchase
order (PO) that serves as the contractual basis for production. The manufacturer then creates

internal work orders, assigns project numbers, and begins detailed planning for execution.

6. CAD/CAM Programming: During this phase, manufacturing engineers translate design

specifications into a manufacturing process.

This process also heavily relies on tribal knowledge—experienced programmers apply
techniques and approaches refined over years of practical experience, with limited

standardization or knowledge capture.

7. Material Procurement: While the CAD/CAM programming are underway, procurement
personnel begin sourcing the required raw materials and any standard hardware. A&D contracts
often call for specific material grades or lot traceability, so the purchasing team must order from
approved suppliers and allow lead time for material mill certifications. Lead times for aerospace-
grade materials (special alloys, composites, etc.) can be substantial — recent industry data shows
production material deliveries averaging 87 days in 2023, which is still higher than pre-pandemic
norms [5]. This means procurement must anticipate needs well in advance to avoid delaying
production. For long-lead or scarce items (for example, a particular forged billet or an electronic
component for a defense assembly), buyers might place orders immediately upon contract award.
They may also purchase extra to hedge against scrapped parts or future orders. In this stage, the
team also orders any subcontracted services (like heat treating or non-destructive testing) and
ensures those vendors meet the necessary certifications (for defense work, subcontractors might
also need to be ITAR compliant or NADCAP accredited for special processes). Effective supply
chain management is crucial here —any delay or error in material procurement can push out the
overall project timeline. The outcome of Stage 7 is that all required materials and outside services

are lined up to support the production schedule.
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8. Manufacturing Operations: With programs complete and materials on hand, the
manufacturing floor produces the parts. Machinists set up CNC machines, load the NC programs,
and perform in-process inspections of critical dimensions. Complex parts may go through multiple
operations—milling, turning, grinding, etc.—and the shop must follow the prescribed routing to
ensure each feature is produced in the correct sequence. In many aerospace contracts, a first
article part is fully inspected before the complete batch is run (per AS9102 guidelines). Assembly
operations (if applicable) and additional processes (e.g., heat treat, surface finishing) are also

performed here.

9. Quality Assurance and Testing: Aerospace and defense manufacturing demands extremely
high quality and adherence to specifications. After production (and sometimes at intermediate
steps), the QA team conducts thorough inspections. They use precision measurement tools—
calipers, micrometers, coordinate measuring machines (CMMs)—to verify dimensions against the
drawing tolerances, and they check surface finish, hardness, etc. as required. The QA team
collects material and process certifications (e.g., plating certs, material certs) and compiles a
formal inspection report or First Article Inspection (FAI). Because AS9100 and other regulations
require robust documentation, all measurements and certifications must be traceable to the
specific parts produced. If a non-conformance is identified, the parts may be scrapped or

reworked, and a corrective action process is triggered.

10. Packaging and Shipment: In the final stage, the completed parts and their associated
documentation are delivered to the customer. Proper packaging and labeling—sometimes along
with shipping via ITAR-compliant carriers—is essential to protect and track the product. Once the
customer receives the parts, the manufacturing contract is essentially fulfilled, although suppliers
remain available for feedback or support. For successful projects, the cycle often repeats with
new RFQs or follow-on orders, allowing the supplier to leverage refined workflows for greater

efficiency and competitiveness.

Throughout this end-to-end process, the quoting and process development phase
presents a significant opportunity for Al-driven improvement—precisely where the multimodal

Al solution presented in this thesis focus.
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2.3 Company Overview

Company X is a precision machining supplier occupying both Tier 2 and Tier 3 roles within
the A&D industry. Established in 1979 by two brothers, the company has grown to over 100
employees and 30 machines, processing around 200 different custom components (jobs) at any
given time. This growth has been driven by a steadfast commitment to quality—a hallmark that
has consistently led to repeat business and deeper relationships with major defense and

aerospace customers.

Following its acquisition by a private equity firm in 2019, Company X welcomed new
executive leadership (CEO and CFO), who worked alongside the original owners. This leadership
team set out to maintain the company’s historic reputation for quality while pursuing aggressive
growth targets and financial performance objectives. However, the influx of new customer orders
also introduced increasing operational complexity, pushing existing processes and resources to
their limits. In particular, rising customer demand, combined with pressure to diversify beyond a
few key accounts, highlighted the need for improved on-time delivery and the ability to quote

accurately and efficiently.

To meet these challenges, Company X initiated a variety of operational transformations
focused on workflow redesign, capacity planning, and digital strategy. In this context, the
company identified Al-driven solutions—such as part similarity modeling—as a potentially
powerful means to streamline quoting and engineering processes, reduce lead times, and
enhance resilience. This thesis research was conducted within Company X during this
transformative period, focusing on developing and implementing a multimodal Al approach

aimed at improving operational excellence.
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2.4 Industry 4.0

Industry 4.0 is often presented as a convergence of cyber-physical systems, loT-enabled
devices, and advanced analytics in manufacturing. However, in the context of contract
manufacturers—particularly in the aerospace and defense sectors—it is equally vital to highlight
the data-rich environment that emerges from CAD /CAM processes. While conventional
discussions of Industry 4.0 emphasize machine-level 10T sensors (e.g., capturing spindle speeds
or vibration data), CAD data provides an earlier, design-focused vantage point into each part’s

geometry, features, and potential manufacturing path.

Crucially, these 3D geometries and part definitions can be archived and reused well
beyond their original design intent, forming a digital asset that underpins analytics across quoting
and manufacturing best practices. When combined with ERP systems that handle bills of
materials, routing information, workforce allocations, and real-time production data,
manufacturers obtain a comprehensive digital thread of each part’s life cycle. This thread can
support quoting and cost estimation (e.g., quickly deriving machining time from geometries), can
enforce standardized manufacturing procedures, and can drive continuous improvement via

data-driven insights.

Moreover, geometric part data offers additional opportunities for analytics that go
beyond standard operational metrics—precisely the focus of this thesis. Storing 3D models in
central repositories, along with metadata about materials and scale, opens the door to
automated shape comparison, part similarity retrieval, and variant detection. As explored in the
following chapters, these capabilities allow engineers and managers to identify functionally or
geometrically related parts, leading to reduced design duplication, improved process planning,

and refined cost predictions.

Within an Industry 4.0 framework, this design-driven perspective positions CAD
environments as a principal source of geometric intelligence, and ERP systems as the operational
backbone. Bringing them together creates an integrated ecosystem—one in which both real-time

sensor data and rich geometric datasets fuel advanced analytics. By systematically merging design
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information with production and business data (ERP), contract manufacturers can leverage
geometric insights—such as those presented in this thesis—to enhance quoting accuracy,
optimize part reuse, and ultimately strengthen their responsiveness in a rapidly fluctuating

market.

2.5 The Al Revolution

Artificial Intelligence (Al) has revolutionized numerous industries by offering capabilities
that extend well beyond traditional statistical methods. From image recognition in healthcare to
natural language processing in customer service, Al-driven insights and automation are changing
how organizations operate. Within manufacturing, Al can analyze vast amounts of data—from
machine logs to enterprise resource planning (ERP) records—to optimize processes, predict

failures, and enhance product quality [6].

For contract manufacturers, Al appears to hold significant potential to transform core
activities like quoting, scheduling, and quality control. In quoting processes, machine learning
models could examine historical time studies, material costs, and geometric complexity to
generate estimates with potentially greater accuracy than traditional methods. On the shop floor,
Al-driven scheduling systems might dynamically allocate resources based on real-time data,
which could reduce bottlenecks and improve throughput if successfully implemented.
Furthermore, Al applications in defect detection and predictive maintenance represent promising
avenues forimprovement in areas that typically affect operational costs and delivery times. While
these applications have been explored in large manufacturing enterprises, they remain largely
untested and unevaluated in the context of small and medium-sized contract manufacturers,

suggesting an opportunity to address persistent operational challenges in this underserved sector.

However, effectively deploying Al in smaller manufacturing environments requires
grappling with several challenges: data quality is often poor or inconsistent, labeling processes
can be time-consuming, and many job shops lack the necessary infrastructure (both technological

and organizational) to embrace large-scale transformations. Nonetheless, ongoing advances in
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hardware and software—plus the rising availability of off-the-shelf Al solutions—are making it

more feasible for smaller enterprises to experiment with and adopt these innovations.

2.6 Deep Learning

Within the broad field of Al, deep learning has emerged as a particularly powerful
approach for tackling complex pattern-recognition tasks. Unlike classical machine learning
methods, deep learning models can learn hierarchical representations of data, making them

especially effective for high-dimensional inputs such as images, video, and 3D geometry.

Traditional convolutional neural networks (CNNs) have historically dominated computer
vision applications by using sliding filters to detect features at multiple scales. These architectures
process visual data through a series of convolutional layers that progressively extract higher-level
features—from simple edges in early layers to complex shapes in deeper layers. When applied to
3D data (e.g., voxelized part models), CNNs require 3D convolutions that dramatically increase

computational requirements but effectively capture volumetric patterns.

More recently, transformer-based architectures have revolutionized deep learning across
multiple domains. Originally developed for natural language processing, transformers use self-
attention mechanisms to weigh the importance of different input elements when constructing
representations. In the 3D domain, models such as Point Transformer and 3D-DETR adapt these
attention mechanisms to point clouds and voxel data, achieving state-of-the-art performance on

shape classification and part segmentation tasks [7] [8].

In the context of contract manufacturing—especially in the precision machining field—deep

learning holds promise in multiple domains:
1. Part Similarity

Models trained on historical part geometries can group components by similarity,
enabling more efficient quoting by automating the process of recognizing common

features to drive manufacturing standardization.
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2. Defect Detection

Advanced image-based models can identify surface defects or dimensional anomalies far

more consistently than manual inspections, which are prone to human error and fatigue.
3. Predictive Maintenance

Recurrent or graph-based architectures can learn from machine sensor data to predict

mechanical failures before they occur, minimizing downtime and associated costs.

