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研究成果の概要（和文）：遺伝的プログラミング(GP)の汎用性の高い探索バイアスを開発と、解析からの知見を基にし
た適用指針の確立と複雑な環境制約の元での自律制御プログラムの自動生成問題への適用することが本研究の目的であ
る。探索バイアスの開発に関しては、探索と探査のバランスの制御を実現する上位の意思決定を実現する手法を提案し
た。具体的には、 (1)幾何学的特徴量を用いた設計解間の距離(類似性)を定義、(2) 類似度ネットワークの自動クラス
タリング技術を用いた多様性の制御を提案した。提案法の性能検証はベンチマーク問題と照明制御問題を用いて行い、
その性能を確認した。

研究成果の概要（英文）：A parallel model encourages genetic diversity and frequently shows a better 
search performance than do single population models. To enhance the parallel model, it is important to 
consider a balance between local and genetic search. In GP, individuals have various features, and, so it 
is difficult to determine which feature is the most effective. Therefore, we proposed a novel adaptive 
subpopulation model (cuSASGP). The proposed method automatically generates a correlation network on the 
basis of the difference between individuals in terms of not only a fitness value but also node size and 
generates subpopulations by network clustering.
Using three benchmark problems, we demonstrate that performance improvement can be achieved, and that the 
proposed method significantly outperforms a typical method. Moreover, we verify that genetic diversity 
can be achieved by adopting subpopulation models such as the island method and cuSASGP in the lighting 
control problem.

研究分野： 進化計算

キーワード： 遺伝的プログラミング　並列モデル　遺伝的多様性　ネットワーククラスタリング
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１．研究開始当初の背景 
	 設計解が木構造で表現される設計問題にお

いて、遺伝的プログラミング(以下、GP)は適

用のしやすさから実社会の広い分野において、

設計支援が必要な分野で必要不可欠な技術手

法となっている。より良い解構造を得るため

に多様性を向上や精度を上げるための局所探

索の導入など探索に応じた適応的な探索バイ

アスの設計が重要である。これまでに並列モ

デルを用いた探索バイアスの改良やALPSと呼

ばれる並列モデルのstate-of-the-artなど、

数多くの手法が提案されているが、GPの解構

造の特徴である木構造を考慮した設計解の幾

何学的特徴量を取り入れた手法の重要性は指

摘されながらも困難さから開発されていない。

そこで、本研究では、設計解の幾何学的特徴

量を取り入れた、GPにおける探索バイアスの

設計を目指す。	 

 
２．研究の目的 
	 GP の汎用性の高い探索バイアスを開発と、
解析からの知見を基にした適用指針の確立
と複雑な環境制約の元での自律制御プログ
ラムの自動生成問題への適用することが本
研究の目的である。	 
	 具体的には大きく分けて次の２点を目標
とした。	 
(1) 設計解の幾何学的特徴量を取り入れた

探索バイアスの設計	 
	 探索バイアスは 適解を探索する方向や
局所的な探索、大域的な探索を制御するもの
であり、効率的な探索に不可欠である。GP の
解構造は木であるため、多様性、局所性を議
論するには、解の幾何学的特徴量に基づいて
いる必要がある(例えば、解構造が似ている、
似ていないなど)。しかしながら、木構造同
士の類似性の算出は計算コストが非常に高
いために、これまで GP の並列モデルにおい
て扱われてこなかった。半構造木の共通部分
木を実時間で抽出する手法や木の大きさの
類似性に基づく手法を適用することで、幾何
学的特徴量に基づく探索バイアスの構築を
目指す。	 
	 また、個体同士の類似度をもとに個体群を
再構成することで、適応的に大域的な探索、
局所的な探索を切り替える手法の実現を目
指す。	 
	 
(2) ベンチマーク問題と実問題を用いた提

案法の性能	 
	 提案法の検証を、GP の性能検証として広く
使われている関数同定問題、Santa	 Fe	 Trail
問題を対象に行う。また、ベンチマーク問題
だけでなく、照明の明るさ制御(照明の出力
制御)問題を取り上げ、提案法の実問題にお
ける性能を検証する。	 
 
