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1. Background

* Predecessor & range search in external memory

2. Learned structures for pred & range search
« RMI by Google + MIT
« PGM-index by UNIPI

3. Learned structures for approx membership
4. (Extra) tools for writing efficient code
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Predecessor search & range queries
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Baseline solutions for predecessor search
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Baseline solutions for predecessor search
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Baseline solutions for predecessor search
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B trees
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B trees
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B trees
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B-trees are everywhere
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1. “B-trees have become, de facto, a standard for
ﬁle Organization” Comer. Ubiquitous B-tree. ACM Computing Surveys. '79

2. This is still true today
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A closer look at the data
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A closer look at realistic data
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+ Google

MITCSAIL

B-trees are machine learning models
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“All existing index structures can be replaced with other types of models, including
deep-learning models, which we term learned indexes.” [SIGMOD '18]
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MITCSAIL

B-trees are machine learning models
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“All existing index structures can be replaced with other types of models, including
deep-learning models, which we term learned indexes.” [SIGMOD '18]
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The Recursive Model Index (RMI)
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@Eﬁ + Google
Construction of RMI
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Train the root model on the dataset
Use it to distribute keys to the next stage

Repeat for each model in the next stage (on
smaller datasets)
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Performance of RMI
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1. Up to 1.5-3x faster and two orders of
magnitude smaller in space than a B* tree

2. Unfair? Definitely
3. GPUs/TPUs? Not really...
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Don't Throw Out Your Algorithms Book Just Yet: Classical Data
Structures That Can Outperform Learned Indexes

by Peter Bailis, Kai Sheng Tai, Pratiksha Thaker, and Matei Zaharia

11Jan 2018

There’s recently been a lot of excitement about a new proposal from authors at Google: to replace conventional indexing data
structures like B-trees and hash maps by instead fitting a neural network to the dataset. The paper compares such learned
indexes against several standard data structures and reports promising results. For range searches, the authors report up 3.2x
speedups over B-trees while using 9x less memory, and for point lookups, the authors report up to 80% reduction of hash table
memory overhead while maintaining a similar query time.

While learned indexes are an exciting idea for many reasons (e.g., they could enable self-tuning databases), there is a long
literature of other optimized data structures to consider, so naturally researchers have been trying to see whether these can do
better. For example, Thomas Neumann posted about using spline interpolation in a B-tree for range search and showed that
this easy-to-implement strategy can be competitive with learned indexes. In this post, we examine a second use case in the




Limitations of RMI

~N/

1. Fixed structure with many hyperparameters
# stages, # models in each stage, kinds of regression models

2. Training time

3. No a priori error guarantees
Difficult to predict latencies

4. Models are agnostic to the power of

models below
Can result in underused models (waste of space)



Our approach:
The Piecewise Geometric Model Index



Main ingredients of the PGM-index
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1. Fixed integer error e > 1

2. Piecewise linear function: keys — positions

a. Linear models are easy to store (2 floats)
b. Linear models are fast (1 mul + 1 add)

3. Store models in the index nodes, not keys

4. Recursive bottom-up construction



PGM-index construction
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Compute the optimal piecewise linear approx with guaranteed error € in 0(n)
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Save the m segments in a vector as triples s; = (K&, slope, intercept)
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PGM-index construction
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Memory layout of the PGM-index

~N/

Segments

(2, sl, ic) (23, sl,ic) | (31, sl,ic) | (48,sl,ic) | (71,sl ic) | (76, sl,ic) | (102, sl, ic)
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Input keys
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PGM-index construction
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Drop all the points except s;. kéy

key
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PGM-index construction
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... and repeat!

/
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Memory layout of the PGM-index
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Level[0]

(2, sl, ic)

Level[1]

(2, sl, ic) (48, sl,ic) | (102, sl, ic)

(2, sl, ic) (23, sl,ic) | (31,sl,ic) | (48,sl,ic) | (71, sl,ic) | (76,sl,ic) | (102, sl, ic)
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Predecessor search in PGM-indexw. s = 1
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Some asymptotic bounds

~N/
Data Structure Space of index RAM model EM model
Worst case time Worst case 1/Os
Multiway tree 0(n) O(logn) O(logg n)
RMI Fixed oM oM
PGM-index O(m) O(logm) O(log, m)

m < n/(2¢) c = 2e =Q(B)
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Space-time performance
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2.3 GHz Intel Xeon Gold and 192 GiB memory