Despite these advantages, applying deep learning in smaller shops comes with its own set of
challenges: labeled data can be scarce, model interpretability may be limited, and retraining or
updating models requires computational resources and expertise not always found in traditional
manufacturing environments. However, as the technology matures and cloud-based services
lower the barriers to entry, these hurdles are gradually becoming more manageable—particularly
for forward-thinking job shops like Company X that seek to remain competitive through digital

innovation.

Having established the background on the A&D industry, the specific context of Company X,
and the digital transformation trends that shape modern manufacturing, we will next move to a
detailed Literature Review. There, we will delve deeper into the existing body of research on data
analytics in manufacturing, multimodal representation learning, and the role of generative and

3D deep learning techniques that form the foundation for this thesis.
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Chapter 3

Literature Review

This chapter critically examines the evolving role of artificial intelligence and data-driven
strategies in the context of contract manufacturing. First, it explores how small and mid-sized
enterprises are embracing Al technologies for production optimization and discusses the unique
challenges of integrating disparate data sources such as ERP systems, CAD files, and industry-
specific standards. Next, it delves into current approaches to 3D deep learning, focusing on the
merits and limitations of voxel-based methods, point clouds, multi-view projections, and graph
representations—each holding particular value for different manufacturing tasks. Finally, the
review highlights the emergence of multimodal learning in manufacturing, underscoring how
researchers have begun unifying geometric, textual, and tabular data to create robust, end-to-
end Al applications. By surveying these three major themes, this chapter offers a comprehensive
view of existing research, setting the stage for subsequent chapters where the thesis proposes its

own Al-driven solutions.

3.1 Al in Manufacturing — Trends and Infrastructure Challenges

The manufacturing sector has increasingly embraced artificial intelligence (Al) as part of
the Industry 4.0 movement, leading to the rise of smart factories and smart manufacturing
systems [9]. These Al-driven factories integrate cyber-physical systems, Internet of Things (loT)
sensors, and data analytics to enable real-time, autonomous decision-making on the shop floor.
In practical terms, Al technologies are being applied to enhance production efficiency, quality
control, and flexibility. For example, computer vision systems powered by deep learning now
perform automated visual inspection for defect detection on assembly lines, significantly
improving quality assurance in automotive manufacturing [10]. Predictive models can anticipate
equipment failures for predictive maintenance, minimizing unplanned downtime and
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maintenance costs [11]. Likewise, Al optimization algorithms are used for process planning and
scheduling, dynamically adjusting production schedules in response to real-time conditions [12].
Across multiple case studies, manufacturers have reported substantial gains — from reduced
defect rates to improved throughput — by incorporating Al in these domains. Notably, predictive
maintenance and process optimization rank among the top Al use cases in manufacturing,
offering measurable ROI by extending machine life and optimizing resource use. These successes
have driven a trend where over half of manufacturers plan to integrate Al-based quality control
or maintenance solutions by the mid-2020s, underscoring the growing strategic importance of Al

for competitiveness [13].

While large corporations can more readily adopt comprehensive “smart factory”
solutions, small and medium-sized contract manufacturers often struggle with fragmented
technology stacks, legacy equipment, and limited IT resources. Multiple studies suggest that data
integration is one of the key roadblocks to Al deployment in manufacturing SMEs (small- to
medium-sized enterprises) [14] [15]. In these settings, disparate data formats—ranging from
enterprise resource planning (ERP) logs and scheduling records to design files—are rarely
harmonized in a central system. ERP data often resides in proprietary databases or on-premise
systems designed primarily for financial transactions and order management, while CAD/CAM
tools generate geometry-rich files (STEP, STL) whose metadata is not trivially parsed. The result is
a suite of disconnected “information islands,” making it cumbersome to train or deploy Al models

that require consistent, high-quality datasets.

Several authors address these challenges by proposing either data pipelines that extract
relevant parameters from CAD/CAM projects into a more standardized, machine-readable form,
or domain-specific data lakes that unify ERP, shop-floor sensors, and design documentation for
downstream analytics [16]. Even so, the data capture process can be complicated by older
machinery that cannot automatically log process data, pushing SMEs toward manual data-entry
or retrofitted sensor solutions. Moreover, aerospace and defense (A&D) manufacturers must
navigate additional layers of compliance—such as ITAR restrictions—which limit how (and where)

design files can be stored, complicating multi-tenant cloud-based analytics. Consequently,

29



bridging these infrastructure and data challenges remains essential for any meaningful Al-driven

transformation in contract manufacturing.

3.2 3D Deep Learning Methods for Manufacturing Tasks

Many manufacturing applications of Al involve 3D data, since products and components are
inherently three-dimensional. Whether it is recognizing a mechanical part, inspecting a 3D scan
of a manufactured item for defects, or retrieving similar designs from a database, the question
arises of how to represent and learn from 3D geometry in a form that neural networks can
process. In recent years, the field of 3D deep learning has produced a variety of approaches to
represent 3D shapes for input to machine learning models. The major representations include
voxel grids, point clouds, multi-view projections, and graph-based meshes. Each representation
has strengths and limitations, and researchers have evaluated their suitability for different
manufacturing-specific tasks such as part classification, metrology inspection, and defect

detection.

3.2.1 Point Clouds

A point cloud represents a shape as an unstructured set of sample points in R3, typically
the surface points of the object (Figure 4). Point clouds are a very natural output of 3D scanning
technologies (laser scanners, structured light scanners, LIDAR, etc.), so they often arise in
inspection and reverse-engineering tasks. However, point clouds lack any inherent connectivity
information — they are simply a cloud of points. Traditional grid convolutional neural networks
(CNNs) cannot be directly applied to point sets, but groundbreaking work by Qi et al. introduced
PointNet and PointNet++, which are neural network architectures specifically designed to
consume point clouds directly [17] [18]. These networks use symmetric functions (like pooling)
to achieve permutation invariance (so the order of points does not matter) and can capture local
geometric features (PointNet++ builds neighborhood hierarchies, akin to CNN filters on the point

set).
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Figure 4: lllustration of a manufacturing component CAD model with its corresponding point
cloud representation [19]

For manufacturing, point cloud-based deep learning has proven especially useful in
quality inspection and defect detection. For example, detecting geometric deformities in a
produced part can be done by scanning it into a point cloud and using a PointNet++ derived model
to identify out-of-spec regions [20]. A recent review by Liu et al. (2025) highlights that point cloud
deep learning methods have matured to meet many real-time industrial requirements, even for
large-scale point sets [21]. The strengths of point cloud representation include flexibility (points
can sample arbitrary geometry) and efficiency — one can adjust the density of points as needed,

focusing high density in areas of interest.

However, challenges remain: point clouds from real sensors can be noisy or incomplete
(with occlusions causing missing data), which requires the Al models to be robust to holes and
outliers. In manufacturing metrology, aligning a point cloud of a produced part to the original CAD
model for comparison is itself a non-trivial problem; once aligned, learning algorithms can flag
deviations. Another challenge is scaling to millions of points if a very dense scan is taken —
subsampling or hierarchical processing becomes necessary [22]. Despite these issues, point cloud
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learning is currently one of the most popular and successful 3D Al approaches in industrial

applications due to its alignment with how 3D data is actually captured on the factory floor

3.2.2 Voxel Grids

A straightforward way to feed a 3D shape to a neural network is to discretize the 3D
volume into a 3D grid of voxels (volume pixels). Each voxel is like a 3D pixel that can be marked as
filled (inside the object) or empty (outside the object), or even contain values like distances or
material properties. This regular grid structure allows the use of 3D CNNs much like 2D CNNs on
images. Early pioneering work like VoxNet demonstrated real-time object recognition using
voxelized representations [23]. In manufacturing, a voxel approach could be applied to tasks like
classifying objects by shape or comparing a scanned part to its CAD model by voxel-by-voxel
overlap. The advantage of voxels is their simplicity and compatibility with existing CNN

architectures.

However, the resolution vs. memory trade-off is a significant challenge — capturing fine
details requires a dense voxel grid (e.g. 2563 voxels or more), which leads to high memory and
computational costs [24] [25]. This makes naive voxel approaches less practical for large or
detailed CAD models. For instance, a small defect like a scratch or a 0.5 mm misalignment might
not alter many voxels in a coarse grid, potentially escaping detection. Researchers have developed
techniques like octree-based CNNs (which adaptively refine voxels where needed) to mitigate this
[26], but voxel methods still struggle with precision requirements in many manufacturing
contexts. Additionally, voxel models tend to be invariant to object surface semantics — they only
see occupied vs. empty space — which can be a drawback if distinguishing feature types (holes vs.
bosses, etc.) is important. Despite these issues, voxel CNNs have been successfully used in some
manufacturing studies (e.g., 3D convolutional models for detecting internal defects in castings via

volumetric scans). Overall, voxels offer a generic but brute-force approach to 3D learning.
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3.2.3 Multi-View 2D Projections

An alternative to directly processing 3D data is the multi-view approach, which leverages
proven 2D image-based deep learning. The idea is to render or capture a series of 2D images of
the 3D object from different viewpoints, then feed those images into a conventional CNN (or a
fusion network) to glean 3D understanding. This approach was exemplified by Su et al. in their
multi-view CNN for 3D shape recognition, which showed that aggregating features from multiple
2D views gave excellent performance on shape classification benchmarks [27]. For manufacturing
tasks, multi-view methods are intuitive whenever multiple cameras inspect a part from different
angles (common in automated optical inspection systems) [28] [29] [30]. For instance, an
electronic part on a conveyor might be simultaneously imaged from the top and sides; a multi-
view CNN can fuse these perspectives to decide if the part is correctly assembled. The multi-view
approach benefits from the rich pretrained models available for 2D vision — one can use
ImageNet-pretrained backbones for each view, for example —and from the fact that many defects
(scratches, dents, misalignments) are visible on surfaces that a camera can capture [31]. It also

tends to capture fine texture or appearance details better than raw 3D representations.