３．研究の方法 
研究の目的の(1)および(2)に関して、それぞれ

の方法を述べる。 
(1) に関する方法	 
	 探索バイアスの開発に関しては、探索と探
査のバランスの制御を実現する上位の意思
決定を実現する手法を提案した。具体的には、
次の２点を解決する必要がある。(a)どのよ
うな幾何学的特徴量を用いて設計解間の距
離(類似性)を定めるか、(b) 多様性のバラン
スをどのように定め制御するか。	 
	 (a)に関しては、解の評価値と解の大きさの
類似度を用いて、解の距離を測る。一般的に
多様性を考える上で、解の近さは評価値に基
づいて定義されることが多いが、GP の場合、
解の大きさ（木構造のサイズ）が一定でなく、
ノード数が少ないものから非常に多いもの
まで様々である。そのため、解の評価値のみ
で多様性が測るのではなく、解の大きさを考
慮する、つまり解の幾何学的な形質を考慮に
入れる。	 
	 (b)に関しては(a)に基づく類似度ネットワ
ークを作成し、ネットワーククラスタリング
を適用し、特徴量が似た個体で一つのクラス
タを形成されるようにする。この結果、特徴
量が似ている、つまり、クラスタ内に存在す
る個体同士の局所的な探索と、複数のクラス
タに分かれることによる大域的な探索を同
時に行うことができる。	 
	 しかし、複数の類似度から類似度ネットワ
ークを形成する際に、指標が多くなればなる
につれ、類似度間の組み合わせ数が多くなる
ため、類似度の形成に計算時間がかかる。そ
こで、GPU および並列プログラミングライブ
ラリの CUDA を使用し、計算時間の増加を抑
える。	 
	 
(2) に関する方法	 
	 提案法を GP 手法の性能検証でよく使われ
る、ベンチマーク問題を用いて、検証を行う。
提案法は評価値と解の形質的特徴量を用い
て探索バイアスを制御しているため、比較は
提案法と標準的な GP 手法、提案法の枠組み
で評価値のみを使う場合、解の形質のみを使
う場合との比較検証を行う。また、実問題に
おける性能の検証として、申請者がこれまで
に取り組んできた GP を用いた照明の明るさ
制御問題[1]を取り上げる。この問題は個々
に照明の出力を制御できる天井照明を用い、
複数のユーザーが要求するそれぞれの場所
に要求する照度（明るさ）を実現する照明の
出力パターンを求める問題である。ユーザー
が要求する照度が異なる場合、満足する照度
パターンを得ることは難しくなり、局所 適
解が複数ある 適化問題となる。ユーザーの
要求との誤差を 小にする、照明の出力を上
げる、下げるためのルールを GP により学習
する。	 
	 
４．研究成果	 
(1)に関する成果	 
	 提案法の探索バイアスの設計に関して、



 

 

IEEE	 Congress	 on	 Evolutionary	 Computation	 
(CEC)2015 に お い て 、「 A	 CUDA-based	 
Self-adaptive	 Subpopulation	 Model	 in	 
Genetic	 Programming:	 cuSASGP」というタイ	 

トルで発表した。提案法の流れを Fig.1 に示
す。複数のサブ集団を CPU 上で形成し、その
サブ集団の再構成を解の類似度に基づき行
う。解の類似度ネットワークは GPU を用いて
作成し、ネットワーククラスタリングでサブ
集団を再構成する。	 
	 ベンチマーク問題を用いてその性能を検
証した結果を Fig.2 に示す。ベンチマーク問	 
題は関数同定問題と Santa	 Fe	 Trail 問題を
用いたが、ここでは関数同定問題の１つの関	 
数を例にあげる。関数 (Function	 A) は

(a) Function A (b) Function B (c) Function C

Fig. 2. History of depth average of all individuals.

B. Comparison Methods

The proposed method evaluates the similarity between
individuals by using a combination of H f and Hn. H f measures
the difference between individuals in fitness values, and Hn

measures the different in node size. In order to analyze the
effect of H f and Hn separately, we introduce two methods as
extreme cases of the proposed method and compare them with
the proposed method, as described in Section IV-E. First, we
investigate the effectiveness of the similarity in terms of fitness
values. Similarity H is then defined by

H = Ĥ f .

We refer to this method as the F-method. Then, we investigate
the effectiveness of the similarity in terms of node size.
Similarity H is then defined by

H = Ĥn.

We refer to this method as the N-method.

Next, a simple approach to enhancing genetic diversity is to
apply parallel subpopulation models, and to migrate some in-
dividuals to other subpopulations. A fitness value is frequently
used to select individuals for migration. The proposed method
uses other features to reconstruct subpopulations. As a baseline
method, we investigate the subpopulation model that has no
migration strategy. We refer to this method as the Simple
method. Then, we investigate the subpopulation method that
has a migration strategy that migrates individuals to the next
subpopulation. The topology of this subpopulation model looks
like a ring, and therefore, it is called a ring model. We refer
to it as the Ring method. In the Simple and Ring methods,
the number of individuals is |V |/M, and the topology of these
methods is not changed during searching.

