
The Matrix Has You!
How Generative AI Is Designing the Molecules We Can't Yet Imagine

From active learning to generative chemistry: the next frontier for PFAS-free DWR
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•  The regulatory clock is already ticking: as of 2025–2026, 18+ U.S. states have 
 enacted PFAS textile bans, with California and New York bans live since 

 Outdoor apparel for severe wet conditions faces its own deadline in 2028. The 
 compliance window is narrowing.

•  Paper #4 (Moneyball for Materials) established that AI is most valuable when 
 it makes rigor scalable; prioritizing experiments, predicting robustness, and  
 capturing institutional memory. This paper takes the next step: generative AI 
 doesn't just optimize within a known chemical space. It proposes candidate 
 molecules that chemists haven't considered yet.

 and supervised ML explore the space you've already mapped. Generative 

 molecular structures from scratch, constrained by desired properties: water 
 repellency, wash durability, low toxicity, no persistent fluorine.

•  IBM Research's MatGFN-PFAS and academic work using MolHGT+ (a hybrid 
 graph neural network) demonstrate that AI can now propose fluorine-free or 
 reduced-fluorine alternatives while explicitly optimizing for low bioaccumulation 
 and low hepatotoxicity, not just functional performance.

•  The synthesizability gap is closing. New frameworks like SynFormer (PNAS, 2025) 
 ensure that every AI-generated molecule comes with a viable synthetic 
 pathway thus bridging the gap between in silico design and what can be 
 made in a lab.

•  The practical playbook: combine the active learning loop from Paper #4 with 
 generative pre-screening. Use generative AI to propose novel PFAS-free DWR 
 candidates  filter for synthesizability and toxicity enter the active learning 
 loop for formulation and process optimization validate at mill scale.
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Mandatory, Not Optional

1.

Current Regulatory Landscape

Exhibit 1. Selected PFAS restrictions impacting textile DWR as of early 2026. Sources: MultiState (2026), 
Trimco Group (2025), Morgan Lewis (2024–2026), Arnold & Porter (2025).

STATE

CALIFORNIA

REGULATION

Ban on intentionally added PFAS in all textile articles 
(AB-1817)

WHEN

Jan 2025 (100 ppm); 
Jan 2027 (50 ppm)

NEW YORK Ban on PFAS in all new apparel; outdoor/severe-wet 
exemption ends 2028

Jan 2025

EU (REACH) Jan 2026

MINNESOTA PFAS ban in fabric treatments, textile furnishings; 
reporting due Jul 2026

Jan 2025 / Jul 2026

NEW MEXICO Full product PFAS ban including textiles 
(unless unavoidable use)

Jan 2028 —> 2032

18+ U.S. STATES ~200 PFAS bills introduced annually; patchwork of bans, 
labeling, reporting

2026–2032 wave

FEDERAL (EPA/TSCA) PFAS reporting rule; federal compliance moderated 
but state laws accelerating

Ongoing; 
2026 reporting deadlines



Paper #4 described AI as a better scout; one that tells you which experiments 

space you already know. It proposes addresses in neighborhoods that don't 
exist on your current map.

This matters for PFAS-free DWR because the challenge is not just reformulation. It is molecular 
invention: finding polymers and surface-active agents that deliver comparable water-repellency 

candidates that satisfy all constraints simultaneously - performance, durability, processability, 
low toxicity, regulatory compliance, and cost - may not exist in any existing ingredient library. 
They may need to be designed.
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2.
From Optimization to Invention: 
The Generative Step-Change

Exhibit 2. Generative AI architectures and their relevance to PFAS-free DWR design.

Encode molecules into 
continuous latent 
space; decode new 
structures by sampling

Variational Autoencoders (VAE) Navigate fluorine-free 
polymer space; 
interpolate between 

Mature

Represent molecules 
as graphs; generate 
atom-by-atom or 
fragment-by-fragment

Graph Neural Networks 
(GNN) + generative

Used in MatGFN-PFAS (IBM) 
and MolHGT+ 
to design low-toxicity 
PFAS alternatives

Mature

Iteratively denoise random 
structures into 
valid molecules; 
controllable properties

Strong property-conditional 
generation; 
increasingly applied 
to materials

Emerging

Learn a stochastic policy 
to sample diverse, 
high-reward molecules

GFlowNets 
(Generative Flow Networks)

IBM's MatGFN-PFAS used 
GFlowNets to 
generate PFAS replacements 
with low toxicity

Active research

Generative models 
constrained to 
synthesizable 
chemical space 
(PNAS 2025)

SynFormer / Synthesis-constrained 
generation

Every candidate comes 
with a viable 
synthetic route — 
critical for manufacturability

Emerging

Transformer models 
trained on 
SMILES/SELFIES molecular 
representations

LLM + Chemistry 
(Chemical Language Models)

Property prediction (MolFormer); 
natural language-driven 
molecular design

Maturing

The generative AI toolkit for molecular design
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The Proof Points: 
What Generative AI Has Already Done 
for PFAS and Materials

IBM Research MatGFN-PFAS (2024): 
IBM deployed GFlowNets combined with the MolFormer chemical language model to 
generate non-toxic alternatives to PFAS superacids. The system used two design strategies: 
Tversky similarity (generating molecules structurally like PFAS but with reduced toxicity) and 
direct property optimization (molecules with target functionality but no fluorinated backbone). 
This is the closest existing proof point to PFAS-free DWR molecular design.

