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Motivation Current ANNS Interface
* Nearest Neighbor Vector Search (NNS) » ANNS is applied using vector indexes that enable faster search (e.g., k-NN
is the task of sea rching for the top-k ANNS(q, k, ...) graph, IVF)
neares’F vectf)rs O],c . glvgn query l  Approximate vector search algorithms support ANNS with an interface of
vector in a high-dimensional space .
z the form:
* Approximate NNS (ANNS) relaxes NNS ® k=3 ANNS(q, k, *params)
by enabling error in returned results to I where *params are the search parameters (e.g., efSearch)
significantly speed up the search @ d3
— 2 @  + Each ANNS algorithm has it tunabl t
* ANNS is the backbone of various data 45 _ ac A1BOTIENM Nas 1L OWN TUNADIE Paramerers
management tasks, such as ® ® o Y« Fundamental recall vs latency tradeoff which is configured by *params
, d2
Information Retrieval, Recommender X ® * ANNS users have to tune parameters via cumbersome and time
Systems, RAG consuming trial and error to achieve target recall
Problems Key Observation
» Parameter tuning is inadequate: suboptimal results for individual queries A query reaching high recall can serve all lower recall levels
- Hard queries undershoot (low recall) = inaccurate results - Early termination opportunity!
- Easy queries overshoot (slow processing) - wasted effort, monetary costs Wasted Time Wasted Time
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Tuning is expensive and leads to suboptimal results for individual queries! Different queries reach different recalls at different times!
The DARTH Approach: Predict the recall!
Preparation Time '
|
100Ms vectors DARTH i l"’milliseconcs 4—"’4xSpeeE|up!
T ~minut i DARTH — 08 e
— “hours T — | A dantvely oredicr 32’“ _______ (3, ® e [predicted: 0.82 recalll Terminate!
: Lo aptively predict . OIS
Vector ! Vector Index Fr——> a,a """"" >, EXt.rac.:t N [ : | [predicted: 0.77 recall]
Collection N y A :‘ Statistics : : k_________r_e_ia_ __________ ,
-------- TR ET AN [predicted: 0.26 recall]
— - | pTTTI T TTIT T T T ITTTS —8— Query 1l
- : I l " ) 0 :
_o--a LUK vectors : | Early terminate | 0 2 4 6 8 10 12 14
[ . - D) : ~seconds : : when Rt has been i Search Time (ms)
:  Capable of A S YN e, 1 _
: achieving high i Tra'”'.”f% 1 Trainarecall !| | [Srzozomommmmemoooooooo-- : The recall predictor is called more often when :
recalls! - Queries . predictor ! | ! :the search is close to the target, and less often:
T Biaecaanl © Ytrttinottonooees B E Top-k results of g j when it is still far away :

Natural support for any recall target without explicit tuning!

Experimental Evaluation
Datasets: SIFT100M, DEEP100M, GLOVE1IM, GISTIM, T21100M; 1000 queries
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* Satisfies rgquested recall targets in all +  DARTH has only ~13% of queries under * Near-optimal termination points by * We create hard queries by adding noise
conflguratlfns and datasets ; target, worst recall is ~0.80 DARTH: only 5% more distance * The red line indicates the maximum recall
Sli)ée up Ohup.:ﬁ 15tX COImF’zare . tot' +  Best competitor has ~21% of queries calculations than the optima.l attained by the index
plain search without early termination under target, worst recall is ~0.58 * Optimal is infeasible in practice * DARTH is the only method resilient to hard

Achieves all recall targets, ' queries
while achieving speedups up to 15x! Superior recall distribution! Near-optimal early termination points! Resilience to hard queries!
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