C. Benchmark Problems

We evaluated the effectiveness of the proposed method on
well-known benchmark problems, the Symbolic Regression
Problems. Here, we briefly explain these problems (see [20],
[21], [22] for more detailed descriptions).

We investigated the Symbolic Regression Problem for the
function space X constructed by the labeled ordered trees of
functional nodes {+, −, ×, /, sin, cos, log} and terminal nodes
{s, 0.05, 0.10, 0.15, 0.20, . . . , 0.95, 1.00}, where s denotes
a variable. Our training set was composed of 30 data points
{(s j, x∗(s j)) ∈ R2 ; j = 1, . . . , 30}, where s j = 0.2( j − 1),

and x∗(s) ∈ X is the true function to be identified. For any
x(s) ∈ X, we define the fitness f (x) by

f (x) = 50
30∑

j=1

|x(s j) − x∗(s j)|,

and consider the maximization problem of f (x). In our exper-
iments, we employed three functions as x∗(s),

Function A : x∗(s) = (2 − 0.3s) sin(2s) cos(3s) + 0.11s2,

Function B : x∗(s) = s cos(s) sin(s)
(
sin2(s) cos(s) − 1

)
,

Function C : x∗(s) = s3cos(s)sin(s)e−s
(
sin2(s)cos(s) − 1

)
.

D. Experimental Setting

For evaluating the benchmark problems, we used the
following standard parameter settings [20], [21], [22]: the
recombination rate was 1.0; the mutation rate was 0.0; random
selection was used (non-elitist); the total population size was
N = 250; the number of subpopulations was M = 5; the
maximum depth was 16; the number of generations was
I = 100; the migration interval was α = 10; and the initial
individuals were created by using “ramped half-and-half” with
maximum depth.

All our experimentation was undertaken on a single PC
with 6 Intel Xeon E5-1660 3.3 GHz processors, with 24 GB
of memory and NVIDIA Quadro K6000 running under Linux.
NVIDIA Quadro K6000 is capable of around 5.2TFlops and
2880 CUDA cores.

E. Performance Evaluation

We first compared the proposed method with the N and
F methods in terms of the depth of individuals. In the
experiments, we conducted 20 trials. Figure 2 shows the
history of the average depth in each generation. The N-method
reconstructs a subpopulation based on the similarity of the
node size of individuals; therefore, the depth of individuals was
lower than that in the other methods. However, the difference in
the depth was comparable in the three methods. These results
imply that incorporating the similarity of fitness Ĥ f does not
lead to a burst growth of nodes (the structures of individuals),
and show the effectiveness of the proposed method.

We next compared the proposed method with the N, F,
Ring, and Simple methods in terms of solution quality. In
the experiments, we conducted 20 trials, and evaluated the
best individuals xm

f in Pm at the final generation, i.e., f (xm
f ) ≥

	 
である。評価関数を関数同定の精度と比例す
るように定めているため、Fig.2 の評価値は
小さいほど良い性能を示す。この結果より、
提案法は通常の SA 法(Simple)、通常の並列
モデル(Ring)より高い性能を示すことが分
かる。また、提案法は評価値と解の大きさを

考慮して探索バイアスを制御するが、それぞ
れ１つのみを使って探索バイアスを制御し、
その他は提案法と同じ枠組みの手法（評価値
(F-method)、解の大きさ(N-method)）と比較
したところ、それぞれ１つだけ用いた場合は
Simple 法よりは性能が高いが、Ring 法より
性能が悪いことが分かった。これらの結果よ
り、１種類の特徴量で探索バイアスを制御す
るのではなく、複数の特徴量を用いることが
探索バイアスの高度化には有効であること

が分かった。本研究により、特徴量を複数個
用いた探索バイアスの構築は有効であり、今
後、用いる特徴量数を増やすことで、より高
性能な探索制御が行えるのではないかと考
えられる。	 
	 
(2)に関する成果	 
	 提案法の有効性を実問題で検証した。その
成 果 を IEEE	 Congress	 on	 Evolutionary	 
Computation	 (CEC)2016 に お い て 、
「 Distributed	 Light	 Brightness	 Control	 
based	 on	 cuSASGP」というタイトルで発表す
る予定である(2016 年７月末)。	 
	 対象とする問題は Fig.3 のように１灯ずつ
明るさが調整できる天井照明の出力を複数	 

