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Abstract
Generative models now produce valid, novel and often synthesisable molecular structures in large numbers, and several have contributed to compounds that reached experimental testing. The attention this has attracted tends to settle on the generator, as though the hard part of molecular design were the proposing of structures. This perspective argues the opposite. The capacity to enumerate candidates has become abundant, while the capacity to specify what should be enumerated has not, and that specification is a medicinal chemistry task that no current model performs. A generative run is defined by its scoring function, its constraints and its starting point, and each encodes judgements about which target to pursue, which selectivity matters, what metabolic liability is tolerable in the intended indication, and which measured property the team is willing to trade away. Models optimise what they are given, so a poorly posed objective produces compounds that score well and mean nothing. The article sets out the argument, takes seriously the counter-case that models will absorb these judgements as data accumulate, and draws implications for how design projects are organised and how medicinal chemists are trained. The claim is not that automation has been oversold, but that its value depends on a skill the field has not systematically taught.
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1. Introduction

In the space of a few years, generating molecular structures stopped being difficult. Recurrent networks trained on known compounds produce valid structures and can be focused on a chemical series (Segler et al., 2018a). Variational autoencoders map structures into a continuous space in which optimisation can be carried out (Gómez-Bombarelli et al., 2018). Reinforcement learning steers a generator towards a desired profile (Olivecrona et al., 2017). The outputs are valid, largely novel, and increasingly synthesisable, and a widely discussed study reported a kinase inhibitor designed with such methods and tested in animals within a few weeks (Zhavoronkov et al., 2019).

The enthusiasm that followed centred on the generator, as if proposing structures had been the obstacle. It was not. Chemists have never had difficulty drawing molecules; the difficulty has always been in deciding which molecules are worth making, and that decision is made before a generator is started, in the objective it is given. This perspective argues that the design question, not the generative engine, now limits what these methods deliver, and that posing it well is a medicinal chemistry skill which the current organisation of projects neither rewards nor teaches.

2. What the Models Actually Optimise

Every generative run is defined by three things: a scoring function, a set of constraints and a starting point. The model searches for structures that score well under the function, within the constraints, from where it was told to begin. It has no access to anything outside that specification. If the score rewards predicted affinity for a single protein, the model will find structures that the affinity predictor likes, including structures that exploit the predictor's weaknesses. If a synthesisability term is added, using a heuristic such as the fragment-based accessibility score of Ertl and Schuffenhauer (2009) or a learned estimate of complexity (Coley et al., 2018), the output becomes more makeable but no more relevant.

This is not a criticism of the models; it is their nature as optimisers. The point has been made from within the field. Walters and Murcko (2020) observed that the published demonstrations rarely show that a generative method found something a competent chemistry team would not have, and proposed comparisons that would settle the matter. Benchmarks such as those of Brown et al. (2019) and Polykovskiy et al. (2020) measure validity, novelty, diversity and the ability to hit a stated objective. They cannot measure whether the objective was worth hitting, because that depends on the project and not on the model.

Table 1 illustrates the pattern across several ways a design question is commonly posed, the quantity the model then optimises, the failure that results, and what a chemist contributes when the question is set more carefully.

Table 1: How the posing of a design question shapes what a generative run returns	Question as posed	What the model optimises	Characteristic failure	Chemist's contribution
	Make potent binders of this protein	A single predicted affinity	Exploits the predictor; ignores selectivity	Names the off-targets that matter
	Improve this property profile	A weighted sum of predictions	Optimises the weights, not the project	Sets what may be traded for what
	Find novel scaffolds	Distance from the training set	Novel and unmakeable, or novel and known-bad	Distinguishes useful from merely new
	Keep it synthesisable	A complexity heuristic Ertl and Schuffenhauer, 2009	Easy chemistry, irrelevant compounds	Judges route risk against value
	Match known actives	Similarity to the training series	Reproduces the series and its liabilities	Decides when to leave the series
	Maximise ligand efficiency	A ratio metric Hopkins et al., 2014	Small fragments with no prospects	Fixes the stage at which it applies


