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Introduction to Al



What is Artificial Intelligence?

John McCarthy (1956):
Capability of machines to mimic human intelligence

Google (2019):

Building computers and machines that can reason, learn, and act in such a way that would normally require
human intelligence or that involves data whose scale exceeds what humans can analyze.

National Defense Authorization Act (2019):

* Any artificial system that performs tasks under varying and unpredictable circumstances without significant human
oversight, or that can learn from experience and improve performance when exposed to data sets.

* An artificial system developed in computer software, physical hardware, or other context that solves tasks requiring
human-like perception, cognition, planning, learning, communication, or physical action.

* An artificial system designed to think or act like a human, including cognitive architectures and neural networks.

* A set of techniques, including machine learning that is designed to approximate a cognitive task.

* An artificial system designed to act rationally, including an intelligent software agent or embodied robot that
achieves goals using perception, planning, reasoning, learning, communicating, decision-making, and acting.
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Recognizing Al Technology
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Fields within Al

Neural
Networks

Robotics

Natural
Language
Processing
(NLP)
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Al vs. ML



Programmable vs. Learning Machines
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Landscape of Machine Learning Techniques
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Example ML Applications
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Predicting Ship Power Consumption:
Feed-Forward Neural Network
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Classifying Ship Behavior:
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Autonomous Inspection for Corrosion Detection:
Image Classification Models
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Risks and Mitigations



Al - Risk and Mitigation

Data Privacy Providing Personal Information (PI) * Models may disclose information to Remove personal identifiers (such as names,
or Confidential Information to Al unauthorized users. addresses, contact info) from text before sharing
models (including Chatbots and * Violates institution agreements and research with models.
LLMSs). grants. * Do not disclose any documented material that is
+  Compromise reputation. designated as “Confidential” or “Controlled
+ Devalue intellectual property. Unclassified Information” (CUI).
» Litigation.
* Regulatory fines.
Transparency Not disclosing Al as source of * Plagiarism leading to disciplinary action. * Always cite the LLM model with literal citation of
generated content. » Undermine credibility of scientific or other prompts and generated output.
work. * Avoid using unverifiable output.
» Unverifiable content generated.
Accuracy Use of Al model outputs without * Misinterpretable or false assertions. » Always verify output with a reliable source (i.e.,
proper verification and validation. * Use of models does not achieve goals. human expert, peer-reviewed publication,
recognized news source).
Fairness Training and/or using models with »  Subtle inaccuracies in outputs. »  Verify models trained on diverse datasets.
biased inputs * Violating EEO and Civil Rights Laws. *  Employ fairness metrics.
* Regularly audit and use retrained models.
Regulatory Not following up-to-date regulatory * Regulatory fines in jurisdictions. + Referto
guidelines for use of Al models. * Seize-and-desist * Follow White & Case’s
Education Using or Developing Al without «  Misinterpreting results. «  Consult AI/ML experts in IS S&E and Data
understanding AlI/ML principles. + Wasted time and effort. Science forum.

Unintentional misuse of Al.
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https://oeil.secure.europarl.europa.eu/oeil/en/document-summary?id=1786308
https://www.whitecase.com/insight-our-thinking/ai-watch-global-regulatory-tracker
https://www.whitecase.com/insight-our-thinking/ai-watch-global-regulatory-tracker

Areas where Al is improving

A A

.
FAIRNESS

UNCERTAINTY
EXPLAINABILITY QUANTIFICATION
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McKinsey Report on Use and Risks of Generative Al*

Respondents report increasing mitigation of inaccuracy, intellectual
property infringement, and privacy risks related to use of gen Al.