のユーザーが希望する机上面の明るさ（照
度）を満たす照明の出力値を求める。GP で照
明制御する際の解構造の例を Fig.4 に示す。
終端子と非終端子の設計は論文[1]の通りと
した。	 
	 

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

結果を Fig.5 に示す。図中の凡例の Island
は Fig.2 における Ring 法、つまり従来の並
列モデルの結果を示し、評価値を要求する照
度との誤差としているため、評価値は小さい
ほど性能が高いことを示す。横軸は世代数で
あり 50 世代で目標照度値を変更し、環境が
動的に変化する場合における性能を検証し
た。この結果より、照明制御問題においても
提案法が も高い性能を示し、動的に環境が
変化する状況下においてもベンチマーク問
題と同様の傾向を示すことが確認できた。	 
	 
	 

importance of setting the weight parameter α appropriately. In
Figure 3 (b), the required illuminance is higher than before,
so the total fitness is high. However, the optimizer of the
proposed method converged to a local minimum after the re-
quired illuminance changed. Figures 6 (d)–(f) indicate that the
required illuminance values were satisfied, demonstrating the
effectiveness of the proposed method. Moreover, we verified
the validity of the output values L assigned to the lights. Figure
4 shows the average output value given by the Proposed-
1 method over 50 trials for Case 1. In this figure, red font
indicates the percentage output of the lights. The maximum
output value occurs in light 3, which is near the sensor that
required the highest illuminance, and the output value of lights
1, 5, 7, and 9, which are far from the sensors, were low.
These results validate the optimal output values given by the
proposed method.
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Fig. 3. History of fitness.

Finally, we investigated the difference between the proposed
method and the Island and Simple methods in terms of energy
consumption. Figure 5 shows the average of the history of
energy consumption over 20 trials. The best individual xu

f
of subpopulation Vu has the set of output values L, and
energy consumption is related to L. The lines indicate the
average energy consumption over 20 trials. From Figure 5,
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Fig. 4. Output values of lights given by the final generation of the Proposed-
1(Case 1).

we can see that Proposed-1 and the Island method outperform
the other methods, and the Proposed-α methods are not as
stable as the Simple and Island methods. In the proposed
method, the migration topology is not fixed, and the number
of individuals in each subpopulation can vary. Moreover, the
subpopulations are organized based on clustering the features
of the individuals, so similar individuals tend to gather in
the same subpopulation. This mechanism results in genetic
diversity, because subpopulations with different features are
generated. Because of this mechanism, individuals with dif-
ferent features are selected as elite individuals, causing the
energy consumption to change with time. In this paper, we
did not use elite GP strategies. If we had used such strategies,
the individuals selected as the elite would not have changed
frequently, and neither the energy consumption nor the sensor
values would be stable.

D. Behavior Analysis

The proposed methods generate a similarity weighted net-
work based on the features of each individual and create an
appropriate topology by network clustering. We hypothesized
that this mechanism would enhance the genetic diversity. First,
we investigated the diversity of output values of lights in
comparison with the Proposed-1 and the Island method.

Each individual xi has terminal nodes and function nodes
described in Tables I and II, and the set of output values L is
determined by tracing the tree of each individual. We define
the set of output values of lights in terms of the best individual
xu

f of subpopulation u by

L(xu
f ) = {L0(xu

f ), L1(xu
f ), . . . , LI(xu

f )}.

To investigate the diversity of L(xu
f ), we evaluated the set of

averages of L(xu
f ), given by

Li(xu
f ) =

U∑

u=1

Li(xu
f )/|U |,

Fig3. 照明制御問題 

(a) Function A

(b) Function B

(c) Function C

Fig. 3. Performance evaluation.

f (x) (∀x ∈ Vm). Figure 3 shows the plot of f (xm
f ). Here, the

lines indicate the average f (xm
f ) over five subpoputions.

Figure 3 shows that the Ring method was not superior
to the other methods in any functions. This result implies
the necessity of migration in a subpopulation model. Figure
3(a) shows the results of function A. The N-method was not
superior to the proposed method, F-method, and Ring method
in performance, and the F-method was comparable to the Ring

method. Moreover, the performance of the proposed method
was slightly superior to that of these methods.

Figure 3(b) shows the results for function B. While in
this figure it can be seen that the performance of the Ring
method was superior to that of the F-method for function B,
the performance of the Ring method was comparable to that
of the F-method for functions A and C. On the other hand, the
performance of the F-method was superior to that of the N-
method. These results imply that the similarity based on fitness
is effective for solution quality. In Section IV-F, we analyze
the reason why the F-method was superior to the N-method.

