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1. Introduction

Computers are not able to natively understand text. Thus, when text is stored in a computer
system, it is represented as “strings” of characters encoded using a standard such as ASCI| or
UTF-8. This makes certain queries based on the structure of the text straightforward.

For example:
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= The query “Find all places in Canada that start with Eagle” may vield: 2 ore;c P Eh [A ]A P vectors to return k.
= Eagle Lake First Nation, Ontario 3 Q.push((p- 4, p)) output: Array of k vectors.
= Fagle River, Ontario 4 PQ.pOp() if h
= Eaglesham, Alberta 5 return Elements of PQ v if [V| <k then return V
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Semantic Queries In Algorithm 1, Sqps IS calculated between every vector in V' and ¢, and the results Is inserte . . A A
into a heap of size k. This algorithm runs in O(nlog k) time with O(k) extra space. // Find index of vector p closest to §
3 p < BinarySearch(S,q)

= \What if we used natural language processing to allow database queries that incorporate
the meaning of the text?

Optimizing Index Structures to Support

Victor Kamel & Dr. Sean Chester

University of Victoria, Department of Computer Science, March 12, 2023

3. Linear Scans

Algorithm 1: HeapScan(V/, q, k): Return top & most similar vectors to g in V.
input : Array of normalized vectors V', normalized vector ¢ and # of vectors to return k.

output: Array of k (similarity, vector) tuples.

Algorithm 2: IntroScan(V/, q, k): Return top & most similar vectors to g in V..

4 K < Array(S|p|)
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5. Radial Partitioning

1. Find closest point.
Algorithm 4: Radiallndex(S, ¢, k). Return top k @ closest poin

most similar vectors to ¢ in V.
input : Array S of normalized vectors sorted

. . ; . . — S.s1
= Can this be done efficiently? input : Array of normalized vectors V', normalized vector ¢ and # of vectors to return k. >N size()
output: Array of k (similarity, vector) tuples. 6 if k# 1 then
L . 7 left < (p—1
SELECT * FROM T 1 Initialize array K of size |V| 3 Tight <_(ZZp+ )1?%1
WHERE City LIKE "Seattle" - "US" + "Canada" 2 for i< 0to |V|—1do K[i] + (V]| -q,V]i]) . while K.size() < k do
LIMIT 3 3 Introselect(K, k) ' Figure 3. Diagram of Radial Spatial Partitioning
—— 4 return K[O : k] 10 L S[left] top-K algorithm, k = 5.
1. Vancouver, British Columbia : : : H T% S[r}ght] A
2° Kel é tish Columbi In Algorithm 2, Seps IS calculated between every vector in V' and ¢ as before, but next we use 12 if Deos(q,1) < Deos(q,7) then If we normalize each vector and store them
3' C;;Zi;’ AEZ;; oTHIRRE the introselect algorithm which can partition the array such that the top k elements appear in the 13 K.append(l) in a sorted order based on their angle, we
' ’ first k positions in O(n) expected time [3] and O(n) space. 14 left < (left —1)%n no longer need the Distance Browsing al-
Both algorithms are simple to implement, and generalize well to higher dimensions. 1 cIs€ gorithm anAd can search only the k closest
16 K-append(f) points to ¢ directly, as Figure 3 and Algo-
Spatial Partitioni 17 right < (right + 1)%n rithm 4 illustrate. The overall runtime com-
The objective of this research is to investigate the practicality of using semantic identifiers for 4. Spatial Fartitioning 18 return K plexity is O(k + logn), with an O(1) extra
strings that enable semantic queries to be performed. Algorithm 3: UniformSpatialindex(S, 4, k): Return top — space complexity.
_ o k most similar vectors to ¢ in V. . ) IO 6. Results
2. Word Embeddings & Similarity input : Spatial index S, normalized vector ¢ and B0 sl TRe -
number O]C VeCtOrS tO return k. .(X ..... ) ............................................ Query Tlme VS k. Query Tlme VS N
What do we mean when we say two words are semantically similar? output: Array of k vectors. . (x ;';/4 . S S S 0 k =100 k = 100000
505 . [ : ® %) 1 ]
X E E E 10 =
Word Embeddings 1 if |V| < k then return V Sl B4 : B5 B6 : B7 : ] !W 2 10! M
= Word embeddings are N-dimensional, real-valued vector representations of words in some 2 bucketPQ < MakeMinHeap(S.buckets) // Based , ' - 10° 4 - W
vocabulary V. The embeddings of words that are used in similar contexts appear in proximity on distance to . e 5 | 0.0.0.0.000.00000¢0000080e 2 107
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Context is determined by the words that surround the given word in the training corpus. 4 while (point PQ.size < k or o ¢ & 102 _:_ [j‘:;’j;"‘;‘ tialindex S
= The vectors are generated using the hidden layer of a unsupervised machine learning model. Deos(4, point PQ.peek()) > B12: B13 B14 B15 @ - Radiolinder S 1072
= Vector arithmetic can be performed on word embeddings: vector("King”) — vector("Man”) + Decos(q, bucket PQ).peek())) do :EE 107 4 .‘_‘"_"_‘_.‘_.‘_‘_,o..,.«"'o %10_3 _5,“ WL VOUPOVEN
vector(“Woman") creates a vector that is closest to the embedding of the word “Queen” [2]. 5 | bucket < bucket PQ.pop() Gl il il S e L . - . . U R . — p—— —
6 for v € S.getVectors(bucket) do ¥ 5~ I v ! = y 0 * < .
. T . Number of Vectors Returned (k) Size of Vector Set (n)
Cosine Similarity . 7 if point PQ).size() < k then point PQ).push(v) (¥ )| oY) | 5o ¥ ) |50V D53 ) [(¥9)| - |x,0y,)| Vectors
* Given two word embeddings @, b € R, we need a method to measure their similarity. A 3 else otz 3 45 n-1 | |
common metric used for this purpose is based on the cosine of the angle between them: 9 if Deosq, (V) < point PQ.peek() then Figure 4. varying k. Figure 5. Varying n.
S op N ' . :
Spos(d@. B) = a-b _ D _i—1 @b 10 pO?ntPQ'pOPO . In order to measure the relative performance of these data structures, the query response time
e @b \/ZN1 a2\/ZN1 b2 1 - fOZ?tPQf;gh@) was measured against k and n. The algorithms were be implemented in C++, and run on an x86
i=1% i=1Y 12 return Elements of poin

machine. The vectors used were pre-trained word embeddings from [4], dimensionally reduced
to two dimensions using PCA. From Figures 4 and 5, we can see that the measured runtime char-
acteristics agree with the theoretical values. Clearly, the radial partitioning approach is superior.

In Algorithm 3, a uniform partitioning is used as seen
in Figure 1. We can use a modification of the Distance
Browsing algorithm [1] in order to perform a BFS
starting at the bucket that would contain q. Figure 2
visualizes the distance function Dgys between ¢ and
any given bucket.

Indices & Top-K Queries

= Since word embeddings can have hundreds of dimensions |2], in order to store them
efficiently as identifiers, we need to reduce the number of dimensions using a technique such
as principal component analysis (PCA).
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