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Introduction

• Evolutionary Algorithms are powerful search methods for many hard

optimization (e.g., NP-hard) problems that are intractable by off-the-

shelf optimization tools (e.g., gradient descent).
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• It is important to make EAs scalable

• Scalability plays a central role in computer science.

• Scalability is more important than ever when employing EAs to tackle hard

problems of ever growing size.

• Scalability describes the relationship between some environmental

factors and the measured qualities (e.g., runtime or solution quality) of

systems/software/algorithms.

• Environmental factors

• Decision variables

• Data

• Computing facilities, e.g., CPUs

• etc.
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What & Why?



• Take the rise of big data as an example, which brings huge challenge

to evolutionary search.

• Data:

• Goal: minimize the generalization error
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What & Why?

Huge No. of model parameters

Huge volume of data
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Scalable w.r.t. Decision Variables

Suppose we have an optimization problem:

minimize   f(x1, x2, …, xD) 

How to cope with the search space that 

increases rapidly with D?
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Scalable w.r.t. Decision Variables

• Basic idea: Divide-and-Conquer

• Challenge: little prior knowledge about

• whether the objective function is separable at all.

• how the decision variables could be divided: Randomly or Learn to Group
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Learn Grouping

Clustering



Scalable w.r.t. Decision Variables

• The sub-problems can be tackled independently, but it’d be better to

correlate the solving phases, because:

• The learned relationships between variables are seldom perfect.

• Sometimes the problem itself is not separable at all.

• A natural implementation: Cooperative Coevolution
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Z. Yang, K. Tang and X. Yao, “Large Scale Evolutionary Optimization Using
Cooperative Coevolution,” Information Sciences, 178(15): 2985-2999,
August 2008.

W. Chen, T. Weise, Z. Yang and K. Tang, “Large-Scale Global Optimization
using Cooperative Coevolution with Variable Interaction Learning,” in
Proceedings of PPSN2010.



Scalable w.r.t. Decision Variables

• CC-based methods divide a problem in a “linear” way, e.g., divide D
variables into K groups of size D/K.

• The conflict between K and D/K restricts the application of CC.

• Remedy: build hierarchical structure (e.g., tree).

• Different layers re-defines the solution space with different granularity.

• “Applying a search method to different layers” ~ “search with different step-sizes”
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Scalable w.r.t. Decision Variables

What About Multi-Objective Optimization?
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Scalable w.r.t. Decision Variables

• Are all MOPs difficult?

• Why an MOP is difficult (in comparison to an SOP)?
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Scalable w.r.t. Decision Variables
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Scalable w.r.t. Decision Variables
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W. Hong, K. Tang, A. Zhou, H. Ishibuchi and X. Yao, “A Scalable Indicator-Based Evolutionary Algorithm for Large-
Scale Multi-Objective Optimization,” IEEE Transactions on Evolutionary Computation, accepted on Oct. 30, 2018.



Scalable w.r.t. Processors

What can we promise if offered sufficient 

computing facilities for EC?
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Scalable w.r.t. Processors

Idea: using data generated during search course

x1 … xD quality

datum 1 … … … …

… … … … …

datum n … … … …

Build surrogate model 

to evaluate x1 and x2

P. Yang, K. Tang* and X. Yao, “Turning High-dimensional Optimization into Computationally Expensive Optimization,” IEEE
Transactions on Evolutionary Computation, 22(1): 143-156, February 2018.
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Parallel implementation of the CC approaches is nontrivial because of 

dependency between sub-problems.



Scalable w.r.t. Data Volume

What if the volume of data is big, while the 

search space is not?
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Scalable w.r.t. Data Volume

• Example: tuning the hyper-parameters of Support Vector Machine

• Only 2-3 parameters to tune.

• Evaluating a hyper-parameter involves solving a QP, the time complexity

of which is O(n2), n is the number of samples.

• Fitness evaluation using a small subset of data (like SGD)?

• This will introduce noise and may deteriorate the solution quality.
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noise

regression



Scalable w.r.t. Data Volume

• Resampling: independently evaluate the fitness of a solution for k
times and output the average.

• Resampling can reduce the time complexity of an EA from exponential
to polynomial.

18

not use resampling

use resamplingThe sample size should be carefully selected

C. Qian, Y. Yu, K. Tang, Y. Jin, X. Yao and Z.-H. Zhou, “On the Effectiveness of Sampling for Evolutionary Optimization in Noisy
Environments,” Evolutionary Computation, 26(2): 237-267, June 2018.
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Case Study (1)

• SAHiD for Capacitated Arc Routing Problem

• Beijing: more than 3500 roads/edges (within 5-ring).

• Hefei: more than 1200 roads/edges

• Only less than 400 roads are considered in existing benchmark.

