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Abstract

Many real-world tasks such as recommending videos with the kids
tag can be reduced to finding most similar vectors associated with
hard predicates. This task, filtered vector search, is challenging as
prior state-of-the-art graph-based (unfiltered) similarity search tech-
niques quickly degenerate when hard constraints are considered.
That is, effective graph-based filtered similarity search relies on suf-
ficient connectivity for reaching the most similar items within just
a few hops. To consider predicates, recent works propose modifying
graph traversal to visit only the items that may satisfy predicates.
However, they fail to offer the just-a-few-hops property for a wide
range of predicates: they must restrict predicates significantly or
lose efficiency if only a small fraction of items satisfy predicates.
We propose an opposite approach: instead of constraining traver-
sal, we build many indexes each serving different predicate forms.
For effective construction, we devise a three-dimensional analytical
model capturing relationships among index size, search time, and
recall, with which we follow a workload-aware approach to pack as
many useful indexes as possible into a collection. At query time, the
analytical model is employed yet again to discern the one that offers
the fastest search at a given recall. We show superior performance
and support on datasets with varying selectivities and forms: our
approach achieves up to 8.06x speedup while having as low as 1%
build time versus other indexes, with less than 2.15X memory of a
standard HNSW graph and modest knowledge of past workloads.

1 Introduction

Finding semantically similar items satisfying hard constraints is a
common task. Tired moms may search for eye-catching videos (se-
mantic) tagged “safe-for-kids” (hard). Online shoppers may search
for scary costumes (semantic) with a specific price range and rat-
ings (hard) [72]. This task is called filtered vector search: we query
similar! vectors—encoding semantics—associated with hard preci-
ates. The problem has been increasingly studied recently [13, 14, 19,
20, 28, 36, 42, 45, 48, 58, 63, 72] as high-quality vector embeddings
become available via modern machine-learning models [32, 33, 40].

Some latest works tackle filtered vector search by altering graph-
based approximate nearest neighbor search (ANNS) indexes—prior
state-of-the-art for unfiltered vector search [15, 24, 30], aiming to
constrain their search: FilteredVamana interleaves graph traversal
and filter evaluations; ACORN [42] induces a query-time subgraph
by visiting only the nodes that satisfy predicates. These approaches
are more effective than naive methods like pre-filtering, which re-
quires a (slow) linear scan for similarity computations. That is,
graph-based methods navigate items through edges, reaching tar-
gets within just a few hops. Effective filtered vector search aims to
serve filtered queries using such compact graphs; if the property—
small world—falls apart, graph traversal will lose efficiency.

Wector similarity is commonly measured using Euclidean distance, inner product, or
cosine similarity. Our work is orthogonal to the distance metric.

Unfortunately, existing graph-based methods fail to offer
the small-world property for low-selectivity predicates, thus
delivering significantly poorer performance (i.e., slow search, low re-
call). Moreover, we cannot simply resort to pre-filtering as its linear
scan is still too costly unless the selectivity is too low. This selectivity
band (e.g., 1%-10%)? is called “unhappy middle” [20]. FilteredVa-
mana aims to mitigate the issue by linking attribute-sharing vectors
to create local, dense, per-filter subgraphs, but requires restricting
filter forms (e.g., categorical attribute matches) [19]. ACORN [42]’s
ability to support general predicates comes at a cost: induced sub-
graph becomes too sparse, losing the small-world property. This
degenerative behavior has been theoretically proven [4, 26, 30]. We
conjecture that having a single graph is not expressive enough to
handle all predicates, whose support® may overlap with one an-
other in a complex way. We may need to employ multiple graphs,
each specialized for a different set of (overlapping) predicates.

Our Goal. We aim to offer compact graphs for nearly all filtered
queries, regardless of filter selectivity or form, by building a collec-
tion of indexes. A collection is more expressive than a single index.
By leveraging filter stability observed in real-world filtered vector
search workloads [36, 50], we can tailor indexes to observed past
workloads to maximize expected search quality—speed and recall.
Each index can be carefully chosen to serve multiple predicates: a
graph, e.g., built for stars=1-3, can also serve stars=1 if it is dense
enough for that sub-predicate. An index collection requires more
memory than one index; yet, indexes are relatively small versus
raw data, i.e., high-dimensional vectors. In our experiments, hun-
dreds of (small) additional indexes took only as much memory as
one base index (over the entire data), while the additional indexes
boost performance significantly compared to relying on the base
index alone. Overall, our proposed index collection can succeed if it
offers high-quality filtered search to nearly all queries, each using
a compact graph, while consuming a small amount of memory.

Challenge. Building an effective index collection is challenging
due to conflicting goals. During index construction, graphs can
trade recall for smaller size (Fig 1a), allowing more indexes and
higher coverage. Yet, graphs must be dense enough for high recall.
Likewise, we can trade search speed for higher recall at query time
by over-searching in graphs (Fig 1b). This relationship must be quan-
tified to find which index to use for a given query. These unique
properties make our task significantly different from existing prob-
lems [46, 49]. For example, materialized view selection targets exact
querying, whereas ANN is approximate with speed/recall trade-offs.

Our Approach. Our framework (called SIEVE?*) builds an index
collection tailored to an observed past query workload to maxi-
mize expected throughput with a memory budget (e.g., 10 GB) and
specified recall (e.g., 95%). Conceptually, every candidate index is
This range is from our experiments; their actual values depend on datasets.

3The support of a predicate is a subset of data that satisfies the predicate.
4SIEVE is an acronym for Set of Indexes for Efficient Vector Exploration.
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Table 1: Comparison between SIEVE (ours) and other indexing methods for filtered vector search.

uery Selectivity Complex .
A h Q . Potential Weak:
pproac high medium low  Filters otential Weaknesses
Partition-Based [20, 36] X v v X Restrictive filter format
Data Attr.-aware Graphs [19, 58, 63] v v X X Requires limiting data attribute cardinality (<200)
Intra-Search Filtering [42] v v X v Potentially excessive TTI (up to 219X of regular HNSW)
Exhaustive Indexing [28, 72] v v v X High memory cost, restrictive filter format
Index Collection (Ours, SIEVE) v v v v Needs bounded extra memory and past workload (up to 2.15x of HNSW)
100 0.5 :
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A ) . . 16 If [W| > ef: remove furthest vector from W to q
benefit/cost and (2) how to serve queries with the index collection. 1 Return W

First, we design an analytical, predicate form-agnostic bene-
fit/cost model capturing three-dimensional relationships among
index size, search time, and recall, allowing us to find the minimal
(i.e., most sparse) graph satisfying a specific recall. Since each index
is smaller, more indexes are allowed within a memory budget, thus
accelerating search for more predicates. Our model is based on em-
pirical observations and existing small-world network theories [4].

Second, query serving dynamically chooses the index to achieve
the fastest search given a specific recall. This query-time selection
is needed since our indexes may overlap, meaning a query may be
served by more than one index. For optimal selection, we yet again
employ the three-dimensional model to determine (1) which index
to use, and (2) what values to use for search-related parameters.

Difference from Existing Work. SIEVE significantly differs
from existing vector search works (Table 1). Versus works in MV
selection [2, 69], partitioning [50, 65] and query rewriting [17, 18]
for exact queries, SIEVE’s optimizations notably considers recall,
and performs theory-driven index tuning (§4.2) and dynamic, recall-
aware serving (§5.2) for desired memory/speed/recall tradeoffs.

Contributions. We propose SIEVE, an indexing framework for

filtered vector search (§3) with the following contributions:

o Index Selection: We introduce a three-dimensional cost model
for evaluating the search speed, recall, and memory cost of
vector search strategies, which we use to jointly perform index
selection and parameterization under bounded memory. (§4)

e Query Serving: We utilize our derived cost model to derive a
dynamic search strategy that selects the most efficient serving
method and parameterization at any target recall. (§5)

o Effective Filtered Vector Search: We show via experimen-
tation that SIEVE achieves up to 8.06X speedup over existing
indexes with <2.15X memory of a standard HNSW and modest
past workload knowledge on diverse query filter formats. (§7)

2 Motivation

SIEVE builds on HNSW([30], a performant unfiltered vector index[10,
71]. We describe HNSW (§2.1), how works have (ineffectively) ex-
tended it to filtered search (§2.2), and our ideas for building and
using an HNSW index collection for effective filtered search (§2.3).

2.1 HNSW Graph

HNSW is a graph-based vector index [30] which combines the idea
of small-world graphs [4] and skip-lists [62] to create a multi-layer
graph structure for effective similarity search on vector datasets.

HNSW Graph Structure. An HNSW graph consists of multiple
layered small-world graphs [4]. The topmost (entry) layer contains
the fewest vectors and features long edge lengths, facilitating long-
range vector space travel; the bottom (base) layer contains all vetors
and features short edge lengths, representing local neighborhoods.
HNSW graphs are built by incrementally inserting vectors: each
vector is linked to a number of neighbors in each layer, controlled
by a construction parameter M, which acts as an outdegree limit
and ensures vectors connect to other similar vectors in each layer.

HNSW Graph Search. Given a query vector, HNSW graph layers
are traversed from top to bottom, using the long higher-layer links
to go to relevant neighborhoods containing similar data vectors,
then using the short lower-layer links to find top-k choices. Alg. 1
presents the per-layer search algorithm.

2.2 Existing Filtering Methods Underperform

While the original HNSW graph proposal did not consider perform-
ing filtered vector search, a number of HNSW-based filtered search
methods have been proposed, which this section will overview.
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Figure 2: SIEVE aims to build subindexes with high relative
speedup and applicability to many queries (e.g., attr=AorB)

Post-Search Filtering. Trivially, for filtered top-k queries, the
graph can be over-searched for top-k/sel vectors where sel is the fil-
ter selectivity. Then, results that don’t match the filter are dropped,
expecting that k out of top-k/sel results would remain on average:
if not, another search with top-2k/sel is performed, and so on.