Moreover, we see that the proposed method outperforms
the N and F methods in other functions, while it can be seen in
Figure 3(c) that the performance of the proposed method was
comparable to that of the F-method. These results imply that
the proposed method that reconstructs subpopulations based
on multiple features of individuals, that is, incorporating both
the similarity of node size Ĥn and the similarity of fitness Ĥ f ,
leads to the performance improvement.

F. Behavior Analysis

In the proposed method, multiple features are used to create
a correlation network of individuals. Therefore, considerable
computational effort is required by the proposed method as
compared to the Ring and Simple methods for evaluating
the similarity between individuals. First, we investigated the
scalability of the proposed method in terms of the number of
individuals. Then, we analyzed the best and worst trials using
the proposed method over 20 trials.

Figure 4 shows the plot of the average execution time over
20 trials, and shows the scalability of the proposed method
in terms of the number of individuals. We set the number of
individuals as 50, 150, 250, 350, and 450. The reason why
the average execution time is different in each problem is
that the maximum depth of an individual is limited, but the
number of nodes of individuals are not constant. In Figure
4, we see that the execution time increased linearly as the
number of individuals increased from 50 to 150. However,
linear computational effort with respect to the number of
individuals was not required when the number of individuals
exceeded 150. The proposed method uses CUDA to evaluate
the similarity between individuals to provide speed up, and
we set the number of threads at |V |2/2, where |V | is the
number of individuals. Therefore, the proposed method can
adaptively reconstruct subpopulations without a substantial
increase in computational effort. These results demonstrate the
effectiveness of the proposed method.

Then, we investigated the difference between the best and
worst trials in the proposed method. Figure 5 shows the history
of fitness of the best individuals xm

f (i) in each generation, i.e.,
f (xm

f (i)) ≥ f (x) (∀x ∈ Vm(i)). Figure 5(a), (b), (c) shows
the history of the best trial over 20 trials, and Figure 5(d),
(e), (f) shows the history of the worst trial over 20 trials
in each problem. It can be seen in Figure 5(a), (b), (c)
that while individuals improve their fitness as the number of
generations increases, they converge to a local minimum at
early generations in the worst trial. In order to analyze the
reason for the difference between trials in terms of solution
quality, we investigated the average of the similarity value Hi j

Fig.2	 関数同定(Function	 A)の結果	 

 

Fig. 1. Proposed Model using CUDA.

P0: Set g← 1.
P1: Initialize individuals in each subpopulation Pm,

where the number of individuals I is set to |V |/M.
P2: If g ≤ G, then perform Steps P3 to P13; otherwise,

stop.
P3: Apply genetic operations, such as selection and

crossover.
P4: If g is a reconstruction generation, then perform

Steps P5 to P11; otherwise, perform Step P13.
P5: Send Vm in each Pm to the subpopulation P0.
P6: If the subpopulation is P0, then perform Steps P7

to P11; otherwise, perform Step P12.
P7: Evaluate the similarity matrix H between vi and

v j (i ! j).1
P8: Create a network based on H.
P9: Divide the population V into M subpopulations

V̂m by network clustering to reconstruct Vm.2
P10: If |Vm| is not 1, then perform Steps P11 to P12;

otherwise, perform Step P13.
P11: Send V̂m to Pm.
P12: Replace Vm with V̂m.
P13: Set g← g + 1.

Here, the similarity H is a V × V matrix, and the element of
H is huv.

B. Feature Evaluation by CUDA

In the proposed method, cuSASGP, automatic reconstruc-
tion of subpopulations that consist of similar individuals in
terms of their features is conducted to enhance local search.
In GP, an individual can be represented by a tree, and therefore,
there are several features that can be used to measure the sim-
ilarity between individuals. We assume that the similarity can
be measured accurately by using multiple features. However,
there are |V |2/2 combinations for one kind of feature when the

1For more detail, see Section III-B
2For more detail, see Section III-C

number of individuals is |V |, and the required computational
effort is thus increased. To decrease the computational effort
when multiple features are applied, we use GPGPU to create
a similarity network.

