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Abstract 

Machine learning is rapidly reshaping the field of chemical synthesis, influencing how chemists 

design, plan, and carry out reactions. Yet for many students, the role of artificial intelligence in 

synthesis remains abstract or inaccessible. This article introduces the current landscape of machine 

learning in chemistry, focusing on why these new approaches are emerging and how they 

complement, rather than replace, human creativity. We outline the challenges of traditional 

retrosynthetic planning, describe the rise of AI-driven platforms such as IBM RXN and 

AiZynthFinder, and discuss how they exemplify broader changes in the practice of chemistry. 

Practical “try it yourself” suggestions are included to help students and educators explore these 

developments firsthand. By highlighting both opportunities and limitations, this guide equips 

learners to critically understand the future of synthesis as a collaboration between chemists and 

computational tools.  
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A New Lab Partner: Robots in Chemistry 

Imagine a robot that can work 24/7 in your chemistry lab—no lunch breaks, no distractions, no 

complaints about lab politics. For many of us, the idea of a robot assistant was just a dream during 

those long hours of titration and synthesis, when we wished someone (or something) could do the 

repetitive work for us. We joked that ChatGPT could help with assignments, but it couldn’t hold a 

beaker. At least, we thought, our hands-on skills made us irreplaceable by AI. 

But now, robots are entering our territory—and it’s both exciting and a little unsettling. At the 

University of Liverpool, a mobile robotic chemist autonomously performed 688 experiments in just 

8 days [1,2], discovering photocatalysts that were six times more active than previous ones [2]. This 

kind of achievement would typically take a team of experienced human chemists several months to 

complete. Is this the beginning of “Human vs Robot,” or the start of a new era of “Human and Robot” 

collaboration? 

The Synthesis Struggle: Why Chemistry Feels Like a Maze 
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Figure 1. The Synthesis Maze. 

Every chemistry student knows the frustration of synthesis-staring at a target molecule with no 

GPS to guide you. People outside the lab often think it’s just manual labour—mix A with B, add some 

heat, say ‘Gilly Gilly Hogus Fogus,’ and magic happens. But the real magic doesn’t happen in the 

beaker; it happens in your brain, after hours of failed attempts and endless ‘let’s try this’. 

The truth is, the retrosynthetic search space is an astronomical combinatorial maze [3]. It’s like 

a puzzle where difficulty increases exponentially with each move. At every step, there are more than 

10,000 possible transformations to consider, and with each additional reaction step, the search space 

grows exponentially [3]. Designing a synthetic route for a novel molecule is not just hard—it’s 

overwhelming. It’s like trying to find your way to a new city with only a pile of old, incomplete maps, 

never sure if you’re on the right road. 

Why Human Intuition Isn’t Enough 

Human intuition, as powerful as it is, has its limits. We’re constrained by our experience, the 

equipment available, and sometimes even as silly as scheduling conflicts. The strategies we choose 

are often subjective, shaped by the chemistries we know best [4]. That means we might miss a key 

disconnection or overlook a creative solution simply because it’s outside our comfort zone. 

Traditional approaches to synthesis planning have always suffered from incompleteness, 

infeasible suggestions, and human bias [5]. For students, this means that even after hours of work, 

the “right answer” can feel just out of reach. 

From Rulebooks to Algorithms: The Rise of AI 

As scientists, we can’t just complain about a problem—we need a solution. For the parts of 

synthesis where brainpower isn’t essential, we can delegate the work to machines, just like we use 

calculators for long calculations. But in chemistry, the “calculator” is now much more powerful: it 

can handle multi-directional, complex decisions, and even “think” to a certain extent—that’s what 

we call artificial intelligence (AI). 

In the early days, rule-based expert systems tried to help by encoding chemists’ knowledge as a 

set of rules [3]. These systems, developed since the 1960s, aimed to emulate human retrosynthesis 

planning [6] But they depended heavily on human input, were labour-intensive, and couldn’t 

overcome human bias. Manual encoding of reaction rules required significant effort from many 

experts, and these systems often suffered from incompleteness, infeasible suggestions, and inherent 

bias [7,8]. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 October 2025 doi:10.20944/preprints202510.1196.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1196.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 5 

 

As technology evolved, so did the complexity of synthesis. The more we explored, the more we 

realized how deep and precise the challenges really are. We need a new approach—one that can learn 

from vast amounts of data, spot patterns and trends that are too broad or too subtle for us to see. This 

is where machine learning comes in. 