Result-Set-Filtering. hnswlib [37] passes the filtered query to
the HNSW graph, where the filter is evaluated before adding candi-
date vectors into the top-k result set (line 13, Alg. 1). While hnswlib
improves over post-search filtering by returning k satisfying results
in one search round, it still has (1—sel) chance that a candidate
cannot be added into the top-k set due to the filter. Hence, while
recall is negligibly impacted as search continues until finding all k
results, search time scales inversely with selectivity (Fig 2a), effec-
tively still falling to the ‘unhappy middle’ when sel is low, but there
still too many points for pre-filter search (e.g., large datasets [7]). >

Other Filter Application Methods. ACORN [42] applies filter-
ing at neighbor expansion (line 6, Alg. 1), effectively searching
in an induced subgraph of satisfying vectors in the HNSW graph.
However, as subgraph induction is equivalent to edge and node
removal, the subgraph can lose small-world properties, notably con-
nectivity [64], required for effective search if it is too sparse [38];
searching as is with Alg. 1 can result in early stops and low recall.
Hence, ACORN modifies both HNSW construction and search, no-
tably expanding into 2-hop neighbors to avoid subgraph sparsity.
However, ACORN can still underperform when even the 2-hop
subgraph is sparse. As we will show via experimentation (§7.2),
result-set filtering sometimes outperforms ACORN and vice versa.
SIEVE uses result-set-filtering in its HNSW indexes as it is appli-
cable without specialized graph construction, which may incur
excessive time-to-index (TTIL §7.3) and limit discussion to result-
set-filtering in the following sections. However, SIEVE can also use
ACORN's filtering instead given minor adjustments.

2.3 SIEVE’s Intuition for Faster Search

Existing HNSW-based filtering methods underperform on “unhappy-
middle” selectivities. SIEVE aims to mitigate this by workload-
driven fitting of a HNSW (sub)index collection over data subsets in
which these queries can be effectively served from their matching
points being dense in the subindexes. As mentioned in §1, building
and using HNSW graphs involves speed/recall/memory trade-offs
(Fig 1); hence, SIEVE should decide both which and how to build

and use the index collection; this section describes our intuitions.

5This feature is commonly implemented via assigning IDs to inserted vectors, then
computing a binary ID—{0,1} mapping from the IDs of vectors that pass the filter (§6).
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Three-Dimensional Modeling. Without loss of generality, SIEVE
treats recall and memory as constraints and optimizes for speed, as
users (1) often know how much (bounded) memory to use for index-
ing [29, 50, 51] and (2) have target query recalls (e.g., SLOs [46, 49]).
This is different versus MV Selection for (exact) querying which
is typically constrained only by memory; SIEVE’s intuition is that
with theory-driven modeling, it can first reduce the recall dimen-
sion by reasoning how an index should be built (explained shortly)
to reach different target recalls. Then, SIEVE can use established
selection methods to choose which indexes to build with bounded
memory to maximize serving speed. Finally, during serving, SIEVE
can determine with similar modeling which and how to use built
indexes for fastest search under a (potentially new) target recall.

How to Build Indexes? Each subindex’s memory size scales lin-
early with the (1) indexed vector count and (2) density-controlling
construction parameter M (§2.1). M can be tuned for different mem-
ory/recall tradeoffs: higher M increases both memory size and recall
(from increased density) and vice versa (Fig 3a). A target recall ef-
fectively dictates the lowest M value each index can be built with;®
Intuitively, smaller indexes need lower M values to reach the same
target recall (e.g., Fig 2’s attr=C requires lower M to serve queries
at average x recall vs. attr=D, Fig 3b), which we describe in §4.2.

What Indexes to Build? SIEVE aims to build subindexes that
efficiently serve (observed) queries with which alternative meth-
ods (e.g., brute-force KNN) are inefficient (i.e., marginal benefits).
Suppose we have the base HNSW index in Fig 2b: While building
subindex (attr=D) benefits its respective filtered query, attr=D has
high selectivity (50%) that the base index serves it fast enough via
result-set-filtering. In comparison, subindex (attr=AorB) is high
marginal benefit: It serves (attr=AorB) significantly faster than the
base index (Fig 2). Subindexes can also serve non-exact matching
filtered queries: For example, (attr=AorB) can also serve (attr=A)
effectively, which has high-enough (50%) selectivity in the subindex.
This expands utility of subindexes like (attr=AorB) from applica-
bility to other filters. We describe SIEVE’s index selection in §4.3.

How to Serve Queries? SIEVE decides between indexed search
or brute-force KNN when serving queries with a built index collec-
tion. A key parameter controlling HNSW indexes’ search speed/recall
tradeoff is the search exploration factor sef (Alg. 1): higher sef
(over-searching the graph) trades lower speed for higher recall
(Fig 3c). SIEVE will need to tune sef if the serving target recall is
®SIEVE optimizes for target average/expected recall as to the best of our knowledge,

there exists no indexing scheme that guarantees absolute, per-query recall, as query
hardness can vary [59]. Hence, we limit discussions to average/expected recall.



:IIIIIIIIIIIIIIIIIIIII rlllllllllllllllllllllllllllllllllllllllllllllllllllllg Index

:| Inputs (§4.1) Candidate HNSW Optimizer (§4.3) | 2 Ad;

H Subindex DAG (§4.2) | Building

(e 1™

H > H )

:|| Historical Optimization | |: Que.l Y

H workload algorithm H Serving
:. NN A AEESEEEEENNSSESSEEEEEENNSMAEEEEEEEEEEEEEEEEEEEEE .i ......(.%i).....
Filtered i Index collection DAG|: §trate(gy
i|| vector query || | :| picker(§5) Tork 1
: :| Index search [l -> :
recall g & | Brute-force search :
- LI L ]
Sasssssssssssnsssnsnnalaans EEsssssEssEsssEsssssEnsEnshannnnnnnnnnnns

Figure 4: SIEVE framework. SIEVE fits an index collection
from an observed historical workload, then serves queries
strategically with the collection and other metrics.

higher than that assumed at construction; Similar to M, SIEVE aims
to use the lowest sef for indexed searches, and smaller subindexes
also require smaller sef for the same target (Fig 3d). Then, given the
best found index and sef, SIEVE evaluates whether falling back to
brute-force KNN is faster (e.g., sef > 30, Fig 3c), which also always
has perfect recall. We describe SIEVE’s serving strategy in §5.2.

3 SIEVE Framework Overview

SIEVE (Fig 4) effectively serves filtered vector queries by building
and using an index collection. §3.1 describes SIEVE’s index con-
struction; §3.2 describes how SIEVE serves filtered vector queries.

3.1 SIEVE Construction

During construction, SIEVE aims to build a collection of the most
beneficial HNSW subindexes given a memory budget and target
recall based on the data distribution and a historical query workload.

Inputs. SIEVE takes as input (1) an attributed vector dataset—
a set of vectors and their scalar attributes, (2) a historical query
workload—a set of query filters with probability/frequency counts,
(3) a target recall, and (4) a memory budget. Unlike some specialized
indexes (e.g., CAPS [20], HQANN [63]), SIEVE does not restrict
attribute or filter forms, only requiring filters to be evaluable on
attributes, e.g., A in attr evaluates to True for attr={A,B3}. (§4.1)

Cost Modeling. SIEVE models candidate indexes’ memory size
and serving speed given their construction with sufficient density/M
to serve queries at the target recall (§2.3). It then accordingly sets
up the candidates’ unit (marginal) benefits for optimization. (§4.2)

Optimization. SIEVE selects the subindexes to build under the
memory budget with greedy submodular optimization, prioritizing
high-unit marginal benefit and/or high (re)use-probability subindexes
in a manner akin to Materialized View Selection [5, 47, 69]. (§4.3)

Indexing. SIEVE builds the chosen subindexes over the dataset.
SIEVE always includes the base index over the entire vector dataset
in the collection, which acts as a fallback for queries that any other
subindex in the collection cannot effectively handle. This design
choice allows SIEVE to handle arbitrary (un-)filtered queries (§7).

3.2 Serving Queries with SIEVE

For serving, SIEVE aims to choose the optimal search method for
filtered queries based on the subindexes in the built collection and
(a potentially different from construction-time) target recall.
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Table 2: Table of Symbols

Symbols Definition

{V, A} Attributed vector dataset of N vectors

H = {(hy,c1)...} Setof weighted observed historical query filters

B SIEVE indexing memory budget

card(f) — [0, N] Cardinality of filter f in the dataset

M of the root index I, representing build-time target recall

M, (Ip) - Z% Subindex M downscaling function

C(Ip, f) = R Indexed search cost for query with filter f in subindex I,
Cor(f) = R* Brute-force search cost for query with filter f over dataset
S(Ip) — R* In-memory size of subindex I,

I Root index constructed over entire dataset
Y Brute-force scaling constant
cor(w, f, h) Query correlation of w given filter f and subindex I,

I :={Ip,. In;} Index collection of i subindexes
C(I,f) »R* Cost of best possible search for query filter f given J

sefeo sef of the root index I, representing serving-time target recall
S| (Ip) —» Z* Subindex sef downscaling function

Identifying the Optimal Indexed Search. The first, straight-
forward approach SIEVE uses for serving a query is with a built
subindex. SIEVE finds the best subindex/sef combination for serv-
ing the query at target recall—following intuition in §2.3, preferably
a small subindex in which the query is dense, using low sef. (§5.1)

Choosing Search Method. SIEVE chooses between serving the
query with the best-found subindex/sef combination (with result-
set-filtering if needed) or brute-force KNN. SIEVE estimates serving
speed of both methods with its cost model, then chooses the faster
one, analogous to MV-aware query rewriting [1, 54, 66]. (§5.2)

4 Optimized Index Collection Construction

This section covers how SIEVE builds its index collection. We de-
scribe preliminaries in §4.1, SIEVE’s cost model and optimization
problem (SIEVE-Opt) in §4.2, and solution to SIEVE-Opt in §4.3.

4.1 Preliminary and Definitions

Definition 4.1. An Attributed Dataset is a set of n vectors V =
{01, ...,un} and a set of n attribute sets A = {ay, ..., an }, where each
a; is an attribute value set associated with each vector v; € RY.

Fig 5 depicts an example where each g; is a set of strings. Notably,
SIEVE’s definition imposes no restriction on the form of a;.

Definition 4.2. An Filtered Query Workload is pair of sets of m
vectors and m filters M = {wy, .., wp, } and F = {f1, ..., fin}, where
fi is the filter of query vector w; € R? and each f; : A — {0,1} is
a function that maps attribute values a; € A to a binary indicator.