Gen-Al-related risks that organizations are working to mitigate,” %0 of respondents
While text is the type of content that organizations are most commonly

H H H H H H Intellectual Personal/ Workfarce/
creating with gen Al, they are also experimenting with other modalities. pamsi Regulatory et el e
I Curacy Cybersecurily infringement compliance privacy Explainabality displacement

Types of content generated by gen Al at respondents’ organizations,’ % of respondents

Text Images Computer code Video Voice and music Other ) I |

Equity and Organizational Mational Physical Environmental Palitical Mone of
fairness reputation sacurity safety impact stahility the above

McKinsey & Company

MicKinsey & Company
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Generative Al



Generative Al — Platforms and Capabilities
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Spectrum of ChatGPT Models

GPT-4x models “Standard” GPT-5 GPT-5 “Thinking” GPT-5 “Pro”
() () () ()

‘Legacy” Models Default Model Reasoning model Most Advanced model

* “Intermediate” » “Smart Generalist” * “Single Expert” » “Team of Experts”

* Separate models that « Built-in "router” that . % . Hi
are proficient at determines whether to f)or;]plex, rg_ultl step Highest level CIof
specific, cognitive orovide quick asks spending more reasoning and accuracy
tasks. response or engage time contemplating

in deeper thinking. before giving an
answer.

« OK for routine :
queries to simple « Good for routine » Good for complex * Good for detailed
problem solving everyday queries problem solving analytical work that

requires correctness

« Examples —simple . Examples — simple « Examples — debugging o
coding tasks, quick coding tasks, quick code, analyzing large  * Examples — scientific
summaries summaries amounts of data research
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Custom GPTs

Purpose

» Enable users to create agents that specialize and inform ChatGPT’s LLMs for deeper and more accurate answers.

Mechanism
» Uses a pre-trained model (such as GPT-40 or GPT-5 Pro).
« Extends Knowledge base:
* Public web
* Uploaded data
* APIl-enabled access
* Prompts model based on instructions provided for directed behavior.

Safequards
» Access to model is either:
* Invite-only
* Anyone at WHOI with the link
* Anyone at WHOI
» Uploaded data is protected within WHOI's tenant.

» APl access secured via OAUTH or API Key.

Limitations
» Requires uploading content or AP| access (i.e., not able to direct to website via URL)
« 512 MB limit for file upload.
« GPT-5 Thinking has rate limit of 3000 messages per week.
» GPT-5 Pro has context window limit of 128K tokens.
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Demonstration

Shipboard Data Mate 5 Thinking

E)
=z

Shipboard Data Mate

Calm, professional assistant for shipboard data, archiving, and formal
science updates

ChatGPT can make metakes. OpenAl doesn't use WHOL workspace dala 1o tran its models

Generated Instructions (Prompt):

Shipboard Data Mate assists shipboard technicians on academic
research vessels. It helps with processing, cleaning, analyzing,
and visualizing oceanographic data collected from instruments
such as CTDs, ADCPs, and underway sensors. It supports data
organization, metadata generation, report drafting, and
troubleshooting common software and hardware issues at sea. It
is capable of parsing and handling NetCDF files, producing
publication-quality visualizations, and generating automated
QA/QC scripts in Python, MATLAB, or R. In addition to data
processing, it can generate formal scientific updates, cruise
reports, and web content for shipboard and institutional
audiences — including summaries of fieldwork, data highlights,
and technical operations — written in a formal, objective, and
structured style.

Use Cases:

*

— code generation and execution
— analyze knowledge sources via APIs

— access web sources to
generate a document that can be used to perform routine tasks

— generate a file bundle template
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https://chatgpt.com/g/g-68e963fc2b18819190dbd3a69af7d928-shipboard-data-mate
https://chatgpt.com/g/g-68e963fc2b18819190dbd3a69af7d928-shipboard-data-mate
https://chatgpt.com/share/e/68ee935b-df18-8001-aa0e-fb8817022887
https://chatgpt.com/share/e/68ee9a1f-389c-8001-83d9-70b7d1948090
https://chatgpt.com/share/e/68ee9a75-d3a8-8001-95e1-50abb108f8c5
https://chatgpt.com/share/e/68ee996a-ef88-8001-ad25-f3dcb1865eb1
https://chatgpt.com/share/e/68ee996a-ef88-8001-ad25-f3dcb1865eb1
https://chatgpt.com/share/e/68ee996a-ef88-8001-ad25-f3dcb1865eb1

Resources



Glossary — commonly used terms in Al and ML

» Artificial General Intelligence (AGI, a.k.a. “Strong Al”) — Al that can be used
to perform any task that a human can do.

