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Brief intro to ML

 Supervised learning: inputs x to outputs y
» Classification: y is a categorical variable

 Regression: y is real-valued
« This is more often used in learned index
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How To Builld Models To Predict the Location
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How To Build Models To Predict the Location
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CDF Model
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free)

regression

B-Trees are also models (
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What Does This Mean




Why Is This A Big Deal?
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Adaptation To Application
Blelfe




Adaptation To Application
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Adaptation To Application
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Does It Work? A First Attempt
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Traditional model architectures (
do no’r work

underfitting

- TN I v

Challenges

Frameworks are not designed
for nano-second execution

desired O\MWg

desired



What model type should | use?



What model type should | use?

Who’rever WOrks!

Often continuous functions

« Possible model types include neural nets, regression
models, piece-wise linear functions, among other things

- Model-type can be auto-tuned

« Opens up a complete new toolbox of building data
stfructures and algorithms



Overfitting is a Good Thing
The Last Mile Problem

Pos A




Recursive-Model Index (RMI)
l|<ey

Model 1.1
——

;Model 2.1 Model 2.2 Model 2.3 ...
~ Y
Model 3.1 Model 3.2 Model 3.3 Model 3.4

l Position

2-Stage RMI with Linear Model

POS, = a0-+13 * key

poOsS; = m;[pOsy].a + m;[posy].b * key
record = local-search(key, pos;)

Stage 3 Stage 2 Stage 1




Hybrid RM|
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Worst-Case Performance is the one of a B-Tree



INitial Results

A

State-Of-The-Art Learned Index
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TensorFlow B-Tree
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Learned Index

« The biggest advantage is memory size
« These memory can be used to do other things!

 Also ML models can utilize more with the parallelizing
computation, while B-Tree is essentially a lot of if-else



Fundamental Algorithms & Data Structures
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Tree Multi-Dim Index Bloom-Filter  Sorting

Scheduling Range-Filter Hash-Map
Data DNA-Search SQL Query Cache Policy Join Nearest
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Fundamental Algorithms & Data Structures

Bloom-Filter

) 4




Y Bloom Filter- Approach 1

Is This Key In My Set? Is This Key In My Set?

‘ ey
N |

Maybe Yes No Maybe Yes No

36% Space Improvement over Bloom Filter
at Same False Positive Rate



Y Sandwiched Bloom Filter

Is This Key In My Set?

.

Maybe Maybe
Yes No

L

No Maybe Yes No

Michael Mitzenmacher: A Model for Learned Bloom Filters and Optimizing by Sandwiching. NeurlPS 2018: 462-471




Fundamental Algorithms & Data Structures
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Fundamental Algorithms & Data Structures

Sorting
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Sorting

(@) CDF Model Pre-Sorts




Sorting

(a) CDF Model Pre-Sorts (b) Compact & local sort
a a > a
b
b b ?: c
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2 : : :
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ﬁ 0] 0]
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Initial Results

— std:sort — QuickSort Learned Sort
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Fundamental Algorithms & Data Structures

Sorting
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Fundamental Algorithms & Data Structures

Hash-Map




W Hash Map

Hash |/

| Function | Key — Model

Key —

Goal: Reduce Conflicts



W Hash Map - Results

% Conflicts Hash Map % Conflicts Model Reduction
Map Data 35.3% 07.9%
Web Data 35.3% 24.7% 30.0%
Log Normal 35.4% 25.9% 26.7%

25% - 70% Reduction in Hash-Map Conflicts

Skip



Fundamental Algorithms & Data Structures

Tree Multi-Dim Index Bloom-Filter ~ Sorting  Scheduling Range-Filter Hash-Map

Data DNA-Search SQL Query Cache Policy Join Nearest
Cubes Optimizer Neighbor

=g D




So when can we apply ML to system?

» When you need to make a decision that different decisions may
lead to significantly different running time

« By significantly, we mean that it is far more longer than a model prediction
time

« In this case, a classification model may be your friend
« Bloom filter is one example, we will see an example from OSDI2020 later

« When you want to x to a ordering-mattered y

« Regression model is your friend

« Learned index, learned hashmap, learned sorting, Burbon@QOSDI2020 are
examples

» The penalty of misprediction is low

« Sometimes we can combine with a conventional method to avoid
misprediction



How can we apply ML?