Each query filter f; can be evaluated on the attributes a; of each
vector u;: aj satisfies f; if fi(aj) = 1. For example, in Fig 5, fi = (A
in attrs) (shortened to A for brevity) evaluates to 1 on a; = {A,E}.
We define the cardinality of each filter f; as the number of dataset
rows that satisfy the filter, i.e., card(f;) = [{aj € Alfi(aj) = 1}|.

Definition 4.3. A Filtered Vector Search Problem takes an
attributed dataset (V, A), a filtered query workload (M, F), and
a similarity metric S. The output is a | M| X k matrix R* of top-k
results, where each row R; = {v;,, ..., vj, } is the top-k closest vectors
in V based on S that satisfy filter f;, i.e., fi(a;) =1,V1 <[ < k.

A solution R’s quality is commonly evaluated via (1) recall, mea-
suring the average proportion of results that are actual top-k results
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Figure 5: Example attributed vector dataset, historical work-
load, and SIEVE’s corresponding candidate subindex DAG.
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R*, given by ———

query result generation time, expressed as % where ¢ is the total
search time and m is the query count. Queries-per-second (QPS, 7

is commonly reported as latency’s inverse. Effective filtered vector
search can be achieved by serving queries with (sub)indexes (§2.3):

, and (2) latency, referring to the average per-

Definition 4.4. A Subindex Iy, is an index constructed over a
subset of data points that satisty filter f;, i.e., Vg = {v;lfi(a;) = 1}.

For example, the subindex Ix only indexes the first three rows
in Fig 5. The base index indexing all rows can be expressed as Zeo,
where oo is a ‘dummy filter’ that always evaluates to 1. Given a
subindex If;, it (1) can be used to evaluate a filtered query (wj, f;)
with serving cost C(Ifi, wj, fj) — R+, and (2) has a (in-memory)
size S(I;) — R+, for which we perform cost modeling in §4.2.

Definition 4.5. A Historical Query Workload is a query filter
tally H = {(h1,c1), ..., (hy, c;) } where filter h; has occurred ¢; times.

Fig 5 depicts a workload with 6 unique filters. SIEVE assumes
filter stability [36, 50] for anticipated future workloads: the future
workload’s filter distributions # follow those observed in H.

Remark. SIEVE’s definitions only require all query filters to be
evaluable on all dataset attributes, hence can inherently handle
arbitrarily complex predicates and attributes. However, the spe-
cific predicate and attribute forms may affect certain optimization
nuances of SIEVE, such as adaptability to workload shifts (§7.7.2).

4.2 SIEVE-Opt: Problem Setup

This section defines SIEVE’s problem: candidate subindexes for
construction and their benefits/costs (i.e., index speed/size when
serving queries at target recall), then formalizes SIEVE-Opt.

Candidate Subindex DAG. There are exponentially many possi-
ble subindexes for an attributed dataset (V, A). Besides the base in-
dex, SIEVE limits its problem space by only considering subindexes
corresponding to observed past filters in H. For example, in Fig 5,
15 is a candidate while Ig is not. The YFCC dataset, with 100K his-
torical queries, produces 23,920 candidates [7]. For optimization,
SIEVE organizes candidates in a directed acyclic graph (DAG) where
edges represent subsumption (e.g., (Iavs, Ia) in Fig 5), which enables
computing of subindex unit marginal benefits (described in §4.3).”

Defining Target Recall. SIEVE aims to build its index collection
such that queries can be served at a target recall. Without loss of
generality, SIEVE takes in a base Mo value for calibrating the target

7SIEVE’s DAG contains all subsumption relationships, e.g., if A subsumes B and B
subsumes C, all 3 edges (A — B,B — C, A — C) will exist. The DAG is drawn as a
Hasse diagram [61] instead (i.e., no A — C) in subsequent figures for brevity.

Table 3: SIEVE’s Cost Model for Filtered HNSW Search

Operation Cost

Brute-force search Cpr(f) = ycard(f)

(I =1 d(h . . card(h) cor(w,f.h)
(n.sef, w.f) = log(card(h)) - sef - (£2rdth))
if h subsumes f else co

S(Ip) = M- card(h) = M=l9Zeard ) card(h)

Indexed Search

Index Size

recall, defined as the average recall of searching in the base index
Io built with M =M, and sef =k, where k is the number of results
to return and the lower bound of sef (i.e., no over-searching).

Indexing Parameters at Target Recall. SIEVE aims to evalu-
ate and build candidate subindexes with sufficient parameters to
serve queries at the target recall (§2.3). SIEVE can tune either M
(for construction) or sef (for serving) to achieve this; however, for
construction, SIEVE assumes that all subindexes will use a uniform
minimum sef = k, and aims to build subindexes to serve queries
at target recall by only tuning M (without increasing sef): this is
because sef = k is the lowest-recall, highest-speed search parame-
terization; if SIEVE’s subindexes (with sufficient M) serves queries
at target recall with sef = k, SIEVE’s entire index collection can too;
hence, SIEVE can then evaluate subindexes based on highest poten-
tial speedups. Versus My used to build I, candidate subindexes
S(I,) are evaluated and built with downscaled M values (Fig 3b):

Definition 4.6. The Subindex M downscaling function M| takes
in a subindex I, and returns the M value required to build I, with
to achieve at least the same average query serving recall as the base

index o built with Meo: M| (Ij,) := W.

SIEVE’s intuition for M is that layers of the HNSW graph (§2.1)
are based on Delaunay graphs [12], which requires nodes to have
suitable degree (©(logN)) for search effectiveness. As M controls
node degree, each subindex I,’s M, M| (I1,) should be proportional
to its size’s logarithm : M| (1) < (log(card(h))). For example, if the
root index I in Fig 5 is built with My, =32, subindex Ip would be
32log(4)

log(8)
tion, SIEVE will evaluate the memory size (explained shortly) of

each candidate subindex Ij, assuming construction with downscaled
M = M| (I) and sef = k(= 1, for discussion).

Subindex Memory Size. Each HNSW subindex I, has a memory
size scaling linearly with indexed points card(h) and M: S(I,) =
M - card(h) (Fig 1a). For example, Ip indexing 4 points built with
M| (Iy) = 21 incurs a memory size of 21 X 4 = 84. Notably, due to
M’s effect on memory, SIEVE’s M downscaling (M) saves memory
for smaller subindexes, potentially allowing more subindexes to
be built under the same memory constraint versus a naive method
that builds all subindexes with a uniform My (§7.6).

evaluated with Mp= ~ 21. Hence, for following optimiza-

Subindex Search Cost. Without loss of generality, SIEVE define
subindexes’ search costs as their serving latency:

Definition 4.7. The Indexed Search Cost Function (with result-set-
filtering, §2.2) C takes a subindex Iy, sef, and a filtered query (w, f),
and returns the expected latency of using Iy, with sef to serve (w, f):

C(Iy, sef, w, f) = log(card(h)) - sef - (%)wr(w,f’hx

SIEVE bases C on three observations: (1) HNSW’s search time
scales logarithmically [30] with graph size, (2) scales linearly with
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gain from serving gain from serving

A with AVB vs. A Svecs: | A with BASE vs. A

Figure 6: Diminishing returns during subindex selection: con-
structing A when AVB exists (left) brings lower marginal ben-
efits compared to doing so when AVB doesn’t exist (right).

sef [30], and (3) there is ﬁZCZf% probability that a data vector sim-

ilar to the query vector w passes the filter with result-set-filtering
(§2.2), scaled by query correlation—cor (w, f, h)—the ratio of average
distance from w to points that satisfy f in I, versus non-satisfying
points [42].83 Positive correlation (i.e., w is similar to satisfying vec-
tors) improves query performance (cor(w, f, h) < 1), mitigating
low selectivity’s effects as satisfying vectors are reached faster. Con-
versely, negative correlation amplifies low selectivity’s impact and
increases query cost (cor(w, f,h) > 1). SIEVE assumes constant
correlation across all subindexes and filters, i.e., cor(w, f, h) == c,
and for discussion, set ¢ = 1 and simplify C(Ip,, sef, w, f) as C(Iy, f)
(as sef is also assumed to be fixed at 1) in this section. For example,
in Fig 5, serving a query with filter A with I,yg incurs w cost.
SIEVE constrains for simplicity that a subindex Ij, can only serve a
query with filter f if h subsumes f; otherwise, C(I, f) = co.

Brute-force Search Cost. Any query (w, ) can be served via
brute-force KNN, performing distance computations between w
and all vectors in {V, A} that satisfy f, i.e, Vp = {0i|f(a;) = 1}.
This trivially incurs cost Cp ¢ (f) = card(f) linear to the cardinality.

Aligning Search Costs. The alignment between indexed and
brute-force search costs is influenced by factors such as distance
function implementation (e.g., varying SIMD methods[9]) and index
memory access patterns [16]. Hence, SIEVE requires aligning the
indexed and brute-force search costs by scaling Cp, ¢ with a constant
Yy € R+: SIEVE compares C with y - Cp,r when evaluating indexed
versus brute-force search. For illustration purposes, however, we
assume y = 1. The aligned costs allow us to define the cost of the
best serving method for a query (w, f) given an index collection 7

Definition 4.8. The collection query serving cost function C takes
in a subindex collection 7 := Iy, , ..., I _ and a filtered vector query
(w, f), and returns the cost of the best possible serving strategy given

I: C(I,f) = min(be(f), min({C(Ih,f)|Ih eT}).

C(Z, f) represents the lower cost of (1) brute-force KNN and (2)
searching with the smallest subindex subsuming (w, f) in 7:if T
is the entire DAG in §4.2, C(Z,A) = log(3) as it is best served by its
corresponding subindex Ix, while C(Z,F) = 1, as its best indexed
search (with I) costs 8log(8) + 1 = 16.6, more than brute-force
KNN (1). With the collection serving cost C(Z, f) and index size
S(Ip), SIEVE’s optimization problem, SIEVE-Opt, can be defined:

ProBrLEm 1. SIEVE-Opt
Input: (1) Attributed Vector Dataset {7V, A}
8 M also potentially affects latency; however, there is no definite analytical nor empirical

trend [30, 43] (§7.6), hence we omit it for simplicity.
9We study unconstrained cases, e.g., for multi-subindex search in appendix A.1.
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Target Budget B: 165 A Target Budget B: 165

Current total size: 80 3 vecs. | Current total size: 95
(a) Initial DAG Setup with BASE (b) A selected

BASE BASE

8 vecs. 8 vecs.

