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Professional Certificate in Artificial Intelligence for Welding Processes

Natural Language Processing in Welding Processes

Acoustic Emission (AE) – Concept: A non‑destructive testing method that captures transient elastic waves
generated by rapid energy releases in a material. Related terms: ultrasonic testing, vibration analysis, signal
processing. Explanation: In welding, AE sensors placed near the joint detect crack formation, porosity, or
lack of fusion as acoustic bursts. Example: During a robotic GMAW (gas metal arc welding) pass, an AE
sensor records a spike when a micro‑crack initiates, prompting the controller to pause and re‑heat the area.
Practical application: AE data streams are fed into an NLP pipeline that transcribes sensor logs into
structured text, enabling automatic indexing and retrieval of defect events. Challenges: AE signals are noisy,
require robust preprocessing, and the textual descriptions must capture nuanced temporal information
without ambiguity.

Annotation – Concept: The process of adding metadata, labels, or comments to raw data to create a
training corpus. Related terms: labeling, ground truth, annotation schema. Explanation: For welding process
NLP, annotators tag sentences such as “increase wire feed speed” with intent categories (e.G., parameter
adjustment) and entity types (e.G., wire feed speed). Example: A technical manual sentence “Set the torch
angle to 70°” receives two annotations – an action intent “set_angle” and a numeric value “70°”. Practical
application: Annotated corpora support supervised learning for intent classification and slot‑filling models
that drive adaptive welding controllers. Challenges: Achieving inter‑annotator agreement is difficult because
welding terminology can be highly domain‑specific and context‑dependent.

Architecture (NLP) – Concept: The overall design of a natural language processing system, including layers,
modules, and data flow. Related terms: encoder‑decoder, transformer, pipeline. Explanation: An architecture
for welding process assistance might combine a speech‑to‑text front end, a domain‑specific transformer for
intent detection, and a rule‑based generator for corrective commands. Example: A voice‑controlled welding
robot uses a wav2vec 2.0 Encoder, passes the transcript to a BERT‑based model fine‑tuned on welding
manuals, and outputs a JSON command to the PLC (programmable logic controller). Practical application:
Modular architecture enables swapping components (e.G., Replacing the ASR engine) without redesigning
the entire system. Challenges: Balancing real‑time latency with model size, and integrating safety‑critical
control loops that cannot tolerate misinterpretations.

Automatic Speech Recognition (ASR) – Concept: Technology that converts spoken language into written
text. Related terms: voice command, speech‑to‑text, acoustic model. Explanation: In the welding shop floor,
operators issue verbal directives such as “increase amperage by ten percent”. The ASR engine transcribes
the utterance, which is then parsed by downstream NLP components. Example: A handheld microphone
connected to a welding robot captures “activate pulse‑mode welding”, and the ASR system outputs the
exact phrase with a confidence score of 0.94. Practical application: Hands‑free control improves safety by
reducing the need for manual button presses near hot work. Challenges: High‑noise environments, metal
clanging, and overlapping speech degrade ASR accuracy; domain‑specific vocabularies (e.G., “MIG”, “TIG”)
often require custom lexicons.
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Beam Welding – Concept: A family of welding processes that use a focused beam of electromagnetic
energy (laser or electron) to join materials. Related terms: laser welding, electron beam welding, heat
source. Explanation: Beam welding generates precise, deep penetration welds with minimal heat‑affected
zone. NLP can be used to parse procedural documents that specify beam parameters like power, speed, and
focus offset. Example: The instruction “Set laser power to 3 kW and travel speed to 120 mm/s” is extracted,
and a control system automatically configures the laser head. Practical application: Automated generation
of CNC (computer‑numerical‑control) code from natural language reduces programming errors. Challenges:
Translating ambiguous textual descriptions (e.G., “Moderate speed”) into exact numeric values requires
contextual inference and possibly a lookup table.

Bidirectional Encoder Representations from Transformers (BERT) – Concept: A pre‑trained language model
that captures context from both left and right of a token. Related terms: pre‑training, fine‑tuning, masked
language modeling. Explanation: BERT can be fine‑tuned on a welding corpus to understand technical
jargon, such as “argon shielding” or “interpass temperature”. Example: After fine‑tuning, BERT correctly
classifies the sentence “Reduce interpass temperature to 250 °C” as a temperature control intent with high
precision. Practical application: Improves the accuracy of question‑answering systems that assist welders in
troubleshooting. Challenges: Large memory footprint may hinder deployment on edge devices;
domain‑specific vocabulary may require additional token embeddings.

