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. Introduction
1. Complex Computer Systems
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2. Machine Learning for Systems

Interpretability

3. My PhD Research

Key ideas:

« Understand system structure for robust and interpretable results
System structure
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Asymmetric benefits Scarce data Imbalanced data  Interpretability

* Incorporate causal analysis to traditional ML methods
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ll. Learning for Systems Optimization with
Scarce Data and System Structure (ISCA'19)

How to find the optimal system configurations?
1. Motivational Example: SRAD on big.LITTLE system
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Non-optimal points True data Very far
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Energy over optimal  22% X 0

Key Insight:

High accuracy # good system results

2. Improving Accuracy w/ Generative Model
Learn GMMs Swap Max and Min
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3. Improving Energy Savings w/ Multi-phase Sampling

Input: Configuration-Application data matrix, Sampling budget N

Maftrix Completion Estimated Select N/2 Matrix Completion with N/2 original
with Sample Size N/2 Behavior for New Best Configs ~ samples and N/2 estimated best configs
Known Applications Application Known Applications
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4. Experimental Results

Computer System Configurations
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lll. Learning for Straggler Prediction with

Imbalanced Data
How to make early and accurate straggler prediction?

1. Limitations of Traditional ML for Straggler Prediction
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2. Our Solution:; Sherlock
Sherlock " Model

Correlation- Causal Prediction | Interpretation
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Key Insight:
Adjust predictions w/ propensity score
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3. Experimental Results

BE Correlation B8 Correlation-Oracle BB LogReg BB Wrangler BE Sherlock BB Causal-Oracle

100%
_ I ' S’ 50%
Z 7 O 0

TPR  FPR

— Wrangler |;..ited
- Sherlock Memory

— Hound
O f

Limited

Limited Scheduling Processor

Scheduling Processor

Cache

Cache
1/O Bottleneck

Bottleneck

(a) Job 6343946350 (b) Job 6308689702




