Minimizing the EXA-GP Graph-Based Genetic Programming
Algorithm for Interpretable Time Series Forecasting

Jared Murphy
jmm2188@rit.edu
Rochester Institute of Technology
Rochester, New York, USA

ABSTRACT

This work provides a modification to the Evolutionary eXploration
of Augmenting Memory Models (EXA-GP) graph-based genetic
programming (GGP) algorithm, enabling it to produce time series
forecasting (TSF) equations that are vastly more simple and inter-
pretable than the original implementation without heavily compro-
mising on predictive ability. This is accomplished by eliminating a
majority of all the trainable constants and initializing the algorithm
with a seed computational graph in the form of using a parameter’s
value at time ¢ as the forecast for the parameter’s value at time ¢ + 1.
This minimal version of EXA-GP (EXA-GP-MIN) is compared to
EXA-GP and EXAMM, a full blown neuroevolution algorithm for
evolving recurrent neural networks for TSF, on a suite of six real
world benchmark problems, with MIN-EXA-GP showing the best
forecasting ability on four of the six benchmarks with significantly
more interpretable genetic programs.
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1 INTRODUCTION

Time series forecasting is an essential tool used in a diverse set of
domains. This has spawned a wide range of approaches including
statistical methods such as ARMIA and VAR [4], machine learning
methods based on recurrent neural networks (RNNs) [5] and more
recently, transformer based models [21]. Given the complexity of
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designing neural networks for time series forecasting, neuroevo-
lution [13] and neural architecture search [15] have also become
popular.

Unfortunately, neural network models tend to be black box sys-
tems which make them difficult to explain and interpret. In re-
sponse to this, genetic programming (GP) has emerged as a pow-
erful method for designing explainable Al systems [1, 2, 10], with
Cartesian [11] and graph based genetic programming [6] (CGP and
GGP, respectively) in particular being developed for time series
forecasting [19].

Recently, a new GGP algorithm called the Evolutionary eX-
ploration of Augmenting Genetic Programs (EXA-GP) was pro-
posed [12]. EXA-GP replaces the library of recurrent memory cells
in the Evolutionary eXploration of Augmenting Memory Models
(EXAMM) neuroevolution algorithm [13] with a set of standard
genetic programming operations, with the goal of evolving more
explainable genetic programs for time series forecasting. EXA-GP
creates and evolves computational graphs in the form of RNN’s,
and leverages the fact that its set of simple GP operations are dif-
ferentiable by using backpropagation to train a complex network
of additive and multiplicative constants in the form of weights and
biases. While EXA-GP in its current form has been shown to create
more explainable genetic programs that perform comparably to
state of the art memory cell networks at time series forecasting,
they still are lacking in interpretability.

In order to minimize the complexity of equations generated, and
to further investigate the trade off between predictive capability
and model interpretability, this work examines modifying EXA-GP
into a minimal version (EXA-GP-MIN) when nearly all trainable
constants are eliminated. Using six real world, noisy, multivariate
time series forecasting benchmark problems, we evaluate EXA-
GP-MIN against its original implementation, as well as the more
complex EXAMM neuroevolution algorithm. Results show that
when model constants are restricted to a an additive bias in the sum
operation and a multiplicative bias in the product operation, and
when an appropriate computational graph is used as the starting
point for the evolutionary process, EXA-GP-MIN is not only capable
of producing significantly more interpretable genetic programs with
minimal constants, but also, that for four out of the six benchmarks
it even provides more accurate forecasts.

2 EXAMM, EXA-GP AND EXA-GP-MIN

EXAMM is a neuroevolution algorithm that evolves and trains
recurrent neural network (RNN) architectures for time series fore-
casting [13]. It can select neurons from a suite of complex memory
cells (LSTM, GRU, MGU, UGRNN and A-RNN cells), simple nodes
with standard activation functions (tanh, sigmoid, identity), edges,
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and potentially deep recurrent edges as building blocks for RNN
evolution. Through a series of mutation and crossover operations,
computational graphs in the form of RNN’s are evolved and trained
in parallel on various real world data sets. The result is a powerful
methodology for generating black box RNN’s that optimize for
predictive power over interpretability.

In order to design computational graphs that were more ex-
plainable, the Evolutionary eXploration of Augmenting Genetic
Programs (EXA-GP) was proposed [12], which modifies the nodes
available in EXAMM to include simple, differentiable GP functions
with trainable constants (weights and biases), replacing the complex
memory cells. In doing this, EXA-GP leverages the performance of
EXAMM, such as the use of backpropagation and multiple islands
with repopulation events [9], to create a powerful GGP algorithm
which uses GP functions such as sin, cos, tanh, sigmoid, inverse,
sum and product. EXA-GP produces computational graphs that
can be trained with backpropagation, as the error signal can be
propagated backwards through these nodes, which allows for more
effective use of ephemeral constants.