» Particularly useful for read-only system
* Levelfiles in LSMT
« Some index for large-scale database for historical data(never change)

» Light and quick
« We want the model be small and quick enough to plug in system

« If there are uEdateofqr learned index, then retraining is often required.
So we want the training to be as fast as possible

« Formularize the problem to be easy for ML models
« Use what(features) to predict what(target)?
« Think about whether there are patterns in the data
« Sometimes can combine conventional methods with ML
« Recursive model index is an example



What models are good for system

e Classification:
« Logistic regression
« Neural networks(not that good)

« Regression:

* Linear regression

 Piece-wise linear regression
 Polynomial fitting

« Neural networks (not that good)




A case study: Linnos@OSDI 2020

Unpredictable Latency

Buffer flushing..

Unpredictable latency

at individual-1/0 level!

Garbage collection..
RAMbuffer | Wear leveling.. /r £ =

/ Flash Flash
B © Y memaory memory
SSD Controller package #0 package #1
A4
T REEEISS
] Channel #0
Host [*T™|Processor [«—» -

IsI/O 100ps  120us

Interface :: Flash | L — ‘
Logic controller . i -
2 1/0

Buffer - Flash Flash 80“5 I SOIJS
manager S Phtveindl
—— package #2 package #3
— —— C— 3rd)/O | IO'JS BOOUS
o e R th /O 1.5 200
i li 4 ol Hs
— " Threats 0 performance S : : :
r H . H

Hao M, Toksoz L, Li N, et al. LinnOS: Predictability on Unpredictable Flash Storage with a Light
Neural Network, OSDI2020



Speculative Execution . 4,:%

MongoDB  cassandra

- Black-box approaches

|.  SSD-aware filesystems 7 | Mitigate every slow 1/0
and applications R in a black-box way
7 Hedged requests (hedgin
o Straggler!
o
2. Speculative
execution



Agnostic!

Speculative execution
- Passively wait due to black-box

. B
5 ﬂ.

Learning!

LinnOS
- Proactively infer the black-box

Lightweight neural network for

per-1/0 speed inference

LinnOS ,- ﬂ
N

APP (1 1lle} attempt

-- — Fast &
Q Slow 1/O! No-Wait!
~  Revoke!

@ /O re-route - .



Output labeling

Ideal labels: Only 60-70% accuracy

Exact latency value 50-100ps .
(e.g. 120ps, 80ps..) f= Flexible Mis-

IOO'ZOOUS Prediction
mm Difficult to achieve

Truth
decent accuracy

Latency ranges
(e.g., 100-200us,
200-400ps)

200-400s <ot




Precise

prediction
is difficult!

Great
Simpler and helpful \ . accuracy?
alternatives’ : L!l'II'IOS .
binary
. } classification
\ -
TSNS i po T
H »
~.. 3 2

| atencv (ms)



Input features

Ideal features: Thousands of features

High (addresses in 32-bit binaries)

Addresses of related |/QOs =
(finest granularity)

: m— Unacceptable
Directly indicate the
resource contention Hundreds of

4= High accuracy microseconds
(up to 99%) to infer each I/O

overhead




Input features /

Good latency

indicator, but how [ Low history queue length

abqut lnlgerl;al + high history latency
disruption!? = internal disruptions

Using finest features
is expensive!

For
102 01(C 2184
ea(:h C Last I/O I h Last I/O latency (us)
rrent ast ueue ien
Use features that are 1/0 urre 9 g

queue length
more aggregate




Input features

/ Last completed

K /O 27 Jast 3rd [ast 4t Jast
A \ A \
.'/ { | | | \
/102, 010,2184, 056,0800, 126, 1600, 368, 3920
/. Current Queue lengths and latencies
/- queue length for last four completed 1/0s
|
More aggregate 1,0,2, 0,1,0,2,1,8,4, 0,5,6,0,8,0,0, 1,2,6,1,6,0,0, 3,6,8,3,9,2,0

features

3 fully- 87-97% accuracy
31 connected mm 4-6ps overhead
N features layers " across various
'~ (31-256-2)  SSDs/traces




Handling inaccuracy

Category Description Cost
False | Mistakenly . Up to
submits accept asiow I/0 milliseconds!
S
&
Customized loss function: te"e
Inaccurate Biased W
cases Reduce false submits by e e Lo
up to 68%! training %
Q/gf
False Mistakenly . Hs-level
revokes ~ revoke a fast 1/0 failover



Conclusion

« System is always about trade-off
« ML is also often about trade-off: computation vs accuracy
» Define your problem well, find a good trade-off
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