. S Y =

Y =
D AVBVC D
4 vecs. 5 vecs. 4 vecs.
Y A 4

Y A 4

Target Budget B: 165 Target Budget B: 165
3 vecs. | Current total size: 119 3 vecs. | Current total size:
(c) D selected (d) AVBVC selected; index finalized
Figure 7: Solving SIEVE-Opt for inputs in Fig 5. Subindexes
with the highest unit marginal benefit are iteratively added
until the total index collection size reaches the budget B.

(2) Historical Workload Distribution H = {(hj, i)}
(3) M representing target recall
(4) memory budget for subindex collection B
Output: (1) A subindex collection to construct I := {Ihi1 . Ihix}
Objective function: Minimize collection query serving cost over his-
torical workload C(I,H) = le{ll ci - C(I,hy).
Constraints:
Base index must exist: Ioo € 1
Each subindex Iy, is built with sufficient M = M (I,) value
Total subindex size is less than the memory budget 37, S(Ihi,) <B

Presence of the Base Index. SIEVE enforces that I, must exist
for handling arbitrary (e.g., unseen) filtered queries. Worst case,
SIEVE can serve queries with the better of I, or brute-force KNN,
which lower-bounds SIEVE’s serving performance (§7.1).

4.3 SIEVE-Opt: Solution

This section presents our solution to SIEVE-Opt, whose formulation
naturally gives rise to a greedy solution for subindex selection [3].

Marginal Benefits. Adding a new index I, into 7 will only de-
crease the collection query serving cost: C(Z, H)—C(Z U{I,}, H) >
0VI,H,Ip,. This is the marginal benefit of adding I, into I w.r.t. H.
For example, in Fig 6, if 7 ={Ipvs, I}, H ={(A, 1)} (left), adding
I into J incurs marginal benefit of % —1log(3) = 0.75. This is
less versus the right setup (4.45), where I, is added into a collection
T ={I} with only a base index—there is diminishing returns with
adding Iy when Inyg already exists. This property is generalizable:

CTU{,H)-CI,H) <C(TU{p},H)-C(T,HNVI T

large marginal benefit small marginal benefit

That is, the query serving cost C(Z, H) is a supermodular set
functionw.r.t I [55], and SIEVE-Opt is a supermodular minimization
problem with the knapsack memory constraint B [8]. This prob-
lem class gives rise to an empirically effective greedy algorithm—
GREEDYRATIO [3, 34]:1 It starts with 7 = {I.}, then iteratively

OWhile theoretically bounded solutions exist [52], their high overhead (e.g., O (| H|*)
computations) makes them impractical [34].
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adds the highest marginal benefit/index size ratio subindex (unit
C(ITU{lp}, H)-C(I,H)
S(In)

marginal benefit ) until reaching the constraint.

Example (Fig 7). Using Fig 5’s problem setting, Mo, =10 for I
and Yy, e 7 S(Iy) <165 = B, GREEDYRATIO proceeds as follows:

(1) Step 1: I is selected (top right). Its unit benefit is high (0.253):

serving A with I, is much better than via brute-force search, and
10log1(3) _ 5

log1o(10) — ™
(2) Step 2: I is selected (bottom left). Its unit benefit is high (0.217):

serving D with Ip is much better than via the root index Ieo.
(3) Step 3:InvBvc is selected (bottom right). While its unit marginal

benefit (0.209) is decreased by the already constructed I, it still

has high marginal benefits for serving both AVBVC and AVB.
No index can be further added to 7 without exceeding B, hence,
I = {Iw, In, InvBve, I} is the index collection that SIEVE constructs.

Ip is space efficient, requiring only M| (Ia) =

Analysis. GREEDYRATIO has time complexity O(E+|H |log(|H]))
where E is the candidate subindex DAG’s edge count (Fig 5), using
a priority queue for sorting unit marginal benefits and after adding
each subindex, updating its parents’ and children’s benefits. Opti-
mization time is negligible versus SIEVE’s construction time: For
example, on the YFCC dataset [7] with 6,006 candidates to opti-
mize over, SIEVE solves SIEVE-Opt in (only) 18ms, versus the 136
seconds for building the index collection post-optimization (§7.3).

5 SIEVE: Query Serving

This section describes SIEVE’s dynamic query serving strategy
with the built index collection and a (potentially different from
construction-time) target recall. SIEVE first finds the optimal subindex
for an incoming query (§5.1), then determines the optimal search
method—parameterized index search or brute-force KNN (§5.2).

5.1 Identifying the Optimal Subindex

This section describes how SIEVE efficiently finds optimal subindexes
for query serving. SIEVE’s cost model (§4.2) dictates that a query
(w, f) is best served with the smallest subindex Ij, (i.e., minimum
card(h)) in I where the subindex filter h subsumes the query filter
f, following uniform query correlation assumptions in §4.2.

Index Collection DAG. Similar to the candidate DAG in §4.1,
SIEVE maintains a DAG over the built index collection simplified
into a Hasse diagram [61] by applying a transitive reduction: given
two subindexes Iy, I € I, a directed edge (Ip, Ig) exists only if h
subsumes g, and there is no other I, € 7 such that h subsumes u,
and u subsumes q. For example, Fig 8 (center) depicts the DAG built
over the index collection from solving SIEVE-Opt in Fig 7.

Hasse Diagram Traversal. For any given filtered query (w, f),
the Index Collection DAG can be efficiently traversed via running
BFS starting from the root I to find the best subindex I,: at each
step, if the current subindex I;’s filter does not subsume the query
filter f, none of its descendants can either. In other words, for any
descendant I, of I in the DAG, p cannot subsume f, allowing the
entire subgraph rooted at I to be pruned from the search process.
For example, in Fig 8, the subindex Ipygvc does not subsume the
query filter DA(CVE), hence its child I can be skipped, efficiently
leading to the best subindex Ip for the query to be found. In practice,
for the YFCC workload with 100,000 filtered queries and an index

Search Inputs

Index Collection DAG Pick Search Strategy

Q%Or Serve( I (DA(CVE) )
b
Query Filter Brute-force

DA(CVE) search.

Search params.

k=10
sefo=10

Figure 8: Choosing an optimal search strategy for a query
with the constructed index collection from Fig 7. SIEVE finds
the best applicable subindex, then chooses indexed or brute-
force search based on estimated search costs.

collection with 658 subindexes, finding the optimal subindex for all
queries took (only) 297 ms, which is a low percentage of the total
search time (e.g., minimum 20.76 seconds, Fig 9).

5.2 Determining Optimal Search Strategy

This section outlines how SIEVE determines the serving method
based on the best-found subindex. It first determines the search
parameter (sef) required for the (new) target recall, then chooses
between indexed search with the found sef or brute-force KNN.

Search Parameterization. Users provide a global sef. to SIEVE
(potentially different from the assumed build-time sef = k) for each
query representing the serving-time target recall, defined as the
expected recall of (over-)searching the base index I, with se feo.
Following §2.3, SIEVE aims to serve queries with sef values to
match the target recall; hence, versus sefy, lower sef (increments)
can be used when serving queries with subindexes:

Definition 5.1. The Subindex sef downscaling function S| takes in
a subindex Iy, and returns the sef value required to search Ij, with to
achieve at least the same average query serving recall as searching

the base index Ioo with sefeo: S| (I) = max(k, %%%W),
where k is the neighbors to query (and minimum value of sef, §4.2)

and assuming I, was built with proportional M = M (I).

SIEVE’s intuition for S| is that each HNSW search visits O(logn)
points [30] in its hierarchical structure (§2.1): to maintain recall,
the proportion between se f—the dynamic closest neighbors list
size—and logn must be maintained, i.e., lists must cover a consistent
proportion of the visited logn points, hence S| (I;) o log(card(h)).
For example, if sefew = 50 is specified for the base index in Fig 8
as the serving-time recall, the same recall can be achieved with

S () = 50;;%(;‘) = 33 when searching in the subindex Ip. As
HNSW’s search time scales linearly with sef [30] (Fig 3c), SIEVE’s
sef downscaling saves search time versus a static strategy that uses

uniform sefo for indexed searches while maintaining recall (§5.2).

Indexed vs. Brute-force Search. Given a query (w, f), its best
subindex I, in §5.1, and downscaled sefy, = S| (1), SIEVE chooses
between serving the query with indexed or brute-force KNN with
its cost model from §4.2: it chooses the lower-cost method out
indexed search (C(Ip, sefy, f)) and brute-force search (yCp s (f)).
For example, in Fig 8, assuming k = 1, serving DA(CVE) with Ip at

sefeo = 1 has alower cost max(1, 1120;((84)) )X % ~ 1.84 vs. brute-

force KNN (3), but at sefeo = 3, brute-force KNN is faster as the

indexed search cost becomes max(1, 3111;);((84)) ) X % ~ 3.670 > 3.
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6 Discussion

Size of Optimization Space. One potential problem for SIEVE
is an exploding optimization space when the historical workload
contains many distinct filter templates. To address this, SIEVE cur-
rently prunes small-cardinality candidates with no marginal benefit
over brute-force KNN prior to solving SIEVE-Opt in §4.2; if still
insufficient, SIEVE can also only use top-k-common filters as candi-
dates, which would often sufficiently approximate the full problem
due to filter commonality [50]. Large optimization spaces may also
affect SIEVE during workload shifts, which we study in §7.7.2.

Availability of Filter Cardinalities. SIEVE assumes availability
of accurate filter cardinality info (card(h)). This is because many re-
cent vector search frameworks [36, 39, 42, 57, 60] separately manage
scalar attributes using methods such as inverted indexes, B-trees,
or partitioning. For search, filters will first be applied on scalars
to compute a bitmap of passing vectors’ IDs (implying cardinal-
ity via nonzero count), which is then passed to the vector index.
However, SIEVE is also compatible with cardinality estimation tech-
niques [41, 67] if accurate cardinalities are unavailable.