Figure 1 shows the model of the proposed method that
uses both CUDA and MPI. The proposed method evolves
subpopulations in parallel and applies the same kind of ge-
netic operators in subpopulations. MPI is well known mostly
for message-passing multiprocessing programming and allows
a subpopulation model to be implemented easily by using
multiple processors on a single system or a cluster of sys-
tems. However, the proposed method evaluates the similarity
between individuals, and therefore, the similarity is evaluated
in terms of each feature in a different CUDA kernel in parallel
to achieve speed up. Therefore, the proposed method uses both
CUDA and MPI. The three steps for evaluating the similarity
are follows.

Step0: Gather individuals in each subpopulation to sub-
population 1; the information of individuals is sent
to a global memory.

Step1: Evaluate the similarity in terms of each feature
using a different kernel: node size or fitness. Each
similarity result is sent to subpopulation 1.

Step2: The similarity results are combined by using
cuBLAST.

Here, we use cuBLAST to combine the similarities evaluated
by different kernels. cuBLAST [17] is the CUDA Basic Linear
Algebra Subroutine library on NVIDIA CUDA runtime that
allows an application that uses it to allocate the required
matrices and vectors in the GPU memory space automatically.
cuBLAST has many calculators of matrix vectors divided
into three levels in terms of parallelization. In the proposed
method, each similarity consists of |V |2/2 elements, and there-
fore, combining these elements requires a matrix and matrix
multiplication operation. This operation is a BLAST Level 3
operation, which has higher scalability than other levels. There-

Fig.1	 提案法の流れ	 

TABLE II
Terminal Nodes

Terminal Node Function

UpLi Raise output value β of Light Li

DownLi Lower output value β of Light Li

KeepLi Do not change output value of Light Li

II, where the range for raising of lowering output is controlled
by the parameter β. We describe how to set the length in
Section V-B. As for the functional nodes, there are M kinds
of terminal nodes for each UpLi , DownLi and KeepLi , so when
M = 4, the number of terminal nodes is 4 × 3 = 12. Figure
1 illustrates an example of a solution. The solution has a
depth of 2, and there exist three kinds of functional node and
four kinds of terminal node. The arguments a1, a2 of Illum10

S 1

are Prog2(a1, a2) and Illum20
S 3

, and those of Prog2(a1, a2) are
KeepL2 and UpL1 , respectively.

Next, we explain how to evaluate the given solution. We
evaluate the solution according to the Santa Fe ant trail
problem, which is sometimes used as a representative problem
in GP. The object of the Santa Fe ant trail problem is to
automatically find the optimal program to control artificial
ants that efficiently collect food within a certain region. The
region is a 32 ×32 grid in which there are 89 items of food.
Ants start from a root node in the upper-left cell with initial
energy E, and trace a solution according to a depth-first search.
While searching for a terminal node, the artificial ants move
or change their direction, and gradually lose energy. If there
is food at a particular location, the ants consume the food and
gain energy. Once an ant’s energy E has vanished, the search
is terminated. In the Santa Fe ant trail problem, a solution
indicates a rule controlling the artificial ants. In the same
way, the object of the DLC problem is to optimize a rule for
lighting control. Therefore, the same framework can be used
to find solutions to the DLC problem. More specifically, the
initial output of light L is set to its maximum (8-bit) value of
256. Analogously to the ants’ energy, the number of iterations
for tracing a solution is set to E. While E remains positive,
we trace a solution according to a depth-first search. When
we reach a terminal node, E is set to E − 1. After tracing a
solution, we have the output value for L. Based on the current
L, the objective function in equation (1) is evaluated, where
the illuminance in equation (2) is estimated by an illuminance
simulator constructed in a real experimental environment1 .

IV. cuSASGP

The most common way to enhance genetic diversity is to
apply parallel GP models. In the island model, which is a
representative parallel GP model, elite individuals with higher
fitness values periodically migrate to the next island, while
the topology of the islands remains. We hypothesized that
the repeated migration of elite individuals that are selected

1Details of the lluminance simulator are given in Section V-B.

1

3

Fig. 1. Example of an individual solution.

solely in terms of fitness would result in each island contain-
ing a similar elite population. Therefore, to enhance genetic
diversity, we proposed the cuSASGP approach[12], which
generates a similarity network in terms of features such as
fitness and tree size, and adaptively changes the topology of
subpopulations to maintain genetic diversity. We now briefly
explain the cuSASGP in terms of migration, where we use
CUDA in the steps C3 and C4.

C0: If g is a reconstruction generation, then perform
Steps C1–C7.

