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Motivation
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Word Embeddings

.

Vector Representation

Image Descriptors

RS2 SIFT/ GIST Deepwalk /
Glove Node2Vec

Graph Embeddings
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Motivation (2)

Word Embedding Operations

y/
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H
within SQL Lt
Movies Relation
| m_id [ = | —
1 Inception Neighbor
2 Godfather Join
3 Forrest Gump
106 Scarfo{ kNN (

movies. titles AS m1 M)
movies. titles AS m2
Bulk operation

= millions of vector distance calculations

\

Inception
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Key Operation: kNN » Dresden Database

wn
Q . SELECT kNN (foViEsUELELe, 3)
Sq—) FROM movies
- 4
O | é°
‘ : o o L4
) Inception 2010 [0,21; 0,58; ...; -0,77] | . "%
(V)] ! ®
O 2 Godfather Brando [-0,46; 0,25; ...; 0,44] l ¢
O d o ___%__e___
O 3 Forrest Gump + Connery [0,76; 0,48; ...; -0,51] >
e 7
O
O s Scarface Untouchables [0,86: -0,22: ..; 0,12]
— o
titl VARCHAR -
0 3 Million Vectors
5 Inception 2010
8 Inception Shutter Island query set R
-
Godfather Brando
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Key Operation: KNN-Join »Dresc’e” Patabase

$ . SELECT ml.title, m2.title
= 92° rFroM FEVEESNED kNN-Join (3) SHEESEEE
Q ON fil.title ~
g WHERE ml.year= .. AND T .
! ¢
: o o, ©
I S ’ c ety
) Jr—— Shutter Island [-0,46; 0,12; ...; 0,87] | o "
w0 ! °
O 2 Godfather Forrest Gump 0,16} 0,625 . {0,111 : °
]
g 3 Forrest Gump +  TheDarkknight [076;048;..;-0511 L “ZT---moommeo- >
S 7
O
O s Scarface Untouchables [0,86; -0,22; ...; 0,12]
- .
titl VARCHAR
b — 100.000 Vectors
3 Inception Shutter Island
$ Inception The Dark Knight query set R
| -
Scarface Untouchables _
& B KNN(R x T) ={(r,t)|t € kNN(r,T),r € R} 5
DRESDEN



kNN-Joins in RDBMS »Dresden Database

Cha”enges 9 q,: SELECT ml.titls, m2.title
= 2 FROM moxlries ml kN'N—Join(3)_
= Batch-wise kNN Search for large “g’ ERe ot yon s
query sets ¥ o5, o
- reduce interface and retrieval , TN v
. 1 Inception Shutter Island [-0,46; 0,12; ...; 0,87] . e
tl m e S 8 2 Godfather Forrest Gump [0,16; 0,62; ...;-0,19]
- High Dimensional Data '8 3 Forrest Gump +  TheDarkknight  [0,76;048;.;-051] | T ooootooooe-
+
= Previous Work mainly focuson  © 5 scariece T s
low dimensional data (e.g. spatial ¥ —~—
I7,) VARCHAR
dotq) g Inception Shutter Island 100.000 Vectors ‘
» Adaptive kNN-Join Algorithm o inception | The Dark Knight query set R
- Different cardinalities of join ceorface Untonchables  targetsetT
operands
- Only one index for all vectors
= Different Demands on Precision KNN(R % T) ={(r,t)|t € kNN, T),r€R)

and Response Time
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kNN-Join Algorithm @ s debas:

Preprocessing

Precomputing data for distance calculation

Index Data Retrieval
Read out relevant data from the index
(candidates) [

Candidates J

Calculate distances between query vectors
and candidates to determine most similar
targets

Distance Calculation

Post Verification

Refine the result with exact distance
calculation [

kNN Result J
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K Nearest Neighbors »Dresden Database

Naive Algorithm

= Determine all distances between query vector x

°
vectors p € P in the target set @ Forrest Gump

° ° @
2 Nearest Neighbors

L
e o deption
Shutter Is g .’

