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What is Symbolic Regression?
• Given a dataset , where  and .


• Find a closed-form equation  that best fits the dataset .


• 


• Here is an example:

D = [(x1, y1), …, (xN, yN)] yi ∈ ℝ xi = [x1, …, xn] ∈ ℝn

ϕ D

ϕ* ← arg min
ϕ∈Π

1
N

N

∑
i=1

Loss(ϕ(xi), yi),

(b) Ground-truth expression ϕ = x1x3 − x2x4
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Current Approaches and Challenges

• Generic programming (GP): learn to find a equation with mutations and matings.


• Reinforcement learning (RL), Monte Carlo Tree Search (MCTS): learns to search a 
equation.


• Deep neural models: learn representation of all similar equations.


Current Challenges:


• The hypothesis space of candidate equations is exponential to the number of input 
variables.


• Current methods is only applicable to problems with a few variables.



Control Variable Genetic Programming (CVGP)

• Build the expression from simple to complex.
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Control Variable Genetic Programming
• Assumption: need a data oracle that can return the controlled variables dataset


• We can iteratively reduce the number of controlled variables.
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CVGP is sensitive to experiment schedules.

• There exists a better experiment schedule 
(i.e., ) among all schedules than the default 
one (i.e., ), in terms of NMSE metric.

π4
π1

10°3 10°2 10°1 100

Normalized Mean Square Error

º1
º2
º3
º4
º5
º6
º7
º8
º9

º10
º11
º12
º13
º14
º15
º16
º17
º18
º19
º20
º21
º22
º23
º24

E
xp

er
im

en
tS

ch
ed

ul
es

default schedule )

(best alternative schedule



10°1 2 £ 10°1 3 £ 10°1 4 £ 10°1 6 £ 10°1

Normalized Mean Square Error

º1
º2
º3
º4
º5
º6
º7
º8
º9

º10
º11
º12
º13
º14
º15
º16
º17
º18
º19
º20
º21
º22
º23
º24

E
xp

er
im

en
tS

ch
ed

ul
es

2 £ 10°1 3 £ 10°1 4 £ 10°1 6 £ 10°1

Normalized Mean Square Error

º1
º2
º3
º4
º5
º6
º7
º8
º9

º10
º11
º12
º13
º14
º15
º16
º17
º18
º19
º20
º21
º22
º23
º24

E
xp

er
im

en
tS

ch
ed

ul
es

10°1 100

Normalized Mean Square Error

º1
º2
º3
º4
º5
º6
º7
º8
º9

º10
º11
º12
º13
º14
º15
º16
º17
º18
º19
º20
º21
º22
º23
º24

E
xp

er
im

en
tS

ch
ed

ul
es

10°2 10°1

Normalized Mean Square Error

º1
º2
º3
º4
º5
º6
º7
º8
º9

º10
º11
º12
º13
º14
º15
º16
º17
º18
º19
º20
º21
º22
º23
º24

E
xp

er
im

en
tS

ch
ed

ul
es



Our idea: Racing CVGP
(1) maintaining multiple experiment schedules rather than one.

(2) allowing promising experiment schedules to survive while letting 
unfavorable schedules early stop. 
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Our idea: Racing CVGP
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Our idea: Racing CVGP

• it is relatively easy to discover following the green schedule


• every change in the expression tree is reasonable

control variables x1, x2

+
x3c1

control variable x1

+
x3×

x2c1

no control variable

+
x3×

x2cos
x1

 (c) Favorable Experiment Schedule πg



Our idea: Racing CVGP
(1) maintaining multiple experiment schedules rather than one.

(2) allowing promising experiment schedules to survive while letting 
unfavorable schedules early stop. 

control variable x1 no control variablecontrol variables x1, x2

+
x3c1

+
x3×

x2c1

control variables x2, x3

×
cosc2

x1

+
c1

(b) Unfavorable Experiment Schedule πr

Control variables x1, x3

+

x3
×

x2c1

control variable x1

+
x3×

x2cos
x1

control variable x3

+
c2×

x2
cos

x1

… …

… …

c2×
x2c1

+

 (c) Favorable Experiment Schedule πg
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Running Time Analysis

The major hyper-parameters:


• the number of genetic operations per round, ; 


• total rounds, ; 


• the maximum size of population pool, .


M

n

Np
• Another implicit factor is the number of constants in each expression (see 

experiments). 

Our Racing-CVGP needs , which is roughly the same as CVGP.𝒪(nMNp)
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Running Time comparison

Our Racing-CVGP 
saves times.



Conclusion

• We propose Racing Control Variable Genetic Programming to accelerate the 
discovery process of symbolic regression.


• Our idea is to maintain multiple schedules and early stop those unfavorable 
schedules.


• In experiments, we find racing-CVGP scales up to expressions with 8 
variables which is not possible for baselines, including GP, CVGP and 
GPmeld.



Q & A 
https://bitbucket.org/xlnxyx/racing_cvgp