While these trainable constants contribute significantly to EXA-
GP’s ability to generate effective solutions, it comes at a cost to
graph interpretability. The EXA-GP node library consisting of sim-
ple GP functions does allow for computational graphs to be exported
as functions, however, EXA-GP still has a tendency to create com-
plex solutions beyond the scope of practical interpretation (as an
example, see Figure 2).

In an effort to move towards more interperatable computational
graphs, in developing EXA-GP-MIN', we eliminated all trainable
multiplicative and additive constants (edge weights and node biases)
except for two types. The first is a trainable bias term by, added
to each sum function, and the second is a trainable bias term b4
that scales each product function. Given x1, ..., x, as n inputs to an
operation, EXA-GP-MIN functions are now:

Sin(x1, ..., xp) = sin(xy + ... + x,) (1)
€08(X1, .. Xp) = coS(X1 + ... + Xp) )
tanh(xi, ..., xp) = tanh(xy + ... + x) 3)

. . 1
Slngld(Xl, ...,x,,) = 1+exl—++xn (4)

1
inverse(xy,...,xp) = —— 5
(1. Xn) X1+ .+ Xy ©)
sum(xy, ..., xp) = (x1 + ... + xp) + bsum 6)
product(x1, ... xn) = (X1 * ... ¥ Xn) * bprog 7)

All edge weights in the EXA-GP-MIN computational graphs,
which were trainable in EXAMM and EXA-GP, are held fixed at
1.0 (and thus can be eliminated from the computational graph).
The biases in the sum and multiply functions (bsum and by,oq)
are initialized using the Xavier method [3], and are the only pa-
rameters trained using backpropagation. With these modifications,
the Lamarkian approach for weight inheritance [8] was no longer
necessary and is eliminated.

EXA-GP and EXAMM are typically seeded with a fully connected
graph that expresses the output parameter as the simple sum of the
input parameters and a potential activation function. This works

'EXA-GP’s source code has been made publicly available as part of the EXAMM
repository at https://github.com/travisdesell/exact.
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in practice when many trainable constants are present, however,
when nearly all weights and biases have been eliminated, EXA-GP
has trouble finding optimal solutions given this seed type. Further,
when provided the fully connected seed type, this new version of
EXA-GP fails to even find the x;+1 = x; trivial solution, which
simply uses the previous value of the parameter as its forecast. This
is significant, as while this is a trivial solution, it can be extremely
challenging for time series forecasting methods to reach or beat.
This is especially the case for highly noisy data, as it is the optimal
solution when the time series is purely random. Highlighting this
issue, in prior work on EXA-GP, it was shown that other state-of-
the art GP and CGPAN methods for time series forecasting get stuck
at the trivial solution and are unable to find better solutions [12].

In order to mitigate this issue, EXA-GP is instead provided a
seed graph of %41 = x;, with other potential inputs present but
not connected. Given the initial seed computational graph, this
new version of EXA-GP quickly finds novel and better performing
graphs for time series forecasting.

3 DATASETS

This work utilizes three challenging noisy, non-seasonal, multivari-
ate datasets from real world systems (aircraft, wind turbines and
a coal fired power plant) as benchmarks for time series forecast-
ing. All data for these datasets was pre-normalized using min-max
scaling within the range [0 — 1]. These datasets, including the pre-
processed normalized versions, have been made publicly available
for reproducibility and further study'. Two parameters for forecast-
ing were selected from each, which were Supplementary Fuel Flow
and Main Flame Intensity from the coal burner dataset, Pitch and
Engine 1 Cylinder Head Temperature 1 (E1 CHT1) from the aviation
dataset, and Average Converter Torque (Cm_avg) and Average Power
(P_avg) from the wind turbine dataset. In total this resulted in six
benchmark problems, as genetic programs were evolved separately
to predict each of these parameters.

4 RESULTS

Figure 1 shows the performance of EXA-GP-MIN to EXA-GP and
EXAMM (note the logarithmic y-axis). In previous work [12], three
modern GP frameworks (Jenetics [20], EC-KitY [16, 17], GPLearn [7,
14, 18]) and RCGPANN from the CGP-Library [19] were evaluated
on these benchmarks and all failed to find solutions improving
over the trivial ;41 = x; solution (denoted as the dotted red line
on each plot), so these represent state of the art results on these
benchmarks.

Results for EXA-GP-MIN are impressive, finding the best forecast-
ers across four of the six benchmarks (Supp_Fuel_Flow, Cm_avg,
E1_CHT1, and P_avg). EXA-GP-MIN was also able to find a GP
improving on the trivial solution for E1_CHT1 which all previous
methods were not able to do. These results do show improvements
in forecasting (even though the mean squared error values are small)
as they are across long validation datasets (typically thousands of
time steps). We also see a notable result of seeding EXA-GP-MIN
with the trivial solution - across all benchmarks it was able to im-
prove over the trivial solution and not get stuck in local minima
prior to this.
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Figure 1: Algorithm performance (Test Dataset MSE) across the 6 benchmark problems. Note that the y-axis is logarithmic.

