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(Semantic)	Search	Space

F

Semantic	Genetic	Programming	(SGP)

We	need	SGP	approaches	
that	effectively	navigate	
the	semantic	space
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It	is	difficult	to	achieve	all	of
these	goals	at	the	same	time!
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Linear	Scaling	(Keijzer 2003)

SGP-DT: Semantic Genetic Programming Based on Dynamic Targets 5

at each iteration (at the first iteration the dynamic target is ŷ). To exploit such
a situation, we propose a fitness function based on this upper bound. Following
Keijzer [6], we compute the linear scaling of an individual I as follows:

Ils = a+ b · I (1)

where a = ŷ � b · y and b =

Pn
i=1[(ŷi � ŷ) · (yi � y)]Pn

i=1[(yi � y)2]
(2)

We define the following fitness function of an individual I:

fitness(I) = �2(sem(Ils(x))� ŷ) (3)

The rationale of this function is that the Mean Square Error (MSE) of Ils has
the variance (�2) of the current target as an upper bound [12]:

MSE =

Pm
i=0(yi � ŷi)2

m
 �2(ŷ) (4)

where m is the number of training cases (y).
At each new external iteration the residual error becomes the new target (line 21).

target = ŷ � sem(I?
ls(x)) (5)

where sem(I?
ls(x)) is the evaluation of the best individual at the current iteration,

which we call partial model.
The inequality 4 does not guarantee that the external iterations converge

to a lower MSE because we do not know if �2(error)  �2(ŷ), where error =
target � sem(I?

les(x)). Thus, by optimizing the variance of the error shown in
equation 3, we act directly on the minimization of the upper bound, so that the
next external iteration can benefit from a lower bound.

At lines 17-19, Algorithm 1 runs a classic GP algorithm without crossovers,
using only mutations. We use a tree-based mutation operator because SGP-DT
uses trees as syntactic structures for the individuals. The operator randomly
generates a subtree from a randomly chosen node. To increase the synergy with
linear scaling, we set two constraints during mutation. First, the node selection is
biased towards the leaves of the tree, so that the mutated tree does not diverge
too much from the original semantic (locality principle). Producing a mutation
that is close to the original semantic of the tree preserves the validity of the
selection performed after the linear scaling. And thus, we only allow minor
changes to improve the fitness. Second, for the same reason, the mutation is
biased towards replacing the selected node with a sub-tree of limited depth.
Note that, we decided not to limit the maximum size (number of nodes in the
tree) or depth of an individual. By doing so, GP can grow and choose the right
solution complexity for the problem at hand. These two constraints help us to
mitigate the overfitting and bloat problem without preventing the SGP-DT to
effectively search for competitive individuals. As linear scaling helps GP to find
useful individuals (thanks to the upper bound). Moreover, additional external
iterations will further refine other aspects of the problem not yet addressed.

- it	guarantees	a	bound	on	the	error
- directly	optimizes	the	model	without	waiting	
that	GP	spontaneously	evolve	it
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Individuals

Individual:
Tree-like	expression

Symbols:		
+,	-,	x,	/,	ERC	[-1	;	+1],	Min	and	Max	

Genetic	operators:
Mutation:	subtree	substitution
Elite:	one	individual

+

0.99 max

x1 x2
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Fitness	Function

error = sem(a	+	b ( I)	−	𝑦"

Fitness-function (	I )	=	𝜎*(error )

MSE = 	
∑ 	(23	4	235	)

7	8
39:

;
≤ 	𝜎*(𝑦")	
𝜎*(𝑦")		is an upper 
bound on the MSE

due to linear 
scaling
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training	cases

error	of	the	
output
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high error

low error



GP	Runs

Tournament	Selection

We	reduce	the	disruptiveness	of	GP	operators	by:
Avoiding	Crossover
Only	Mutation	(biased	towards	the	leaves)

13/24



GP	Runs

Tournament	Selection

We	reduce	the	disruptiveness	of	GP	operators	by:
Avoiding	Crossover
Only	Mutation	(biased	towards	the	leaves)

Without	Crossover	how	SGP-DT	exchanges	
genetic	materials	and		functionalities?
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Final	Model
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Evaluation
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name # attributes # instances
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SGP-DT	Evaluation	Setup

• Population	size	1,000
• Probability	mutation	100%
• Size	elitism	1
• No	bound	on	the	size	of	the	individuals
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iterations

20
(dynamic	
targets)

GP
#	internal
iterations

50

#	total	
generations

1,000
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Results	(median	RMSE	50	trials)

Median	Root	Mean	Square Error	(RMSE)
subject SGP-DT Lasso 𝜺-lexicase DT-EM DT-NM
airfoil 2.46 4.85 3.65 2.56 2.92
concrete 6.51	 10.54	 7.07 6.45 6.41
enc 1.48 3.25 1.86 1.50 1.46
enh .56	 2.96	 1.29 .57 .54
housing 4.47 4.91 4.28 4.44 4.53
tower .26	 .29	 .30 .29 .29
yatch 1.02	 9.02 1.36 1.28 1.18
uball5d .04	 .19	 .06 0.04 0.04
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Competitors