On the downside, multi-view methods can miss occluded or internal features (since the
set of views might not see every nook of a complex shape), and the data processing scales with
number of views per object (e.g., 12 images per part means 12 forward passes through a CNN
backbone, although some architectures merge views earlier to reduce cost). Another challenge is
the alignment of views — ensuring the network learns to register that, say, one view’s left side
corresponds to another view’s right side of the same object. Still, multi-view networks have
achieved state-of-the-art performance in shape retrieval tasks. In a manufacturing context,
Mazzetto et al. used multiple camera views to automatically classify objects in an automotive
assembly line, reporting high accuracy in identifying different part types on a fast-moving line
[10]. Multi-view approaches are especially appealing when image data is readily available or when
the model must integrate visual appearance cues (e.g., surface finish or color) with geometric

form. Figure 5 conceptually shows a part being viewed from multiple angles for CNN analysis. As
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computing power grows, multi-view and point-cloud approaches are also being combined (e.g.,

a network might use both 3D point data and 2D images to improve robustness).
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Figure 5: Multi-View 2D Projections of a manufacturing component [32]

3.2.4 Graph-Based and Mesh Representations

A more sophisticated class of 3D representation leverages the fact that CAD models often
come in the form of Boundary-Representation (B-Rep) models or meshes, which explicitly encode
the topology of faces, edges, and vertices of the object. In a B-Rep (common in solid CAD formats
like STEP or Parasolid), the model consists of surfaces (like planes or cylinders) with explicit
connectivity information (which edges bound a face, which faces meet at an edge, etc.). This
structure can be naturally represented as a graph: faces as nodes, shared edges or vertices as
connections. Similarly, a triangulated mesh can be seen as a graph of vertices connected by edges
in a certain pattern. Graph neural networks (GNNs) have emerged as a powerful tool to handle
such data. Recent work by Lambourne et al. introduced BRepNet, a message-passing neural
network tailored to B-Rep data structures, showing superior accuracy in segmenting CAD model
features compared to point-based or mesh-based methods [33]. The advantage of graph-based
representation for manufacturing is the preservation of exact geometry and semantic structure.
Unlike a point cloud or voxel grid, a B-Rep graph knows which surfaces are fillets, which edges are
part of a hole, etc., if properly labeled. This makes it ideal for tasks like identifying machining
features (pockets, holes, slots) on a part —an important problem in automated process planning.

Indeed, several studies have applied GNNs to classify or segment CAD features for CAM purposes
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[34] [35]. Graph representations are also compact —a complex engine block B-Rep might consist

of a few thousand faces, far fewer data points than a dense point cloud of the same part.

However, the challenges are significant: constructing and inputting graphs requires more
pre-processing (one must have the CAD model in B-Rep form, which may not be available if only
a mesh or scan is given). Also, training data with ground-truth annotations (e.g. which faces
correspond to which feature) is scarce, though efforts like the Fusion 360 Gallery dataset (with
35,000 CAD models) have started to alleviate this [36]. Graph neural nets can also be slower per
sample and trickier to implement due to non-uniform graph sizes. Nonetheless, for
manufacturing design automation, graph-based learning is very promising — for example, a graph
network could learn to predict if a design is manufacturable by analyzing the configuration of
features and flagging those violating design rules. Another related approach is to use mesh
convolutional networks (e.g., spiral or spectral CNNs on meshes), which treat the mesh like an
image defined on a manifold. These have seen use in 3D shape analysis but are slightly less
popular in manufacturing contexts than B-Rep graphs, since most engineering CAD is B-Rep rather
than raw mesh. In summary, graph-based 3D learning methods excel at tasks requiring
understanding of topology and precise geometry, while point and voxel methods excel at tasks
requiring geometry processing at scale (inspection, scanning) and multi-view excels when
appearance or easy integration with vision is needed. Researchers often choose the

representation that best matches the data available for the task at hand.

3.3 Multimodal Learning in Manufacturing

Modern manufacturing operations generate diverse data types across the product
lifecycle—from 3D CAD models and engineering specifications to bills of materials and sensor
readings. While traditional Al approaches have treated these data sources in isolation, recent
research has increasingly focused on multimodal learning techniques that can integrate and
reason across these heterogeneous information streams. This section examines the emerging

field of multimodal Al in manufacturing contexts, with particular emphasis on recent research
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developments that combine geometric data with textual and tabular information to create more

comprehensive manufacturing intelligence systems.

3.3.1 Cross-Modal Alignment of CAD Models and Text

One of the most active research areas in multimodal manufacturing applications involves
establishing meaningful connections between 3D shapes and natural language descriptions. By
learning joint embedding spaces for geometry and text, researchers have developed systems
capable of cross-modal tasks such as text-to-shape retrieval and shape captioning. Early
pioneering work by Chen et al. (2018) introduced the Text2Shape framework, which established
a joint embedding space for 3D models and textual descriptions by training on paired data from
the ShapeNet dataset [37]. This approach used voxel-based convolutional networks to encode 3D
geometry while processing text descriptions through recurrent neural networks, creating a shared

latent space where similar concepts aligned regardless of input modality.

Han et al. (2019) advanced this field with their View2Seg-to-Seq (Y2Seq2Seq)
architecture, which improved cross-modal alignment by processing sequences of rendered views
alongside word sequences from textual descriptions [38]. This approach demonstrated superior
retrieval performance by capturing view-dependent information that enhanced the system's

understanding of 3D geometry from multiple perspectives.

More recent work has pushed toward increasingly fine-grained understanding of the
relationship between geometry and language. Tang et al. (2023) developed Parts2Words, a
system that establishes detailed correspondences between specific geometric features and their
textual descriptions [39]. This granular approach enables matching individual phrases like
"cylindrical hole" to the corresponding regions in 3D models—particularly valuable in
manufacturing contexts where technical documentation frequently references specific features

using precise terminology.

Ruan et al. (2022) extended these principles further by introducing TriColo, a trimodal
contrastive learning approach that incorporates images alongside 3D models and text [40]. This

innovation creates a unified representation space spanning all three modalities, enabling more
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flexible queries and retrieval across visual, geometric, and textual information. Such capabilities
are particularly valuable in manufacturing environments where components may be documented

through a combination of 3D models, photographs, and written specifications.

While early multimodal research primarily demonstrated concepts using consumer product
datasets (furniture, household objects), recent work has increasingly focused on industrial
applications. The alignment techniques developed in academic research are gradually finding
application in practical manufacturing contexts—creating systems that can, for instance,
automatically associate O-ring grooves in a CAD model with relevant sections of a material

specification document discussing sealing elements [41].

Despite these advances, data availability remains a primary obstacle for industrial
applications—while academic datasets like ShapeNet provide paired geometry-text data for
consumer products, equivalent resources for industrial components are scarce. Manufacturing
companies rarely publish CAD models with corresponding textual descriptions due to intellectual

property concerns, limiting the training data available for industrial applications.

3.3.2 Multimodal Generative Design and Synthesis

Beyond information retrieval and association, multimodal techniques enable novel
approaches to generative design that integrate multiple input modalities to produce new designs.
Whereas traditional generative design tools like Autodesk's topology optimization primarily focus
on physics-based performance criteria, multimodal Al approaches can incorporate more diverse
inputs including textual requirements, functional specifications, and manufacturing constraints.
Wu et al. (2021) laid foundational work in this direction with DeepCAD, a transformer-based
architecture that generates parametric CAD construction sequences from various input
conditions [42]. Although DeepCAD did not directly incorporate textual inputs, it established the
paradigm of treating CAD creation as a sequential process that could be conditioned on external

parameters—opening the door for multimodal extensions.

A significant advancement in this field comes from Xu et al. (2025), who introduced CAD-

MLLM, a multimodal large language model capable of generating parametric CAD models from
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combined text, image, and point cloud inputs [43]. Trained on the novel OmniCAD dataset, this
system demonstrates remarkable capabilities for translating natural language descriptions into
3D designs. For example, a user can provide a text prompt describing a mechanical component

and receive a fully realized CAD model that aligns with the specified requirements.

While still emerging, these approaches hint at future design environments where
engineers interact with Al systems through natural conversation and sketches rather than through
traditional CAD interfaces. A designer might describe functional requirements in text while
providing partial geometric information through a sketch or scan, with the multimodal Al system

synthesizing a complete design that satisfies all constraints.

Another dimension of multimodal generative design involves performance prediction and
optimization. Regenwetter et al. (2022) comprehensively reviewed deep generative models for
engineering design, highlighting techniques that incorporate physics-based simulation results
alongside geometric information [44]. These approaches enable "performance-conditioned

generation," where the Al learns to not only create shapes but also predict their functional

characteristics, iteratively refining designs to meet specified performance targets.

In practice, such multimodal generative systems could dramatically accelerate the design
process for contract manufacturers by automatically proposing manufacturing-ready designs
based on textual requirements documents, material specifications, and performance criteria.
Rather than manually translating customer requirements into CAD models, engineers could focus
on refining and validating Al-generated designs—potentially reducing engineering lead times

while improving design quality.

The emergence of large language models (LLMs) has further accelerated this field. Recent
research has explored using LLMs to interpret technical standards and apply that knowledge to
CAD models—for instance, suggesting appropriate tolerances based on a standard's
requirements and a part's geometry. Work at MIT by Matusik et al. (2024) showcases the
emerging capabilities where LLMs function as multimodal assistants that can answer queries

about CAD models when provided with appropriate context [45].
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3.3.3 Fusion of Geometry with Tabular and Sensor Data

While geometry-text integration has received significant research attention, the
combination of geometric data with tabular information represents another crucial frontier for
manufacturing intelligence. Tabular data in manufacturing encompasses diverse sources
including bills of materials, manufacturing methods, cost structures, and time-series sensor

readings—all containing vital information that complements geometric understanding.