Corpus – Concept: A structured collection of texts used for linguistic analysis or model training. Related
terms: dataset, text repository, domain corpus. Explanation: A welding NLP corpus may include technical
manuals, safety datasheets, operator logs, and maintenance records. Example: A 200 MB corpus containing
15 000 sentences from the American Welding Society’s standards is used to train a named‑entity recognizer
for welding parameters. Practical application: Enables statistical analysis of term frequencies, co‑occurrence
patterns, and phraseology unique to welding. Challenges: Gathering proprietary documents while
respecting confidentiality, and ensuring the corpus is balanced across different welding processes (MIG, TIG,
SMAW, etc.).

Domain Adaptation – Concept: Techniques that transfer a model trained on a source domain to perform
well on a target domain with different characteristics. Related terms: transfer learning, fine‑tuning, domain
shift. Explanation: A language model pre‑trained on general engineering texts may not capture
welding‑specific semantics; domain adaptation bridges this gap. Example: Using a small annotated welding
dataset, the model’s last few layers are re‑trained, resulting in a 12 % boost in intent classification accuracy
for “torch positioning”. Practical application: Reduces the amount of labeled welding data required for
high‑performance NLP. Challenges: Over‑fitting to limited target data, and detecting when a new document
belongs to a previously unseen sub‑domain (e.G., Additive manufacturing welding).

Entity Recognition (NER) – Concept: The task of identifying and classifying named entities (e.G., Quantities,
equipment) in text. Related terms: slot filling, information extraction, type tagging. Explanation: In welding
documentation, NER extracts entities such as amperage, wire feed speed, and shielding gas composition.
Example: From the sentence “Use 98 % argon with 2 % CO₂ at a flow rate of 15 L/min”, the NER system tags
“argon” as shielding_gas, “2 %” as gas_ratio, and “15 L/min” as flow_rate. Practical application: Populates
parameter databases automatically, enabling rapid generation of welding procedure specifications (WPS).
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Challenges: Ambiguity in units (e.G., “Mm” vs “in”), and handling compound entities like “dual‑shielded
flux‑cored wire”.

Feedback Loop (NLP‑Control) – Concept: A closed‑system where NLP outputs influence the welding
process, and sensor data feeds back to refine language models. Related terms: reinforcement learning,
online learning, adaptive control. Explanation: When a weld robot receives a command “increase travel
speed”, the controller implements the change, measures resulting bead geometry, and updates the NLP
model’s confidence in similar future commands. Example: After several iterations, the system learns that
“slightly faster” corresponds to a 5 % increase in speed for a specific alloy thickness. Practical application:
Continuous improvement of voice‑driven welding without manual re‑programming. Challenges: Ensuring
safety; the loop must be bounded by hard limits to prevent hazardous parameter excursions.

Fine‑Tuning – Concept: Adjusting a pre‑trained model’s weights on a specific dataset to specialize its
behavior. Related terms: transfer learning, parameter update, task‑specific training. Explanation: A
transformer model pre‑trained on scientific literature is fine‑tuned on welding manuals, allowing it to learn
the unique syntax of welding instructions. Example: After 3 epochs of fine‑tuning, the model correctly
predicts the missing token in “Set the torch  to 70°”. Practical application: Enables rapid deployment of
high‑accuracy models with limited domain data. Challenges: Selecting an appropriate learning rate to avoid
catastrophic forgetting of general language knowledge.

Grammar Checking (Domain‑Specific) – Concept: Automated verification of syntactic and semantic
correctness within a specialized vocabulary. Related terms: spell‑check, style guide, error detection.
Explanation: Welding documents often contain terms like “pre‑heat” and “post‑ weld heat‑treatment” that
generic grammar tools may flag as errors. Example: A custom grammar checker accepts “pre‑heat” as a
valid compound noun and suggests “pre‑heat temperature” instead of “pre‑heat temp”. Practical
application: Assists technical writers in producing consistent, error‑free manuals. Challenges: Maintaining an
up‑to‑date lexicon as new processes (e.G., Friction stir welding) emerge.