MolHGT+ for Environmentally Friendly PFAS Design (ScienceDirect, 2024): 
A hybrid deep learning architecture combining heterogeneous graph neural networks 
with transformer-like attention was used to predict surface tension, bioaccumulation, and 
hepatotoxicity. Virtual screening identified that siloxane groups and betaine fragments can 
preserve low surface tension while substantially reducing both bioaccumulation and toxicity — 
directly relevant to water-repellent finishes.

SynFormer: Synthesizable Generative Design (PNAS, 2025): 
A generative framework ensuring every proposed molecule has a viable synthetic pathway. 
The persistent failure mode for generative AI in chemistry has been proposing molecules that 
cannot be made. SynFormer closes this gap, making AI-designed candidates actionable.

Self-Driving Labs and Closed-Loop Validation (Nature, 2023; Chemical Reviews, 2024): 
Autonomous laboratory platforms now combine AI-proposed synthesis routes with robotic 
execution and property measurement. The generative design —> synthesis —> testing loop is 
no longer purely theoretical — it is being operationalized, particularly in academic and 
pharma settings.

Nobel Prize validation (2024): 
The 2024 Nobel Prize in Chemistry was awarded for breakthroughs in protein structure 
prediction and AI-designed proteins (AlphaFold; David Baker's work on de novo protein 
design). The signal: AI-driven molecular design has crossed from research curiosity to 
validated scientific methodology.

IBM Research MatGFN-PFAS 
(2024)

MolHGT+ for Environmentally Friendly 
PFAS Design
(ScienceDirect, 2024)

SynFormer: Synthesizable Generative Design 
(PNAS, 2025)

Self-Driving Labs and Closed-Loop Validation 
(Nature, 2023; Chemical Reviews, 2024)

Nobel Prize validation 
(2024)
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The Integrated Playbook: 
Generative Design Meets the Active Learning Loop

4.

5.

What Makes PFAS-Free DWR a Hard (and Interesting) 
Generative Design Problem
Not all molecular design problems are equally amenable to generative AI. PFAS-free DWR is 
harder than drug discovery in some ways, and more tractable in others.
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Most coatings teams are not equipped to build GFlowNets from scratch. 
The practical question is where to get the highest ROI from generative AI 
given available resources.

If you have Paper #4's MVD and active learning loop in place: 
Add a generative pre-screening layer.
Use existing open-source tools (RDKit, open-access VAE models, MolFormer) to propose novel 
non-fluorinated candidates and filter by predicted toxicity before entering the wet lab. 

If you are starting from scratch: 
Do not skip to generative AI. 
Build the MVD and data discipline from Paper #4 first. Generative models amplify what is 
already known; they cannot compensate for an absence of structured performance data.

If you have regulatory pressure and a short timeline: 

(fluorine-free polyurethanes, dendrimer waxes, silicone-polysiloxane hybrids). 
This is lower-risk than de novo design and faster than brute-force screening.

If you have a long-horizon product development mandate: 
Invest in a true generative pipeline.
Define your property targets, build or license a property prediction model for DWR-specific 
outcomes, combine with a synthesis-constrained generative model, and create a patent 
strategy around novel structures. This is the competitive moat of the next decade.

7.
The 80/20 for Generative AI in PFAS-Free DWR

6.

It cannot replace wet chemistry expertise.
Generative models propose structures. A materials chemist must evaluate whether the 
proposed structure is compatible with textile processing, emulsifiable at use concentrations, 
and stable under curing conditions. AI and chemist are collaborators, not substitutes.

Training data quality is still the bottleneck. 
A generative model trained on undocumented historical data will reproduce the biases and 
blind spots of that data. The MVD from Paper #4 is not optional; it is the foundation that makes 
generative AI useful rather than misleading.

Novel molecules need novel regulatory pathways. 
A truly new molecular structure has no regulatory history. This is a feature (patent protection) 
but also a cost (toxicology studies, registration). Build the regulatory timeline into your AI 
roadmap from the start.

Synthesizability at commercial scale is a separate problem. 
SynFormer-style constraints help, but academic synthesizability and commercial-scale 

are not the same.

Multi-objective optimization is still hard. 

models handle this better than random search, but the Pareto frontier is rarely clean. Explicit 

The Honest Constraints: 
What Generative AI Still Cannot Do
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Looking Forward: The 18-Month Window

8.
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