Researchers have explored using graph neural networks to establish connections between
CAD models and structured BOM data, enabling intelligent queries that span both domains. This
capability is particularly valuable for complex assemblies where engineers need to understand
the relationship between physical components and their documentation in product lifecycle
management (PLM) systems. While academic literature on geometry-tabular fusion remains less
developed than geometry-text integration, the application potential is substantial. Ghahramani
et al. (2020) demonstrated how combining simulation data, sensor readings, and machine
settings can create unified models for smart manufacturing process evaluation [46]. This work
exemplifies the growing trend toward digital twins that integrate geometric models with
operational data to create comprehensive virtual representations of physical manufacturing

systems.

The application to manufacturing cost estimation is particularly relevant to this thesis. By
learning relationships between geometric features, material specifications, and historical
production costs, multimodal models can potentially generate more accurate quotes than
traditional methods. For example, a system might learn that thin-walled features in certain
materials disproportionately increase machining time and tool wear, allowing for more precise

cost estimates based on both geometric and material considerations.

Wojciech Matusik's group at MIT has been particularly influential in advancing geometric
learning and its integration with other modalities. Their work on JoinABLe (presented at CVPR
2022) demonstrates how geometric reasoning can infer functional relationships between parts in

an assembly [47]. While primarily focused on geometry, this research illustrates how high-level

39



semantic concepts (such as joint types) can be extracted from raw geometric data—a critical step

toward bridging geometry with semantic descriptions.

Despite the promising advances in this field, evaluation methodologies present an
ongoing challenge, particularly for generative and conversational multimodal systems. While
retrieval tasks have clear accuracy metrics, evaluating the quality of generated designs or the
correctness of multimodal question-answering remains more subjective. Researchers are actively
working to develop standardized benchmarks that reflect realistic manufacturing scenarios for

meaningful progress assessment.

In summary, multimodal Al in manufacturing represents an exciting frontier where
geometry, language, and structured data converge. By leveraging the complementary information
in each modality, integrated Al models can provide a more holistic understanding than any single-
modality approach. The convergence of geometric understanding, natural language processing,
and structured data analysis promises to transform key manufacturing processes, including rapid
quoting systems, automated compliance verification, and intelligent design assistance that

bridges the gap between geometry, specification, and production.
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Chapter 4

Deep Learning in 3D and Beyond

Having established a comprehensive literature review of Al applications in manufacturing,
we now transition from theoretical foundations to practical implementation. The previous
chapter explored various approaches to leveraging 3D geometric data and the emerging potential
of multimodal learning techniques in manufacturing contexts. Building on this foundation,
Chapter 4 delves into the technical architecture and implementation details behind training these
deep learning models for part similarity detection, a powerful tool for contract manufacturers to

improve their quoting accuracy and CAD design lead times.

We begin with an examination of Variational Autoencoders (VAEs), which serve as the
fundamental building blocks of the part similarity tool at the center of this thesis. The VAE
architecture provides a powerful framework for encoding complex 3D geometries into compact,
searchable latent representations while capturing key shape characteristics. This section explores
the mathematical foundations, training considerations, and practical applications of VAEs

specifically optimized for manufacturing data.

The chapter then progresses beyond purely geometric approaches to investigate technical
implementations of multimodal models that integrate additional manufacturing-relevant
attributes. By incorporating material properties and dimensional scale alongside geometric
features, these enhanced models address a fundamental limitation of geometry-only approaches:
the fact that manufacturing similarity depends on more than shape alone. We explore various
fusion strategies, from simple feature concatenation to sophisticated embedding architectures,

evaluating their relative merits for contract manufacturing applications.
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4.1 Variational Autoencoders for 3D Geometric Data

4.1.1 Fundamentals of Autoencoders

Autoencoders represent a foundational class of neural networks designed for
unsupervised learning of efficient data encodings [48]. Unlike supervised approaches that require
labeled data, autoencoders learn directly from the data itself, making them particularly valuable

for manufacturing applications where labeled datasets are often scarce or expensive to produce.

At its core, an autoencoder consists of two primary components: an encoder network and
a decoder network. The encoder transforms an input x (such as a 3D model) into a compressed
latent vector z, while the decoder attempts to reconstruct the original input from this compressed
representation, producing an output X that ideally matches the input as closely as possible (Figure

6).

Reconstructed
INPUtR«-----------------oooooooo- Ideally they are identical. ------------------ > input
x ~ x'
Bottleneck!
Encoder Decoder
X EEEEENNN WS 7,)(/
94 fo

An compressed low dimensional
representation of the input.

Figure 6: Autoencoder Architecture

This architecture is trained end-to-end by minimizing a reconstruction loss function
Lyecon(x,X) that quantifies the difference between the original input and its reconstruction.

Common loss functions include:
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e Mean Squared Error (MSE): L5z (x,X) = % m . (x; — X))?, which penalizes the squared
difference between each element of the input and reconstruction.
e Binary Cross-Entropy: Lz (x, %) = Yiv[x; log(X;) + (1 — x;) log(1 — X;)], often used

when input values are normalized between 0 and 1.

The latent representation z typically has significantly lower dimensionality than the original
input, forcing the network to learn an efficient encoding that captures the most important
features while discarding redundant or noise-related information. This dimensionality reduction
property makes autoencoders valuable for compressing high-dimensional data like 3D models

into compact representations that can be efficiently stored, compared, or manipulated.

For 2D image data, convolutional autoencoders have become the standard architecture, using
convolutional layers in both the encoder and decoder to exploit spatial relationships in the data.
The encoder typically consists of multiple convolutional layers with increasing filter counts and
decreasing spatial dimensions (often through strided convolutions or pooling operations),
gradually compressing the input into a dense latent vector. The decoder mirrors this structure in
reverse, using transposed convolutions (sometimes called deconvolutions) to progressively

upsample the latent vector back to the original input dimensions.
When extending autoencoders to 3D geometric data, several adaptations are necessary:

1. 3D Convolutional Layers: Rather than operating on 2D grids of pixels, these layers process
3D volumes of voxels, dramatically increasing computational requirements. Each 3D
convolutional filter must move along three spatial dimensions instead of two.

2. Memory Management: A modest-resolution 3D model represented as voxels (e.g.,
128 x 128 x 128) already contains over 2 million elements, and the intermediate
feature maps in deep networks can quickly exhaust available GPU memory. Careful

architecture design with appropriate striding and pooling becomes essential.

These limitations prompted the development of Variational Autoencoders (VAEs), which
introduce probabilistic constraints on the latent space to create more structured representations

suited for generative modeling and smoother interpolation between encoded data points.
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4.1.2 From Autoencoders to Variational Autoencoders (VAEs)

Unlike traditional autoencoders that map each input to a fixed point in latent space, VAEs
encode inputs as probability distributions [49]. Specifically, the encoder in a VAE outputs
parameters of a probability distribution—typically a multivariate Gaussian—rather than a direct
latent representation. For an input x, the encoder produces two vectors: a mean vector p(x) and
a log-variance vector log 6(x). These parameters define a probability distribution in latent

space from which the actual latent representation z is sampled (Figure 7).
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Figure 7: Variational Autoencoder Architecture

To enable backpropagation through this sampling process, VAEs employ a

reparameterization trick:

z=ux) + o(x) © €

where € ~ N(0,1) is a random vector sampled from a standard normal distribution, and ®©
epresents element-wise multiplication. This transformation allows the network to backpropagate
gradients through the sampling operation, as the randomness is isolated in the independent

variable €.

The reparameterization trick is a crucial innovation that enables VAEs to be trained
effectively. To understand its importance, consider what the latent vector z actually represents:
in a VAE, z is a specific sample drawn from the probability distribution N'( u(x), 6%(x)) that the
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encoder predicts for input x. Rather than encoding an input to a fixed point, the VAE encodes it

to a cloud of likely points centered around p(x) with spread determined by o(x).

The standard approach for sampling from this distribution would be to directly sample
z ~ N(u(x),0%(x)). However, this sampling operation is non-differentiable—we cannot
compute gradients through a random sampling process—which would prevent backpropagation

during training.

The reparameterization trick solves this problem by reformulating the sampling process.

Instead of directly sampling from the predicted distribution, we:

1. Sample a random noise vector € from a standard normal distribution V'(0, I)
2. Transform this sample using the predicted mean and standard deviation: z = p(x) +

o(x)©® €

Mathematically, this produces a sample from the same distribution NV ( u(x), 62(x)), but the
sampling randomness is now isolated in €, which is independent of the network parameters. This

allows gradients to flow through p(x) and o(x) during backpropogation.
The latent vector z serves multiple critical functions in a VAE:

1. Representation of Part Characteristics: Each dimension in z implicitly encodes some
feature of the 3D part—possibly geometric attributes like overall proportions, presence of
specific features (holes, pockets), or curvature characteristics. The VAE learns these

features automatically during training.

2. Specific Instance of Part Encoding: Since z is sampled from a distribution, it represents
one specific instance of how the part could be encoded. If we repeatedly encode the same

part, we'll get slightly different z vectors each time, all clustered around u(x).

3. Input to the Decoder: The decoder takes z as input and attempts to reconstruct the
original part. The quality of this reconstruction depends on how well z captures the

essential features of the part.
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4. Generative Applications: The probabilistic nature of the latent space enables generative
capabilities. We can sample random points from the latent space or interpolate between

existing encodings to generate novel designs with a smooth transition of features.

The VAE's objective function contains two components:

Lyag = ]qu)(le) [logpe(x|2z)] — BDKL(qq)(Z | X) |V (0, 1))
Where:

* (4(z|x) represents the encoder network (with parameters ¢) that produces the
approximate posterior distribution of latent vectors given the input

e pg(x|z) denotes the decoder network (with parameters 0) that generates
reconstructions given latent vectors

e Dy is the Kullback-Leibler divergence, measuring the difference between the encoded
distribution and a standard normal distribution

e [ is a hyperparameter controlling the balance between reconstruction quality and latent

space regularization

The first term is the reconstruction loss, similar to standard autoencoders, encouraging the model
to accurately reconstruct the input. The second term is the KL divergence, which acts as a
regularizer by pushing the encoded distributions toward a standard normal distribution. This
regularization creates a structured, continuous latent space with useful properties for generative

applications and smooth interpolations.