Intent Classification – Concept: Determining the purpose behind a user’s utterance (e.G., Command, query,
request). Related terms: dialogue act, semantic parsing, action detection. Explanation: In a welding context,
intents may include parameter_adjustment, process_switch, diagnostic_query. Example: The phrase “What’s
the current weld bead width?” Is classified as a diagnostic_query, triggering a response that retrieves sensor
data. Practical application: Enables conversational interfaces for weld monitoring stations. Challenges:
Overlap between intents (e.G., “Increase current” vs “increase amperage”) requires disambiguation through
context or clarification prompts.

Joint Probability Modeling – Concept: Estimating the likelihood of a sequence of words or tokens occurring
together. Related terms: language model, n‑gram, probabilistic parsing. Explanation: For welding
instructions, joint probability helps predict the most plausible next token, reducing errors in
auto‑completion. Example: Given “Apply a  of 2 mm”, the model assigns higher probability to “penetration”
than “temperature” based on corpus statistics. Practical application: Improves typing efficiency in digital
welding consoles. Challenges: Sparse data for rare technical phrases can lead to inaccurate probability
estimates.
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Knowledge Graph – Concept: A network of entities and their relationships, often represented as triples
(subject‑predicate‑object). Related terms: ontology, semantic network, triple store. Explanation: A welding
knowledge graph may encode facts such as (“MIG welding”, “uses”, “argon‑CO₂ shielding”), (“interpass
temperature”, “must be ≤”, “250 °C”). Example: A query “Which shielding gases are suitable for stainless
steel?” Traverses the graph to retrieve “argon‑hydrogen” and “argon‑helium” nodes. Practical application:
Supports decision‑support systems that suggest optimal parameters based on material and joint geometry.
Challenges: Keeping the graph synchronized with evolving standards and ensuring consistency across
multiple data sources.

Latent Semantic Analysis (LSA) – Concept: A technique that reduces the dimensionality of term‑document
matrices to uncover hidden semantic relationships. Related terms: topic modeling, vector space model, SVD.
Explanation: LSA applied to welding manuals can reveal clusters such as “pre‑heat procedures” or
“post‑weld inspection”. Example: Terms like “temperature”, “pre‑heat”, and “hold” appear in the same latent
dimension, indicating a conceptual grouping. Practical application: Enables document clustering for quick
retrieval of relevant sections during troubleshooting. Challenges: Interpreting latent topics without
supervision may produce ambiguous groupings; the method also ignores word order, which can be
important for procedural instructions.

Machine Translation (MT) – Concept: Automatic conversion of text from one language to another. Related
terms: cross‑lingual NLP, localization, neural MT. Explanation: Global welding firms often need manuals
translated from English to Japanese, German, or Chinese while preserving technical accuracy. Example: A
neural MT system fine‑tuned on bilingual welding corpora translates “Set the torch angle to 70 degrees”
into Japanese with the correct technical term “トーチ⾓度”. Practical application: Reduces time‑to‑market for
safety documentation across regions. Challenges: Rare technical terms may be mistranslated; post‑editing
by domain experts remains necessary to ensure compliance.

Named Entity (Domain‑Specific) – Concept: A concrete object or concept that appears in text and belongs
to a predefined category. Related terms: entity type, slot, taxonomy. Explanation: In welding, entities include
material_grade (e.G., “AISI 304”), joint_type (“butt joint”), and code_section (“AWS D1.1”). Example: The
sentence “For AISI 304, use a 2‑mm filler” yields entities “AISI 304” → material_grade, “2‑mm” →
filler_thickness. Practical application: Populates electronic welding procedure specifications automatically.
Challenges: Ambiguity when the same string can denote multiple categories (e.G., “304” Could be a
temperature or a grade).

Ontology (Welding) – Concept: A formal representation of concepts within a domain and the relationships
among them. Related terms: semantic schema, class hierarchy, RDF. Explanation: An ontology for welding
defines classes such as Process, Parameter, Material, and properties like requires_shielding_gas. Example:
The class GMAW has a property linking it to argon‑CO₂ mixture. Practical application: Provides a shared
vocabulary for NLP components, enabling consistent annotation and reasoning across tools. Challenges:
Building and maintaining a comprehensive ontology requires collaboration between welding engineers and
knowledge engineers.