» Bias —tendency of a model to produce consistently different outputs for a
category of inputs.

+ Chatbot — software application that imitates human conversation through text
or voice prompts.

+ Deep Learning — a subfield of machine learning that uses multi-layered

neural networks to perform cognitive tasks, such as classification, regression,

and prediction.

» Fine-tuning — Adapting a pre-trained foundation model to specific tasks or
use cases.

* Foundation Models — Deep neural networks that are trained on diverse
datasets for a wide range of tasks.

» Frontier Models — Foundation models that are highly capable and can
threaten public safety and global security.

* Generative Al — model that creates new data from inputs rather than making
a prediction.

» Hallucination — an inaccurate or nonsensical output of an LLM based on
incorrect patterns learned from limited or invalid training data.

* Hyperparameter — values set to control the learning process.

» Inference — the process of generating an output from a trained model given
certain input.

» Intent — the purpose or goal of inputs to the Al model describing expected
outputs.

» Label (or “Ground Truth”) — the expected output of a given training input.
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Large Language Model (LLM) — a type of foundation model trained on large
amounts of data to understand and generate human language.

Model — the product of Al training that can be used to perform an inference.

Natural Language Processing — a model’s ability to perform conversational
tasks, including understanding what is said and how to respond.

Neural Network — a computer system that mimics the functioning of the
human brain for cognitive tasks.

Overfitting — Model that only identifies outputs based on trained inputs and
does not generalize to broader set of inputs.

Parameter.- Values learned by the model during training.

Prompt — Input fed by a user, either through voice, text, image, or sound, into
an Al system that is based on intent.

Reinforcement Learning — A method of teaching Al to set a goal for various
scenarios.

+ Reinforcement Learning with Human Feedback (RLHF) — A method
teaching Al that uses human feedback to improve the model for other
scenarios.

Supervised Learning — Models trained with labels.

Training Data — All the data, including inputs and labels, used to generate a
model that can perform inference.

Unsupervised Learning — Models trained without labels.

Weak Al (a.k.a, “Namrow Al”) — model with a set range of skills that can
perform a particular set of tasks.
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Al Resources

 Books

* Blogs and Websites

* Videos
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* |S Resources

* A Dual Linear Autoencoder Approach for Vessel Trajectory Prediction
Using Historical AlS Data

e Uncertaint

uantification in Machine Learning for Engineering

Design and Health Prognostics

« Al Explainabilit 3(‘:'6(|): An Extensible Toolkit for Understanding Data
ﬁo els