When working with 3D geometric data represented as voxel grids or point clouds, VAEs face
significant computational challenges due to the high dimensionality of the data. A typical 3D
convolutional VAE processing voxelized parts must handle orders of magnitude more parameters

than its 2D counterpart. Successful implementations require careful consideration of:

1. Voxel Resolution: The choice of resolution (e.g., 128 X 128 X 128 voxels) directly
impacts the model's ability to capture geometric details. Higher resolutions preserve fine

features but increase memory requirements exponentially.
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2. Network Architecture: The depth and stride configuration of 3D convolutional layers
determine both model capacity and computational efficiency. Aggressive downsampling
through strided convolutions can reduce memory usage but may sacrifice geometric

details important for manufacturing applications.

3. Latent Dimension: The dimensionality of the latent space (typically ranging from 64 to
256) represents a balance between compression rate and information preservation. Too
small a dimension may fail to capture important geometric variations, while too large a

dimension may lead to less structured latent spaces and higher computational costs.

The probabilistic framework of VAEs provides several advantages over standard autoencoders for

3D applications:

1. Regularized Representations: The KL divergence term encourages latent vectors to
distribute more evenly, preventing the "dead zones" that can occur in standard

autoencoder latent spaces.

2. Controlled Sampling: The latent space becomes a well-structured probability distribution,
allowing for principled sampling of new shapes that smoothly interpolate between

existing ones.

3. Uncertainty Quantification: The stochastic encoding process implicitly captures
uncertainty about the representation, which can be valuable in engineering contexts

where confidence in predictions matters.

For 3D manufacturing data, VAEs create a foundation for working with complex geometric
information in a computationally tractable manner. The structured latent space enables
numerous downstream applications, from retrieval tasks to generative design, all while

accommodating the inherent variability and complexity of real-world manufacturing parts.

4.1.3 Latent Space Indexing for Similar Part Retrieval

Once a Variational Autoencoder has been trained to encode 3D part geometries into a

lower-dimensional latent space, the resulting embeddings can be leveraged to create a powerful
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similarity search system. This section explores the technical implementation of latent space
indexing for part retrieval—a core component of a part similarity tool that enhances quoting

accuracy and reduces engineering lead times.

After training, each part in the manufacturing database can be encoded into a latent
vector z; € RY, where d typically ranges from 64 to 256 dimensions. This process involves passing
each part's 3D representation (voxel grid, point cloud, or mesh) through the encoder network to
obtain the distribution parameters pu(x) and o(x). While the VAE's stochastic nature means that
multiple encodings of the same part will yield slightly different latent vectors through the
sampling process z; = u(x) + o(x) O ¢, for indexing purposes we typically use the mean vector

u(x) directly to ensure consistency.

4.1.4 Relevance for the Manufacturing Context

From a design standpoint, latent vector indexing helps in the reuse of existing engineering
work. When a newly proposed component strongly resembles a part already in the catalog, the
user can retrieve proven CAD Files for previously manufactured parts, furthermore, standardizing

manufacturing processes through a part family commonization.

Beyond part family grouping quoting stands to gain significantly from similarity-based
retrieval. Instead of relying on ad hoc or purely experience-driven estimates, a system can
automatically retrieve historical parts with similar geometry and glean real-world data on actual
production performance. This retrieval process incorporates both successful and unsuccessful
quotes—a critical distinction that enhances predictive power. Data from successful quotes
provides proven cost baselines and production parameters, while unsuccessful quotes (those that
didn't win business) offer valuable insights into competitive positioning and potentially
overestimated costs. By analyzing why similar parts were quoted successfully or unsuccessfully,
estimators can calibrate their approach to the current market conditions. This historical baseline
provides a more informed quote, especially in job-shop or contract-manufacturing contexts
where the next RFQ might involve radically different geometric demands. By incorporating not

only geometry but also scale and material tags into the latent representation—or as side-channel

48



metadata—the quoting system can approximate how minor dimensional changes or different

material compositions could shift the cost and lead time.

Quality control and traceability are also enhanced via part family identification. If a defect
emerges in a batch of manufactured components, engineers can query the latent database for
part families, possibly uncovering a systemic machining parameter or tool choice that triggers the
same flaw. This approach can be invaluable in regulated industries—such as aerospace or

medical—where process traceability and corrective action must be rigorously documented.

In sum, the introduction of a latent-vector-driven similarity retrieval system brings
multiple manufacturing workflows into closer alignment. By tying design, production, quoting,
and quality feedback loops together, a robust VAE indexing structure effectively transforms
previously unstructured geometric data into a knowledge repository of shape relationships and
best practices. This synergy is especially impactful in high-mix, low-volume operations, as it
mitigates the overhead of starting from first principles for each new job. This provides a scalable
foundation for data-driven decision-making that can reduce lead times, enhance consistency, and

ultimately confer a competitive edge in the contract-manufacturing marketplace.

4.2 Improving Predictive Power with Multimodal Approaches

While geometric similarity alone can accelerate part reuse and streamline quoting
processes, practical manufacturing considerations often hinge on more than just shape. In
aerospace and defense contexts, two parts may share nearly identical geometry but differ in their
material composition or overall scale—factors that dramatically affect machining time, tool
choice, and production cost. Recognizing this gap, the present work extends the original VAE-
based latent space for geometry by integrating additional data modalities, most notably material

and scale, to improve predictive power in real-world manufacturing scenarios.

4.2.1 Motivations for Multimodal Integration

Manufacturing engineers routinely emphasize how material and dimensional scale can

overshadow geometric similarity when evaluating production feasibility. Exotic metals such as
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titanium or Inconel require specialized tooling and higher machine rigidity, even for relatively
simple geometries, while a large-scale aluminum part might demand completely different
manufacturing strategies. Merging these attributes—geometry, material, and scale—into a
unified representation ensures that any similarity measure more accurately reflects actual

production requirements.

4.2.2 Data Modalities and Preprocessing

To create a multimodal part similarity system, we must first establish appropriate
representations for each data modality. This section summarizes how geometric, scale, and
material information is processed to create compatible numerical vectors that can be integrated
into a unified similarity measure. Each modality presents unique preprocessing challenges that

must be addressed to ensure meaningful comparisons across diverse manufacturing parts.

1. Geometry (Existing VAE Latent Space): The foundation remains the Variational
Autoencoder trained on voxelized 3D parts. Each part’s geometry is encoded as a latent
vector z, € RY. Prior sections outlined how the VAE learns to compress shape
information, making these vectors effective for shape-based retrieval. To draw a
distinction between the latent space vector representing a part’s geometry and that of its

scale and material, the notation z,, is used where the subscript "g" refers to geometry.

g

2. Scale: Many parts differ primarily in their bounding box dimensions along x,y,z. The
bounding box represents the smallest rectangular prism that fully contains the part,
providing a simple measure of overall part size. These dimensions can span multiple
orders of magnitude in a typical manufacturing database, so a common approach is to
normalize or log-transform the raw dimensional values (e.g., log (x + 1)) to reduce skew
and ensure that larger parts don't disproportionately influence similarity calculations. The
resulting processed scale vector zg typically has three dimensions corresponding to
length, width, and height, though some applications might augment this with derived
values such as aspect ratios or volume.

3. Material: Material identity often appears in textual or categorical form, e.g., “AlSI 4140

Steel” or “Grade 5 Titanium.” One approach is one-hot encoding, generating a binary
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vector with length equal to the number of known materials. Alternatively, if the material
field is free-text or highly diverse, NLP-based embeddings (e.g., TF—IDF or a lightweight
language model) may better capture nuances. The resulting vector z,, thus encodes

material information in a numeric format suitable for similarity computations.

4.2.3 Strategies for Multimodal Fusion

After preprocessing each data modality into compatible vector representations, the next

challenge is determining how to effectively combine these disparate information sources into a

unified similarity measure. Several integration approaches exist, each with distinct advantages

and trade-offs in terms of implementation complexity, interpretability, and predictive

performance. The following methods represent a spectrum of techniques for multimodal fusion,

ranging from straightforward concatenation to sophisticated joint embedding architectures

designed specifically for manufacturing applications.

a)

b)

Simple Feature Concatenation: A straightforward approach appends material and scale

encodings directly to the geometric latent vector. The final vector might look like
z2=[2z Il Zyp Il Zs],

where “||” indicates concatenation. The system can then compute cosine similarity or
Euclidean distance on z. A weighting scheme helps balance the different modalities; one
might rescale or multiply each sub-vector by a coefficient o, oy, 05 to modulate their relative
importance. This method is simple to implement and interpret, although care must be taken

so that large or high-dimensional sub-vectors do not drown out the others.

Multimodal Autoencoder: More advanced architectures revise the original VAE to jointly
encode geometry, material, and scale within a single latent space. Here, the VAE encoder
ingests both 3D voxel data and structured attributes. The decoder may attempt to reconstruct
the part’s geometry and optionally predict or re-generate the associated scale and material
labels. By training a single network end-to-end, correlations among geometry, size, and

material can be captured more holistically. However, integrating these diverse data types
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often demands careful hyperparameter tuning, a well-designed loss function that balances
reconstruction across modalities, and larger training sets to ensure generalizability.

c) Metric Learning (Siamese Networks): Another alternative uses labeled pairs or triplets of
parts—labeled “similar” or “dissimilar”—to train a Siamese or triplet-loss network [50]. This
architecture ingests geometry, material, and scale data and directly learns an embedding
space in which distance corresponds to actual similarity judgments. If robust training labels
exist (e.g., curated by manufacturing experts who label which parts are “equivalent enough”
for particular processes), metric learning can yield strong performance. Still, this method
relies on obtaining or generating the necessary similarity labels, which can be time-intensive.

d) Hybrid or Ensemble Methods: A pragmatic approach might keep geometry separate from a
“scale + material” vector, compute separate similarity scores for each, and then combine them

(e.g., via a weighted sum). This yields a final similarity between parts A and B:
S(A,B) = ag simg(A, B) + ag simg(A, B) + ap, simp, (A, B),

where each sim, is chosen (e.g., cosine or inverse Euclidean). Ensemble methods can be
tuned with domain expertise or automatic validation, ensuring each modality’s impact

matches its real-world importance.