Part‑of‑Speech Tagging (POS) – Concept: Assigning grammatical categories (noun, verb, adjective, etc.) To
each token. Related terms: syntactic parsing, morphological analysis, token classification. Explanation:
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Accurate POS tagging helps differentiate “weld” as a verb (“to weld”) from “weld” as a noun (“the weld”).
Example: In “Inspect the weld for cracks”, POS tags identify “Inspect” as a verb (action) and “weld” as a noun
(object). Practical application: Improves downstream intent detection by clarifying command structures.
Challenges: Domain‑specific usage (e.G., “Pulse” as a noun vs verb) can confuse generic POS taggers,
requiring domain‑adapted models.

Question Answering (QA) – Concept: Systems that respond to user queries with relevant information
extracted from a knowledge base. Related terms: retrieval‑augmented generation, reading comprehension,
knowledge‑base QA. Explanation: A welding QA system can answer “What is the recommended interpass
temperature for 6 mm thick stainless steel?” By locating the relevant clause in a standards document.
Example: The system returns “≤ 250 °C” along with a citation to AWS D1.1 § 5.3. Practical application:
Provides on‑site engineers with instant access to standards without manual search. Challenges: Ensuring
answer provenance, handling ambiguous or multi‑part questions, and keeping the underlying documents
up‑to‑date.

Reinforcement Learning (RL) for Welding Control – Concept: Learning a policy that maximizes cumulative
reward through interaction with the environment. Related terms: policy gradient, reward shaping,
exploration‑exploitation. Explanation: An RL agent receives natural‑language commands, executes welding
actions, and receives feedback based on bead quality metrics (e.G., Penetration depth). Example: After
receiving “maintain a steady bead”, the agent adjusts travel speed and is rewarded when the sensor reports
low variance in width. Practical application: Enables autonomous adaptation to new joint geometries guided
by simple spoken instructions. Challenges: Safety constraints must be encoded as hard rewards; sparse
feedback can slow convergence.

Sentence Embedding – Concept: A dense vector representation that captures the semantic meaning of an
entire sentence. Related terms: semantic similarity, vector space, sentence‑BERT. Explanation: Embeddings
allow clustering of similar welding instructions, such as “increase amperage” and “raise current”. Example:
Two sentences have cosine similarity of 0.92, Indicating they belong to the same intent group. Practical
application: Supports fuzzy matching when users phrase commands differently from the training data.
Challenges: Embeddings may conflate distinct technical concepts if the training corpus lacks sufficient
differentiation.

Semantic Role Labeling (SRL) – Concept: Identifying the predicate‑argument structure of a sentence,
labeling who did what to whom, when, and how. Related terms: predicate identification, argument
classification, frame semantics. Explanation: In “Apply a 2 mm filler at 10 cm/s”, SRL tags “Apply” as the
predicate, “a 2 mm filler” as the theme, and “at 10 cm/s” as the instrument. Example: The system extracts the
action (apply), the object (filler), and the method (feed speed). Practical application: Enables more granular
command parsing for robotic controllers. Challenges: Complex welding sentences with multiple clauses can
produce overlapping or nested roles, requiring hierarchical SRL models.

Sentiment Analysis (Safety Context) – Concept: Determining the emotional tone or attitude expressed in
text. Related terms: opinion mining, subjectivity detection, polarity classification. Explanation: Although not
a typical welding task, sentiment analysis can be applied to operator logs to detect frustration or fatigue
that may precede safety incidents. Example: A log entry “The torch keeps overheating – this is exhausting” is
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classified as negative sentiment, prompting a supervisor alert. Practical application: Early warning system for
human factors in high‑risk welding environments. Challenges: Limited training data for safety‑oriented
sentiment, and distinguishing technical complaints from genuine safety concerns.

Sequence‑to‑Sequence (Seq2Seq) Modeling – Concept: Neural networks that map an input sequence to an
output sequence, often using encoder‑decoder structures. Related terms: translation, summarization,
paraphrase generation. Explanation: Seq2Seq can convert informal spoken commands into formal CNC
code. Example: Input “Make the bead wider by two millimeters” yields output “OFFSET WIDTH +2”. Practical
application: Reduces the cognitive load on operators who can speak naturally while the system generates
precise machine instructions. Challenges: Maintaining syntactic correctness in the generated code; errors
can have safety implications.

