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So... how does it all work?
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Plot twist: You’ve all done Machine Learning!

A line of best fit is actually ML!

Done!

Is this line a good
fit?

How do you know the difference between a
good and bad “Best fit line”?

Equation of a line

yi = a+ pz;

Residual Sum of Squares

n mn

RSS =) (€:)* =) (% — (@ + Bz))’

1=1 1=1
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Plot twist: You’ve all done Machine Learning!

Average of Squared Errors = 1.00 .
g a How do you know the difference between a

good and bad “Best fit line”?
7 Model

Equation of a line

Y = o+ Px;

Slope = 0.00

od R Error / Loss

Residual Sum of Squares

n n

RSS =) (E:1)* =) (v — (@ + Bm:))’

4 2 0 2 4 1=1 1=1
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The Universal Framework of Machine Learning

4 N 4 Model N
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The Universal Framework of Machine Learning
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A User’s Guide to Machine Learning for Polymeric Biomaterials
Travis A. Meyer, Cesar Ramirez, Matthew J. Tamasi, and Adam J. Gormley*

Cite This: https://doi.org/10.1021/acspolymersau.2c00037 I: I Read Online

AC C ESS | [l Metrics & More | Article Recommendations | © supporting Information

The development of novel biomaterials is a challenging
process, complicated by a design space with high dimensionality.
Requirements for performance in the complex biological environment
lead to difficult a priori rational design choices and time-consuming
empirical trial-and-error experimentation. Modern data science
practices, especially artificial intelligence (Al)/machine learning
(ML), offer the promise to help accelerate the identification and
testing of next-generation biomaterials. However, it can be a daunting
task for biomaterial scientists unfamiliar with modern ML techniques
to begin incorporating these useful tools into their development pipeline. This Perspective lays the foundation for a basic
understanding of ML while providing a step-by-step guide to new users on how to begin implementing these techniques. A tutorial
Python script has been developed walking users through the application of an ML pipeline using data from a real biomaterial design
challenge based on group’s research. This tutorial provides an opportunity for readers to see and experiment with ML and its syntax
in Python. The Google Colab notebook can be easily accessed and copied from the following URL: www.gormleylab.com/MLcolab

Biomaterials, Machine Learning, High throughput, Tutorial, Education and training
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http://www.gormleylab.com/MLcolab

Google Colaboratory

i & Machine Learning Tutorial for the Biomaterials Scientist.ipynb
File Edit View Insert Runtime Tools Help Changes will not be saved
.— + Code + Text Copy to Drive
Q Note: This notebook is shared as 'view-only' to ensure proper version control. While you are able to make changes to the code as you wish,
(x) these changes will not be saved to the primary version. We highly recommend that you make your own copy which will allow you to save any
changes made on your own version. To accomplish this, go to File -= Save a Copy in Drive in the toolbar at the top of the page.
C= We encourage readers to copy, modify, and use this code for their own projects. We ask that any publications which utilize this tutorial as a
o starting point to cite the accompanying article. This helps others also find this tutorial and use it as a resource for their own projects.

Travis A. Meyer, Cesar Ramirez, Matthew J. Tamasi, and Adam J. Gormley, A User's Guide to Machine Learning for Polymeric Biomaterials, ACS
Polymers Au 0, 0, pp DOI: 10.1021/acspolymersau.2c00037

https://doi.org/10.1021/acspolymersau.2c00037

This is Version 1.0 last updated on Septmeber 29th, 2022

T.A. Meyer, et al, 2022. A User’s Guide to Machine Learning for Polymeric Biomaterials. ACS Polymers Au. 3: 141-157. 9/51
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Active Learning vs. Machine Learning

MACHINE LEARNING

(Linear Flow)

DATA
(Labeled)

Flows into ; é% Produces

MODEL PREDICTIONS
(Training) (Output)

(Refinement & Feedback)

ACTIVE LEARNING (Closed-Loop Cycle)

DESIGN ;
(Strategy/Selection) >/

[ Continuous

A Iiﬁﬂ BUILD
(Labeling/Training)

LEARN

\\ Improvement
\ Cycle /
o - 5

~X TEST
(Evaluation/Uncertainty)
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Bayesian Optimization

, , Data Seedin Model Trainin
1. Process starts with data seeding R ,g - J
« Many approaches, we use Latin

hypercube sampling (LHS) YI o 1 Y| :
2. Train a model that outputs uncertainty S o O- -

« Gaussian process regressor (GPR) L L
IS most common X X
3. Maximize the acquisition function

. . . Candidate Acq. Func.
Probablll.ty you will learn the mo.st Selection Caloulation
information from a new data point e T

Expected improvement (El) is most & W c
common uj- «— u:-’

4. Measure data point to learn ground S S
truth < <
5. Rinse and repeat X X

A. Maroulis, et al. A user’s guide to your first self-driving liquid handling lab. In Revision at Digital Discovery. https://chemrxiv.org/doi/full/10.26434/chemrxiv-2025-6ws9m 12/51