To highlight the improvement in interpretability, Figure 2 presents
the best found GP for E1_CHT1 by EXA-GP. While this is technically
more explainable than the RNNs evolved by EXAMM, it is a far
cry from being interpretable. This can be contrasted to Figure 3
which is the GP evolved by EXA-GP-MIN for E1_CHT1. Not only did
this significantly improve on forecasting ability, it is significantly
more interpretable. Looking at the selected parameters in the GP, it
consists of the previous value of E1_CHT1 added to a combination
of E1_CHT4 (the fourth cylinder head temperature for the same
engine), E1_0ilT (engine 1 oil temperature), E1_EGT2 and E1_EGT4
(engine 1 exhaust gasket temperature for the gaskets of cylinders 2
and 4), OAT (the outside air temperature), IAS (indicated airspeed),
LatAC (lateral acceleration) and ALtGPS the aircraft’s altitude — all
of which reasonably would effect the head temperature of an air-
craft’s engine’s cylinders. In particular this parameter is well known
to be strongly correlated to other cylinder head temperatures and
exhaust gasket temperatures, as well as the outside air temperature.

Due to space constraints, the other evolved GPs are not shown,
however Table 1 summarizes the total number of functions and
operations used by the best found GPs by EXA-GP and EXA-GP-
MIN across the six benchmarks, showing a reduction in complexity
across all datasets. An additional interesting observation was that
EXA-GP-MIN made strong use of the multiply operation (which cre-
ates a product of all its inputs multiplied by a bias). This potentially
suggests that having multiply nodes may be useful in improving
the performance of EXAMM RNNs for time series forecasting.

5 CONCLUSION

This paper introduces a minimal version of the Evolutionary eXplo-
ration of Augmenting Genetic Progams algorithm, EXA-GP-MIN,

which provides a significant advancement over the earlier version
of EXA-GP. It does this by minimizing the number of trainable pa-
rameters coupled with the use of a more intelligent seeding strategy,
which utilizes a network initialized to the trivial (but hard to beat,
strong local minimum) solution of using the previous parameter
values as the forecast, X;+1 = x;. We show that on a suite of six
challenging real world time series forecasting tasks, EXA-GP-MIN
can produce computational graphs that are more interpretable than
those produced by EXAMM and EXA-GP, while rarely compromis-
ing on performance.

This work opens up some interesting avenues for future work.
In particular, for two of the six benchmarks, EXAMM still provided
the best forecasts, therefore in some cases (e.gMain_F1m_Int), the
TSF problem may be challenging enough that additional complexity
is required. Exploring new methods for adaptation to allow EXA-
GP-MIN to evolve more complicated layer based operations in a
way that still provides interpretability could further advance the
algorithm. Additionally, seeding the evolutionary strategy with
the trivial solution also provided significant benefit. Adding this
capability to EXAMM and EXA-GP to compare if and how it im-
proves their performance would be interesting. Other GGP and
CGP methods could also utilize similar strategies in order to evolve
better TSF GPs. EXA-GP-MIN was also shown to heavily utilize
our multiply node operation, which could also potentially be used
in EXAMM to impove its performance. This work also highlights
the importance of utilizing backpropagation in graph-based genetic
programming algorithms to more effectively learn constants, which
in part enables EXA-GP-MIN to achieve its performance even while
remaining minimal in the amount of trainable parameters.
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Ho

E1_CHT1 Pitch Main_Flm_Int | Supp_Fuel Flow Cm_avg P_Avg
EXA-GP | MIN | EXA-GP | MIN | EXA-GP | MIN | EXA-GP | MIN | EXA-GP | MIN | EXA-GP | MIN
tanh 2 0 1 0 2 0 3 0 2 0 1 0
cos 0 0 1 1 3 0 0 0 1 0 4 0
sin 1 0 0 1 2 2 0 0 1 1 0 0
sigmoid | 1 1 1 0 0 0 0 1 2 0 1 0
inverse | 0 0 0 2 1 0 0 0 1 0 2 0
+ 91 9 68 13 105 20 44 45 69 10 104 3
X 90 12 87 9 136 40 49 6 74 27 127 28

Table 1: A count of the different functions and operations used in the best evolved GPs by EXA-GP and EXA-GP-MIN.

