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Yu et al. 2018. Datasize-Aware High Dimensional Configurations Auto-Tuning of In-Memory Cluster Computing. 
ASPLOS’18. ACM, New York, NY, USA, 14 pages.

➢Big data processing requires various frameworks

➢Configurations play a vital role in performance tuning
➢Performance can be improved by up to 89x [Yu18]
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➢Rule- and analytical tuning methods
➢Leverage the experiences of human experts
➢Analytical models for precise evaluation
➢Fail for complex systems

➢Simulation tuning approaches
➢Probe system internals
➢Hard to cover all factors

➢Machine Learning (ML) tuning methods
➢ML performance models for evaluation
➢Samples in large quantities

ML methods become 
popular for complicated 
parameter tuning
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C. Chen, J. Xin and Z. Yu, "TIE: Fast Experiment-Driven ML-Based Configuration Tuning for In-Memory Data Analytics," 
in IEEE Transactions on Computers, vol. 73, no. 5, pp. 1233-1247, May 2024

ML models need a large 
amount of samples

➢Accurate modelling

➢Sample collection is 
extremely time-
consuming [Chen24]
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Alipourfard, Omid, Hongqiang Harry Liu, Jianshu Chen, Shivaram Venkataraman, Minlan Yu, and Ming Zhang. “Cherrypick: 
Adaptively Unearthing the Best Cloud Configurations for Big Data Analytics.” In Proceedings of the 14th USENIX Conference on 
Networked Systems Design and Implementation, 469–82. NSDI’17. USA: USENIX Association, 2017.

➢Bayesian optimization (BO) 
is adopted to speed up   
[Alipourfard17]

➢BO is slow when data size 
increases
➢Over 100 hours for 1TB data
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➢Configuration as a vector: {𝑐1, 𝑐2, … , 𝑐𝑛}

➢Target and generated configurations: "similar but not too similar"
➢“similar” to ensure configurations are similar to real applications

➢“not too similar”to allow exploration

➢If the target is a good configuration, it guarantees the next sample 
selection starts from a good sample

➢Generative adversarial network (GAN)
➢Generate distribution similar to the input



Key Idea
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➢Configuration similarity measurement

➢One-neighborhood (ON): Manhattan distance (MD)
➢𝑀𝐷 𝑐𝑜𝑛𝑣1, 𝑐𝑜𝑛𝑣2 = c11 − 𝑐21 +⋯+ |𝑐1𝑛 − 𝑐2𝑛|

➢Configuration based on small random perturbations

Only vector distances 
are used. 

No distributions 
between configurations!
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➢ Jensen-Shannon (JS) divergence measurement
➢Widely used for quantifying two probability distribution similarities

➢Inherently used by GAN as a loss function to ensure resemblance

Not only short 
distance, but only 
similar distributions of 
element values

Swift: Fast Performance Tuning with GAN + JS divergence
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➢Swift reduces the BO time
➢Mixing random and GAN-

generated configurations 
that have similar 
distributions with the 
“current best”

➢Swift outperforms 
conventional BO and 
ON+Random methods



Design

10

➢Four Components



Design
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➢Configuration Generator (CG)

➢Random Configuration Generator 
(RCG) 

➢GAN-based Configuration Generator 
(GCG)



Design
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➢Configuration Profiler

➢Configuration vector 

➢Sample
➢ ,pf is the performance 

➢Profiling performance and configurations 
as Evaluation Set (ES) matrix



Design
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➢Gaussian Process (GP) Builder

➢ Configuration Profiler to generate vectors

➢ Compute performance mean and covariance

➢Smooth kernel: Matern5/2 



Design
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➢BO iteration

➢Random RCG + GAN 
GCG, potential perf.

➢Regenerate if not in 
Evaluation Set (ES)

➢Evaluate and add to 
ES
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➢Eight servers
➢1 master + 7 workers

➢Intel (R) Xeon (R) CPU E5-2630 v3 @2.40GHz 

➢64 GB memory

➢Spark + Flink applications

Master

Worker Worker WorkerWorker… …
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➢Quality of GAN-generated configurations

➢Flink program with 27 configs

➢1 real + 3 GAN configurations

➢Similar with small MDs

The quality of GCG generated configurations
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➢Hyper-parameter evaluation

➢Initial sample number 

vs. speedup

➢Tolerance threshold

vs. speedup

The performance variation with different threshold values. 
The X axis represents the threshold values.

The speedup with different number of initial 
configurations for repartition over default configurations.
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➢Flink optimization time
➢CherryPick,Selecta,DAC,GML

➢2.2×, 4.3×, 9× and 7.2× that 
of Swift

➢Latency and throughput
➢1.28x improvement on 

average

Latency and throughput by Swift, Selecta, DAC, and GML

Better performance with shorter time for Flink
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➢Spark optimization time
➢DAC,CherryPick,Selecta

➢2.2×, 1.2×, and 1.4× that of 
Swift

➢Speedup comparison
➢Swift achieves higher 

speedups than others

Better performance with shorter time for Spark

Speedup comparison. The baseline is the execution time 
of each program with default configuration.

Optimization time comparison.
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➢Swift: mixing random and GAN-generated configurations
➢Skew the search space toward the optimal configuration
➢Faster convergence

➢CherryPick: uniform space search
➢Fluctuations throughout the process

The performance of Spark WordCount tuned by the configurations selected by ON, CherreyPick(BO), and Swift during 
iterations. The X axis denotes the iteration number.
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➢Case study on FixWindow

➢Speedup by 10.7× w.r.t.
default configurations

➢CPU utilization increases by 
7.5%

➢Memory utilization drastically 
reduces from 46.8% to 20.1%.

CPU utilization of Fixwindow tuned by Swift and with 
default configuration.

Memory utilization of Fixwindow tuned by Swift and with 
default configuration.
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➢TRHB, CDII, and CDAL improve the performance
➢taskmanager.runtime.hashjoin-bloom-filters

➢compiler.delimited-informat.min-line-samples

➢compiler.delimited-informat.max-sample-len

➢All three parameters are related to memory

➢Bloom filter reduces the memory consumption

The importance quantification of configuration parameters for Fixwindow with respect to performance.



Conclusion
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➢Conventional Bayesian optimization is slow for configuration 
optimization with search fluctuations

➢Swift adopts GAN network and a novel Jensen-Shannon  
divergence mechanism to address the challenges

➢Swift provides better performance with shorter time for both 
Spark and Flink data analytics programs

Swift



Thank you!
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