Active Learning and Self-Driving Labs

- Select initial data
U i VAV

-
-
——

Active Learning

Train model
5 O i O
\ o o) .
\ R I <8 Retrain
‘ —
\ <
Human in the Loop \ L F -
‘ o
L Data Designer \‘
Initialization 80 29 38 97 27 ‘ ‘ - B
- Success 17 25 62 37 93
Reagent Add 43 1 33 68 2 \
- Complete 98 28 83 78 19 ‘
Q :g 20123330420 1 L o B
O 86 11 100 44 3 1 ] ] ] ] 5 L 1 ] L ] 5
O 559 99 7 10 \
dotected 55 14 3¢ 32 26 \‘ X ¥
\
\ Choose new points n Measure
\
\
‘\
Controller Scheduler 1 -
o - O
1: Add Reagent ‘\ '8 B O
37°C Agent: Liquid handler 1 c
Volume: 50 upL [} =S B 0 —
Location: well plate 1 \ L F
Reagent: Drug = ~‘>"<"~
\ . ) o |
. \ — I O
° [} =
15: Incubate “ g B i
Agent: Plate incubator q:
Temperature: 37°C \ O
Time: 2 hours \‘ B -
X

A. Maroulis, et al. A user’s guide to your first self-driving liquid handling lab. In Revision at Digital Discovery. https://chemrxiv.org/doi/full/10.26434/chemrxiv-2025-6ws9m
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Democratizing Automation
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Digital
Discovery
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A user's guide to your first self-driving liquid
handling lab
Apostolos P. Maroulis,® Dylan M. Waynor,? Quinn M. Gallagher, o

Roshan A. Patel,® Matthew Tamasi,? D. Christopher Radford,® Michael A. Webb (2 *°
and Adam J. Gormley =) *@

Experimentation is inherently difficult because most methods require substantial refinement, calibration,
and validation before high-quality, reliable data can be collected. In most cases, experimental outcomes
are impacted by multiple variables, thus requiring their simultaneous optimization for single and multi-
objective targets. Traditional experimental approaches rely on trial-and-error methods guided by rational
decision making, but these become increasingly inefficient and ineffective as complex interactions
between inputs limit our ability to capture underlying trends using conventional statistical approaches.
Machine learning and active learning (ML/AL) combined with automation represents an approach that
can bolster future laboratory productivity. However, a steep initial learning curve and high costs of
instrumentation pose substantial barriers to adoption. To democratize access, we herein
comprehensively cover both the computational skills and hardware implementation necessary for self-
driven experimental workflows. The accompanying open-source, low-cost liquid handling platforms
offer practical templates for researchers adopting self-driving lab (SDL) methodologies. Complete
tutorials and build guides are provided at https://gormleylab.github.io/SDLGuide.
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DIY Liquid Handlers

Pen Plotter Driven Pipette Driven
Liguid Handler Liguid Handler

Tip Rack/
Disposal

(Needle Holder)

APES

- Labware

< §1,000 each excluding the e-pipette and syringe pump

A. Maroulis, et al. A user’s guide to your first self-driving liquid handling lab. In Revision at Digital Discovery. https://chemrxiv.org/doi/full/10.26434/chemrxiv-2025-6ws9m 17/51



Minimum Example of a Self-Driving Liquid Handling Lab

L)
L
5
5
%
&
%

Storage Loop
AxiDraw
00000000 00000000
L 00000000 00000000
CO000000 1 00000000
00000000 00000000
00000000 00000000
CO000000 2 00000000
T 55855595 —1 35535585
AxiDraw 00000000 00000000
: CO000000 3 00000000
00000000 00000000
00000000 00000000
o
- Reservoirs :
Syringe Pump Acquisition Synthesis
Plate Plate

A. Maroulis, et al. A user's guide to your first self-driving liquid handling lab. In Revision at Digital Discovery. https://chemrxiv.org/doi/full/10.26434/chemrxiv-2025-6ws9m




Gormley
Lab

Welcome to the User’s Guide to AL/SDLs Repository

Explore build guides, software, and hands-on tutornals for automated liquid handling and experiment optimization.

View on GitHub

Liquid Handler Platforms

Choosze your platform to access build guides, software, and documentation.

Pen Plotter Liquid Handler

COriginal AxiDraw-based liquid handler with build guides and

Pen Plotter Github
Build Guide

Software SOP

Software Download

i

Pipette Liquid Handler

Automated pipetting platform with SDL software and full

build documentation.
Pipette GitHub
Build Guide

Parts List

Software Download
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BIG Problem with Self-Driving Labs

> 90% of the work

Self-Driving Lab (SDL)

o
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The Rise of Al Agents within the Scientific Method

( )
— HYPOTHESES —>
A SR,

Advanced Exper.iment
Reasoning Design

=—E—0

Experiment Automation &
Design Self-Driving Labs
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Large Language Models

Input Prompt: Recite the first law of robotics

!

