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Traditional retrieval problem
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Popular approach: Dense retrieval
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Data structure to support
efficient vector search




DiskANN Impact
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What next?

1) Better theoretical understanding of vector search
algorithms

2) Entering a new phase in vector search with new
variants




New directions

Diverse search Embeddings are evolving Filter search, Online search,
(Multi-vector) Distributed search, Page search

Vector search data structure to support new requirements?




Motivating questions

1) Better theoretical understanding of DiskANN

2) Modify DiskANN to accommodate diversity?




Improved analysis of DiskANN

Sort Before You Prune: Improved Worst-Case Guarantees of the DiskANN Family of Graphs (ICML, Under Review)
Siddharth Gollapudi, Ravishankar Krishnaswamy, KS, Harsh Wardhan



Graph based approach (DiskANN)

Vector data

Stage 1

—_— Build Graph ——

Search Graph

Stage 2
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Greedy search
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Graph — Desired Properties

Greedy search should reach good approximate solution

? Linear search!



a — Reachable Graph

Relative Radius
1a-d(s,v)

S

1 )
for all s, v there exists t such that d(v,t) < =-d(s,v) (s,t) edge exists
a
[Indyk Xu, 23] Maximum degree< a%, where d is
doubling dimension

Maximum diameter < log,(-)




Local optimum solution

S

d(s,q) < d(t, q) d(t, v) sé-d@, )

s is local optimum a — reachable property

Worst case
approximation ratio




Local optimum solution (&« — Reachable graph)

d(s,q)

max
d(v,q)

v is global optimum

1 : :

s is local optimum a — reachable property metric property

[Indyk Xu, 23]

1 : .
Worst case ratio < @ ; Running time 0 (a® - log,(+))
a —

Tight!



a — sorted Reachable Graph

e

d(s,b) = d(s,v)

d(s,t) <d(s,v)




Local optimum solution (& — sorted Reachable)

d(s,q)

max
d(v,q)

v is global optimum

1 : :

s is local optimum a — reachable property metric property

d(s,t) <d(s,v)

sorting property



Our results

Worst case approximation ratio

Euclidean metric

Euclidean metric

Beam search

Worst case metric

All results are tight!




100@100 Recall

100@100 Recall
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Proof for Euclidean metric

lIs — qll;
max
lv —qll,

v is global optimum

1
Is —qllo < |1t —qll, v =elly <2~ Jls = v, £, metric

d(s,q) <d(t,q) d(:,) is a metric

d(v,t) < % - d(s,v)

s is local optimum a — reachable property metric property

lIs = tllz < |Is = v,

d(s,t) <d(s,v)

sorting property



Proof for Euclidean metric

s — qll3
X

ma
v —ql|;

v is global optimum

2 — 2<1. — 2 .
s = qll3 < [l - qll; o=tz < - fls =l £, metric

1 . )
d(v,t) < o d(s,v) d(-,-) is a metric

d(s,q) = d(t,q)

s is local optimum a — reachable property metric property

lIs = tl13 < [Is — vl

d(s,t) <d(s,v)

sorting property




Motivating questions

1) Better theoretical understanding of DiskANN

2) Modify DiskANN to accommodate diversity?




Diversity in Vector Search

Graph-based Algorithms for Diverse Similarity Search (ICML, Under Review)
Piotr Indyk (MIT), Ravishankar Krishnaswamy (MSRI), Sepideh Mahabadi (MSR Redmond), KS, Haike Xu (MIT)



Diversity in Search Google Announces Site Diversity
Change to Search Results
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Diversity in RAG -

Enhancing RAG Pipelines in
Haystack: Introducing
DiversityRanker and
LostinTheMiddleRanker

How the latest rankers optimize LLM context window utilization in
Retrieval-Augmented Generation (RAG) pipelines

p Vladimir Blagojevic - Follow
L8 @ Published in Towards Data Science - 8 minread - Aug 9, 2023
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Write a 2-pager on the history of ICTS
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A TI me l'l ne P rOJ e Ct to p I CS The recent improvements in Natural Language Processing (NLP) and Long-

Form Question Answering (LFQA) would have, just a few years ago, sounded
like something from the domain of science fiction. Who could have thought
that nowadays we would have systems that can answer complex questions
with the precision of an expert, all while synthesizing these answers on the
fly from a vast pool of sources? LFQA is a type of Retrieval-Augmented
Generation (RAG) which has recently made significant strides, utilizing the
best retrieval and generation capabilities of Large Language Models (LLMs).

But what if we could refine this setup even further? What if we could
optimize how RAG selects and utilizes information to enhance its




Diversity in Ads
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Question

Can we build a data structure to support diverse

vector search?



Definition of Diversity?

Single
attribute

Definition of diversity depends on context

Relevance vector
/ =
Objects
\

Seller (Ads)

Timeline, Topics (RAG)

Retrieve k=100 relevant objects

At most 10 objects from same color




Construction of Graph (Diverse DiskANN)

Goal: Retrieve 2 objects of .
different colors Optimal: {t,a}

Naive Greedy + Naive Graph: {t,v}
Diverse Greedy + Naive Graph: {t}
Diverse Greedy + Diverse Graph: {t,b}

Diverse Greedy Search

Good approximate
solution

While searching we traverse this graph while

satisfying diversity constraint.




Our results

Our algorithm returns a set of points v, v,, ..., U

Diversity constraints are satisfied

Approximation ratio Running time

O(m * f(a))

m is diversity parameter

Relevance vector

/ v,
General case Objects
\ Diversity vector
Ui




Experimental results

Product ads dataset
20 Million vectors, 5000 queries, 64-dimension embeddings

Seller Distribution

Standard DiskANN Build + Standard DiskANN Search + Post-processing
Standard DiskANN Build + Diverse DiskANN Search
Diverse DiskANN Build + Diverse DiskANN Search
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New directions

Q 8

Diverse search Embeddings are evolving Filter search, Online search,
(Multi-vector) Distributed search, Page
search

Provable algorithms Promising experiments!

Wider applicability

First provable
graph algorithms

References:
1) Sort Before You Prune: Improved Worst-Case Guarantees of the DiskANN Family of Graphs (ICML,2025)

2) Graph-based Algorithms for Diverse Similarity Search (ICML, 2025) Th k '
ank you!

3) «a-Reachable Graphs for Multivector Nearest Neighbor Search (ICML, VecDB workshop 2025)
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