and Machine
« AlFairn

:_An Extensible Toolkit for D ing, Understandin

an itigating Unwante gorithmic Bias

26 October 2025 27


https://www.amazon.com/Brief-History-Artificial-Intelligence-Where/dp/1250770742?tag=mentorcruis06-20
https://www.amazon.com/Brief-History-Artificial-Intelligence-Where/dp/1250770742?tag=mentorcruis06-20
https://www.amazon.com/Brief-History-Artificial-Intelligence-Where/dp/1250770742?tag=mentorcruis06-20
https://www.amazon.com/Superintelligence-Dangers-Strategies-Nick-Bostrom/dp/0198739834?tag=mentorcruis06-20
https://www.amazon.com/Superintelligence-Dangers-Strategies-Nick-Bostrom/dp/0198739834?tag=mentorcruis06-20
https://www.amazon.com/Superintelligence-Dangers-Strategies-Nick-Bostrom/dp/0198739834?tag=mentorcruis06-20
https://www.amazon.com/Superintelligence-Dangers-Strategies-Nick-Bostrom/dp/0198739834?tag=mentorcruis06-20
https://press.princeton.edu/books/hardcover/9780691150680/guardrails?source=post_page-----0931e1d448c0---------------------------------------
https://press.princeton.edu/books/hardcover/9780691150680/guardrails?source=post_page-----0931e1d448c0---------------------------------------
https://www.federalregister.gov/documents/2020/12/08/2020-27065/promoting-the-use-of-trustworthy-artificial-intelligence-in-the-federal-government
https://www.federalregister.gov/documents/2020/12/08/2020-27065/promoting-the-use-of-trustworthy-artificial-intelligence-in-the-federal-government
https://www.federalregister.gov/documents/2020/12/08/2020-27065/promoting-the-use-of-trustworthy-artificial-intelligence-in-the-federal-government
https://www.digital-adoption.com/branches-of-artificial-intelligence/
https://www.digital-adoption.com/branches-of-artificial-intelligence/
https://venturebeat.com/business/openai-debuts-dall-e-for-generating-images-from-text/
https://venturebeat.com/business/openai-debuts-dall-e-for-generating-images-from-text/
https://venturebeat.com/business/openai-debuts-dall-e-for-generating-images-from-text/
https://venturebeat.com/business/openai-debuts-dall-e-for-generating-images-from-text/
https://venturebeat.com/business/openai-debuts-dall-e-for-generating-images-from-text/
https://blog.google/technology/ai/using-large-scale-brain-simulations-for/
https://blog.google/technology/ai/using-large-scale-brain-simulations-for/
https://blog.google/technology/ai/using-large-scale-brain-simulations-for/
https://blog.google/technology/ai/using-large-scale-brain-simulations-for/
https://stanford.edu/~cpiech/cs221/apps/deepBlue.html
https://stanford.edu/~cpiech/cs221/apps/deepBlue.html
https://liacademy.co.uk/the-story-of-eliza-the-ai-that-fooled-the-world/
https://liacademy.co.uk/the-story-of-eliza-the-ai-that-fooled-the-world/
https://www.historyofinformation.com/detail.php?id=3868
https://www.historyofinformation.com/detail.php?id=3868
https://www.historyofinformation.com/detail.php?id=3868
https://www.automate.org/robotics/engelberger/joseph-engelberger-unimate
https://www.automate.org/robotics/engelberger/joseph-engelberger-unimate
https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai
https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai
https://www.coursera.org/specializations/machine-learning-introduction
