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“Software Runs the World”
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Learned Index
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Learned Index vs. B-tree 2

« Comparison baseline: B-Tree with page size of 128

ZEiE] : up to 0.23x

i8] : up to 3.08x

ZEiE : up to 0.24x

i8] : up to 2.07 x

=9

ZEiE : up to 0.24x
i : up to 1.79x

Map Data Web Data Log-Normal Data
Type Config Size (MB) [JLookup (ns)] Model (ns) | Size (MB) [JLookup (ns)] Model (ns) | Size (MB) |Lookup (ns)| Model (ns)
Btree |page size: 32 52.45 (4.00x)] 274 (0.97x)] 198 (72.3%)]51.93 (4.00x)] 276 (0.94x){ 201 (72.7%)] 49.83 (4.00x)] 274 (0.96x)| 198 (72.1%)]
page size: 64 26.23 (2.00x)] 277 (0.96x)] 172 (62.0%)] 25.97 (2.00x)| 274 (0.95x)] 171 (62.4%)| 24.92 (2.00x)|274 (0.96x)] 169 (61.7%)]
page size: 128 13.11 (1.00x)| 265 (1.00x)] 134 (50.8%)] 12.98 (1.00x)] 260 (1.00x)] 132 (50.8%)] 12.46 (1.00x)|263 (1.00x)] 131 (50.0%)]
page size: 256 6.56 (0.50x)] 267 (0.99x)] 114 (42.7%)| 6.49 (0.50x)] 266 (0.98x)] 114 (42.9%)] 6.23 (0.50x)|271 (0.97x)] 117 (43.2%)|
page size: 512 3.28 (0.25x)] 286 (0.93x)] 101 (35.3%)] 3.25 (0.25x)| 291 (0.89x)] 100 (34.3%)] 3.11 (0.25x)|293 (0.90x) 101 (34.5%)|
Learned |2nd stage models: 10k | 0.15 (0.01x)] 98 (2.70x)] 31 (31.6%)] 0.15 (0.01x)] 222 (1.17x)] 29 (13.1%)| 0.15 (0.01x)]178 (1.47x)] 26 (14.6%)|
Index [2nd stage models: 50k | 0.76 (0.06x)] 85 (3.11x)] 39 (45.9%)] 0.76 (0.06x)] 162 (1.60x)|] 36 (22.2%)] 0.76 (0.06x)]162 (1.62x)] 35 (21.6%)|
2nd stage models: 100k | 1.53 (0.22x)] 82 (3.21x)] 41 (50.2%)| 1.53 (0.12x)] 144 (1.81x)] 39 (26.9%)] 2.53 (0.22x)]152 (1.73x)] 36 (23.7%)|
2nd stage models: 200k | 3.05 (0.23x)| 86 (3.08x)] 50 (58.1%)] 3.05 (0.24x)]126 (2.07x)] 41 (32.5%)| 3.05 (0.24x)]146 (1.79%)| 40 (27.6%)|
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Network throughput is
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Pensieve
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“Neural Adaptive Video Streaming with Pensieve”
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Mao et al.



Pensieve

« Comparison baselines:
1. BOLA - =& 1 buffer occupancy observations
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Xu et al.



RGEAZRIMERTLIE

“OtterTune: Automatic Database Management
ystem Tuning Through Large-scale Machine
Learning’ SIGMOD ‘17

“CherryPick: Adaptively Unearthing the Best Cloud
Configurations for Big Data Analytics’] NSDI '17

“’Resource Central: Understanding and Predicting
Workloads for Improved Resource Management in
Large Cloud Platforms’, OSDI ‘17

An end-to-end automatic cloud database
tuning system using deep reinforcement learning’,
SIGMOD ‘19

AutoSys: The Design and Operation of Learning-
Augmented Systems’] ATC 20

"MLGO: A Machine Learning Guided Compiler
Optimizations Framework’, 271
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1. Factor analysis 1 k-means clustering for workload
characterization

2. Lasso for identifying important configuration knobs

3. Bayesian optimization and Gaussian process models
for blackbox knob tuning

Bayesian optimization and Gaussian process models

1. Random forests for CPU utilization
2. Extreme gradient boosting trees for deployment size,
VM lifetime, and workload class

Reinforcement learning

Bayesian optimization and Gaussian process models

Reinforcement learning
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, and Re-sampling

Exploitation, Exploration




Exploitation, Exploration, and Re-sampling

Exploitation: J& %I 7£ 0] R R 1Y = KR i Re-sampling: I F B st EREH R E{E
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“OtterTune: Automatic Database Management ystem
2000 [ )74 Tuning Through Large-scale Machine Learning”
SIGMOD ‘17
Van Aken et al.
1000 | . . . . , “CherryPick: Adaptively Unearthing the Best Cloud
Configurations for Big Data Analytics”
50 100 150 200 250 NSDI ‘17
% #( 1E Alipourtard et al.
"Metis: Robustly Optimizing Tail Latencies of Cloud
Systems”
ATC 18

Liang et al.
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"Hidden Technical Debt in Machine Learning Systems”

NIPS 2075
D Sculley et al.
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A B o) 25l . Learned Ranker
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Model Top-1 Top-3 Top-5
DNN(128) 81.85% 94.39% 97.05%
___________ DNN(256) 8337% 95.18%  97.45%
input _| MSttri:g i Le:rTed ; MR:g:)t %i% - DNN(512) _ 83.72%  95.61%  97.52% 21.44
string T e [Timpat LT Finputstring, | Ean;ir:gg wpe RNN(128)| 89.44% [9751% 98.82% :
s S, ¢riortized RNN(64) | 92.98% |98.55%  99.30% 39.88
1 RNN@32) | 95.02% ]99.23%  99.71% 48.02
ruleset LR 57.09% . 82.89%  88.18% 4825

Accelerating Rule-matching Systems with Learned Rankers”
ATC 19
Lietal
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