Filter Evaluation Costs. While reported as part of total query
serving time in experiments (§7), SIEVE omits modeling of filter
evaluation costs from optimization (§4). This is because SIEVE
currently follows the aforementioned bitmap-based filtering!!: for
each query, SIEVE computes the bitmap before choosing the serv-
ing strategy (i.e., brute-force KNN or indexed search), hence its
computation cost is orthogonal to SIEVE’s optimizations. Moreover,
we find that bitmap computation time is negligible in our experi-
ments; for example, on the UQV dataset, evaluating the complex,
up to 10-attribute disjunction filters for 10K queries took (only)
16ms—0.2% of total query serving time at 0.95 recall (Fig 9).

Workload Shifts. We design SIEVE for production workloads,
where prior works [22, 36, 50, 51] have shown query filter stability,
enabling future queries (to be served with SIEVE) to be predicted
from past filters. Regardless, if filter distribution shifts from H to a
new H’, SIEVE can be incrementally updated by re-solving SIEVE-
Opt over H’ to find a new collection 7, build new indexes in 77,
then delete indexes in 7 —7 ", (which we study in §7.7). Notably, the
base index I, which forms a significant part of SIEVE’s build time
and memory size, does not need updating. Furthermore, SIEVE is ro-
bust to moderate shifts (§7.5), and even for complete shifts (serving
queries from unrelated H” when fit on H), SIEVE’s performance
will be lower bounded by SIEVE-NoExtraBudget (§7.7.2).

Multi-Subindex Search. SIEVE currently only considers serving
queries with a single subindex that subsumes the query filter for
indexed search (§4.2). One potential alternative is to use multiple
subindexes, e.g., re-ranking results from subindexes I;, and I to
answer p V q. This can be useful for queries that SIEVE otherwise
finds no good serving strategy (e.g., those with 'unhappy middle’
selectivities, but the best subindex found is the base index Z);
However, finding optimal subindex sets for multi-index search is
computationally hard.'> We evaluate the feasibility and potential
gains of multi-subindex search in detail in appendix A.1.

Uy, particular, SIEVE builds inverted indexes for the set inclusion filtered-datasets
and B-trees for range-filtered datasets. SIEVE currently does not partition its datasets.
12Equivalent to weighted set cover [68].
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7 Experiments

This section studies SIEVE’s performance on various real and syn-
thetic filtered vector search workloads. We describe our experiment
setup in §7.1, study end-to-end query serving performance (§7.2),
index build time and size (§7.3), effect of memory budget (§7.4)
and historical workload (§7.5) on index quality, our dynamic index
construction and serving parameterization (§7.6), and finally, how
SIEVE can adapt to cold starts and large workload shifts (§7.7).

7.1 Experiment Setup

Datasets. We use 6 experiment datasets (Table 4): YFCC [7] is
from the Neurips’23 BigANN benchmark [21], Paper, SIFT are used
by ACORN [42]; UQV, GIST, MSONG are used by NHQ [58]:'3
(1) YFCC-10M [7] contains 10M media object embeddings. Each
vector has a subset of 200K possible attributes. Dataset queries
have filters of form (A in attr)or (AAB in attr).

Paper [58] contains 2M paper embeddings. We generate data
attributes where each vector has the i*/20 attribute with 1/i
probability as in NHQ [58] and Milvus [57]. Query filters are
generated following a zipf distribution (i.e., filter commonal-
ity [50]) of the form /\i-‘zlA,- in attr, as described in HQI [36].
(3) UQV [56] contains 1M video embeddings. We generate data/query
filters following methodology described for the Paper dataset,
with 1<i<200K and disjunctive OR filters (U{;l A; in attr).
(4) GIST[6] contains 1M scene embeddings. We generate 2 normally-
distributed numerical attributes X and Y for each vector, and
zipf-distributed disjunctive range filters x; <X <x;j Vy; <Y <y;.
(5) SIFT[53] contains 1M image embeddings. We generate data/query
filters following methodology described for the GIST dataset,
with conjunctive range filters: x; <X <x; A y; <Y <y;.
(6) MSONG [31] contains 1M song embeddings and 200 queries.
We generate query filters uniformly of the form a; in attr
for 80% of queries, with the remaining 20% being unfiltered.

@

~

Methods. We evaluate SIEVE against these existing methods:

(1) ACORN-y [42]: We use M =32, Mg=64,and y =max(80, 1/smin)
where $ip is the minimum filter selectivity (e.g., 1/13 on SIFT)
as suggested. For each dataset, we sweep the selectivity thresh-
old for falling back to brute-force KNN from 0.0005 to 0.05.

(2) ACORN-1 [42]: Ablated ACORN-y with y = 1 and Mg = 32.

(3) hnswlib [39]: An HNSW implementation with result-set-filtering.
We use the more performant out of M = {16,32} and efc = 40.

(4) SIEVE-NoExtraBudget: Ablated SIEVE with memory budget
B = S(I) that only builds the dataset-wide base HNSW index
(and no subindexes). Equivalent to hnswlib that falls back to
brute-force KNN based on SIEVE’s seving strategy (§5.2).

(5) PreFilter: We first use the predicate filter, then perform brute-
force KNN with hnswlib’s SIMD-enabled distance function.

(6) Oracle: Exhaustive indexing method which ACORN-y aims to
mimic [42]; it builds a subindex for every observed filter. Oracle
is expected to outperform SIEVE but incur higher TTI and
memory cost; we present it as a bound for SIEVE’s performance.

(7) FilteredVamana [19] only supports filters of form A in attr
(or no filter); we compare against it on MSONG only. We build
in-memory using Disk ANNPy’s recommended parameters [11].

I3NHQ is not applicable on the filter formats we use for experimentation.

R1D3

R1D1
RI1
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Table 4: Summary of Datasets for Evaluation.

Dataset #Vectors Dim DataType # Queries # Attrs. Predicates Pred. Type # Unique Preds.  Avg. Selectivity
YFCC-10M [21] 10000000 192 Images 100000 200000 /\i-czl Aj in attr,1<i<2 attr. match+AND 23930 0.018
Paper [58] 2029997 200  Text 10000 20 AK,A; inattr,2<i<5  atir. match+AND 2500 0.019
UQV [56] 1000000 256 Video 10000 200000 U?:l A; in attr,3 <i <10 attr. match+OR 2500 0.037
GIST [6] 1000000 960  Scenes 1000 2 x;<X<xjVyi<y<uyj range filter+OR 200 0.097
Sift [53] 1000000 128  Image 10000 2 xi<X<xjANyi<y<yj range filter+ AND 200 0.196
Msong [31] 992272 420  Audio 200 20 A in attr,No filter attr. match 20 0.616

» PreFilter — hnswlib - - Oracle (Infeasible in practice) CAPS

FilteredVamana --—- ACORN-y --— ACORN-1 - - SIEVE-NoExtraBudget — SIEVE (Ours) l
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Figure 9: SIEVE’s Recall@10-QPS curves vs. baselines on various datasets. SIEVE achieves up to 8.06x QPS increase at 0.9

recall@10 vs. the next best non-Oracle method (ACORN-y).

(8) CAPS [20] only supports conjunctive attribute matching on un-
der 256 data attributes; we compare against it on Paper/MSONG
only. We sweep cluster count from 10-1000 on each dataset.

For SIEVE, we use hnswlib [39] for our index collection. For each
dataset, we sweep Mo ={16,32} and efc =40 for the base index,
with downscaled M and same efc for subindexes (§4.2). Budget B is
set to 3x hnswlib’s index size on the same dataset.'* The brute-force

scaling constant y is empirically chosen where y - ¢, ¢ (f) = c(Ip, f)

when card(f) =card(h)=1000, i.e., brute-force KNN and perfect-

selectivity indexed search cost the same for a 1K-cardinality filtered
query with sef =k (§4.2). The query correlation factor q(w, f, h) is

set to 0.5 (i.e., average positive correlation, §4.2) for all w, f, h.

Fitting and Workload. For each dataset, we use the first 25%
slice of queries (unless otherwise stated, e.g., in §7.5 and §7.7) as
SIEVE’s observed workload H for fitting, then serve all queries
(including the slice used for fitting) with the built index, following
methodology in prior workload-aware indexing works [36].

Measurement. For Oracle, hnswlib, SIEVE-NoExtraBudget, we
generate QPS-recall@10 curves with sef € [10, 110] in steps of 10.
For SIEVE, we use se fo € [10, 110] for the base index and downscale
sef for subindexes (§5.2). For ACORN-y, ACORN-1, we vary sef €
[10,510] in steps of 50. For CAPS, we vary np € [3K, 30K] in steps
of 3K. For FilteredVamana, we vary L € [10, 510] in steps of 50.

Environment. Experiments are run on an Ubuntu server with
2 AMD EPYC 7552 48-core Processors and 1TB RAM. We store
datasets on local disk, build indexes in-memory with 96 threads,
and run queries sequentially with 1 thread in Neurips’23 BigANN
challenge’s environment [21], which reports best-of-5 QPS. Our
Github repository [70] contains our SIEVE implementation, dataset
attribute, query filter generation, and experiment scripts.

7.2 High and Generalized Search Performance

This section studies SIEVE’s overall filtered vector search perfor-
mance vs. existing baselines: we run each method on applicable
datasets and compare their generated QPS-recall@10 curves.

Fig 9 reports results. SIEVE performs best out of all non-Oracle
approaches on all 5 datasets; versus ACORN-y, the existing state-
of-the-art, SIEVE achieves up to 8.06x speedup (YFCC) at 0.9 recall.

4Excluding dataset size, hence total size (dataset included) is less than 3x of hnswlib.

Notably, SIEVE also achieves higher recalls (>0.99 in SIEVE vs. peak-
ing at ~0.95 in ACORN-y) on the low-selectivity datasets (YFCC,
Paper, UQV): while ACORN-y’s induced subgraphs fail to mimic
HNSW graphs for low selectivity filters (§2.2), SIEVE actually builds
the (sub)indexes in which the filters are dense for effective search.