Speech‑to‑Text (STT) Engine – Concept: Software that transforms audio signals into textual transcriptions.
Related terms: ASR, voice recognition, acoustic model. Explanation: In welding, the STT engine must handle
high‑frequency background noise and domain‑specific vocabulary. Example: A robust STT model outputs
“set current to one hundred amps” with a latency under 200 ms. Practical application: Enables real‑time
voice control of welding robots. Challenges: Acoustic interference from metal impacts, reverberation in
large bays, and the need for on‑device processing to avoid network latency.

Syntax Parsing (Dependency) – Concept: Analyzing grammatical structure to identify relationships between
words (head‑dependent pairs). Related terms: dependency tree, graph parsing, head‑dependent.
Explanation: Dependency parsing clarifies command hierarchy, e.G., In “Increase the torch angle to 70
degrees”, “Increase” is the root verb, “angle” is the direct object, and “to 70 degrees” is a modifier. Example:
The parsed tree guides the controller to adjust the angle parameter rather than the feed speed. Practical
application: Improves robustness of command interpretation, especially for multi‑step instructions.
Challenges: Parsing errors increase with fragmented speech or incomplete sentences common in noisy shop
floors.

Tokenization – Concept: Splitting raw text into individual units (tokens) such as words, numbers, or symbols.
Related terms: word segmentation, sub‑word units, byte‑pair encoding. Explanation: Accurate tokenization
is critical for welding terms that contain hyphens or slashes, e.G., “MIG‑GMAW” or “Ti‑6Al‑4V”. Example: A
custom tokenizer treats “Ti‑6Al‑4V” as a single token to preserve material identity. Practical application:
Prevents mis‑interpretation of composite terms during model training. Challenges: Balancing granularity;
overly fine tokenization can inflate vocabulary size, while overly coarse tokenization may lose semantic
nuance.

Transfer Learning – Concept: Leveraging knowledge from a source task to improve performance on a target
task. Related terms: pre‑training, domain adaptation, knowledge transfer. Explanation: A language model
trained on a large corpus of engineering papers can be transferred to welding‑specific tasks, reducing
required annotation effort. Example: The transferred model achieves 85 % accuracy on weld‑parameter
intent detection after fine‑tuning on only 500 examples. Practical application: Accelerates deployment of AI
assistants in new welding facilities. Challenges: Identifying which layers to freeze, and ensuring transferred
knowledge does not introduce biases from unrelated domains.
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Universal Dependencies (UD) – Concept: A cross‑lingual framework for consistent grammatical annotation.
Related terms: dependency parsing, treebank, syntactic annotation. Explanation: Using UD, welding manuals
in multiple languages can be parsed with a shared set of grammatical relations, facilitating multilingual NLP
applications. Example: The English sentence “Set voltage to 24 V” and its German counterpart “Spannung
auf 24 V einstellen” both generate comparable dependency structures. Practical application: Supports
cross‑language retrieval of welding standards. Challenges: Extending UD guidelines to capture
welding‑specific constructions that are not present in general corpora.

Word Embedding – Concept: Dense vector representations of words learned from large text corpora,
capturing semantic similarity. Related terms: Word2Vec, GloVe, embedding space. Explanation: In a welding
corpus, embeddings place “amperage” near “current” and “voltage” near “potential”. Example: Cosine
similarity between “pre‑heat” and “pre‑heat” is 1.0, While similarity between “pre‑heat” and “post‑heat” is
0.78, Reflecting related but distinct concepts. Practical application: Enables fuzzy matching for user
commands that differ slightly from the training set. Challenges: Rare technical terms may have poor
embeddings unless the corpus is sufficiently large.

Zero‑Shot Learning (ZSL) – Concept: Enabling a model to handle classes it has never seen during training by
leveraging semantic descriptions. Related terms: semantic embedding, attribute‑based classification,
generalized ZSL. Explanation: A welding NLP system can recognize a new intent “activate spray‑arc mode”
by interpreting the textual description of the mode, even if no labeled examples exist. Example: The model
maps “spray‑arc” to a semantic vector that aligns with existing “arc‑mode” vectors, allowing correct
classification. Practical application: Future‑proofs the system against emerging welding technologies.
Challenges: Requires high‑quality textual descriptors and robust semantic alignment to avoid
misclassifications.