https://www.coursera.org/specializations/machine-learning-introduction
https://www.coursera.org/specializations/machine-learning-introduction
https://www.coursera.org/specializations/machine-learning-introduction
https://www.youtube.com/watch?v=DP4zZ001ASE
https://www.youtube.com/watch?v=DP4zZ001ASE
https://www.youtube.com/watch?v=DP4zZ001ASE
https://www.youtube.com/watch?v=DP4zZ001ASE
https://www.youtube.com/watch?v=DP4zZ001ASE
https://www.pbs.org/video/building-stuff-change-it-p6ydi1/
https://www.pbs.org/video/building-stuff-change-it-p6ydi1/
https://www.pbs.org/video/building-stuff-change-it-p6ydi1/
https://www.pbs.org/video/building-stuff-change-it-p6ydi1/
https://www.youtube.com/watch?v=mW2_j40RNPY
https://www.youtube.com/watch?v=mW2_j40RNPY
https://www.youtube.com/watch?v=8xzxTWELepw
https://www.youtube.com/watch?v=8xzxTWELepw
https://whoi-it.whoi.edu/artificial-intelligence-ai-policies-guidelines/
https://whoi-it.whoi.edu/artificial-intelligence-ai-policies-guidelines/
https://whoi-it.whoi.edu/our-services/science-and-engineering/
https://whoi-it.whoi.edu/our-services/science-and-engineering/
https://app.slack.com/client/E0434PFM2SF/C052E6ABHLM
https://app.slack.com/client/E0434PFM2SF/C052E6ABHLM
https://tos.org/oceanography/article/the-promise-and-pitfalls-of-machine-learning-in-ocean-remote-sensing
https://tos.org/oceanography/article/the-promise-and-pitfalls-of-machine-learning-in-ocean-remote-sensing
https://tos.org/oceanography/article/the-promise-and-pitfalls-of-machine-learning-in-ocean-remote-sensing
https://tos.org/oceanography/article/the-promise-and-pitfalls-of-machine-learning-in-ocean-remote-sensing
https://tos.org/oceanography/article/the-promise-and-pitfalls-of-machine-learning-in-ocean-remote-sensing
https://tos.org/oceanography/article/the-promise-and-pitfalls-of-machine-learning-in-ocean-remote-sensing
https://tos.org/oceanography/article/the-promise-and-pitfalls-of-machine-learning-in-ocean-remote-sensing
https://watermark.silverchair.com/fsad100.pdf?token=AQECAHi208BE49Ooan9kkhW_Ercy7Dm3ZL_9Cf3qfKAc485ysgAAA1kwggNVBgkqhkiG9w0BBwagggNGMIIDQgIBADCCAzsGCSqGSIb3DQEHATAeBglghkgBZQMEAS4wEQQMGic28zRoa10YqNohAgEQgIIDDCqUIxm9e73gr_y8wMqOPgUEO9Ow4s_nm2FDWxghKaNLbFbgktOcyeXuxoAkIeMOY5gu4XMCc8gy-jfz-v_x9jOIgra3yl_83xtPLTUxymH-SCzLKqMI3e_fuf4ZmBRY-Yo1LCEg4aL9RvlW--INAfS1gGQlkNPWu8jJZcWXP-oLVSKl_P6HD_-Itys2Zxxbbit_kUkPVvuq_AcfITxp6ylQKplXUHJEvVhVfiTUpMcMGSxTFSJIgJEjD9sX8xSgCy-CvydJLXvSFcpnCJuSzx1R4TK6fiLUbo6tcMjFKZ7FsPg0Ae0lOEGsO3QY35AqKCFsvBi2YBkdjDpY7qQsRyPmcCvcBhMmVVn01IbCkYfppv7Y6dP8ji5R1ABsUWk0awYwL0aGKY6PWRZGDuuKJ947s6U33KlJKKsZzCXCpXf2-N3TrHZHXSKv-wmbb7wLa8evRkEBcyEDdeYSWMfq8prPGsnEUFlGpWtvPt5KAATA2bmtNi_bVD7JGawCEXS757RrOb-5uFySuKJbcgZTCIRrryZBSTITlB2A8nEppMpuPlimg5jUUZk0win3wWZRBX1hxddqRPauSTg6r3D2bb88--mkmjnxAfWLg4NOhj1o9Q_zDRBnzWNtQAbX4dhcTq-EXW-9MgI05AKCjNnLYddd0r9QriXEySzDv6x5JGrFJ_leXWzGZzmUiZ71cvtgC7YQztbyTx7KChV3xkxk06Wbz46AIKnAHTwT333TDykwjoQ-mMFpmRtxAPMHUf_m2JxbsgTcNdOHgdtWA5psyb8Jxe4nUH5K7Hj82P1XUcFifuFrITz1Gs6JNgKNgckUcs_u21MENvsYhnI9ZJZ2d4gH5_v6uvZg3jUcdAdYjLxoq3IzUdfHCqMu-gAaf5YtzAbUzSt8PhfYHnlDTNPb2qn-5odRJv5PxlQCvfnaTyVRybzXlK3VsSqhEktyZfHdOos7Cusm5xYE1m0mFX49mGeJskLnV9hMgDLE2gA5S1_6rTv-CpgIZkl6qh9jxDBijL5lbbB1SHs5qhwabg
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