• An almost real-world case from JD: solving a CARP with 1600 edges for

every 5 minutes (emerged with the availability of big data).
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Case Study (1)

• Qualities of the solutions obtained using 30 minutes.

• SAHiD is better than any other methods on 9/10 instances, except

one lose on a relatively small case.
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Case Study (1)

• Runtime for the state-of-the-arts to achieve the same solution quality

as achieved by SAHiD in 30 seconds.

• Solution found by SAHiD in 30 seconds can be better than those

found by other methods in 30 minutes.
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K. Tang, J. Wang X. Li and X. Yao, “A Scalable Approach to Capacitated Arc Routing Problems Based on Hierarchical
Decomposition,” IEEE Transactions on Cybernetics, 47(11): 3928-3940, November 2017.



Application

maximum coverage a set of elements size of the union 

sparse regression an observation variable MSE of prediction 

influence maximization a social network user influence spread 

document summarization a sentence summary quality 

sensor placement a place to install a sensor entropy 

Many applications, but NP-hard in general! 23
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[Qian et al., IJCAI’16]

1

Q: the same solution quality?

POSS

PPOSS

[Qian et al., NIPS’15]

Yes!
C. Qian, J.-C. Shi, Y. Yu, K. Tang, and Z.-H. Zhou. Parallel Pareto Optimization for Subset Selection. In: Proceedings 
of IJCAI'16, New York, NY, 2016, pp.1939-1945
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Case Study (2)



• When the number of processors is limited, the number of iterations 

can be reduced linearly w.r.t. the number of processors. 

achieve the best known
performance guarantee

• With increasing number of processors, the number of iterations can 

be continuously reduced, eventually to a constant.

Good parallelization properties:

25

Case Study (2)



PPOSS (blue line): achieve speedup around 7 when the number of cores is 
10; the solution qualities are stable

PPOSS-asy (red line): achieve better speedup (avoid the synchronous cost); 
the solution qualities are slightly worse (the noise from asynchronization)

speedup as well as the solution quality with different number of cores 
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Case Study (3)
Influence maximization: select a subset of users from a social network 

to maximize its influence spread.

Influential users

estimated by Monte Carlo simulations

Noise

multiplicative noise

• Need polynomial-time approximation algorithm.

• Existing methods could be significantly affected by noise.

27



Case Study (3)
• PONSS: Pareto Optimization for Noisy Subset Selection

• Transform the SS problem to a bi-objective optimization problem.

• Introduce conservative domination to handle noise.

C. Qian, J. Shi, Y. Yu, K. Tang and Z.-H. Zhou, “Subset Selection under Noise,” In NIPS'17.

significantly better

PONSS constant

Greedy

Approximation Guarantee (in polynomial time):
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Significantly better bound has also been proved for 

additive noise.



• Deep Neural Networks (DNNs) is not cost-effective, i.e., suffer from

considerable redundancy and prohibitively large for mobile devices.

Compression

IPhone 8
2GB RAM

104MB

125MB

Transformer (Neural 

Machine Translation)

200 million parameters

�1.2GB storage size

LSTMP RNN

(Speech Recognition)

80 million parameters

�300MB storage size

AlexNet

(Image Classification)

60 million parameters

�200MB storage size

DNNs must be compressed 

for real-time processing and 

privacy concerns.
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Initial model

Apply NCS to search for the 

thresholds for weight pruning

Re-train

Final Model

Compressed Model

Model to be pruned

Iterative pruning

Stop 

condition 

satisfied?

Yes

G. Li, C. Qian, C. Jiang, X. Lu and K. Tang, "Optimization based Layer-wise
Magnitude-based Pruning for DNN Compression," in Proc. of IJCAI’18.

Model Original Size Pruning Method Size after pruning Accuracy Change (%)

LeNet-

300-100

1.1MB ITR, 2015 93.9KB +0.05

DS, 2016 20.1KB +0.29

SWS, 2017 49.0KB -0.05

Sparse VD, 2017 16.6KB -0.28

OLMP, 2018 10.0KB +0.1

LeNet-5 3.3MB ITR, 2015 281.6KB +0.03

DS, 2016 31.3KB 0

SWS, 2017 16.9KB -0.09

Sparse VD, 2017 12KB +0.05

OLMP, 2018 11KB 0

AlexNet 228.0MB OLMP, 2018 2.8MB +0.4
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Summary and Discussion

• Scalability of evolutionary search involves many factors.  

• Different factors induce different demanding issues, we considered a 

few cases including 

• No. of decision variables – huge search space

• No. of processors – performance guarantee

• Volume of data – costly fitness evaluations

• What if we have more...

• Objective functions

• Constraints

• Problem instances
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Thanks you!

Questions/comments?


