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* Alarge collection of items
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 Return a small set of items that are
“relevant” to the query

* Applications:
* Recommender Systems
* Search Engines
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+ Aset of vectors P C R%with |P| = n.

A similarity metric s1m : [ IR > R,. Integer k € N.

» Constrained ANN [AIKMRSX25]: Given g € RY, solve

max Z sim(q, v)

SCP,|S|=k
SN veS

s.t. |[{veS:atb(v)=7¢}| < k' foreach £ € [c]

e At most k' vectors from each attribute £ € [c].
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Diverse Nearest Neighbor Search

Constrained ANN [AIKMRSX25]: At most k' vectors from each attribute 2 € [c].

Standard Search Constrained Search

Query = “Shirts”

Query = “Blue Shirts”

Parameter k'

* How to choose?

* What fairness
guarantees for a

given k"

 Relevance vs
Diversity
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Welfare Functions f: |

+ 3

1 m
. Social Welfare - SW(uy, ...,u,) = — Z U .
M

. Nash Social Welfare - NSW(uy, ..., u,,) = (H ui> .

=1

. Egalitarian Welfare - EgW (u, ..., u,) = min u; .

1€|lm]|

Theorem: NSW is the unique welfare function
satisfying all the axioms.

Axiomatic Basis

* Pareto Efficiency
* Pigou-Dalton Principle
 Symmetry, Independece of Irrelevant Agent

* Scale-free

SW |NSW EgW
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Key Features
* Works on top of any ANN implementation
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Nash Nearest Neighbor Search

Experimental Results

Dataset Dataset Size | Query Vectors | Dimension Attributes
Amazon 92,092 8,956 768 product color
Arxiv 2,00,000 50,000 1536 year, paper category
SIFT-1M 10,00,000 10,000 128 synthetic
Deep-1B 99,90,000 10,000 96 synthetic
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Fast Heuristic Implementation

Metric Algorithm p=-10

p = -1

p=-0.5

p=0

p=05

p=1

Ratio ANN
Constrained (k’ = 1)

1.000+0.000
0.315+0.021

p-Mean-ANN 0.749+0.051 0.810+0.045 0.812+0.043 0.846+0.036 0.932+0.028 1.000+0.000
Approx. | P-FetchUnion-ANN  0.979+0.014 0.980+0.013 0.980+0.013 0.981+0.012 0.983+0.011 1.000+0.000

p-Mean-ANN 4.285+0.012 4.293+0.002 4.293+0.001 4.197+0.045 3.506+0.2/5 0.892+0.663
p-FetchUnion-ANN  2.235+0.802 2.238+0.802 2.239+0.802 2.239+0.802 2.231+0.800 0.892+0.663

Entropy
ANN 0.892+0.663
Constraiend (K’ = 1) 4.289+0.053
Metric Algorithm p=-10 p=-1 p=-05 p=0 p=035 p=1

Query per Second p-Mean-ANN 120.86 115.78 107.01 135.98 122.59 122.59
p-FetchUnion-ANN 1324 .53 1324.62 1337.28 1442 .03 1443 .38 1327.03
Latency (u1s) p-Mean-ANN 264566.00 276129.00 298804.00 230318.00 235144.00 260800.00
p-FetchUnion-ANN 24133.80 24134.00 23907.00 2217020 2214930 28990.40
99.9th percentile of Latency p-Mean-ANN 484601.00 513036.00 478821.00 477925.00 482777.00 479132.00
p-FetchUnion-ANN 5294340 53474770 5428340 56128.70 53082.20 24088.70
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Thank You!