Bidirectional RNN (BiRNN) – Concept: Recurrent neural network that processes sequences in both forward
and backward directions. Related terms: LSTM, GRU, sequence modeling. Explanation: For welding
transcripts, a BiRNN captures context before and after a token, improving disambiguation of terms like
“torch” (noun vs verb). Example: In the sentence “Torch the weld”, the backward pass helps the model
understand that “torch” is a verb meaning “apply the torch”. Practical application: Enhances accuracy of
intent detection in noisy speech. Challenges: Higher computational cost compared to unidirectional models;
may still struggle with long‑range dependencies.

Contextualized Embedding – Concept: Word representations that vary depending on the surrounding text.
Related terms: dynamic embedding, ELMo, transformer. Explanation: The term “feed” in “wire feed speed”
receives a different vector from “feed the torch”, reflecting distinct meanings. Example: A contextual model
assigns a higher attention weight to “speed” when the surrounding phrase includes “wire”. Practical
application: Reduces false positives in entity extraction for welding parameters. Challenges: Requires large,
diverse training data to learn subtle context shifts.

Domain‑Specific Corpus Creation – Concept: The systematic collection, cleaning, and organization of texts
focused on a particular field. Related terms: data harvesting, text normalization, curation. Explanation: For
welding NLP, engineers compile standards, procedure sheets, safety bulletins, and operator logs into a
unified corpus. Example: A pipeline scrapes PDFs from the AWS website, converts them to plain text, and
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tags sections by type (e.G., “Welding Procedure Specification”). Practical application: Provides the
foundation for all downstream NLP tasks. Challenges: Handling varied document formats, ensuring
copyright compliance, and dealing with OCR errors in scanned legacy manuals.

Entity Linking – Concept: Connecting recognized entities to entries in a knowledge base or ontology.
Related terms: disambiguation, knowledge base alignment, URI mapping. Explanation: After NER identifies
“AISI 304”, entity linking resolves it to a unique identifier in the material ontology. Example: “AISI 304” →
Material:304 (URI). Practical application: Enables precise retrieval of material properties (thermal
conductivity, melting point) for process planning. Challenges: Ambiguous abbreviations (“304” could refer
to a temperature) require robust context analysis.

Fuzzy Matching – Concept: Approximate string matching that tolerates minor differences, such as
misspellings or variations. Related terms: Levenshtein distance, approximate search, soundex. Explanation:
When a welder says “set amperage to ten hundred amps”, fuzzy matching helps map “ten hundred” to
“1000”. Example: The system matches “amperage” with “ampere” despite the extra “e”. Practical application:
Increases tolerance to speech recognition errors and informal phrasing. Challenges: Over‑matching can
produce false positives; thresholds must be tuned for the welding domain.

Grammar‑Based Parsing – Concept: Using a formal grammar (e.G., CFG) to parse sentences into hierarchical
structures. Related terms: syntactic rules, parse tree, LL(k). Explanation: A handcrafted grammar for welding
commands defines permissible sequences like *Verb* + *Parameter* + *Value*. Example: The rule “SET →
Verb Parameter Value” parses “Set voltage 24 V”. Practical application: Guarantees syntactic correctness for
safety‑critical commands. Challenges: Maintaining the grammar as new processes emerge; limited flexibility
compared to data‑driven parsers.

Hybrid NLP System – Concept: Combining rule‑based and statistical or neural components to leverage
strengths of both. Related terms: ensemble, pipeline architecture, symbolic‑statistical integration.
Explanation: In welding, a hybrid system may use a rule‑based parser for safety‑critical commands and a
neural intent classifier for free‑form queries. Example: “Emergency stop” triggers a hard‑coded rule that
immediately cuts power, while “What is the recommended travel speed?” Is handled by a neural QA module.
Practical application: Balances reliability with flexibility. Challenges: Ensuring seamless handoff between
components and avoiding contradictory outputs.

Input Normalization – Concept: Standardizing raw textual input to a consistent format before processing.
Related terms: lowercasing, unit conversion, canonicalization. Explanation: Welding commands often contain
mixed units (mm, in, °C). Normalization converts “ten millimetres” to “10 mm” and “°C” to a standard
internal representation. Example: The phrase “increase current by twenty amps” becomes “increase_current
+20 A”. Practical application: Simplifies downstream parsing and reduces errors caused by unit mismatches.
Challenges: Detecting implicit units and handling regional variations (e.G., “Mm” vs “mil”).