4.2.4 Handling Missing Data

In practice, material or scale data can be incomplete. Some shops may not have consistent
records for older parts, or they might omit bounding box metadata for certain assemblies. One
common remedy is imputation, wherein missing scale values are replaced by means or medians,
and missing materials default to a placeholder category. Alternatively, advanced model-based or
probabilistic approaches can be employed, though these often require consistent patterns of
missingness. An alternative “masking” strategy is to adjust weighting or skip certain modalities if

data for them is unavailable, ensuring partial data does not unduly skew the similarity measure.

52



4.2.5 Practical Implementation Steps

Implementing multimodal integration follows a logical pipeline that transforms raw part
data into meaningful similarity comparisons. The process combines preprocessing, feature
extraction, and modality fusion into a cohesive workflow that balances computational efficiency

with retrieval accuracy (Figure 9).

Raw Data Sources

( )
[ 3D Geometry ] [ Material Specification ] [ Dimensional Scale ]
\
l Feature Extraction l
4 )
VAE Laten Vector z, ] [ Material Encoding z, ] Scale Normalization z, ]
. J
l Modality Fusion l
r
Feature concatenation Joint Embedding Weighted Ensemble
L J
\ Similarity Computation 1

Sim(A,B) = Weighted Cosine or Euclidean Metric

Figure 8: Multimodal Integration Pipeline

The implementation process follows several key steps:

1. Feature Extraction: Each part's geometry latent vector z, is either precomputed (if
continuing to use a geometry-only VAE) or generated on the fly (if using a unified
multimodal VAE). Scale vectors zg are derived by extracting bounding box dimensions and
applying appropriate normalization. Material vectors z,,, are generated through one-hot

encoding or more sophisticated embeddings of the material specification.

2. Modality Fusion: The system then merges or fuses these features using one of the
approaches discussed in Section 4.2.3, optionally introducing user-configurable weights

to balance the influence of each modality.
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3. Similarity Calculation: For comparing parts, a weighted cosine similarity measure

provides an effective and computationally efficient approach:

(0g Zga + Oy Zma + 05 Zsp) - (Og Zgp + Oy Zmp + O ZsB)
” O(g Zg,A + O zm,A + U zs,A " " 0(g Zg,B + OUm Zm,B + U ZS,B ”'

Similarity(A, B) =
where zg, Z,,, Zs represent geometry, material, and scale embeddings respectively, and
g, O, & are modality weights. The dot product in the numerator measures the
alignment between the weighted combined vectors, while the denominator normalizes
by the product of their magnitudes (Euclidean norms), yielding a similarity score between

-1 and 1.

This weighted similarity measure can be adapted to accommodate domain-specific
priorities. These weights can be adjusted based on expert knowledge or systematically optimized

through validation against known similar part pairs.

The implementation balances theoretical rigor with practical utility. Rather than pursuing
complex fusion architectures that might offer marginal improvements at the cost of
interpretability, the system prioritizes a transparent approach where domain experts can
understand and adjust the influence of each modality. This transparency is particularly important
for manufacturing applications, where engineers and estimators must trust the system's

recommendations to incorporate them into critical business processes.

4.2.6 Evaluation and Weight Tuning

Assessing the impact of multimodal integration typically involves both quantitative and
gualitative measures. For the former, one may compute metrics such as Precision at K, Recall at
K, or Mean Average Precision (mAP) by comparing retrieved similar parts to a ground truth set.
Alternatively, if the organization systematically tracks “acceptable alternatives” in quoting or
production records, those labels can validate how well the integrated similarity measure aligns
with actual manufacturing outcomes. Qualitative evaluation, however, remains essential.
Manufacturing engineers can inspect top retrieval results to confirm whether the system’s

“similar” suggestions truly a part in the same family.
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Tuning the weight parameters oy, 0, &g likewise relies on some combination of heuristic

g)
knowledge and validation data. A partial grid or random search over weight triplets can quickly
converge on a region with acceptable performance. More advanced techniques, such as Bayesian
optimization or gradient-based methods, may be applied if the search space is high-dimensional

or if new modalities are added [51].

4.2.7 Balancing Complexity and Real-World Utility

A recurring concern is the trade-off between complexity and interpretability. Simple
concatenation plus weighting is relatively transparent: domain experts easily see how geometry,
material, and scale each factor into the final similarity. In contrast, a multimodal autoencoder or
Siamese network might achieve higher accuracy but can obscure the exact role each modality
plays. Moreover, extended architectures demand larger training datasets, and the overhead of

capturing or cleaning additional data cannot be neglected.

From a manufacturing operations perspective, the ultimate goal is to reduce lead time
and improve quoting accuracy, while ensuring that staff trust the system enough to adopt it. If a
complex method outperforms simpler approaches only marginally, the additional engineering
overhead may not be justified in certain contract manufacturing settings. Conversely, in highly
specialized environments (e.g., advanced aerospace shops dealing with exotic alloys), a more
sophisticated approach might deliver substantial cost savings by accurately capturing the

interplay of geometry, material, and scale.

4.3 Conclusion

In this chapter, we explored the limitations of pure geometry-based part retrieval methods
and established the need for multimodal approaches to improve predictive power in industrial
settings. Variational Autoencoders (VAEs), particularly those designed for 3D volumes, provide a
structured, low-dimensional latent space conducive to shape-based similarity searches. The
extension of these VAEs to multimodal embeddings—through augmentation, specialized loss

functions, and tailored training routines—enables the incorporation of material and scale data.
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Ultimately, these approaches support more accurate and contextually relevant part
matching, laying the groundwork for next-generation manufacturing intelligence systems.
However, they also introduce new challenges in terms of model complexity, interpretability, and
data management. The next chapter (Chapter 5) will examine how to validate such deep neural
models in practice, discussing issues such as data leakage, model interpretability, and real-world

metrics for success in an industrial setting.

In sum, multimodal integration enhances the utility of latent-space part embeddings by
reflecting the true constraints of manufacturing. Geometry alone, while powerful, overlooks
critical production drivers like scale and material type. By fusing these data sources—via simple
concatenation, specialized VAE designs, metric learning frameworks, or hybrid ensembles—
manufacturers gain a more faithful measure of part similarity. This leads to more robust part
retrieval, quoting, and scheduling decisions, ultimately boosting efficiency in complex, high-mix,

low-volume production environments.
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Chapter 5

Model Learning and Validation

This chapter details the methods and challenges involved in training and validating the
deep neural networks described earlier, focusing on how to ensure practical reliability in a
manufacturing setting. After discussing the general background and pitfalls of validating deep
learning in industrial contexts, we highlight several tools and procedures used to test the utility
of a part-similarity tool. We then present a case study comparing the performance of a model
trained solely on 3D geometry against a multimodal variant that integrates scale and material
data. Finally, we explore additional strategies for future validation, including reinforcement

learning with human feedback.

5.1 Background

Model validation in the domain of 3D part similarity must balance theoretical
correctness—ensuring that learned embeddings align with ground truth geometric
relationships—and practical utility, meaning that the tool genuinely aids in quoting and lead time
reduction. Unlike purely academic tasks where curated datasets and standardized benchmarks
dominate, manufacturers typically deal with heterogeneous, incomplete, and noisy production
data. Additionally, specialized domain constraints—for instance, the need to maintain traceability

in regulated industries—place extra emphasis on interpretability and verifiability.

With the Variational Autoencoder (VAE) at the center of the geometry-based approach,
validation requires assessing both reconstruction fidelity (how well the model captures shape
details) and latent consistency (whether similar shapes embed nearby in latent space). As we

integrate material and scale features (Chapter 4.3), validation further expands to assess whether
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the model appropriately reflects real-world manufacturing constraints—i.e., do parts that differ

in material or bounding dimensions show appropriately reduced similarity scores?

5.2 Challenges in Model Validation

Validating deep learning models for manufacturing applications presents unique
challenges that extend beyond those encountered in typical academic machine learning research.
In contract manufacturing environments, where data quality varies significantly and ground truth
can be subjective, traditional validation approaches must be adapted and extended. The following
sections outline the key challenges faced during the development and validation of the proposed
part similarity tool, and the strategies implemented to address each obstacle. These foundational
considerations informed the design of the comparative case study, which quantitatively evaluates

the performance differential between geometry-only and multimodal approaches.

5.2.1 Data Quality and Completeness

One of the earliest challenges arises from missing or inconsistent data in manufacturing

environments. Several specific issues may be encountered during model development:

¢ Inconsistent Material Documentation: Approximately 50% of historical parts lack precise
material specifications, with entries ranging from detailed alloy designations (Ex: "6061-
T6 Aluminum") to vague descriptions ("Aluminum Alloy") or completely missing values.
This variation complicats the creation of standardized material embeddings.

e Dimensional Inconsistencies: Bounding box dimensions are often recorded in different
units (inches vs. millimeters) or coordinate systems, requiring extensive preprocessing to
normalize. In some cases, parts could have been modeled at non-unity scale factors,
further complicating dimensional analysis.

e Revision Control Challenges: In an SME manufacturing context, many parts exist in
multiple versions with minor geometric modifications, creating ambiguity about which

version should be considered the "reference" for similarity calculations.
y
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e Temporal Data Gaps: Production data (cycle times, setup hours) can also be more
consistently available for recent parts (post-2021 for Company X) but spotty for older
components, creating potential biases in validation metrics that relied on historical

manufacturing outcomes.