Machine Learning in Action: Suitable Example 

Take the Molecular Transformer model, for example. It has demonstrated a 90.4% top-1 accuracy 

for reaction prediction and is 89% accurate in classifying whether a prediction is correct (uncertainty 

estimation). It outperforms all known algorithms in the reaction prediction literature and has been 

used by thousands of organic chemists worldwide for more than 40,000 predictions In a study by [9], 

80 random reactions were given to 11 chemists and the model. The Molecular Transformer in the 

same test achieved a top-1 accuracy of 87.5%, significantly higher than the best human (76.5%) and 

the best graph-based model (72.5%). Just like this we have more efficient models like IBM Rxn and 

AiZynthFinder [10] that we can explore. 

 

Figure 2. How AI Fits in the Lab. 

So, can AI outperform humans? In some ways, yes. But the real question is: do we fight it, or do 

we work with it? In the era of Google Maps, we can’t be stuck with an atlas. The atlas is our 

foundation, but to move forward, we need to embrace new tools. 

Try It Yourself: AI Tools for Every Chemist 

And now we don’t need a million-dollar robot to get started. Tools like ASKCOS and 

AiZynthFinder are open-source and free to use. Running them online, upload the molecule, and see 

what synthetic routes they suggest. It’s a bit like having a GPS for synthesis routes—except this one 

gets smarter every time someone uses it. 

Machine learning isn’t just a buzzword anymore—it’s changing the way we do chemistry, from 

the first idea to the final product. And the best part? It’s a tool that’s open to everyone, not just to big 

companies but people like you and me and the next innovation is one click away. 
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The Limits of AI: Why Chemists Still Matter 

No tool is perfect just like us—not even the flashiest AI. Machine learning models are only as 

good as the data they’re fed. The same way if we never truly understand from our failures, we will 

again fail; If the training set is full of “greatest hits” reactions or only the success stories, the AI will 

happily ignore the weird, rare, or just plain stubborn chemistry that often shows up in real research 

[11,12]. Training a model is the same as teaching a toddler, the better you make them prepare for real 

life, all success and failures, the better they would perform 

 

Figure 3. Human vs. AI VS. Human+AI. 

And then there’s the problem of generalization or we can call the “overconfident student” 

problem. Sure, ML can ace the test on familiar molecules, but throw it a truly oddball substrate or a 

reaction that’s never been seen before, and it might give you an answer that makes no sense at all 

[11]. It’s like asking Google Maps for directions in a city where half the streets are missing from the 

map—sometimes you end up in a dead end, or worse, circling the same block, or worst case you fall 

from a half-prepared flyover. The model can’t tell you why a reaction failed, or what to do when your 

TLC plate looks like modern art instead of a single spot. It doesn’t get frustrated, but it also doesn’t 

get inspired. Reinforcement learning works to solve this, but it’s a long way forward 

Let’s not forget: human chemists bring something to the table that no algorithm can replicate—

intuition, creativity, and the ability to spot a “crazy idea” that just might work. We’re the ones who 

notice when a reaction smells off, or when a colour change hints at something unexpected. AI can 

suggest a route, but it can’t improvise when the NMR looks weird or the product refuses to 

crystallize. 

So, for now, the real magic happens when humans and machines work together. AI is a powerful 

tool, but it’s not a replacement for the chemist’s brain—or their gut feeling. The next breakthrough 

will come from those who know how to use both. 

Conclusion: The Next Breakthrough Is You 

The chemistry lab is changing. We’re living through a revolution in chemistry and the whole 

field of science, and it’s happening faster than most of us realize Robots can now run experiments 

while we sleep, and AI can suggest synthetic routes faster than we can flip through a textbook. The 

tools we’ve explored—from IBM RXN to AiZynthFinder—aren’t just research curiosities anymore. 

 
Let’s go to IBM RXN (https://rxn.res.ibm.com/) or ASKCOS (https://askcos.mit.edu/) and enter a simple 

molecule (like aspirin or paracetamol), and see what synthetic routes the AI suggests. Now we can compare 

it to what we find in  textbook or lab manual. [ Try this and You might be surprised!] 
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They’re becoming as essential to modern chemistry from spectroscopy to chromatography to drug 

discovery. 

But the real magic still happens when human curiosity meets machine intelligence. The best 

discoveries will come from those who know how to use both—who can ask the right questions, spot 

the unexpected, and use AI as a tool, not a crutch. AI just made our personalised mini laboratory for 

each of us, but still, we are the lead So, whether you’re just starting out or already deep in research, 

don’t be afraid of the robots. Learn to work with them. The next big breakthrough in chemistry might 

just come from your collaboration—with a little help from your new digital lab partner. 

The lab of the future isn’t human versus machine. It’s human with machine. And that future 

starts with your next experiment. 
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