- Select vectors with lowest distances (kNN)

= Complexity: O(|P| - D)

[ )
______ 6. o ___ 2 s ___,
L ) Ps
: [ ] (] PP
I [ ]
I [ )
|

® Query Vector

® Index Vectors
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Vector Quantization »Dresc’e” Database

Objective

= Transform vector data into compact
representation

Forrest Gump
o

Quantization Xy
4
* Cluster Data: kMeans

= Objective: Obtain a set of centroids which
minimize the distortion:

— Minimize d(y,q(y))

Quantization Function
» Def:q:yeRP - (C,CcRP

Assign every vector to its nearest neighbor |/ \ @
out of a set of centroids I

Represent vector by centroid id q(y) = ¢19 — 1d: 10
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Product Quantization Search »Dresc’e” Database

Fast Computation of kNN via Pre-Processing

y = v oY Yarr o Y2a o YY)+ - Yn)
~ ~ —_—
= Approximated Distances u1 (y) uz(y) Um ()

bl i

i(x,y) = \/Z (3 (), 035 ()2 ) [ o

o - [P

 Precompute d(uj(x), q; (uj(}’))) a1 qa)—L* @‘
o Product ‘ ‘

Query Sub Vector Cg:;ﬁ:ge?f Quantization:  q;(1; (), ¢2(u, (), ...  ImUm(¥)

- Computation of square distances resolves to a sum of m precomputed distances
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Product Quantization Search »Dregde” Database

Systems Group

(1) Preprocessing can be time
consuming

» Should be adaptive to ©
cardinalities of query ‘ Z
&)

and target set

Index Data Retrieval

[ Candidates ]

Distance Calculation

Post Verification

[ kNN Result ]
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Adaptive Preprocessing » Drcsden Database

QUERY:
SELECT ml.title, m2.title

FROM movies ml kNN—Join(3)_
ON ml.title ~
WHERE ml.year= .. AND

X X

Large Query Set Small Target Set Small Query Set Large Target Set

- Objective: Safe preprocessing time - Objective: Safe time during search
@I i
&
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Ad(] ptlve Preprocess| ng ‘ Dresden Database

A X
Large Query Set Small Target Set Small Query Set Large Target Set
- Objective: Safe preprocessing time - Objective: Safe time during search
few centroids but many quantizer functions many centroids but only few quantizer functions

LONG Codes

Number of centroids: 8 x 10
PQ-Sequences e.g.: 1,7,0,5,6,2,6,1,1,4

SHORT Codes

Number of centroids: 64 x 5
PQ-Sequences e.g.: 15,5,50,49,12

Fast preprocessing

(80 distance calculations per query)
Slower search

(10 additions per query-target-pair)

Slow preprocessing

(320 distance calculations per query)
Faster search

(5 additions per query-target-pair)
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A
Adaptive Preprocessing SDﬁ:gﬁgggg Database

@ @ @

Large Query § get Set

- Objective: _ _ _ search
It is only a single index necessary!

few centroids but Antizer functions

Number of centroids

PQ-Sequences e.g.: 1,7,0,5,6,2,6,L, L, & PQ-Sequences e.g.. 15,5,50,49, 12

Fast preprocessing Slow preprocessing

(80 distance calculations per query) (320 distance calculations per query) o

Slower search Faster search

(10 additions per query-target-pair) (5 additions per query-target-pair) cl
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Adaptive Preprocessing (2)

Evaluation Setup

= kNN-Joins with different target

set sizes

= Vectors are sampled randomly

= Measurements are done 10
times for each point with

different vectors

Dataset

= 3M 300-dimensional word

vectors

Parameters

= Query Set Size: 5,000

= K: 5
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Time in Seconds

—
(%))

—_
o

u

© Short Codes
Preprocessing

& Short Codes
Search

< Long Codes
Preprocessing

& Long Codes

Search

10k 20k 30k 40k 50k

Target Set Size

Vo
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0
=Short Codes
*Long Codes

Time in Seconds
o (9)]

u

10k 20k 30k 40k 50k
Target Set Size

1=
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kNN-Join Algorithmus ‘g:gzgggDatabase

(1) Preprocessing

(2) Index Data Retrieval

= Retrieve only similar
target vectors

[ Candidates ]

Distance Calculation

(4) Post Verification

[ kNN Result ]
(D) g 19




Inverted Indexing » Dresden Database

Query Index
Token Vector Token Partition PQ-Sequenz
Id [»]
ed Inception [0,21;-0,86; ...]
. 1 Shutter 1 51, ..
Accelerate kNN-Search by non-exhaustive v Island
search schema Coarse B - . 33,
) Quantization 5 Srand 5 -
Preprocessing v rando 31
- . . . 4 Connery 3 8,5, ..
Additional coarse quantizer q. is applied to Partition Ids
. , 5 Scarface 2 7,3, ..
the complete vectors id(cy), .., id(c,)
— Assigns vectors to partitions \ /

kNN Calculation
Database

= Coarse quantization of query vector is Retrieval
calculated — id(¢y), ..., id(c,,)
....o determine number of candidates =