To address these issues, a multi-faceted data preparation pipeline was implemented at
Company X. This included rigorous cleaning protocols for detecting and correcting common unit
inconsistencies, with anomalous values flagged for human review. For missing material data, a
hierarchical imputation strategy was employed that first attempted to infer material from part
naming conventions, then from part family associations, and finally from geometric

characteristics that correlate with certain materials.

Before splitting training and testing sets, part revisions were identified and grouped to ensure
that all versions of a part remained in the same split, preventing data leakage. These strategies
improved data quality substantially, but incomplete information remained an inherent limitation

of real-world manufacturing datasets that any practical model must accommodate.

5.2.2 Overfitting and Data Leakage

Deep neural networks processing complex 3D geometric data are inherently susceptible
to overfitting and data leakage issues. These challenges are particularly acute in manufacturing
contexts due to the high-dimensional nature of 3D part representations and the limited size of
available training datasets. Overfitting occurs when models effectively memorize training
examples rather than learning generalizable features, while data leakage happens when
information from the test set implicitly influences model training, creating artificially inflated

performance metrics that fail to translate to real-world applications.

At Company X, these general challenges manifested in several specific ways during model
development. Initial VAE implementations with large latent spaces (200 dimensions) showed
signs of memorization, particularly for uncommon geometries. The models achieved a decent

reconstruction of training examples but performed worse on validation parts with similar but non-
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identical features. This discrepancy revealed that the models were learning to encode specific

parts rather than meaningful geometric characteristics that would generalize to novel designs.

Many components existed in multiple revisions with minor geometric modifications,
stored as separate files within the product data management system. When these revisions were
randomly distributed between training and testing sets during early experiments, the model
achieved misleadingly high performance by essentially recognizing minor variations of already-
seen parts rather than learning true similarity principles. This phenomenon can create an illusion

of accuracy that disappears when the model encounters genuinely new designs.

To address these issues, several technical countermeasures can be implemented. Both L2
regularization applied to network weights and KL-divergence constraints on the latent space can
effectively limit the model's capacity to memorize specific examples. Training can be augmented
with controlled geometric variations including rotations, minor scaling adjustments, and small

perturbations to vertex positions, encouraging robustness to variations.

Rather than simple random splits, manufacturing family-aware stratification can be
employed, ensuring that each fold contained representative samples from all major part
categories. For certain experiments, time-based validation can be used, training on older parts
and testing on newer designs, which better reflects the model's intended use in production. These

strategies can significantly reduce overfitting.

5.2.3 Domain Complexity and Lack of Standard Benchmarks

Unlike image recognition tasks with established benchmarks such as ImageNet, 3D
manufacturing data lacks widely accepted test sets and evaluation protocols. This absence of
standardization created significant validation challenges for the part similarity system. No publicly
available dataset exists that combines 3D manufacturing geometries with corresponding material
specifications, manufacturing process parameters, and production outcomes—the key elements

needed for comprehensive validation.

Company X's part library, while extensive, contains proprietary designs that cannot be

shared with the broader research community, limiting opportunities for external validation or
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comparison with other techniques. Standard metrics like nearest-neighbor accuracy or clustering
purity fail to capture manufacturing-specific requirements such as process compatibility or setup
similarity. Additionally, different stakeholders value different aspects of similarity; estimators
prioritize picing opportunities, while production is heavily focused on efficiency opportunities,

requiring a nuanced evaluation framework that can accommodate multiple perspectives.

To address these benchmark limitations, a multi-faceted validation framework should be
explored. This includes the creation of an expert-annotated test set where manufacturing
engineers identify groups of parts with similar production requirements, providing ground truth
for retrieval evaluation. A process validation matrix can be constructed mapping combinations of
materials, geometries, and scales to true manufacturing part families allowing automated
assessment of whether model-suggested similarities align with reality. Rather than relying solely
on absolute performance measures, the evaluation should emphasize comparative
improvements between baseline and enhanced models, which provides more meaningful
assessment given the lack of established benchmarks. Beyond standard machine learning metrics,
practical outcomes should be tracked, such as reduction in development time when engineers
used model-suggested similar parts as starting points. This framework can enable meaningful
validation despite the lack of standardized benchmarks, but highlights the need for community-

wide efforts to develop shared resources for manufacturing Al evaluation.

5.2.4 Interpretability and Trust

Perhaps the most significant challenge for practical adoption of deep learning in
manufacturing environments is the need for interpretability and trust. Engineers and managers
responsible for critical business decisions must understand why the model makes specific
similarity suggestions. The VAE's learned latent space, while mathematically powerful, lacks
inherent interpretability—it is not immediately clear what each dimension represents or how
dimensions interact to determine similarity. When combining geometry, material, and scale, the
relative influence of each factor on the final similarity score is not naturally transparent to end-
users. Similarity recommendations that contradict experienced manufacturers intuition, even if

theoretically justified, face significant adoption barriers without clear explanations. In regulated
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industries like aerospace, decisions must be traceable and auditable, requiring explanations for

why specific manufacturing approaches were selected.

To enhance interpretability and build user trust, several targeted approaches can be
implemented. SHAP (SHapley Additive exPlanations) techniques can be used provide visual
explanations of which factors most strongly influenced each similarity recommendation [52].
Each similarity suggestion is accompanied by a confidence score and specific indicators
highlighting potential concerns, such as similar geometry but different material class or significant

scale differences.

A user interface can be utilized to allow engineers to adjust the weights of different
modalities in real-time, observing how changes affect recommendations and developing intuition
about the model's behavior. Rather than deploying the complete system at once, capabilities
should be introduced gradually, starting with the most interpretable features and adding

complexity as user confidence grew.

These interpretability enhancements proved critical for practical adoption at Company X.
In conversation with engineers, they reported that understanding why parts were considered
similar was often as important as the accuracy of the recommendations themselves. The
transparent approach also facilitates iterative refinement, as users could provide more precise

feedback when they understood the reasoning behind recommendations.

The challenges outlined in this section shape both the technical approach and evaluation
methodology that can be implemented at a contract manufacturing firm like Company X. By
addressing data quality issues, preventing overfitting, developing appropriate validation
frameworks, and prioritizing interpretability, a foundation was established for meaningful
assessment of the multimodal part similarity system. The comparative case study in the following
section builds directly on these considerations, qualitatively evaluating how effectively the

enhancements address the limitations of geometry-only approaches.
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5.3 Comparative Case Study: Geometry-Only vs. Multimodal Approaches

To assess the impact of incorporating material and scale information alongside geometric
features, a comparative study was conducted at Company X. This evaluation analyzed how
different components of the similarity metric affected retrieval results through a systematic
ablation approach. Rather than creating separate training and test datasets, the study focused on
comparing the output of the same model with different combinations of modality weights
enabled or disabled, providing direct insight into each modality's contribution to manufacturing-

relevant similarity detection.

5.3.1 Ablation Study Design

The study employed a controlled ablation methodology to isolate the contribution of each
modality to the similarity measure. Using the multimodal similarity function developed in Chapter
4, the relative weights of geometric, material, and scale components were systematically

manipulated to create several experimental conditions: o, 0, 0

g

1. Geometry-Only: Setting a; = 1.0, a, = 0.0, a5 = 0.0, effectively using only the VAE's
geometric latent representation

2. Geometry+Material: Setting a; = 0.7, a, = 0.3, ag = 0.0

3. Geometry+Scale: Setting a; = 0.7, a,, = 0.0, ag = 0.3

4. Full Multimodal: Setting o, = 0.6, ay, = 0.2, a; = 0.2, engaging all modalities with a

geometry-dominant weighting

This approach allowed direct observation of how each modality affected similarity results when
incorporated into or removed from the similarity calculation, without requiring retraining of

separate models for each condition

5.3.2 Query Selection and Evaluation Process

The engineering team at Company X selected 30 representative query parts spanning

diverse manufacturing characteristics. The selection included simple components with standard
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features, complex assemblies with intricate geometric details, parts machined from both
standard and exotic materials, and components representing various scale extremes. Particular
attention was paid to including parts with unusual combinations of geometry and material that

might highlight the limitations of geometry-only approaches.

For each query part, the system generated similarity rankings under each ablation
condition, retrieving the top 10 most similar parts from Company X's historical database of over
14,000 components. These results were then evaluated through a structured qualitative

assessment process.

The evaluation team assessed each set of results based on manufacturing process
similarity, tooling compatibility, fixturing requirements, expected cost similarity, and overall
usefulness for engineering and quoting purposes. Rather than using formal numerical ratings, the
team engaged in detailed discussions about the practical implications of each result set,

documenting specific observations about manufacturing relevance and limitations.

5.3.3 Qualitative Findings

The ablation study revealed significant differences in the nature and quality of similarity
results across the different modality configurations. When using only geometric similarity, the
system frequently returned parts that appeared visually similar but would require fundamentally
different manufacturing approaches. Engineers at Company X particularly noted this limitation
when examining results for complex components made from specialized materials. In several
cases, the geometry-only configuration returned visually similar components that would be

machined using entirely different parameters due to material property differences.

For example, when querying with a complex aluminum part, the geometry-only
configuration returned visually similar components made from stainless steel and titanium. Despite
their geometric resemblance, these parts would have significantly different costs associated with
the manufacturing process. An experienced programmer commented that using the toolpath from
the stainless steel component as a starting point for the aluminum part would result in excessive

tool wear and potential quality issues, despite their geometric similarity.
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Adding material weighting dramatically improved manufacturing relevance. It was noted
that the Geometry+Material configuration consistently returned parts that could be machined with
similar tooling and process parameters. The impact was particularly evident with different grades
of steel, where material properties fundamentally dictate machining approach regardless of

geometric characteristics.