14 PGM & — 26
* PGM e =27
‘ PGM ¢ = 28
BT-tree 16KiB OPGM e =29
QOPGM e = 210
O . OPGM ¢ = 21!
CSS-tree 4KiB RMI 10K
RMI 50K
[TJRMI 100K
[CJRMI 200K
0 [CJRMI 400K
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In a nutshell: indexing 95 GiB of data
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Fastest CSS-tree
128 B pages (2x cache line)
341 MiB
1.2 s to construct

PGM-index with same performance
€=128
4 MiB (-85x)
2.1 s to construct




Compression
&
Distribution-awareness
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Compressed PGM-index: the slopes
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Compressed PGM-index: the intercepts
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Compressed PGM-index: the intercepts
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Compressed PGM-index: the intercepts
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Compressed PGM-index
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Theorem. Let m be the number of segments of a
PGM-index indexing n keys

1. There exists a lossless compressor which computes the minimum
number of distinct slopes t < m and stores them in
64t + m[logt] bits of space

2. The intercepts can be stored using m log(n/m) + 2m + o(m) bits
and be randomly accessed in O(1) time

In practice queries are 14% slower but the space footprint is reduced by 52%



Distribution-aware predecessor problem
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Given n pairs (k;, p;) where p; is the probability
of querying k;, build a data structure that answer
predecessor queries in O(log 1/p;)

Theorem. The Distribution-Aware PGM-index achieves that query
time in O(m) space, where m is the number of segments in the
PGM-index



position

Distribution-aware PGM-index

~N/

Proof idea: define for the key k; a range of size min{1/p;, €}

key



Learned approximate
membership structures



Recap: the Bloom filter
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Bit vector of length m
representing a set
S = {xl, X2, ...,xn}

r random independent hash
functions hq, ..., h,

Initialise by setting B[h;(x)] = 1
foranyx € S,i € [1,7]

Return that g is not in S when
B[h;(q)] = 0 for at least one i,
otherwise return “maybe yes”

I1

L2

oO|Ir ||, |O|Pr|IO|O0O|P|FPr|O|IO|+~]|O




Ubiquitous Bloom filters
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. Google Chrome: identify malicious URLs.

. Akamai Technologies: prevent "one-hit-wonders" from
being stored in its disk caches.

. Google Bigtable, Apache HBase and Apache Cassandra
and PostgreSQL: reduce the disk lookups for non-
existent rows or cols

. Medium: avoid recommending articles a user has
previously read

https://en.wikipedia.org/wiki/Bloom_filter#Examples



\f@?éﬁ + Google
Bloom filter at a high level
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Is g in the set?

!
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Maybe yes
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Bloom filter at a high level
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Is q in the set? Is g in the set?
l Trained on the dataset l
{(kq,YES), (k,,NO), s D

(ks,NO), ...}

................. B f

N Y
v\ /7 \\
Maybe yes  No Maybe yes No



@% + Google
Bloom filter at a high level
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Is g in the set? Is g in the set?
l Trained on the dataset l
{(ky,YES), (k3, NO), « D

(ks,NO), ...}

................. Ee f

& J
N 7\
Maybe yes  No Maybe yes Maybe no



@rﬁ% + Google
Bloom filter at a high level
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Is g in the set?

Is g in the set? l

‘

"\

Maybe yes Maybe no
}

v\

Maybe yes No

v N\

Maybe yes No



Learned vs classic Bloom filter

~N/

+ Reduces memory + No training
(~30%)

— Memory = MBs

+ Fast evaluation

+ FPR on any non-set
item



False positives != [alse positives
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1. Bloom filter: the probability that any non-set item

yields a false positive
Pr(all r bits checked for a key notin Sare 1) ~ (1 — e™™/™ )T

2. Learned Bloom filter: measure the false positive rate
(FPR) over a test set and hope that future data looks

like training data

* Universe of elements is U = [0, 1 000 000)
* Store 500 elements randomly chosen from R = [1000, 2000]
* Learned bloom filter might accept all keys from R and reject U \ R

* |f test set (or future queries) is uniform over U, then FPR will be low
* |f test set consists of elements in [1, 10 000], then FPR will be high



Many more learned algorithms and data structures

~N/

1. Learned hash tables

2. Learned sorting

3. Learned scheduler

4. Cardinality estimation of SQL queries

5. Frequency estimation for streams
6. ...




Conclusions



To sum up
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1. Thinking of classic data structure as ML

models can bring several advantages
a. Adaptation to the data distribution

b. Better space-time performance
2. But those learned structures lose all the
worst-case guarantees

a. Unless you can prove they don’t (PGM-index)

b. Unless you just use them to augment, and not
replace, classic structures
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The PGM'indeX Home Docs

The PGM-index

The Piecewise Geometric Model index (PGM-index) is a data
structure that enables fast point and range searches in arrays of
billions of items using orders of magnitude less space than
traditional indexes.