Bounded Performance. SIEVE-NoExtraBudget is the lower bound
of SIEVE’s performance (§5.2) in cases where the best subindex
SIEVE finds for any query is the base index I« (e.g., a complete
workload shift, §7.7.2), and can only decide between searching with
I or brute-force KNN with its cost model and target recall. While
the performance gap between SIEVE and SIEVE-NoExtraBudget
is significant (4.01x QPS on YFCC at 0.95 recall), the latter is still
effective in its own right—outperforming ACORN-y on YFCC, and
MSONG while underperforming on Paper, UQV, GIST, and SIFT.

High Generalizability. SIEVE’s filter and attribute format-agnostic
formulation (§4.1) allows it to handle (1) any number of data at-
tributes and (2) a wide range of predicate forms—conjunctions on
YFCC and Paper, disjunctions on UQYV, range filters on GIST and
SIFT, and unfiltered queries on MSONG, unlike FilteredVamana
and CAPS, which struggle with high-cardinality data attribute sets,
disjunctions, and range queries. In addition, SIEVE still significantly
outperforms CAPS on Paper (10.61x QPS @ 0.9 recall) and both
CAPS and FilteredVamana on MSONG (2.29x QPS @ 0.9 recall).

Handles Diverse Selectivities. We additionally study SIEVE’s
per-query selectivity band performance in appendix A.2.

7.3 Low Construction Overhead

This section studies SIEVE’s construction overhead. We fix B as
3% hnswlib’s index size on the same dataset (§7.1), and compare
SIEVE’s TTI and memory consumption vs. existing methods.
Table 5 reports results. SIEVE effectively adheres to its memory
budget as seen in its memory size versus hnswlib: Notably, while
SIEVE’s uses 3X hnswlib’s index size as budget, its actual memory
consumption including datasets is less than 3X, being as low as
1.29% on GIST as the high-dimensional (960) vectors contribute
significantly to memory size (3.84GB). The TTI increase is also less
than 3% (1.68%x on YFCC to 2.78x on GIST), as subindexes’s build
time scales superlinearly with vector count [30], hence larger in-
dexes (e.g., base index) take more indexing time per vector. Versus
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Table 5: SIEVE’s TTI (seconds) and memory consumption (GB) vs. baselines. Numbers from indexing configurations used to
generate QPS-recall@10 curves in Fig 9. N/A indicates a method not applicable to that dataset.

Index hnswlib Oracle CAPS FilteredVamana ACORN-y ACORN-1 SIEVE (Ours)
Dataset TTI Mem. TTI Mem. TTI Mem. TTI Mem. TTI Mem. TTI Mem. TTI Mem.
YFCC 80.968 | 7.759 479.849 | 84.275 N/A N/A N/A N/A 17782.532 | 11.445 | 116.378 | 6.266 | 136.132 | 17.066
Paper 30.435 | 2.874 | 1811.820 | 76.014 | 8.893 4.419 N/A N/A 2529.372 3.485 25.061 2.570 59.581 5.260
uQv 10.140 | 1.797 | 1588.513 | 68.573 N/A N/A N/A N/A 1179.420 2.090 13.565 1.635 19.312 3.194
GIST 74.828 | 4.317 | 1477.429 | 14.204 N/A N/A N/A N/A 5791.505 4.479 50.247 4.104 | 208.393 5.552
SIFT 10.335 | 0.943 539.409 | 19.520 N/A N/A N/A N/A 265.534 1.142 10.133 0.965 25.377 2.241
MSONG | 24.467 | 2.068 427.15 9.226 | 22.501 | 3.383 | 323.639 | 2.384 638.60 2.222 27.707 2.017 63.857 3.271
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(c) Search Strategy breakdown vs. Index Budget @ 0.95 recall
Figure 10: SIEVE’s budget vs. QPS-recall curves; and search
strategy breakdowns (YFCC). It prioritizes subindexes that

can bring higher benefits to queries (§4.2).

Budget
1 Gt [
XX XXX

ACORN-y, while SIEVE uses more memory (up to 1.96X, SIFT), its
TTl s a fraction of ACORN-y’s (0.8% on YFCC to 9.5% on SIFT) as
it avoids ACORN-y’s specialized graph building (§2.2). This makes
SIEVE desirable when TTI is the main constraint instead of memory
(e.g. on-disk indexing). Versus Oracle, which has potentially pro-
hibitive size (84.2GB, YFCC), SIEVE performs competitively (Fig 9)
using as little as 3.0% and 4.6% of Oracle’s TTI and memory (UQV).

7.4 Efficient Usage of Memory Budget

This section studies SIEVE’s performance vs. its indexing budget
B, which we vary from 1X size of hnswlib (equivalent to SIEVE-
NoExtraBudget) to 5% and report the QPS-Recall@10 curves, re-
source consumption, and search strategy breakdowns on YFCC.

Fig 10 reports results. SIEVE’s QPS-Recall@10 trade-off expect-
edly increases with more budget. However, contrasting the linear
increase in TTI and memory, the performance increase is dimin-
ishing: each 1x budget brings less QPS-recall benefits—the total
serving time decrease for the 100K queries at 0.95 recall from 1X to
2X is 2.63X%, but only 1.22X from 4x to 5. This is because SIEVE
prioritizes adding high-benefit subindexes to its collection (§4.3,
also verified in appendix A.3), which is reflected in its search strat-
egy breakdown in Fig 10c: the first budget increase from 1x to 2x
focuses on building subindexes for queries with highest gains from
being served by a subindex versus brute-force or base index search,
decreasing the spent time of the 2 methods by 25.5s and 51.6s, re-
spectively. Further budget increases yield smaller reductions in
brute-force (<19.3s) or base index search (<10.4s) time.

7.5 Effective Fitting from Historical Workload

This section studies the impact of discrepancies between the his-
torical workload H used to build SIEVE and the actual workload.
We vary the query slice size we use as the historical workload for

(a) WL knowledge % vs. QPS-Rec.  (b) Unique filters observed vs. WL %
Figure 11: SIEVE’s QPS-recall vs. workload knowledge (YFCC).
After seeing only 42% of unique filters in a 25% workload slice,
it achieves ~96% QPS of a collection fit on the full workload.
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Figure 12: SIEVE’s recall-aware index construction and serv-
ing parameterization achieves up to 1.60x QPS increase at
high recalls (~0.985) vs. static, non-recall-aware ablations.

Table 6: SIEVE’s recall-aware index tuning allows for building
more indexes under the same memory constraint.

Dataset (M = 32) uQv SIFT
Dynamic index (M) tuning Yes No Yes No

# Indexed vectors 2286197 | 2005930 | 2298746 | 2074841
# Subindexes 200 169 22 16

Table 7: SIEVE’s recall-aware search parameterization in-
creases search efficiency at high (0.985) recalls.

Dataset (M = 32) uQv SIFT

Dynamic search (sef) parameterization | Yes No Yes No
Avg. HNSW distance computations 5917 | 6111 | 6448 | 6665
Avg. brute-force distance computations | 1136 | 1195 | 583 629

SIEVE from 25% (our default for other experiments) to 100% on
YFCC, and report the QPS-recall@10 of each fitted index collection.

Fig 11 reports results. SIEVE fit with 25% workload performs com-
parably (96% QPS at 0.9 recall) versus theoretically optimized SIEVE
fit with 100% workload despite (1) the 25% slice only containing 42%
of unique filter templates and (2) the two fits being significantly
different—170/711 indexes in SIEVE (25% WL) are absent in SIEVE
(100% WL) and 141/682 vice versa, showcasing SIEVE’s robustness
to moderate workload shifts (we study larger shifts in §7.7.2). At
intermediate values, while each 25% slice increases SIEVE’s choices
from seeing more unique filters, performance increase is negligible.

7.6 Dynamic Construction & Serving

This section studies the effectiveness of SIEVE’s dynamic, recall-
aware index construction (§4.2) and serving parameterization (§5.2).
We compare SIEVE’s QPS-recall@10 curves with ablated versions of
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(c) Subindex change vs. workload
Figure 13: Cold starting with SIEVE on YFCC: SIEVE can be ini-
tialized with only the base index, then incrementally updated
during serving; SIEVE’s performance quickly approaches an
optimal fit after it observes and serves 3 5K workload slices.

SIEVE—using static M = M for all subindexes and/or static sef =
sefw for all searches—on UQV and Paper with Mo = {32, 64}.

We report the results in Fig 12. At high (0.985) recall, SIEVE
achieves up to 1.60x QPS increase versus SIEVE with no opti-
mization and up to 1.09x QPS increase with only one of dynamic
subindex construction (M) or query serving (sef) (UQV, Mx = 64).
Interestingly, while the M = 64 setting is more performant than
M = 32 on SIFT, the opposite holds for UQV; we hypothesize
that this is due to intrinsic hardness difference of the datasets, i.e.,
Moo = 32 suffices for the base index in UQV, ! and further increas-
ing M results in increased latency with negligible recall gains.

More Indexes Under Same Memory Constraint. SIEVE’s recall-
aware subindex construction downscales the M parameter of smaller
indexes in the collection (§4.2): this decreases the memory con-
sumption of these small indexes (Fig 3b), which results in more
built indexes under the same memory constraint (Table 6).

Fewer Distance Computations. SIEVE’s dynamic search param-
eterization downscales sef when searching with smaller indexes
(§5.2). This increases smaller indexes’s search efficiency from in-
curring fewer distance computations (Fig 3c), and reduces searches
SIEVE falls back to serving via brute-force KNN on (Table 7).

7.7 Handling Cold Starts and Workload Shifts

This section studies SIEVE’s robustness to cold starting with no
historical workload (§7.7.1) and sudden workload shifts (§7.7.2).

7.7.1  SIEVE can Effectively Cold Start. We choose the YFCC dataset,
temporally slice the 100K queries into 20 5K workload slices, then
sequentially serve slices to SIEVE initialized with no historical work-
load (i.e., H =0) and an index collection with only the base index
I Each slice H', after serving, is added to the historical workload
(i.e., H < HUH’) and SIEVE’s index collection is incrementally
updated following procedures described in §6. We study per-slice
query performance and SIEVE’s update time between slices.