+ o+ 4+ o+ + o+ o+

tanh((ET_CHT1 * -2.896758) + (LatAc * ©.707578) + (WndDr * 0.017360) + (Roll * ©.232571)
(E1_0ilT * ©.177733) + (VSpd * 0.017354) + (E1_CHT2 % 0.089848) + (E1_CHT4 * 0.082369)
(E1_EGT4 % ©.026312) + (VSpdG(t - 1) * -1.940293) + (ALtGPS(t - 1) % 0.137703)
(ALtB(t - 1) * -0.232408) + (WndSpd(t - 1) * -0.056200) + (E1_FFlow(t - 1) * ©.013382)
(ALtAGL(t - 1) * -0.008922) + (E1_0ilP(t - 1) * 0.081047) + (BaroA(t - 1) * 0.041858)
(IAS(t - 1) * ©.058362) + (E1_CHT2(t - 1) * ©.101083) + (OAT(t - 1) * 0.098187)
(Roll(t - 1) * 0.078951) + (E1_0ilT(t - 1) * 0.091487) + (FQtyR(t - 1) * 0.082324)
(ALEMSL(t - 1) % 0.123922) + (HO(t - 1) % 0.417875) + 0.257591)

H1 = (LatAc * ©.355767) + (WndDr * -0.835061) + (E1_0ilT % 0.025584) + (E1_EGTA(t - 1) * -0.225284)

+

(IAS(t - 1) * -0.865645) + (E1_0ilP(t - 1) * 0.019302) + -1.119541

H2 = sigmoid((ALtGPS * -1.741688) + (E1_CHT3 * 0.368240) + (TAS * -0.598604) + (ET1_EGT2(t - 1) * -1.069433)

H3

+

*

(E1_0ilP(t - 1) % 0.055360) + (E1_CHTI(t - 1) * 0.008021) + -1.743055)
sin((ALtAGL * 1.571885) + (ALtGPS(t - 1) * 0.137199) + (E1_EGT1(t - 1) * -0.342481) + (Pitch(t - 1)
0.286015) + (VSpdG(t - 1) * 0.331632) + (TAS(t - 1) * 0.056812) + (HO(t - 1) * 0.042179) + 1.263766)

E1_CHT1(t + 1) = tanh((ALtAGL x -0.377750) + (ALtB % -0.118642) + (ALtGPS % ©.031915) + (ALtMSL * 0.124256)

(BaroA * -0.140886) + (E1_CHT1 % 1.365681) + (E1_CHT2 % -0.326045) + (E1_CHT3 * -0.316029) + (E1_CHT4

* 0.003660) + (E1_EGT1 % -0.115915) + (E1_EGT2 * 0.034150) + (E1_EGT3 * -0.057577) + (E1_EGT4 * -0.424495)

(E1_FFlow * -0.142562) + (E1_0ilP % 0.001731) + (E1_0ilT % ©.273468) + (E1_RPM x 0.283138)

(FQtyL * ©.071098) + (FQtyR * 0.018481) + (GndSpd * -0.129576) + (IAS * ©.470138) + (LatAc * -0.193395)
(NormAc * -0.319939) + (OAT * -0.211911) + (Pitch % 0.119369) + (Roll * -0.026550) + (TAS * -0.003014)
(VSpd * 0.314015) + (VSpdG * -0.342445) + (WndDr * 0.382570) + (WndSpd * -0.016100) + (HO * -0.558617)
(H1 * 0.040181) + (H3 * -0.022892) + (ALtMSL(t - 1) * ©.037889) + (OAT(t - 1) * 0.207904)

(E1_RPM(t - 1) * -0.012689) + (VSpd(t - 1) * 0.023599) + (VSpdG(t - 1) * -0.062903)

(Rol1(t - 1) % 0.085487) + (E1_EGT4(t - 1) * 0.121840) + (LatAc(t - 1) * 0.150719) + (E1_EGT3(t - 1)
0.071013) + (E1_CHT4(t - 1) * ©.079659) + (HO(t - 1) * ©.079597) + (H2(t - 1) * 0.259861) + 0.462119)

Figure 2: The best genetic program evolved by the EXA-GP algorithm on the E1_CHT1 benchmark.

Ho = sigmoid(ALtGPS + E1_EGT2 + LatAc + TAS + ET_RPM(t - 1) + 0.120529)

H1 = E1_0ilT * HO * IAS(t - 9) * OAT(t - 4) % LatAc(t - 2) * E1_0ilT(t - 3) * -0.019811
H2 = OAT % E1_EGT4 % HO % E1_EGT4(t - 8) x Pitch(t - 10) % E1_EGT2(t - 10) * 0.040420
E1_CHT1(t + 1) = E1_CHT1 + H1 + H2 + HI(t - 5)

Figure 3: The best genetic program evolved by the EXA-GP-MIN algorithm on the E1_CHT1 benchmark, which significantly
outperforms the best found EXA-GP genetic program on the same task.
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