= Partitions with PID € {id(¢,), ..., id(c,)} are Computation
retrieved

= Distances Calculation — kNN [

kNN Results ]
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Query Construction » Dresden Database

How many target vectors

are in the w nearest partitions? ® Target Set
Not in Target
Set
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Query Construction » Dresden Database

Problem
= Number of partitions to retrieve depends on target set size

Estimate Probability of ‘Getting at least » targets’
- Hypergeometric Distr. (draw without replacement)

(D)

P(m=>= n) =

(2)
Parameter nsm=d  \d
= Population Size N: ®
Number of all index vectors + @

= Number of success states in the population K: @ ®
Number of target vectors ®

=  Number of draws d : ® Target Set
Number of vectors in selected partitions 9
Not in Target

= Number of Successes m: Set
Number of targets in selected partitions
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Query Construction » Dresden Database

4 3\
Calculation is very expensive!

- Approximation via normal distribution

- Integral of the normal distribution
describes the confidence of )
'getting at least n targets’ Probability

- - - - - Mass
- Statistics of partition sizes

for accurate estimation
Number of Targets

TECHNISCHE
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Query Construction (2) »Dresden Database

Setup 1000

= kNN-Joins with a single randomly
sampled query vector and 1000 800
target vectors are executed

=
o
o

©
o

80

600
70

Estimation of Target Numbers

= Different selectivity values

= Prediction of the normal ' .
distribution displayed 200

Real Value

60

Condition Valid in %

40

Estimation of Confidence o e

600 800 1000

= Number of partitions is adjusted 0 200 400
to a probability of getting at least o
Prediction

n targets > confidence Probability Estimation

» Plot shows validity of condition Estimated Number of Targets
(each rate based on 1000 queries) (Mean of the Distribution)

Confidence
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kNN-Join Algorithm @ s debas:

Preprocessing

Index Data Retrieval

[ Candidates }

(3) Distance Calculation

Post Verification

Improve precision
User defined trade-off between
precision and response time

[ kNN Result }
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Distance Calculation with Post Verification »PysfﬁniﬁﬁﬂDatabase

Combined Distance Calculation — Post Verification

Product Quantization
Distance Calculation

Candidates from
the Inverted Index

Exact Calculation

VS
very slow low preCiSion Product Quantization
‘ Distance Calculation
Post Verification Method Adaptivity: [ ot ]
. andidates
» Product Quantization Methods can be used Size: pvf - k
to obtain candidate set — size determined by
pvf Exact Distance
= Refine candidate set with exact calculation Calculation
= pvf is set based on precision and response
time demands [ e ]
—>Post verification converges fast to results of coults ®| | @I

exact calculation
O e 26




Evaluation

Setup

N
6 Dresden Database
Systems Group

= Time and precisions measurements for 0.8
randomly sampled word vectors tee* °
Dataset S 06 ’
= 3M 300-dimensional word vectors G
Q
—
Parameters a 04
= Number of query vectors: 5,000 o g Q(@
= Number of target vectors: 50,000 02 Bas®®
= K:5
= Selectivity of the filter a (high values are less 0 5 10 15 20
selective) - _ Response Time in Seconds
= Different sizes of candidate sets for post
verification M Baseline Ma=200 Wa=800 o PQ ---PQ+PV
B a=400 ™ a=1000 ° Exact
O
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Evaluation

Setup

= Time and precisions measurements for

randomly sampled word vectors

Dataset

3M 300-dimensional word vectors

Parameters

TECHNISCHE
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Number of query vectors: 5,000

Number of target vectors: 50,000

K:5

Selectivity of the filter a (high values are less
selective)

Different sizes of candidate sets for post
verification

Precision

B Baseline

N
6 Dresden Database
Systems Group

5 10 15 20
Response Time in Seconds

B a=200 Wa=800 o PQ ---PQ+PV
Hoa=400 ™ a=1000 o Exact

28



Conclusion
Contributions Runtime
= Adaptive product quantization C,
search

Target Size
= kNN-Join based inverted product

quantization search and post More
verification for flexible target sets candidaes
- faster than the product

quantization baseline More Partitions

* Implementation into a relational
database system

V-
6 Dresden Database
Systems Group

Preprocessing

Index Data Retrieval

Candidates J

Distance Calculation

Post Verification

Outlook
= Automatic parameter configuration o @&
for maximal response time or >
minimal precision requirements kNN Result J
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