2020-12 Lucene introduces HNSW

Lucene has introduced vector indices in late 2020. Our work consists of
the integration of dense vector search in Apache Solr.
: oy : : 2022-01 Solr implements dense vector
Thanks to this new feature it is now possible to index vectors and :
search using the Lucene HNSW

perform vector searches. implementation

This opens the doors for several neural search algorithms leveraging
language transformers.
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Its efficiency is due to the hierarchical layout of the

Index field Yy O /| graph. This makes the search algorithm able to
rapidly converge towards the vectors close to the

Under the hood, the DenseVectorField instantiate a —~O0—C0— | target.

KnnVectorField. This is responsible of index the Field type parameters
vector in the graph and pertform the vector search

 similarityFunction:

Stored field o EUCLIDEAN - default
: : o DOT_PRODUCTS
The vector is stored using the parent class. The o COSINE <fieldType name="dense_vector" class="solr.DenseVectorField"

float values of the vector are stored as multivalue
FloatPointField

vectorDimension="3" similarityFunction="cosine" omitNorms="true"/>

e vectorDimension: length of the dense vector
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e hnswMaxConnections: Controls how many of the <field name="my_vector" type="dense_vector" indexed="true" stored="true" multiValued="false"/>

Query parser nearest neighbor candidates are connected to the new

node.
o Detault is 16
e hnswBeamWidth: the number of candidate neighbors

To search over the vector index, it is necessary to
use the KnnQueryParser. It takes 3 parameters:

e f: field name to track while searching the graph for each newly curl —location —request POST \

"http://solrhost/solr/dense_vector_index/update/json/docs?commit=true’ \
—header "'Content-Type: text/xmlL" \
—data-raw '{'\'"'id'\'': 1,'\''my_vector'\'':[0.13, .31, 0.52]}
{'\'tdd'\'r 2,'\""'my_vector'\'"':[0.55, ©0.32, 0.41]}
{'\''id"\"': 3,'\"'my_vector'\'':[0.65, 0.97, 0.42]}
{'\'"id"'\"'': 4,'\""'my_vector'\'':[0.48, 0.12, 0.75]}'

e v: vector value inserted node

e topK : number of vectors to return o Default is 100

e The documents are transformed into vectors using a sentence transformer (like BERT)

"responseHeader": {
"status":0,
"QTime" : 60,
"params": {
"q":"{!'knn f=my_vector v=[0.1,0.2,0.3] topK=3}",
"indent" :"true",
llq ) DpII - IIUHII .
" ":"1648855092945"}},
"response": {"numFound":3,"start":0, "numFoundExact" : true, "docs": [

{
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e Vectors are indexed in the graph index in solr

QUERYING

o The query text is transformed into a query vector
e KNN searches for the top K vectors in the index closest to the query vector
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"my_vector":[0.55,

QUERY [0.21, 0.42, 0.55, 0.87...] 8.32,
"query text" K““ SEAHGH 0.41]}]

BENCHMARKS # DOCUMENTS 61K FUTURE WORKS
e Import latest Lucene 9.1 changes into Solr:
# QUERIES 5750
e o Support for filtering in KNN search
fexi.inclex index size AVG DOCUMENT 1087 WORDS o Up to 30% improvement in index throughput for vectors
De 117 GB S3ent o Up to 10% faster KNN search
1.34 GB
AVG QUERY LENCTH 5.9 WORDS e Dense Vector Fields Multivalued

e index/query time BERT integration in Apache Solr
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