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the topic of Machine Learning and Symbolic Integration. The work is either already published,
or submitted for review, as referenced below.

Introduction

We will summarise a recently concluded PhD project at Coventry University that was sponsored
by the software company Maplesoft. The overall task was to provide guidance to the user-level
int command for symbolic integration in the Maple computer algebra system. That command
is actually a meta-algorithm which can call from a range of sub-algorithms. At the start of
the project Maple would try these sub-algorithms in turn until one succeeded (in some cases
checking guard code that could quickly conclude if an algorithm would fail). The hypothesis of
the project was that Machine Learning (ML) could better guide the choice of sub-algorithm for
a given instance. Following the priorities of Maplesoft, we optimised for the size of the output
rather than the time taken to produce it. We summarise some of the key lessons learned.

The importance & challenge of datasets for ML training in symbolic computation

We started using the data generation methods of [7], but quickly found these to contain hid-
den biases and shortcomings: much effort was spent reverse engineering established symbolic
computation methods to form new data generators, as summarised in [2, 3].

The importance of independent datasets for validating the quality of ML models

It is well-established ML practice to have different datasets for testing and training; but in
the case where data is being generated synthetically this is not sufficient — to build trust in
the outputs we must validate them on data other than from those generators. We used an
independent test set from Maplesoft to uncover in [1] and then fix in [4] shortcomings in our
models that would otherwise have not been detected.

Appropriate embeddings for mathematical expressions

Our initial work in [5] used sequential transformer models to process mathematical expressions,
similar to [7]. While these showed strong performance on the synthetic data their generalisation
to independent data was weaker than hoped for. We discovered that using tree embeddings

offered superior results and generalisation for both LSTM [1] and transformer models [4].

Experimenting to find the optimal architecture

We experiments in framing the problem using a range of paradigms: e.g. classification on
whether a method is optimal; regression to predict output size. Such traditional paradigms
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were challenged by the imputation problem: how to treat data instances were a particular
sub-algorithm failed (which is a common occurence in the dataset).

We discovered that the optimal architecture was a two stage approach: we first trained
classifiers on the simpler problem of predicting whether a given method could tackle a problem
(effectively replacing the guard code for the methods which had it in Maple, and providing
guard code for those which did not [5]); and then trained ranking models to order the methods
on output size, but enforcing the ranking of methods predicted admissible above those not [4].

Summary

Taken together, these lessons led us to propose in [4] a two-stage architecture tree-transformer
solution as the state-of-the-art for the problem. We hypothesise that many of these lessons
above may be useful for similar problems of ML optimisation in symbolic computation.

We finish by noting recent work on an adjacent but different problem: the formation of a
sequence of integration rules to evaluate an integral similar to how this would be tackled by
hand. The problem was previously approached with supervised learning in [8]. In contrast to
the work surveyed here, this problem involves iterative decisions on rules and so we proposes
the first reinforcement learning approach in [6]. It remains to be seen whether the results in [6]
can be improved by utilising some of the lessons surveyed here.
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