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Traditional retrieval problem
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Objects

Query Relevant 
Objects



Objects 
(documents, ads, etc)

Feature 
Vectors

Vectors in a high dimensional 
space

Popular approach: Dense retrieval

Em
bedded 
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DiskANN Impact

Ads, MSAN 
   500m$ Incremental 

Annual Revenue

Web Index
2% Fidelity Gain

25% Machine Savings

M365 Indices
40% COGS savings 

First-Party Users

Azure

Customer Facing Offerings

“PGA is based off Microsoft’s FreshDiskANN”

“It is inspired by DiskANN, a disk-backed ANN”

External Adaptations

“Timescale Vector speeds up ANN search … 
inspired by the DiskANN algorithm"

Academic Impact



1) Better theoretical understanding of vector search 
algorithms

What next?

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



New directions

Diverse search Embeddings are evolving 
(Multi-vector)

Filter search, Online search, 
Distributed search, Page search

Vector search data structure to support new requirements?

Focus



1) Better theoretical understanding of DiskANN

Motivating questions

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

Graph based approach (DiskANN)

Vector data
Build Graph

Search Graph
query

Stage 1

Stage 2



Greedy search

Start node

Query

Sparse

Running time Average degree # Hops

Low 
Diameter



Graph – Desired Properties

s

v
t

Query

a

b

Low average degree Low diameter

Greedy search should reach good approximate solution

Linear search!



𝜶𝜶 − 𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑 𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆

Relative Radius 
1/𝛼𝛼 ⋅ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)

vt

Query

a

b

𝑑𝑑(𝑣𝑣, 𝑡𝑡) ≤
1
𝛼𝛼
⋅ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)

s

Maximum degree≤ 𝛼𝛼𝑑𝑑, where d is 
doubling dimension 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝒔𝒔,𝒗𝒗 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝒕𝒕 𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠, 𝑡𝑡  𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

Maximum diameter ≤ log𝛼𝛼(⋅) [𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰 𝑿𝑿𝑿𝑿,𝟐𝟐𝟐𝟐]



Local optimum solution

vt

Query

a

b

𝑑𝑑(𝑡𝑡, 𝑣𝑣) ≤
1
𝛼𝛼
⋅ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)

s

𝑑𝑑(𝑠𝑠, 𝑞𝑞) ≤ 𝑑𝑑(𝑡𝑡, 𝑞𝑞)

𝛼𝛼 − 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠 𝑖𝑖𝑖𝑖 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

max 𝑑𝑑(𝑠𝑠,𝑞𝑞)
𝑑𝑑(𝑣𝑣,𝑞𝑞)

Worst case 
approximation ratio



Local optimum solution (𝜶𝜶 − 𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑 𝐠𝐠𝐠𝐠𝐠𝐠𝐠𝐠𝐠𝐠)

𝑑𝑑(𝑡𝑡, 𝑣𝑣) ≤
1
𝛼𝛼
⋅ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)𝑑𝑑(𝑠𝑠, 𝑞𝑞) ≤ 𝑑𝑑(𝑡𝑡, 𝑞𝑞)

𝛼𝛼 − 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠 𝑖𝑖𝑖𝑖 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

max 𝑑𝑑(𝑠𝑠,𝑞𝑞)
𝑑𝑑(𝑣𝑣,𝑞𝑞)

𝑣𝑣 𝑖𝑖𝑖𝑖 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

𝑑𝑑 ⋅,⋅  𝑖𝑖𝑠𝑠 𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ≤
𝛼𝛼 + 1
𝛼𝛼 − 1

[𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰 𝑿𝑿𝑿𝑿,𝟐𝟐𝟐𝟐]

Running time 𝑂𝑂(𝛼𝛼𝑑𝑑 ⋅ log𝛼𝛼(⋅)) 

𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓!



𝜶𝜶 − 𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬 𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑 𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆

vt
a

b

s

vt
a

b

s

𝑑𝑑(𝑠𝑠, 𝑡𝑡) ≤ 𝑑𝑑(𝑠𝑠, 𝑣𝑣) 𝑑𝑑 𝑠𝑠, 𝑏𝑏 ≥ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)



Local optimum solution (𝜶𝜶 − 𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬 𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑)

𝑑𝑑(𝑣𝑣, 𝑡𝑡) ≤
1
𝛼𝛼
⋅ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)𝑑𝑑(𝑠𝑠, 𝑞𝑞) ≤ 𝑑𝑑(𝑡𝑡, 𝑞𝑞)

𝛼𝛼 − 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠 𝑖𝑖𝑖𝑖 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

max 𝑑𝑑(𝑠𝑠,𝑞𝑞)
𝑑𝑑(𝑣𝑣,𝑞𝑞)

𝑣𝑣 𝑖𝑖𝑖𝑖 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

𝑑𝑑 ⋅,⋅  𝑖𝑖𝑠𝑠 𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑑𝑑(𝑠𝑠, 𝑡𝑡) ≤ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝



Our results

𝛼𝛼
𝛼𝛼 − 1

Worst case approximation ratio

Beam search

𝛼𝛼
𝛼𝛼 − 1

𝛼𝛼 + 1
𝛼𝛼 − 1

Euclidean metric

Euclidean metric

Worst case metric

All results are tight!



