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o CNNs have risen in popularity for a variety of learning tasks, but © Represent CNN architectures via “genes” — head & tail Method Accuracy
finding the best CNN architecture remains a huge challenge o Head: {n,U}, Tail: {C, F} (convolutional and fully connected layers) GEP with Crossover Mutation 73 16%

o Instead of designing architectures by hand, can we automate the o Convert gene to expression tree — then evaluate expression tree GEP with Crossover Mutation and Dropout | 78.62%
process? Use some kind of intelligent agent to pick the best CNN? o Qrder all convolutional layers first and then dense layers GEP with (1 + 2) EA 78.18%

o Use of evolutionary algorithms is growing in popularity today! o Add Max Pooling after each convolutional layer GEP with (1 + 2) EA and Dropout 80.97%
One common approach is Cartesian Genetic Programming (CGP) o Experiment with and without Dropout CGP-CNN 75.22%

o But CGP is expensive! We will also try to use another evolutionary
approach, called Gene Expression Programming (GEP)

o We implemented CGP to act as a baseline and GEP as our
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proposed algorithm — the results seemed promising! Gi U U nn uyu|C C F F C C -
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o Image classification with the CIFAR-10 dataset Q @ V '
o Find the optimal CNN architecture for this dataset ]
o 32 x 32 pixel color images, categorized into 10 categories — @ 0 @ @
o 50,000 training images and 10,000 test images (equally balanced)
o Split into 45,000 training images and 5,000 validation . . — Crossover utatior
p . . g g . . @ @ @ @ Flnal ArChlteCtu re | ——— Crossover Mutation with Dropout
o Pre-processing: pixel values normalized to [0,1], image converted to CCFF . e S .
grayscale, histogram equalization for enhancing contrast ¢, CF, F} L T T o Y O
’ i ? Generation Nt?nber 0 ®
Cartesian Genetic Programming Genetic Algorithms Conclusion and Future work
o Represents CNN architectures by 2-dimensional grids (N, X N Crossover Mutation (1 + 4) Evolutionary Algorithm |
P | | Y grids (Ny x Ne) o GEP with (1+2) EA and Dropout performed the best
o Uses highly functional blocks such as ConvBlock, ResBlock, Population size of 10, pick parents Maintain just one parent and o Dropout starkly increased performance in all cases
Pooling, Summation, Concatenation. ranc.iom.ly in accordance with fithess gener.ate A children via. forF:ed | o All results suffered due to lack of computational resources
o CNNs represented via genes that contain information about nodes (validation SCCUraCY .Of CNN) mutation (forces mutation in one bit) o Several improvements possible — train for more epochs, evolve for
of the grid — function that the node implements, nodes it is Generate children via crossover Also mutate the parent by randomly more generations, experiment with population size and value of A
connected to, etc. — evolution via (1 + 1) algorithm, on the right ' : = iDDi i ' , ' , ,
( ) alg 9 and mutatlo.n (mutation rate = 0.1) flipping all bits (neu.tral. rputatlon). o Can also include more high-level blocks in GEP
Keep evolving for some fixed Out of these 1 + A individuals, pick , . , ,
(Node No) 1 2 3 + 5 6 7 ¢ . ~ o Overall, GEP is a promising avenue of efficient evolutionary
Genotye [co] 0 B2l [P 1o Tol[cs] 1 P2l [czl 2z Talleila T2 [s (s < ][o]s number of generations (max = 50) the best one as the next parent algorithms for CNN architecture design
N At the end of the algorithm, return We use A = 2 ,mutation rate = 0.1,
vt ety poo oo - . . optimal gene (CNN) and retrain! and max no. of generations = 50 S a . guu
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