P 1-G

Output:

Next-token prediction
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Transformer Architectures

Attention Is All You Need

Ashish Vaswani”
Google Brain
avaswani@google.com

Llion Jones*
Google Research
1lion@google.com

2017

Noam Shazeer® Niki Parmar*® Jakob Uszkoreit®
Google Brain Google Research Google Research
noam@google.com nikip@google.com usz@google.com

Aidan N. Gomez* | Lukasz Kaiser®
University of Toronto Google Brain
aidan@cs.toronto.edu lukaszkaiser@google.com

Ilia Polosukhin® *
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
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Transformer Architectures

TRANSFORMER ARCHITECTURE: ATTENTION MECHANISM (Self-Attention)

W

Query (Q) Q—| [:__Q_j “ I—EH [:K_j [__ g__ J

2 -
_--'::"" f ::?":' ”

Key (K) ~ 7 ﬁy‘ ATTENTION SCORE « e/
o #=5| CALCULATION & SOFTMAX
gl ’ Q=K |
{"-_-- 1
s r

Value (V) | [~ G_'_‘
e .f-ThickerIinrss =

WEIGHTED SUM OF VALUES ﬁf_ ~ " ™™ Higher Attention/Relevance
(Score x V) '
OUTPUT REPRESENTATION m |:D EEED Uj m _ .
(Contextualized Embeddings) LI - —
PROCESSED SENTENCE

(Far downstream tasks)
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Foundation Models

@ ChatGPT Genﬁni
% Claude f?f Grok
() LLaMA




Calling LLMs in Python

Key Components
* Model
 (Claude: Sonnet, Opus,
Haiku
« System prompt
* ‘You are a drug delivery
scientist’
* User prompt
« ‘What polymer is most
common in
microparticles?’

import anthropic

client = anthropic.Anthropic()

message = client.messages.create(

)

model="claude-sonnet-4-5",

messages=|

]

"role": "user",
"content": "How is this presentation going?"

print(message.content)

text="You're not as funny as you think you are"
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Al Agents ANTHROP\C

In >  LLM > | Out
A AR
Query/ ﬁ C;”/ . Read/
Results Response Write
- 5 'y

V/

Retrieval Memory
Tools
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Agent Workflows ANTHROP\C

Pass

_—> LLM Call 2 > LLM Call 3 > | Out
f'
_ 4 Output 2
In > | LLM Call1 4 ‘ Gate
Output1 ’

"> ( Exit

Fail
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The Infamous Tool Call

b
a
\

A

..
SEARCH
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Tool Call Loop

1. Put an LLM inside a while

oop

2. Provide them with access
to the outside world to
perform actions
 Toolcalls

3. Keep looping until the LLM
stops calling new tools
and is done

Tool Executor
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Model Context Protocol (MCP)

Web APIs -

-

Messaging App

=

Database

AL

)
Al Application

ANTHROP\C

Local Filesystem

Standardized protocol for sharing tools
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LLMs are Stateless — No Memory

When you send a prompt
to an LLM, it has no
intrinsic memory of you or
past interactions

To add memory, you must
append previous
interactions to the Context
Window

Every time you submit a
query, you are also sending
all of your previous
interactions within a
session

1
LLM ITSELF: STATELESS : ADDING MEMORY: CONTEXT WINDOW

:
1
: SYSTEM PROMPT
| (Instructions)
| T
; USER INPUT
I (Cunent Query)

. :

[ INPUT ]—[ MODEL ]—)[ OUTPUT] I PREVIOUS TURN 2

I (User + Al)

: :

@ J ~PREVIOUS N
OO : ... (User+ Al)
: @ )
' 9
I
NO MEMORY OF PAST : CONTEXT WINDOW
INTERACTIONS : (Rall Inpito =)

1

MEMORY IS APPENDED TO INPUT

'

LLM PROCESSES ALL TEXT IN
CONTEXT WINDOW AT ONCE

Generates next response based
an in entire provided context
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Context Engineering

e The state (i.e., context WindOW) ANATOMY OF THE LLM CONTEXT WINDOW
contains all information being
sent to the LLM &5 com%wmoow\
« Often TM tokens or 1,500 pages svsrew prower
of text! >
* HOWEVER
« Too much information leads Lo
to context rot (D ..REVIOUNN
» Context engineering is the T et y
process of manicuring quality S
context appended here

The LLM processes all this text together to
generate to response.
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Retrieval-Augmented Generation (RAG)

»  Pipeline for retrieving &5 CONTW.NDOD
. Q0!
quality knowledge from —————

databases "”S‘S{S“’
« Semantic search of r— T o
SEARCH 3| INFORMATION |, (Previous Turns:

vector databases s User 8.4 o
 Excellent for searching

research papers for =% domti
C O n t ext ! KNOWLEDGE DATABASE : :‘ j

Extemnal, up-date information ,l\

« When provided as an MCP GENERATED RESPONSE

Based on the provided context, Ada

Who was Ada

LLM
(Stataless
RETRIEVED KNOWLEDGE Model)

* Born 1815
| = Daughter of Lord Byron |
* First computer progranmer

rmathematicy was a British mathestior,

server, the LLM can search G g
the database to ‘learn’ new
information in

milliseconds!
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