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INTRODUCTION

* Probabilistic modelling approaches are appropriate to develop uncertainty-aware predictive machine learning (ML) models to represent complex chemical processes.
= Gaussian processes’ (GPs) are one of the popular probabilistic modelling approaches.

= The premise of this work is about developing GPs to autonomously synthesize pharmaceutical drug particles in a desired size range in a continuous flow synthesis process.
= Closed-loop experimentation provides an efficient and accelerated approach for the above purpose.

= Active learning?? (AL) can be used as the computational method for closed-loop experimentation to develop reliable GP models.

= Mathematically, AL is an optimization problem of the form:

» max Y(Var(y)), where u is the vector of process inputs; § = f(u); f = GP(mean, covariance); Y (Var(-)) represents a scalar function of the posterior predictive GP variance.
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= The solution of this optimization problem provides the input conditions corresponding to the largest uncertainty in the predictions of the GP model.
» By solving active learning sequentially and updating the GP model by means of closed-loop experimentation, reliable GP models can be developed using limited, real-time informative data.
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METHODOLOGY AND RESULTS
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Fig. 2. Flow sheet of the constraint-adaptive active learning for GP model development. Fig. 3. A feasibility constraint obtained from the classifier solutions in some iterations of the AL, as shown in Flg' 4.
model in one of the iterations of the constrained AL.
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Fig. 4. Gradient-based method leading to a sub-optimal Fig. 5. Causes for the sub-optimal behaviour of the gradient-based methods in the constrained AL. (a) non-smooth objective Fig. 6. A combination of derivative-free and gradient-based
solution in one of the iterations of the constrained AL. function surface, (b) large gradient-norm at the optimal point. methods resulted in good performance of the constrained AL.
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Fig. 7. The outcome of the autonomous GP model development using constraint-adaptive AL. (a) measured drug particle size (labels
represent the experiment number), (b) predictions of the final GP model obtained at the end of the AL iterations.

CONCLUSION AND FUTURE WORK REFERENCES

= We developed and applied constraint-adaptive active learning in a flow
platform to autonomously synthesise drug particles in desired size ranges.

» Gradient-based solvers produced sub-optimal solutions in active learning.
» Coupling derivative-free methods and gradient-based methods allowed
to solve active learning problems effectively.

= Future work will evaluate the platform across a range of drug systems.
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