The Geometry+Scale configuration revealed how dimensional factors influenced
manufacturing approach independently of shape. For large structural components, scale often
dictated process requirements and machine selection that transcended pure geometric similarity.
It was noted that certain large components required machinery that differed from that of smaller
parts. Similarly, very small precision components sometimes needed specialized approaches
regardless of their geometric similarity to larger parts. The scale weighting helped capture these

critical manufacturing considerations that would otherwise be missed by pure shape analysis.

The full multimodal configuration consistently received the strongest positive feedback
for manufacturing relevance and practical utility. It was noted that the combined weighting
created more balanced results that considered all factors affecting manufacturing similarity. The
evaluation team reported that these results most closely matched how they would manually

group parts for process planning or cost estimation purposes.

5.3.4 Implications for Practice

The ablation study conducted at Company X yielded several practical insights for
implementing part similarity tools in manufacturing environments. The study revealed that
different manufacturing roles benefited from different modality emphases. Estimators found
material and scale information particularly valuable for costing. One estimator noted that the
multimodal system allowed them to generate quotes that were more consistent with actual
production costs by identifying truly comparable historical parts rather than merely similar-

looking components.

The incorporation of scale information was especially valuable. Estimators noted that

scale directly impacts machine selection, cycle time, and material costs—factors that significantly
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affect price calculations. The ability to find similar parts at comparable scales allow for more
accurate cost extrapolation and reduce the variance in quoted prices. Meanwhile, CAD/CAM
programmers emphasized that scale often dictates process paramaters regardless of of geometric
similarity. By considering scale alongside geometry, the system can return results that required

similar machining approaches, further streamlining the manufacturing process.

Based on these findings, the deployed system should be designed with user-adjustable
modality weights, allowing manufacturing teams to emphasize different factors depending on
their specific goals. This flexibility is critical for adoption, as it allows each individulal to tailor the

similarity calculations to their specific manufacturing concerns.

The comparative case study clearly demonstrated the limitations of purely geometric
approaches to part similarity in manufacturing contexts. While geometry provides an essential
foundation, the incorporation of material and scale information substantially improves the
alignment between computational similarity measures and practical manufacturing
considerations. This finding validates the multimodal approach developed in Chapter 4 and
establishes it as a useful tool for manufacturing applications where cost estimation and efficient

manufacturing processes are primary concerns.

5.4 Reinforcement Learning with Human Feedback in Manufacturing

While the ablation study demonstrated the value of integrating multiple modalities for
part similarity assessment, a fixed weighting scheme cannot fully capture the nuanced decision-
making of experienced manufacturing professionals. The case study revealed that different
experts placed varying emphasis on different aspects of similarity based on their domain
knowledge and specific manufacturing constraints. To address this limitation and further refine
the similarity model, reinforcement learning with human feedback presents a promising
approach for continuous improvement. This section explores how human expertise can be
systematically incorporated into the similarity assessment system through feedback mechanisms

that allow the model to adapt over time to the specific priorities at Company X.
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5.4.1 Motivation for Human-in-the-Loop Systems

In many industrial Al deployments, purely data-driven models fail to fully capture the
expert heuristics of seasoned machinists or programmers. Reinforcement learning (RL) with
human feedback offers a hybrid approach: after the system proposes similar parts or cost
estimates, domain experts can provide signals indicating “good” or “bad” matches [53]. Over
time, the model tunes its similarity metric or cost predictions to align better with these real-world

judgments.

5.4.2 Mechanisms of Feedback and Reward

A straightforward mechanism for implementing RL is to treat each user decision (e.g.,
“Accept” or “Reject” a recommended part) as a reward signal. The system’s embedding or
similarity function updates accordingly, effectively learning which latent-space distinctions matter
most. More advanced setups might track partial matches, weighting certain attributes—like
hardness or machining history—more heavily if experts routinely prioritize these factors in their

acceptance or rejections.

5.4.3 Practical Considerations for Deployment

Reinforcement learning solutions in manufacturing must be carefully introduced so as not
to overburden staff. A user-friendly interface that captures minimal, low-friction feedback is
critical. Also, the data can be highly unbalanced if “Accept” signals are rare or if certain sets of
parts dominate daily operations. In these cases, online or semi-supervised RL algorithms must

maintain stability despite skewed reward distributions.

5.5 Future Validation Methods

One avenue for future work is the development of open, standardized part libraries that
reflect real manufacturing diversity. Such shared resources would enable more robust external
benchmarking and facilitate academic—industry collaboration. Given the complexity of both

geometry-based embeddings and multimodal expansions, interpretability remains a priority.
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Techniques like SHAP (SHapley Additive exPlanations) can apportion how geometry vs. scale vs.
material factors drive the similarity score. This helps build trust among engineers and provides a

basis for identifying erroneous model behaviors.

A pragmatic next step involves deploying the part-similarity tool in a real shop
environment, using A/B testing to compare production lines or quoting teams that have access to
the tool versus those that do not. Metrics such as quoting error, or average lead time can measure
the direct impact on business outcomes, lending further credibility to the model’s practical value.
Beyond the pilot-level demonstration, future systems could incorporate online reinforcement
learning and active feedback. Over time, the system would refine its similarity metrics, quote

estimates, and part reusability suggestions based on direct acceptance or rejection feedback.

In conclusion, this chapter underscored the multiple facets of deep learning model
validation in a real-world manufacturing context. It illustrated how a naive geometry-only
approach, though capable of capturing 3D shapes, can fall short when material and scale are
pivotal. Incorporating these additional modalities significantly improves the retrieval’s
practicality, as shown by the simple but revealing case study. By further refining the validation
pipeline—through advanced benchmarking, user feedback, and interpretability mechanisms—
this system can continue to evolve and make substantial contributions to data-driven

manufacturing.
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Chapter 6

Applications and Conclusion

This final chapter explores broader opportunities for multimodal Al in manufacturing and
concludes the thesis by reflecting on the challenges, limitations, and key insights that emerged
from our research. By examining the concept of Large Manufacturing Models (LMMs)—unified
systems that learn from data across an entire production lifecycle—this chapter underscores both

the exciting possibilities and the pragmatic barriers that remain.

6.1 Large Manufacturing Models and Applications

The notion of a Large Manufacturing Model (LMM) builds on the idea of consolidating
multiple data modalities—geometric shapes, material characteristics, machine-sensor logs,
scheduling records, and even textual design annotations—into a single analytical framework.
Inspired by large-scale neural networks used in other domains, an LMM in manufacturing would
capture comprehensive process knowledge, improving tasks like quoting and manufacturing
process development. For instance, engineers could upload a new 3D design, and an LMM would
not only identify geometrically similar parts but also factor in cost data, manufacturing contraints,

and process capabilities. This reduces rework while fostering greater process standardization.

Real-world applications of such models might include automated reallocation of jobs
across machines based on real-time utilization metrics. In the long term, LMMs could serve as
“digital brains” for factories, orchestrating everything from vendor selection to adaptive process
corrections when sensor readings deviate. These scenarios highlight a future in which advanced

analytics and Al become integral to everyday manufacturing decisions.
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6.2 Challenges, Limitations, and Key Takeaways

Implementing large-scale multimodal systems faces significant obstacles. Data
fragmentation remains common: CAD/CAM files, ERP entries, and sensor logs are often
sequestered in different software silos, lacking standardized naming conventions or timestamps.
Beyond data availability, computational costs can be immense, especially when merging high-
resolution 3D geometries with streaming loT data and unstructured text. Researchers and
engineers must consider trade-offs between model depth, training time, and inference speed,

balancing accuracy with practical deployment requirements.

In addition, explainability and domain trust remain critical. A deep model that
recommends a particular toolpath or cost estimate must provide sufficient rationale for
machinists, production managers, and quality engineers to adopt it in daily practice. Human
expertise, honed over years, offers nuanced insight not always captured by even the most
comprehensive datasets. Effective deployments likely require user interfaces that let practitioners
see how geometry, material, or machine data jointly influence a recommendation, bridging any

gap between data-driven suggestions and shop-floor realities.

Nonetheless, the potential benefits are considerable. By unifying geometry with
operational features, like material cost trends, companies can develop more informed quotes,
better job scheduling, and improved traceability of production anomalies. As demonstrated in
the earlier chapters, integrating non-geometric features (scale and material) into a shared latent
space can immediately boost the practical relevance of part-similarity retrieval. Looking further
ahead, a fully realized LMM might track end-to-end life cycles of complex assemblies, identifying

common design bottlenecks or anticipating supply chain disruptions based on historical patterns.

6.3 Conclusion and Industry Implications

The work presented in this thesis underscores the transformative potential of multimodal
Al for manufacturing. We have shown that geometry-only methods, though valuable, fail to

capture essential real-world factors such as material choice and part scale. By broadening the
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latent representation to include these attributes, retrieval and cost-estimation systems become
more aligned with actual shop-floor constraints, making them far more useful to engineers and
planners. This multimodal vision naturally extends toward large, unified models that, when
properly integrated into existing infrastructures, could reshape the way companies design parts,

plan production, and respond to shifting operational demands.

In practical terms, any successful path forward will hinge on robust data engineering,
capable computing infrastructures, and organizational willingness to trust (and refine) Al-driven
insights. While many obstacles stand in the way—particularly around data silos, interpretability,
and domain knowledge capture—the steady convergence of digitalization, sensor technologies,
and advanced analytics is driving manufacturers closer to a future where intelligent systems
support nearly every stage of production. Embracing these developments can yield not only
efficiency gains but also foster higher innovation, providing a strategic edge in competitive

markets.

Thus, multimodal Al—culminating in the prospect of full-scale LMMs—offers a compelling
route to modernize manufacturing, uniting geometric, material, and operational data in a single
tapestry of learning. As this field evolves, the main challenge is to balance sophistication with
implementability, ensuring that even complex models provide actionable, transparent value in

daily industrial contexts.
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