We report results in Fig 13. As observed in Fig 13a, while SIEVE’s
per-slice QPS is significantly lower than the theoretically optimized
SIEVE (100% WL) (§7.5) on the first 2 slices—SIEVE only has the
base index for the first and an (suboptimal) index collection fit to
the first 5K queries on the second, SIEVE effectively cold starts
as it observes more slices, approaching 97% QPS of 100% WL by

5Recall that My, is user-specified (§4.2).
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Figure 14: SIEVE can degrade when serving a new workload
when fit on a prior workload (top); yet, it still potentially
finds optimization opportunities (middle). SIEVE can be re-fit
to the new workload, which is faster than the initial index
building as the base index remains unchanged (bottom).

the 37 slice. This is also seen in SIEVE’s update time (Fig 13b)
and number of built/deleted subindexes per update (Fig 13c): while
SIEVE’s first update takes significant time (111s)—it uses all its
budget to build 499 subindexes fit to the first slice on top of the
lone base index, subsequent updates become increasingly faster
due to SIEVE’s observed workload H quickly approaching the true
workload distribution: it builds and deletes fewer subindexes per
update, with update time becoming sub-second after the 15" lice.

7.7.2  SIEVE can Adapt to Complete Workload Shifts. We choose
the GIST, Paper and UQV datasets, on which we generate alterna-
tive query workloads with different filter templates'® that follow
similar distribution characteristics (i.e., zipf and average selectivity,
§7.1). We study the query performance of serving queries from
the alternative workload on SIEVE fit from the alternative work-
load versus SIEVE fit on the original workload (i.e., to simulate a
complete workload shift), and overhead for re-fitting SIEVE’s index
collection from the original to the alternative workload.

We report results in Fig 14. As expected, serving a workload with
SIEVE that significantly differs from the workload that SIEVE was
fit on expectedly causes degradation, achieving only 92%, 71% and
49% QPS of an index collection fit with the corresponding workload
on GIST, Paper and UQV, respectively (Fig 14a, Fig 14b, Fig 14c).

Quantifying Degradation. While query filter templates in the
original and alternative workloads almost completely differ for all
datasets—the optimal index collections of the workloads share only
1 subindex on Paper and 0 on GIST and UQV (Fig 14g), the degree of
degradation depends on the sparsity of the filter space: two random
filters on the GIST dataset are most likely to have a subsumption
relation, followed by UQV, and finally, Paper, as GIST only has 2
attributes to apply range filters on versus Paper and UQV’s 20 and
200K for attribute matching, respectively. Hence, SIEVE still finds
significant opportunities for query serving with subindexes despite

16We accomplish this via setting alternative seeds for randomized generation.

R1D2
RI2



R1D1
RI1

R2D1
R3C2
R2C3
RI4

the workload shift on GIST (Fig 14d) to achieve a 2.77x speedup
versus SIEVE-NoExtraBudget, finds fewer opportunities on Paper
(Fig 14e) with 1.35X speedup, and finds almost no opportunities on
uQV (Fig 14f) and degrades to only 1.03x speedup. Degradation
can also occur if the predicates themselves are sparse by complex-
ity (e.g, A < 5 AND B in attr AND C like \w+). Hence, a
current limitation of SIEVE (and other general workload-driven
approaches [36, 50, 51]) is that sparse predicate spaces (e.g., UQV)
are inherently more difficult for SIEVE to robustly optimize for
w.r.t. workload shifts. However, SIEVE can be updated upon detect-
ing such degradation/shifts either by incremental adaptation as in
§7.7.1 or completely refitting to the new workload—notably, even if
no subindexes are kept on refit (Fig 14g), refitting is still faster than
complete rebuild as the base index does not need updating (§6).

7.8 Experimentation Summary

This section summarizes our experiment findings. We accordingly
claim the following following our experimental evaluation on SIEVE:
End-to-end Comparison vs Other Indexes

(1) Effective and generalizable search: SIEVE handles arbitrary data
attribute and query filter formats, achieving up to 8.06X higher
QPS at 0.9 recall@10 versus the next best alternative on low
and high selectivity query workloads alike (§7.2).

(2) Low construction overhead: SIEVE operates within its memory
budget, requiring only up to 2.15X memory of hnswlib and just
1% of time-to-index (TTI) versus ACORN-y [42] (§7.3).

Deeper Performance Analysis of SIEVE (Ours)

(1) Effective usage of memory budget: SIEVE achieves large perfor-
mance gains even with small budget (e.g., 2x of hnswlib) as its
modeling effectively prioritizes high-benefit subindexes (§7.4).

(2) Effective fitting from historical workload: SIEVE’s construction
requires only modest knowledge of the workload distribution—
an index collection fit from a 25% workload slice performs
within 96% of a collection fit on the true distribution (§7.5).

(3) Effective recall-aware construction and serving: SIEVE’s recall-
aware index (M) tuning and dynamic serving (sef) achieves
up to 1.19x higher QPS at 0.985 recall versus ablated, recall-
agnostic SIEVE versions with static parameterization (§7.6).

(4) Handling cold starts and workload shifts: We show that SIEVE
can handle cold start scenarios with no workload knowledge
and complete workload shifts via incremental refitting (§7.7).

8 Related Work

Filtered Vector Search Indexing. There exists a variety of filtered
vector search indexing works [13, 14, 19, 20, 28, 36, 42, 45, 58, 63, 72].
Filtered-Diskann [19] proposes the Vamana-based [24] FilteredVa-
mana and StitchedVamana, which only apply to single-attribute
filters.!” CAPS [20] and HQI [36] partitions data based on data
attributes/vector centroids to maximize query-time partition skip-
ping; the latter is also workload-aware. However, CAPS only applies
to low-cardinality conjunctions, while HQI is for a significantly dif-
ferent batched query setting. NHQ [58] and HQANN [63] are graph-
based indexes that jointly index vectors and attributes, but support
only soft filters. SeRF [72] and IVF2 [28] are specialized indexes

7The paper claims that both indexes also support disjunctions, but this functionality
is absent from the open-source implementation SIEVE uses for experimentation.
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for single-attribute range queries !® and the YFCC dataset,!® re-
spectively. ACORN [42] supports filtered vector search on arbitrary
predicates via subgraph traversal. In comparison, SIEVE supports ar-
bitrary predicates similar to ACORN, but achieves higher QPS/recall
with a workload-aware index collection magnitudes faster to build
(§7.3). Versus SeRF, which also conceptually builds multiple over-
lapping subindexes, SIEVE’s novelty is in its three-dimensional
modeling for workload-aware selection of which subindexes to
build in a potentially large, multi-attribute space (§4.2); SeRF fo-
cuses orthogonally on its compression method, which is applied
to its subindexes that are otherwise naively and exhaustively con-
structed over a single numeric attribute space. Additionally, SIEVE
still outperforms other specialized methods (e.g., CAPS) that only
support limited predicates (§7.2).

Vector Search Plan Selection. Cost-based query plan selection
has been studied in vector indexing systems [57, 60]. Milvus [57]
derives a cost model to choose between partitioned and pre-filter
search. AnalyticDB-V [60]’s cost model incorporates query selec-
tivity. In comparison, SIEVE’s modeling dynamically picks the best
strategy considering recall, unlike these systems (and ACORN’s pro-
posal of resorting to brute-force KNN at low selectivity [42]) which
treat indexes as already tuned to serve with sufficient recall, and
uses recall-agnostic models/thresholds at serving time. SIEVE’s dy-
namic serving bounds its performance: it will always be faster than
the best of brute-force/indexed search at any given recall (§7.2).

Materialized View Selection. There is extensive work on select-
ing Materialized Views (MVs) for speeding up (exact) queries [23,
25, 27, 29, 35, 44], which typically assume availability of a historical
workload that accurately predicts the future workload (filter stabil-
ity [36, 50, 51]). One common issue addressed in these works is the
large candidate MVs optimization space; BigSubs [25] mitigates this
via randomized approximation, while SparkCruise [44] performs
optimization on a reduced problem space according to subsump-
tions. While SIEVE shares similarities these works such as fitting
from historical workload (§4.1) and using a greedy approximation
algorithm (§4.3), it orthogonally derives a method to incorporate
recall (§4.2), a key and unique dimension present in vector indexing
for filtered search but lacking in MV selection for (exact) queries.

9 Conclusion

This paper presents SIEVE, an indexing framework enabling effi-
cient filtered vector search via an index collection. SIEVE proposes
a three-dimensional cost model for memory size, search speed, and
recall, which it uses to accurately determine benefits and costs of in-
dividual indexes at a target recall to build an effective set of indexes
with bounded memory via workload-driven optimization. During
query serving, SIEVE determines the fastest search strategy with
the index collection at a potentially new target recall—whether to
use a parameterized index search, or fallback to brute-force KNN.
SIEVE achieves up to 8.06x QPS increase over existing indexing
methods at 0.9 recall on a variety of datasets while requiring as
little as 1% TTI versus other specialized indexes.

8Hence, we omit SeRF from our experiments as it is not applicable.
19TVF2 was tuned specifically for YFCC, handling only filtered queries of form a (AND
b) in attr. We omit it from experimentation due to its lack of generality.
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A Appendix
A.1 Multi-index Search

This section studies the feasibility of serving filtered queries with
multiple subindexes which when unioned, cover the query filter, as
discussed in §6. While SIEVE’s current serving strategy considers
only (single) subindex search vs. brute-force KNN (§5), it can be
extended to multi-subindex search—given a filtered query w, f and
index collection 7, SIEVE aims to choose between these options:
(1) Single-index search: argminy, ¢ r C(Ip, sef| (Iy), w, f)

(2) Brute-force KNN: Cpr(f) = card(f)

(3) Multi-index search: argminy ¢ 7 Siper C(Ip, sef| (In), w, f) such

that f € U hlhepzo

20We omit re-ranking time as we find it to be negligible (e.g., contributes to ~ 0.1% of
total query time when re-ranking results from up to 10 subindexes).
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(c) Subindexes non-exact cover

Query filter: 1<A<5
¥
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Covering subindex cost: 9.59
Multi-subindex cost: 10.59

(d) Too many subindexes

Covering

Multi-idx.