C1: Send Vu to subpopulation #1 .
C2: If the subpopulation is #1, then perform Steps C3–

C6; otherwise, perform Step C7.
C3: Evaluate the similarity between xi and x j(i ! j) in

terms of features.
C4: Generate a weighted network based on these features.
C5: Divide the population P into U subpopulations by

network clustering, and create V̂u.2.
C6: Send V̂u to subpopulation #u.
C7: Replace Vu with V̂u.

In [12], we constructed a weighted network based on fitness
and node size. We know there are many features that can
express the relationship between individuals, but, in this paper,
we focus on the DLC problem based on cuSASGP to enhance
genetic diversity. Therefore, we use the fitness and node size
as a first step. Thus far, we have verified the performance
of cuSASGP using the well-known GP benchmark problems
of symbolic regression problems. As the DLC problem has
multiple local minima, maintaining diversity tends to improve
performance. Moreover, when we deal with the DLC problem
using GP, the cuSASGP framework is known to be effective.
To enhance genetic diversity, we apply cuSASGP to the DLC
problem, and demonstrate the difference between island GP
and cuSASGP in terms of the resultant genetic diversity.

2There are a lot of clustering methods to create subpopulations. In [12],
we used the Newman Clustering that is the common method to create
communities based on a weighted network. We referred to communities as
subpopulations.

Fig.4 解構造の例 



 

 

引用	 
[1]	 発表論文(2)	 
	 
	 
	 
５．主な発表論文等	 
（研究代表者、研究分担者及び連携研究者に
は下線）	 
 
〔雑誌論文〕（計	 2件） 
(1)小野景子，花田良子 : GPにおける頻出構
造に着目した複合的ブロート抑制戦略 , 
Assembling Bloat Control Strategies in 
Genetic Programming Based on Frequent 
Tree Structures, 情報処理学会論文誌	 数
理モデル化と問題解決, 2014-MPS-100(20), 
pp.1-6, 2015.査読有 
 
(2)小野景子，熊野雅仁，木村昌弘 : 協調型
単目的 適化のための遺伝的プログラミン
グ , システム制御情報学会論文誌 , Vol.28, 
No.5,2015.査読有 
	 
〔学会発表〕（計	 9件） 
	 
(1)近藤魁,	 花田良子,	 小野景子:	 頻出部分
木を用いる物体検出法における部分木保存
率の影響分析,	 進化計算学会第 10回研究会、
P1-15,	 2016 年 3 月 17 日～18 日、富士通（株）	 
川崎工場（神奈川県川崎市）	 
	 
(2)鳥山直樹,	 折登由希子,	 小野景子：GP を
用いた Realized	 Volatility	 に関する性能評
価,進化計算学会第 10 回研究会、P1-16,	 2016
年 3 月 17 日～18 日、富士通（株）川崎工場
（神奈川県川崎市）	 
	 	 
(3)Keiko	 Ono,	 Yoshiko	 Hanada:	 A	 CUDA-based	 
Self-adaptive	 Subpopulation	 Model	 in	 
Genetic	 Programming:	 cuSASGP,	 Proceedings	 
of	 the	 IEEE	 Congress	 on	 Evolutionary	 
Computation	 (CEC	 2015),pp.1543	 -	 1550,	 
2015 年 5 月 25 日～28 日,仙台国際センター	 
（宮城県仙台市）	 
	 
(4)鳥山直樹,	 近藤魁,	 小野景子:	 遺伝的プ
ログラミングにおける木構造間特徴量を考
慮した並列モデルの検討,	 進化計算シンポ

ジウム 2014,	 pp.53-56,	 2014 年 12 月 20 日
～21 日,安芸グランドホテル（広島県廿日市
市）	 
	 
(5)近藤	 魁,	 鳥山	 直樹,	 小野	 景子:	 頻
出部分木を用いた部分画像抽出法の検討,	 
進化計算シンポジウム 2014,	 pp.324-327,	 
2014 年 12 月 20 日～21 日,安芸グランドホテ
ル（広島県廿日市市）	 
	 
(6)Keiko	 Ono,	 Yoshiko	 Hanada:	 Assembling	 
Bloat	 Control	 Strategies	 in	 Genetic	 
Programming	 for	 Image	 Noise	 Reduction,	 The	 
14th	 International	 Conference	 on	 
Intelligent	 Systems	 Design	 and	 
Applications	 (ISDA),	 D1-20,	 IEEE,	 2014 年
11月 27日～29日, 沖縄科学技術大学院大学
（沖縄県国頭郡）	 
	 