Experiments



Proof for Euclidean metric

𝑑𝑑(𝑣𝑣, 𝑡𝑡) ≤
1
𝛼𝛼
⋅ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)𝑑𝑑(𝑠𝑠, 𝑞𝑞) ≤ 𝑑𝑑(𝑡𝑡, 𝑞𝑞)

𝛼𝛼 − 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠 𝑖𝑖𝑖𝑖 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

max 𝑑𝑑(𝑠𝑠,𝑞𝑞)
𝑑𝑑(𝑣𝑣,𝑞𝑞)

𝑣𝑣 𝑖𝑖𝑖𝑖 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

𝑑𝑑 ⋅,⋅  𝑖𝑖𝑠𝑠 𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑑𝑑(𝑠𝑠, 𝑡𝑡) ≤ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

max
| 𝑠𝑠 − 𝑞𝑞 |2
𝑣𝑣 − 𝑞𝑞 2

||𝑠𝑠 − 𝑞𝑞||2 ≤ 𝑡𝑡 − 𝑞𝑞 2
||𝑣𝑣 − 𝑡𝑡||2 ≤

1
𝛼𝛼
⋅ 𝑠𝑠 − 𝑣𝑣 2 ℓ2 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

||𝑠𝑠 − 𝑡𝑡||2 ≤ 𝑠𝑠 − 𝑣𝑣 2



Proof for Euclidean metric

𝑑𝑑(𝑣𝑣, 𝑡𝑡) ≤
1
𝛼𝛼
⋅ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)𝑑𝑑(𝑠𝑠, 𝑞𝑞) ≤ 𝑑𝑑(𝑡𝑡, 𝑞𝑞)

𝛼𝛼 − 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠 𝑖𝑖𝑖𝑖 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

max 𝑑𝑑(𝑠𝑠,𝑞𝑞)
𝑑𝑑(𝑣𝑣,𝑞𝑞)

𝑣𝑣 𝑖𝑖𝑖𝑖 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

𝑑𝑑 ⋅,⋅  𝑖𝑖𝑠𝑠 𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑑𝑑(𝑠𝑠, 𝑡𝑡) ≤ 𝑑𝑑(𝑠𝑠, 𝑣𝑣)

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

max
| 𝑠𝑠 − 𝑞𝑞 |22

𝑣𝑣 − 𝑞𝑞 2
2

||𝑠𝑠 − 𝑞𝑞||22 ≤ 𝑡𝑡 − 𝑞𝑞 2
2 ||𝑣𝑣 − 𝑡𝑡||22 ≤

1
𝛼𝛼
⋅ 𝑠𝑠 − 𝑣𝑣 2

2
ℓ2 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

||𝑠𝑠 − 𝑡𝑡||22 ≤ 𝑠𝑠 − 𝑣𝑣 2
2

SDP!

Weak 
Duality!



1) Better theoretical understanding of DiskANN

Motivating questions

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



Diversity in RAG

Write a 2-pager on the history of ICTS

Author Timeline Project topics



Diversity in Ads

Retain small sellers Advertiser fairness

Enhance user experience



Can we build a data structure to support diverse 
vector search?

Question



Definition of Diversity?

Definition of diversity depends on context

Single 
attribute

Objects

Relevance vector 
𝑣𝑣𝑖𝑖

Color 𝑐𝑐𝑖𝑖

Query
Retrieve k=100 relevant objects

At most 10 objects from same color

Seller (Ads)

Timeline, Topics (RAG)



Construction of Graph (Diverse DiskANN)

While searching we traverse this graph while 
satisfying diversity constraint.

Diverse Greedy Search

s

v
t

a

b

Goal: Retrieve 2 objects of 
different colors

Diverse Greedy + Diverse Graph: {t,b} 

Optimal: {t,a}

Naïve Greedy + Naïve Graph: {t,v}

Diverse Greedy + Naïve Graph: {t}

Good approximate 
solution



Our results
Our algorithm returns a set of points 𝑣𝑣1, 𝑣𝑣2, … , 𝑣𝑣𝑘𝑘

Objects

Relevance vector 
𝑣𝑣𝑖𝑖

Diversity vector 
𝑢𝑢𝑖𝑖

𝑑𝑑(𝑣𝑣𝑖𝑖 ,𝑞𝑞)
𝑑𝑑(𝑜𝑜𝑜𝑜𝑡𝑡𝑖𝑖 ,𝑞𝑞)

≤
𝛼𝛼 + 1
𝛼𝛼 − 1

O 𝑚𝑚 ∗ 𝑓𝑓(𝛼𝛼)

𝑚𝑚 𝑖𝑖𝑖𝑖 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

Approximation ratio Running time

General case

Diversity constraints are satisfied



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

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



New directions

Diverse search Embeddings are evolving 
(Multi-vector)

Filter search, Online search, 
Distributed search, Page 

search

Wider applicability Provable algorithms Promising experiments!

Thank you!

First provable 
graph algorithms

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