
My projects are inspired by real-world analytics tasks, including:
• Scientific analysis (this poster):

Earthquake Detection [VLDB’18]
Density Estimation [ICML’19]

• Infrastructure monitoring:
Anomaly detection and explanation [SIGMOD’17]
Time series visualization [VLDB’17]

• Analytical queries in big-data clusters 
Partition-level sampling [VLDB’20]

Overview

Background: Locality Sensitive Hashing

My name is Kexin Rong. I am a Ph.D. student at Stanford 
University, co-advised by Peter Bailis and Philip Levis. 

I build systems and design algorithms that use synopses and 
sampling techniques to prioritize computation over inputs 
that have the most impact on downstream analytics tasks.

This poster presents two results from one area of my work, prioritizing 
computation via novel uses of Locality Sensitive Hashing (LSH).

LSH hashes similar inputs to the same ”bucket” with high probability.

difficult case for 
random sampling

Collision prob ~ Sampling distribution Collision prob ~ Jaccard similarity

Importance Sampling with LSHSimilarity Search with LSH

closer points 
“weight” more 

Earthquake Detection
Goal: Detect Unknown Small Earthquakes

Repeating earthquakes
have near identical 
waveforms at the same 
station, regardless of the 
earthquake’s magnitude. 

Optimizations: Leveraging Domain Priors

Prior: Earthquake Frequency
Effect: Exclude repeating noise 
patterns from similarity search

Prior: Propagation time
Effect: Cross-reference results 
from different seismic stations 
to reduce false positives

Data: 11 stations, 27 channels, up to 10 years of data 

Result: 3957 catalog earthquakes, 597 new local events

Case Study: Diablo Canyon nuclear power plant
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148 detected

101 missed

338 new

Performance: >100x speedups end-to-end 
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Figure 2: Diagram of multi-station detection with FAST using pairwise pseudo-association.
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Input: waveform
Output: binary fingerprints

Feature Extraction

2 Similarity Search via LSH

Output: sparse similarity matrix
Input: binary fingerprints

3 Filter and Alignments
Input: each station’s similarity matrix
Output: potential earthquakes

Kernel Density Estimation

1 Sketch the dataset: Reduce preprocessing overhead

3 Adaptive Sampling: Stop early for easier queries

2 Diagnosis: Estimate dataset-specific performance

Real-world Datasets: up to 10x speedup over second best 
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Diagnosis: correctly predicts all except the SVHN dataset  

DcRuVtLc mnLVt VuVy hHS hLggV 0SD GORVH TI0IT SVH1 T0Y3 AL2I cHnVuV cRYHrtySH hRmH VhuttOH VNLn cRrHO LMcnn VHnVRrOHVV SRNHr cDGDtD cRGrnD
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• Dataset:

• Kernel Density for query                :  

Goal:             -approximation to             for query              

HBS: hashing + non-uniform sampling 

Average relative variance ∝ sample complexity:

Euclidean LSH

Variance bound for beyond-worst case scenarios  

MinHash


