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Motivation

1. The convolutional neural network (CNN) hyperparameter types are different, and such
mixed-variable characteristics are proved difficult in efficient search space encoding.

2. For traditional optimization algorithms (OAs), CNNs are evaluated by the fithess
function through assessment criteria based on training, which increases the cost of
fitness evaluation (FE) and damages the efficiency of OAs.

3. Considering the large number of CNN hyperparameters, it is still necessary to research
how to accelerate the convergence for FE and ensure model performance after search.
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Fig. 1 Major challenges and contributions of GPPSO



Method

A novel encoding strategy can efficiently deal with the mixed-variable difficulty
of CNN hyperparameters.

Table 1 Settings of mixed-variable encoding for CNN hyperparameters

Type Name Awvailable choice Search space Initialization space
Number of kernels in Conv layers {1,2,--- o8} [1,+o0) [8, 128]
Continuous  Number of neurons in FC layers {1,2,---,+oc} [1,4o00) (64, 512]
variable Value of the initial learning rate (0, 1) (0,1)
Value of the dropout rate [0,1) 0,1)
Discrete Kernel size of Conv layers {3x3,5x5,7TxT7} _ {0,1,2} {0,1,2}
variable Type of activation function {ReLU, Sigmoid, Tanh, Ta-ReLU} {0,1,2, 3} {0,1,2,3}
Type of pooling layer {Max pooling, average pooling} {0, 1} {0,1}

CNN: convolutional neural network; Conv: convolutional; FC: fully connected

For the integer variable in Taking the example of discrete variable
continuous variables, the encoding for activation function, the specific
encoding strategy is shown in encoding strategy is shown in Eq. (10):
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Algorithm 1 Multi-level evaluation strategy

Algorithm 2 Individual generation strategy

Input: Dataset of training CNNs, T .i,;
M et h O d dataset of evaluating CNNs, Deval;
architecture constructed by individuals, P..p;

fitness of individuals in the architecture, fit,
set of individuals to be evaluated, P

A hybrld-su rrogate_aSS|Sted (H SA) number of initial individuals, Ny;

mumber of all individuals, Na;

mOde can deal Wlth the eXpGﬂSlve number of training epochs, T

QOutput: Set of individuals evalnated, T...1;
Com putatlonal Cost prObIem |n the the fitness set of individuals evaluated, fit...
1: begin
search process. /* construct the initial GP model */
Initialize N individuals;
3: Obtain Parch and fitarch of the initial individuals by
Master Slave training;

( St:rt ) l_D;n:h;u:d;ue_s Ep;-tﬁ;' 4: EP] +— build an initial GP model with P, and
t-'I.I'::]'I-:

| Individual initialization |

ba

value

/¥ first level evaluation by the GP model */

I
I
| [ Define particle number and 5: gfitness + fitness of P predicted by GPr;
| Trained-based evaluation I | dime;sicrns G afitness +— the average fitness of ﬁt-.-u-u.—h;
I ; 7: Peval +— empty set;
Construct a Gaussian | Generate particles by star o R 1:'.’ Ny
rocess model | topology ¢ Mheval = GMpHy S€t;
P ¥ 9 ri + a random integer in {1,2,---  Na };

urrogate-assisted evaluation P . i ini *
| New individual sampling 2 3 ] ! mnnq le'fre_l Evalmu.m by training %
¥ : 10 for each individual F; in F do
_ : | Calculate velocity and
[ Multi-level evaluation | position

11:  if gfitness > afitness or r1 ==1i then
Yes e — 12: Net + build a candidate architecture according
No _¢_ to the hy perparameters in P;;
13: MNet « train Net with T epochs on Theain;
( End ) 14: accuracy + validate Net on D...;

15: fiteval 4 fiteval U {accuracy};

Fig. 4 General flowchart of the hybrid surrogate- 16: P+~ P  JUP:

assisted model 17: GP1 + evolve GP; through fit.,.; and P
18:  end if
19: end for

20 end

Input: The initial Gaussian process model, GPy;

number of particles, V;
fitness of individual 4, fits;
dimension of particles, d;
number of generations, n;
number of iterations, T

Output: The generated individual to be ewvaluated,

AN

=1

PI:I'."‘W

. begin:

/* initialize a group of particles with d dimensions
corresponding to hyperparameters in CNNs */
Initialize a set of N particles as T,
for each particle P; in P do
for each dimension d of F; do
Randomly initialize the particle position x4
within the given range;
Randomly initialize the particle velocity wvia
within the given range;

end for

& end for

a:

11:
12:

14:

15:

16:
17:
18:
19:
20:
21:

/* search individualz for multi-level evaluation by
P50 */
for k=1teT do
for each individual P; in P do
fit;+—caleulated fitness by GPy in Algorithm 1;
if the fitness wvalue is larger than pbest,; in
history then
pbest,; + fit;;
end if
ghest; + the particle with the best fitness
value;
Calculate velocity vy through Eq. (7);
Calculate position oy through Eq. (8);
end for
end for
Prew — xid of the last n generations;
end




Method

A novel activation function (Ta-ReLU) can accelerate the convergence in the
process of population evolution and improve the performance of the model after
training.

20
) T, T < 0,
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Table 3 Comparisons with the basic algorithms of GPPS0O on CIFAR-10 and CIFAR-100 datasets -~ 0 - '—"""_‘
-
CIFAR-10 CIFAR-100 05 - P
Method Test Training Number of Search Training Test Training Number of Search Training 10 ===r - — Ta-RelU
accuracy accuracy parameters — time time accuracy accuracy parameters  time time ' == Tanh
(%) (%) (x108) (min)  (min) (%) (%) (x106) (min)  (min) -1.5 """ RelU
—+ Sigmoid
M al 92.25 98.71 0.38 116 68,96 90.78 0.40 111 =20 i r Y . i i .
e 7 : -20 -15 -10 -05 0 05 10 15 20
(ResNet20) ¥
BO 92.91 99.92 4.70 20 274 G6.47 90.62 4.70 20 279
BO_ac 92.26 99.96 5.26 17 367 65.64 75.60 3.57 23 326 Fig. 5 Comparison of different activation functions
PSSO 84.17 86.09 4.65 50 258 54.25 28.20 4.70 192 265
PSO_ac T4.57 T4.75 6.17 150 361 51.77 34.77 4.74 212 296
GPPSO 91.85 099,95 4.77 45 270 65.91 94.00 4.74 33 330
GPPSO _ac 095.26 09.96 5.26 39 261 T6.36 a7.65 4.44 39 304




Conclusions

We designed a novel encoding strategy to deal with the mixed-
variable problem of CNN hyperparameters.

We proposed a hybrid-surrogate-assisted (HSA) based on GP
and PSO to save computational cost.

We suggested a novel activation function (Ta-ReLU) to improve
the model performance and ensure convergence rate.
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