3. The Argument: Specification Is the Scarce Skill

Posing a design question well requires knowledge that is tacit, project-specific and largely unwritten. It means knowing which selectivity ratio against a related enzyme is a genuine safety requirement and which is a habit of the therapeutic area. It means knowing that a basic amine will be tolerated in one indication and not in another, that a particular metabolic soft spot can be left alone because the intended dose is low, that a measured potency in one assay should be discounted because the substrate concentration is far from physiological. These are the judgements that make a design objective correspond to the problem the project actually has. Figure 1 places the two dimensions, the capability of the tool and the sharpness of the question, against each other, and the region of interest is the one where both are high.
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The attrition literature supports the emphasis. Candidates fail predominantly for lack of efficacy and for safety findings rather than for want of potency (Waring et al., 2015), and the long decline in research productivity has been attributed in part to screening and design systems that answer the wrong question efficiently (Scannell et al., 2012). A generator optimising predicted affinity accelerates exactly the part of the process that was never the bottleneck. Bender and Cortés-Ciriano (2021) make a related point when they distinguish what artificial intelligence has demonstrably achieved in drug discovery from what has been claimed on its behalf, and locate most of the gap in the framing of problems and the quality of data rather than in the algorithms.

There is a further consideration specific to optimisers. Any sufficiently strong search will exploit the weaknesses of its objective, finding structures that satisfy the letter of the score while violating its intent. Protecting against that requires someone who can look at a proposed molecule and see what is wrong with it for reasons the score does not contain, which is a description of an experienced medicinal chemist. The skill is diagnostic as much as creative, and it is exercised after the run as well as before it.

4. The Counter-Case

The strongest argument against this position is historical. Chess and protein structure prediction were both held to require irreducible human judgement until models absorbed enough of it from data, and structure prediction in particular now operates at a level that has changed how structure-based design begins (Jumper et al., 2021). Retrosynthetic planning, long treated as the preserve of trained intuition, has been performed competitively by learned systems (Segler et al., 2018b). If route design can be learned, the argument runs, so can objective design, once enough project histories are recorded in a usable form.

The counter-case has force, and the response is not that design judgement is mysterious. It is that the data needed are of a kind the industry does not generate. Chess offers unlimited self-play and structure prediction a large public archive of solved structures. The record of which design objectives were correct is held in failed internal programmes, is rarely published, is seldom documented in a form that survives the reorganisation of a department, and accumulates at the rate of a few terminated projects per company per year. Schneider et al. (2020) set out what would have to be built for autonomous design to work, and the list is dominated by data infrastructure and closed experimental loops rather than by better generators.

A second line of counter-argument holds that the question matters less when synthesis and testing are cheap, because a poorly specified run can simply be tested and corrected. Automated synthesis and screening have made some of this feasible, and the identification of an antibacterial compound by screening a large virtual library with a trained classifier shows what throughput can do when the property of interest is directly measurable (Stokes et al., 2020). But most properties that decide a programme, chronic tolerability above all, are not measurable at that speed or cost, and for those the specification cannot be replaced by iteration.

5. Implications for Practice and Training

If specification is the scarce input, three things follow for how projects are run. The scoring function deserves the scrutiny that a synthetic route receives: written down, justified term by term, reviewed by the team, and revised explicitly when the project's understanding changes, rather than inherited from a previous programme. The chemists who hold the relevant judgement should be involved in constructing it rather than presented with the output of a run, which also addresses the common complaint that generated compounds look unappealing to the people asked to make them. And negative results should be recorded in a form that captures the objective in force at the time, since that is the only way the data needed for the counter-case will ever exist.

For training, the implication is a shift in emphasis. Medicinal chemistry teaching has long centred on the properties of molecules, with the influential property-based analyses of Leeson and Springthorpe (2007) shaping what students learn to look for. That remains necessary, but it is no longer sufficient. Students should also be taught to construct and criticise objective functions: to say which property predictions are reliable enough to optimise against, how to weight competing terms, how to encode a constraint that is really a hard requirement, and how to detect that an optimiser has gamed a score. These are teachable skills, they belong in a computational laboratory alongside the mechanics of running a model, and at present they are mostly acquired by accident.

6. Conclusion

Generative chemistry models have made the proposing of molecules abundant and, in doing so, have made the posing of design questions the limiting step. The models optimise what they are told to optimise, and the content of that instruction, which target, which selectivity, which liability is tolerable, which property may be traded, comes from medicinal chemistry judgement that is neither encoded in the training data nor measured by current benchmarks. That may change if the record of past programmes is ever captured systematically, and the field should work towards it. Until then, the useful question is not whether these models will replace medicinal chemists, but whether projects are set up so that the chemists' judgement reaches the objective function at all.
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