(e) High selectivity in covering

Figure 15: Multi-index search can be beneficial when the
query predicate can be disjointly and exactly covered by few
subindexes and have low selectivity in the smallest single
covering subindex (top-left). Subindexes in the cover overlap-
ping (top-right), covering non-passing vectors (middle-left),
there being too many subindexes in the cover (middle-right),
and the query having high selectivity in a single covering
subindex (bottom) can all affect potential gains of multi-
index search (empirically studied in Fig 16).

Where I’ is the subset of indexes for multi-index search. As (only)
the union of subindexes needs to cover the query filter, the con-
straint that each individual subindex I, must cover f in the cost
function C is lifted (i.e., as opposed to the original definition in §4.2).
Another notable difference is that to evaluate C(Iy, f) for each I,
in I’, SIEVE must estimate the conditional selectivity of f in I, (e.g.,
sel(1<A<5|0<A<3), discussed in more detail shortly).

Potential Benefits. Based on SIEVE’s cost model (§4.2), multi-
index search can be beneficial when the query filter f is almost
disjointly and exactly covered by a few subindexes I’ C 7, that is:
(1) VI, I € I,|h N k| is minimized.

(2) |Unp,er —f! is minimized.

(3) |I’| is minimized.

This is because (1) we want to avoid duplicately searching satisfying
vectors in covering subindexes, (2) maximize conditional selectivity
of the query filter in covering subindexes, and (3) as HNSW graphs’s
search time is logarithmic (i.e., sub-linear) w.r.t. vector count, we
aim to use few, large indexes as opposed many, small indexes. The
query must also be difficult to serve with alternative methods, i.e.,
it having low selectivity in the smallest single subindex that covers
it (potentially the base index Ju), but still having high enough
cardinality such that brute-force KNN is also expensive.
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(a) Experiment setup; I covers the query filter; I, and I, jointly cover the
query filter. Parameter sweeps are performed on c,, hy,, hy 15 and number of
indexes in I, e.g., |I'| = 4 would contain 4 subindexes each with 25K vectors.
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Figure 16: Quantitative evaluation of multi-subindex search
benefits. All average query times reported are for serving at
0.9 recall. Plots are generated by adjusting |I’| (top-left), ad-
justing h;, and hy, (top-right), adding random non-matching
points (i.e., 100K < id < 1M) into I, and I, (bottom-left), and
adjusting ¢, (bottom-right) without altering the query.

Motivating Example (Fig 15). Given the query filter 1 <A<S5,
a near-optimal scenario for multi-index serving is using the two
subindexes 1 <A <3 and 3 < A <5 which exactly and disjointly
cover 1 <A <5. At the same time, the smallest (single) subindex
that covers 1 <A <51is 1 <A <7, for which a (moderately selec-
tive) filtered search would have higher cost than the multi-index
search following our cost model in §4.2 (Fig 15a). However, if the
two covering subindexes overlap (Fig 15b), contain non-satisfying
vectors (Fig 15¢), or if we instead had to use three exactly covering
and disjoint subindexes (Fig 15d), the cost of the best multi-index
search would become higher than that of single index search. At
the same time, the existence of a smaller single index that covers
the query filter with high selectivity (e.g., 1 <A <6, Fig 15¢) can
also potentially render multi-index search (relatively) sub-optimal.

Quantitative Evaluation (Fig 16). We evaluate the scenarios
discussed in Fig 15 on a test dataset with 1M 16-dimension random
vectors and a query that matches 100K vectors (Fig 16a). As hypoth-
esized in Fig 15 according to SIEVE’s cost model, adjusting each
factor—increasing subindex count (Fig 16b), increasing overlap be-
tween subindexes (Fig 16¢), and decreasing (conditional) selectivity
of the query in the subindexes (Fig 16d) all increase the latency
of multi-index search. We also observe in Fig 16e that multi-index
search with 2 disjoint, exactly covering subindexes (I, and I,)
is only beneficial if the query’s selectivity in the (single) covering
subindex I is less than 0.7. Furthermore, if the query’s selectivity in

No multi-index search —-— - With multi-index search ‘
104
wE - 10° \
[Z I %)
a 10 8{ 102
10!
I I J 1 | | | ! J
109 57 0.96 0.98 1 10%5 06 07 08 09 1
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Dataset | Bruteforce # | Non-base subidx. # | base # | multi-idx. # .
opt. time %
uQv 4721 3383 1896 0 99.56%
GIST 152 844 2 4 0.13%

(c) Search strategy and multi-index opt. overhead breakdowns @ 0.98 recall

Figure 17: SIEVE’s Recall@10-QPS curves vs. ablated SIEVE
with multi-index search enabled on UQV and GIST (top). Op-
portunities for multi-index search are rare, while finding
multi-index covers can also incur high overheads (bottom).

I is 1 (i.e, ¢, = 100K and I, exactly matches the filter), serving with
I becomes more optimal versus any possible multi-index search.?!

Difficulty of Multi-Index Search. Notably, the problem of find-
ing the best union of subindexes I’ for a multi-subindex search is
NP-hard (equivalent to weighted set cover where each candidate
subindex I, is weighted by query serving cost C(Ij, f)), necessi-
tating efficient greedy algorithms in cases where SIEVE has non
trivially-sized index collections [68]. Furthermore, SIEVE must also
make repeated evaluations of query filter f’s conditional selectivity
in candidate subindexes Ij, (e.g., the aforementioned sel(1 < A <
5|0 < A<3)) for cost estimation. Versus cases where Ij, subsumes f
(i.e., for single-index search) where f’s selectivity in Ij, can be triv-

ially computed as EZ:Z%; , conditional selectivities can potentially

involve more expensive, data dependent computations.

Testing Multi-Index Search . We study the potential benefits
versus costs of multi-index search in more detail by augmenting
SIEVE to allow it to choose multi-index search for query serving
(when more optimal versus both single-index search and brute-
force KNN) following multi-index covers found with the greedy
algorithm for weighted set cover [68]. We evaluate the augmented
SIEVE’s performance versus SIEVE with no such augmentation on
the disjunction-filtered datasets UQV and GIST.??

We report results in Fig 17. The query time between SIEVE with
and without multi-index search enabled is negligible on GIST at
<1% difference at 0.98 recall on GIST (Fig 17b): this is because due to
the various limiting factors discussed in Fig 15e, we find that multi-
index is rarely the optimal choice versus single-index search and
brute-force KNN, being optimal for only 4/1000 queries (Fig 17c), all
of which union only 2 subindexes. Additionally, while the overhead
for finding near-optimal multi-index search strategies is negligible
on GIST, it incurs prohibitive overhead on UQV, reducing the QPS
@ 0.98 recall by more than 200X (Fig 17a); this is because the greedy
algorithm for weighted set cover has time complexity O(mn) [68]

2 According to empirical results and SIEVE’s cost model; we omit the proof for brevity.
22YFCC, Paper, SIFT, and MSONG contain (almost) no opportunities for multi-index
search as their filters are conjunction-based: using attribute matching as an example, to
cover A, one must union A and B, A and C,.., i.e., (many) subindexes with conjunctions
between A and all other possible attributes in the attribute/filter space.
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where m is the candidate count (i.e, cardinality of SIEVE’s index
collection |7 |, which is 14 on GIST and 200 on UQV) and n is the size
of the attribute/filter space, of which UQV’s is significantly larger
than GIST’s (Table 4). Hence, while multi-index search may bring
potential benefits on workloads with sparse attribute/filter spaces
such as GIST and can be a valuable extension for SIEVE, we defer
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exploration of low-overhead implementations of this technique and
its extensions (e.g., additionally considering multi-index search for
cost modeling during construction time, §4.2) to future work.

A.2 SIEVE’s Performance vs. Selectivity Band

Fig 18 reports SIEVE’s performance vs. query selectivity bands
on MSONG. As theorized in §2.3, SIEVE’s building of subindexes
for “unhappy-middle® queries (verified in Fig 19) provide large
performance gains—2.00x and 4.48% speedup vs. ACORN-y and
hnswlib at 0.99 recall—on the lowest band (Fig 18a). SIEVE also
deprioritizes optimizing for high-selectivity queries as it has limited
budget; it simply routes them to the base index, performing the same
as hnswlib (Fig 18c, Fig 18d). Interestingly, ACORN-y’s neighbor
expansion is detrimental at high selectivity, incurring unnecessary
overhead; SIEVE (and hnswlib) outperforms it by 2.36x at 0.99 recall
on the highest band (Fig 18d).

A.3 Distribution of SIEVE’s Built Subindexes

Fig 19 presents the distribution of SIEVE’s built vs. candidate (i.e.,
not built) subindexes for the YFCC and Paper datasets at 3x bud-
get: following SIEVE’s intuition in §2.3 and cost model in §4.2,
SIEVE prioritizes subindexes with medium (unhappy middle) selec-
tivity filters and/or high historical occurrences: Serving applicable
queries with smaller subindexes bring limited benefits versus with
brute-force KNN, while larger (non-base) subindexes provide only
marginal improvements over serving with the base index.



	Abstract
	1 Introduction
	2 Motivation
	2.1 HNSW Graph
	2.2 Existing Filtering Methods Underperform
	2.3 SIEVE's Intuition for Faster Search

	3 SIEVE Framework Overview
	3.1 SIEVE Construction
	3.2 Serving Queries with SIEVE

	4 Optimized Index Collection Construction
	4.1 Preliminary and Definitions
	4.2 SIEVE-Opt: Problem Setup
	4.3 SIEVE-Opt: Solution

	5 SIEVE: Query Serving
	5.1 Identifying the Optimal Subindex
	5.2 Determining Optimal Search Strategy

	6 Discussion
	7 Experiments
	7.1 Experiment Setup
	7.2 High and Generalized Search Performance
	7.3 Low Construction Overhead
	7.4 Efficient Usage of Memory Budget
	7.5 Effective Fitting from Historical Workload
	7.6 Dynamic Construction & Serving
	7.7 Handling Cold Starts and Workload Shifts
	7.8 Experimentation Summary

	8 Related Work
	9 Conclusion
	References
	A Appendix
	A.1 Multi-index Search
	A.2 SIEVE's Performance vs. Selectivity Band
	A.3 Distribution of SIEVE's Built Subindexes