Lasso	(Efron 2004)
Least	square	regression	method	

𝛆-lexicase	(La	Cava	2016)
Evolutionary	technique	based	on	lexicase	(Starosta 70s)	
Outperforms	many	GP	algorithms	
We	ran	1,000	generations	(same	as	SGP-DT)
Validation	set	(10%	of	the	training	set)
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DT-EM		Directly	minimize	the	error

Fitness−function (I) = MSE = 	
∑ 	(𝑦%	H	𝑦%I 	)

*	;
%&J

𝑚

DT-NM	without	Min	and	Max

SGP-DT	Variants

+,	-,	x,	/
ERC	[-1;	+1]
Min	Max	

# training cases
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Results	(median	RMSE	50	trials)

Median	Root	Mean	Square Error	(RMSE)
subject SGP-DT Lasso 𝜺-lexicase DT-EM DT-NM
airfoil 2.46 4.85 3.65 2.56 2.92
concrete 6.51	 10.54	 7.07 6.45 6.41
enc 1.48 3.25 1.86 1.50 1.46
enh .56	 2.96	 1.29 .57 .54
housing 4.47 4.91 4.28 4.44 4.53
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+4%
-1%
+1%
+3%
-1%

+10%
+20%
+7%

+16%
-2%
-2%
-3%
+1%
+10%
+13%
-8%

DT-NM	- SGP-DT
DT-NM 100

DT-EM	- SGP-DT
DT-EM 100



Results	(number	of	evaluated	nodes	50	trials)

Median Number	of	Evaluated	Nodes	
subject SGP-DT 𝜺-lexicase DT-EM DT-NM
airfoil 1.00E+10 9.26× 1.00x .90x
concrete 1.14E+10 5.64× 1.00x .77x
enc 1.18E+10 4.25x .99x .80x
enh 1.18E+10 4.30x .99x .78x
housing 7.70E+09	 4.02x .99x .78x
tower 7.21E+10	 2.69x .99x .62x
yatch 4.62E+09	 4.34x .99x .75x
uball5d 9.83E+10	 4.01x .99x .76x
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Fig. 2: Median RMSE of the best so far on the test set by computational effort.

The eight plots indicate that SGP-DT slightly overfits on the data sets
tower and yacht, while on housing produces a substantial overfitting, which is
comparable to the one of DT-EM but less severe than the one of DT-NM. DT-EM
overfits four data sets: airfoil (Fig.2a), housing (Fig.2e), tower (Fig.2f), yacht
(Fig.2h). The worst performance is from DT-NM that shows severe overfitting on
airfoil (Fig.2a), housing (Fig.2e), tower (Fig.2f) and yacht (Fig.2h). Note that
all three techniques overfit for the data sets yacht (Fig.2h) and housing (Fig.2e).
This can be explain by their relatively low number of instances (see Table 1).

For the data sets concrete (Fig.2b), enc (Fig.2c) and enh (Fig.2d) all three
techniques do not manifest overfitting (yet). Interestingly, in these three cases
DT-NM arrives to a low RMSE with less computations than SGP-DT and
DT-EM. We conjecture that this is because concrete, enc and enh are problems
that do not need the additional expressiveness of the Min and Max symbols.

DT-NM is the technique that yields to the smallest individuals, as such we
would expect less overfitting. Surprisingly, this is not the case. We believe that, to
compensate the absence of discontinuity that Max and Min introduce, DT-NM
used the protected divisions more frequently. This may lead to many asymptotic
discontinuities, which are known to increase the overfitting [6].

When considering each data set individually, SGP-DT and DT-EM mostly
manifest similar overfitting, while DT-NM manifests overfitting much earlier.
This suggests that (i) the non-terminal symbols Max and Min help to alleviate
the overfitting problem; and (ii) relying on the variance (SGP-DT) rather than
MSE (DT-EM) in the fitness function indeed contributes to reduce RMSE (5.39%
on average, see Table 2) but not to influence overfitting.

airfoil	dataset
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Future	Work

1	semantically-aware	minimization
2	filtering	partial	models
3	self-adapting	hyper-parameters
4	classification	problem



Results	(median	RMSE)

Median	Root	Mean	Square Error	(RMSE)
subject SGP-DT Lasso 𝜺-lexicase DT-EM DT-NM
airfoil 2.4634 4.8484 3.6505 2.5643 2.9237
concrete 6.5123	 10.5383	 7.0707 6.4476 6.4132
enc 1.4838 3.2498 1.8647 1.4993 1.4584
enh 0.5560	 2.9645	 1.2952 0.5714 0.5410
housing 4.4700 4.9155 4.2785 4.4377 4.5273
tower 0.2606	 0.2953	 0.2975 0.2900 0.2900
yacth 1.0221	 9.0237 1.3577 1.2849 0.0372
uball5d 0.0402	 0.1939	 0.0618 0.0430 1.1786
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