@ READ THE DOCS ¢) VIEW ON GITHUB L] GRAB THE PAPER
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Intel VTune Amplifier
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The $timeit built-in line magic

In [1]: from random import uniform
from itertools import cycle

gen_point = lambda: (uniform(0, 100), uniform(0, 100))
points _pairs = [(gen_point(), gen point()) for _ in range(100000)]
iter points_pairs = cycle(points_pairs)



In [5]:

Cython

!pip install cython
%load_ext Cython

$%cython -a

cimport libc.math

def cython_distance((double, double) pl, (double, double) p2):

cdef double dx
cdef double dy
cdef double res
return res

p2[0] - pl[0]
p2[1] - pl[1]
libc.math.sqrt(dx * dx + dy * dy)



The %1prun magic (from the line profiler module)

In [ ]: !pip install line profiler
%load ext line profiler

In [9]: %lprun -f distance.euclidean [distance.euclidean(pl, p2) for pl, p2 in points_pairs]

Total time: 8.01555 s
File: /usr/local/miniconda3/lib/python3.6/site-packages/scipy/spatial/distance.py
Function: euclidean at line 566

Line # Hits Time Per Hit % Time Line Contents
566 def euclidean(u, v, w=None):
567 e
568 Computes the Euclidean distance between two 1-D arrays.
569
570 The Euclidean distance between 1-D arrays "u  and "v , is defined as
571
572 .. math::
573
574 {lu-v||}_2
575
576 \\left(\\sum{(w_i |(u_i - v_i)|"2)}\\right)~{1/2}
577
578 Parameters
579 eeeee———
580 u : (N,) array_like
581 Input array.
582 v : (N,) array like
583 Input array.
584 w : (N,) array_like, optional
585 The weights for each value in “u” and v~ . Default is None,
586 which gives each value a weight of 1.0
587
588 Returns
58  emeeeee
590 euclidean : double
591 The Euclidean distance between vectors “u” and “v .
592
593 Examples
594 e
595 >>> from scipy.spatial import distance
596 >>> distance.euclidean([1, 0, 0], [0, 1, 0])
597 1.4142135623730951
598 >>> distance.euclidean([1l, 1, 0], [0, 1, 0])
599 1.0
600
601 e

602 100000 8015546.0 80.2 100.0 return minkowski(u, v, p=2, w=w)



The %1prun magic (from the 1line profiler module)

In [ ]: !pip install line profiler
%load_ext line_ profiler

In [9]: %lprun -f distance.euclidean [distance.euclidean(pl, p2) for pl, p2 in points_pairs]

In [10]: %lprun -f distance.minkowski [distance.euclidean(pl, p2) for pl, p2 in points pairs]

g T

470 minkowski : double

471 The Minkowski distance between vectors “u” and “v .
472

473 Examples

474 eme—————

475 >>> from scipy.spatial import distance

476 >>> distance.minkowski([1, 0, 0], [0, 1, 0], 1)
477 2.0

478 >>> distance.minkowski([1, 0, 0], [0, 1, 0], 2)
479 1.4142135623730951

480 >>> distance.minkowski([1l, 0, 0], [0, 1, 0], 3)
481 1.2599210498948732

482 >>> distance.minkowski([1l, 1, 0], [0, 1, 0], 1)
483 1.0

484 >>> distance.minkowski([1l, 1, 0], [0, 1, 0], 2)
485 1.0

486 >>> distance.minkowski([1, 1, 0], [0, 1, 0], 3)
487 1.0

488

489 e

490 100000 1692341.0 16.9 18.8 u = _validate_vector(u)

491 100000 1292432.0 12.9 14.4 v = _validate_vector(v)

492 100000 93284.0 0.9 1.0 if p < 1:

493 raise ValueError("p must be at least 1")
494 100000 403287.0 4.0 4.5 uv=u-yv

495 100000 85169.0 0.9 0.9 if w is not None:

496 w = _validate_weights(w)

497 if p == 1:

498 root w = w

499 if p == 2:

500 # better precision and speed

501 root_w = np.sqrt(w)

502 else:

503 root_w = np.power(w, 1/p)

504 uv =root w * uv

505 100000 5320230.0 53.2 59.2 dist = norm(u_v, ord=p)

506 100000 99468.0 1.0 1.1 return dist