Joint Intent‑Slot Modeling – Concept: Simultaneously predicting the overall command intent and extracting
associated parameters (slots). Related terms: slot filling, semantic parsing, multi‑task learning. Explanation: A
single model outputs both “parameter_adjustment” and a dictionary of slots like {“amperage”: “150 A”,
“mode”: “Pulsed”}. Example: Input “Switch to pulsed mode at 150 amps” yields intent “process_switch” with
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slots {mode: Pulsed, amperage: 150 A}. Practical application: Reduces latency by avoiding separate intent
and slot stages. Challenges: Imbalanced slot distributions can bias the model; rare slot combinations need
data augmentation.

Knowledge Distillation – Concept: Transferring knowledge from a large “teacher” model to a smaller
“student” model. Related terms: model compression, teacher‑student training, soft targets. Explanation: A
heavy transformer trained on the full welding corpus can teach a lightweight model suitable for on‑edge
deployment on a welding robot controller. Example: The student model achieves 90 % of the teacher’s
accuracy while using 30 % of the memory. Practical application: Enables real‑time inference on low‑power
hardware. Challenges: Maintaining performance on rare technical terms during compression.

Lexicon Expansion – Concept: Growing the set of recognized words or phrases, especially domain‑specific
tokens. Related terms: vocabulary growth, term extraction, dictionary update. Explanation: As new welding
technologies emerge, the lexicon must incorporate terms like “friction stir welding” or “laser‑assisted
GMAW”. Example: Automated term extraction from recent conference papers adds 250 new entries to the
welding lexicon. Practical application: Keeps NLP models current without full retraining. Challenges:
Avoiding inclusion of noisy or irrelevant terms; ensuring new entries receive appropriate embedding
vectors.

Multi‑Modal Fusion – Concept: Combining information from different sensory modalities (e.G., Text, audio,
visual) into a unified representation. Related terms: sensor fusion, cross‑modal attention, joint embedding.
Explanation: A welding assistant may fuse spoken commands, camera images of the joint, and temperature
sensor readings to decide on parameter adjustments. Example: The system receives the voice command
“increase speed”, sees a visual cue of a narrow gap, and raises speed only within safe limits. Practical
application: Improves decision robustness by cross‑checking modalities. Challenges: Synchronizing data
streams with different latencies and handling missing modalities.

Neural Machine Translation (NMT) for Standards – Concept: Applying deep learning models to translate
welding standards between languages while preserving technical precision. Related terms: seq2seq,
attention mechanism, domain‑fine‑tuning. Explanation: An NMT model trained on a bilingual corpus of
welding manuals learns to translate terms like “root pass” accurately. Example: The English phrase “Root
pass should be 100% penetration” translates to Korean with correct technical terminology. Practical
application: Facilitates global compliance and training. Challenges: Rare abbreviations (e.G., “WPS”) may be
mistranslated; post‑editing by subject‑matter experts remains essential.

Ontology Alignment – Concept: Mapping concepts from two or more ontologies to create a unified
semantic framework. Related terms: schema matching, semantic integration, concept mapping. Explanation:
A manufacturer’s internal material ontology may need to align with the ISO welding ontology for
interoperability. Example: Aligning “StainlessSteel304” (internal) with “AISI_304” (ISO) enables seamless data
exchange. Practical application: Supports multi‑vendor integration in collaborative welding projects.
Challenges: Dealing with differing granularity levels and naming conventions; automated alignment
algorithms often need human validation.

Prompt Engineering – Concept: Designing input prompts that guide large language models (LLMs) to
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produce desired outputs. Related terms: few‑shot prompting, instruction tuning, template design.
Explanation: To generate a welding procedure, a prompt may include the material, joint type, and required
strength, followed by “Write the step‑by‑step procedure”. Example: Prompt: “Material: Ti‑6Al‑4V; Joint: Butt;
Strength: 400 MPa. Generate a GMAW procedure.” The LLM outputs a coherent set of steps. Practical
application: Rapidly drafts documentation for new projects. Challenges: Controlling hallucination
(fabricating nonexistent standards) and ensuring outputs comply with regulatory constraints.

Quantitative Evaluation Metrics – Concept: Numerical measures used to assess model performance.
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