(7)Yoshiko	 Hanada,Koutaro	 Minami,Keiko	 
Ono,Yukiko	 Orito,	 and	 Noriaki	 Muranaka:A	 
Study	 on	 Neighborhood	 and	 Temperature	 in	 
Multi-step	 Crossover	 Fusion	 for	 Tree	 
Structure,	 Proceedings	 of	 the	 18th	 Asia	 
Pacific	 Symposium	 on	 Intelligent	 and	 
Evolutionary	 Systems	 -	 Volume	 2,	 
pp.519-531,	 Springer,	 2014 年 11 月 10 日～
12 日、Singapore	 
	 
(8)小野景子,	 花田良子	 :	 GPにおける頻出構
造に着目した複合的ブロート抑制戦略,	 研
究報告数理モデル化と問題解決（MPS）,	 
Vol.2014-MPS-100,	 No.20,	 pp.1-6,	 2014 年
9 月 25 日～26 日, 日本科学未来館（東京都
江東区）	 
	 
(9)小野景子，熊野雅仁，木村昌弘	 :	 協調型
単目的 適化のための遺伝的プログラミン
グ,	 Genetic	 Programming	 for	 Cooperative	 
Single-Objective,	 第 58 回システム制御情
報学会	 研究発表講演会予稿集	 (SCI)	 ,	 
136b-1,2014 年 5 月 21 日～23 日,京都テルサ
（京都府京都市）	 
	 
	 
６．研究組織	 
(1)研究代表者	 

	 小野	 景子	 （ONO,	 Keiko）	 

龍谷大学	 理工学部	 講師	 

	 研究者番号：80550235	 

 
(2)研究協力者	 

	 	 花田	 良子（HANADA,	 Yoshiko）	 

	 関西大学	 システム理工学部	 准教授	 

	 研究者番号：30511711	 

	 

	 

	 

importance of setting the weight parameter α appropriately. In
Figure 3 (b), the required illuminance is higher than before,
so the total fitness is high. However, the optimizer of the
proposed method converged to a local minimum after the re-
quired illuminance changed. Figures 6 (d)–(f) indicate that the
required illuminance values were satisfied, demonstrating the
effectiveness of the proposed method. Moreover, we verified
the validity of the output values L assigned to the lights. Figure
4 shows the average output value given by the Proposed-
1 method over 50 trials for Case 1. In this figure, red font
indicates the percentage output of the lights. The maximum
output value occurs in light 3, which is near the sensor that
required the highest illuminance, and the output value of lights
1, 5, 7, and 9, which are far from the sensors, were low.
These results validate the optimal output values given by the
proposed method.
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Fig. 3. History of fitness.

Finally, we investigated the difference between the proposed
method and the Island and Simple methods in terms of energy
consumption. Figure 5 shows the average of the history of
energy consumption over 20 trials. The best individual xu

f
of subpopulation Vu has the set of output values L, and
energy consumption is related to L. The lines indicate the
average energy consumption over 20 trials. From Figure 5,
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Fig. 4. Output values of lights given by the final generation of the Proposed-
1(Case 1).

we can see that Proposed-1 and the Island method outperform
the other methods, and the Proposed-α methods are not as
stable as the Simple and Island methods. In the proposed
method, the migration topology is not fixed, and the number
of individuals in each subpopulation can vary. Moreover, the
subpopulations are organized based on clustering the features
of the individuals, so similar individuals tend to gather in
the same subpopulation. This mechanism results in genetic
diversity, because subpopulations with different features are
generated. Because of this mechanism, individuals with dif-
ferent features are selected as elite individuals, causing the
energy consumption to change with time. In this paper, we
did not use elite GP strategies. If we had used such strategies,
the individuals selected as the elite would not have changed
frequently, and neither the energy consumption nor the sensor
values would be stable.

D. Behavior Analysis

The proposed methods generate a similarity weighted net-
work based on the features of each individual and create an
appropriate topology by network clustering. We hypothesized
that this mechanism would enhance the genetic diversity. First,
we investigated the diversity of output values of lights in
comparison with the Proposed-1 and the Island method.

Each individual xi has terminal nodes and function nodes
described in Tables I and II, and the set of output values L is
determined by tracing the tree of each individual. We define
the set of output values of lights in terms of the best individual
xu

f of subpopulation u by

L(xu
f ) = {L0(xu

f ), L1(xu
f ), . . . , LI(xu

f )}.

To investigate the diversity of L(xu
f ), we evaluated the set of

averages of L(xu
f ), given by

Li(xu
f ) =

U∑

u=1

Li(xu
f )/|U |,

Fig.5	 照明制御問題での結果 


