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ABSTRACT

Approximate nearest neighbor search (ANNS) is increasingly essen-

tial for AI-driven applications. In practice, ANNS is often coupled

with label �ltering to improve accuracy, relevance, and e�ciency, a

variant known as �ltered ANNS or FANNS. Existing FANNS meth-

ods fall short in e�ciency or accuracy. This is because, �rst, search-

ing on a label-mixed index often converges to local minima due to

label interference. Second, isolating and duplicating labels in the

index in�ates the index and incurs prohibitive memory overhead.

Third, current join-based strategies for multi-�lter search perform

substantial wasted computation on unpromising candidates.

We present BigFANN, a label-aware FANNS framework that

achieves high speed and space e�ciency, while retaining high accu-

racy. Our framework features a hybrid indexing scheme that intro-

duces heterogeneous edge types and �exible IVF-graph indexing.

Speci�cally, we construct graph indices with tunable combinations

of exclusive and shared edges based on label characteristics. This

method e�ectively minimizes label interference for single-�lter

search under a certain memory budget, ensuring high search ac-

curacy and speed. In addition to heterogeneous edges, we adopt a

hybrid of graph and IVF indices to deal with single- and multi-�lter

queries. Particularly, for multi-�lter searches, we propose a join-

free search strategy to eliminate wasted computation in the existing

join-based strategy. Experimental results on various datasets show

that BigFANN signi�cantly outperforms state-of-the-art FANNS

frameworks, UNG and ParlayIVF2, by up to 786× and 4× respec-

tively, while achieving the same or better accuracy.
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1 INTRODUCTION

Recent advancements in machine learning have driven the use of

vector databases [10, 21, 28, 48, 52, 53, 59] for managing embed-

ding vectors. For example, given a user query, Retrieval Augmented

Generation (RAG) retrieves the most relevant information or docu-

ments in the database, so the model can rapidly �nd relevant pieces
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of information to add to its context during generation, and thus

provide accurate domain-speci�c or time-sensitive responses.

Approximate nearest neighbor search (ANNS) is the key algo-

rithm in vector databases. In real-world applications, the query

context is often domain- or user-speci�c, and thus retrieving from

the entire database wastes bandwidth and harms accuracy. So prac-

tical ANNS tasks often involve some label constraints in addition to

vector similarity, a problem known as �ltered ANNS or FANNS [18].

FANNS allows us to retrieve only from the relevant subset, which

potentially improves accuracy, relevance, and e�ciency.

While the typical ANNS problem has been intensively studied

and optimized over the years, we observe that FANNS is under-

explored and still extremely ine�cient. For example, to answer

10K queries in arxiv, a real-world FANNS dataset with only 2.7

million vectors, on a 32-core CPU, it takes FilteredDiskANN [18], an

existing FANNS solution, 20 seconds to complete search with a best

recall below 19%. Similarly, for a 10M-scale real dataset yfcc10m [3],

another state-of-the-art solution UNG [4] can serve only 110 queries

per second (QPS) on that CPU, with a recall of less than 63%.

We investigate when and why existing FANNS approaches su�er

low accuracy and/or poor search e�ciency. First, most state-of-the-

art methods, including FilteredDiskANN, UNG, and NHQ [60], all

build a single, uni�ed proxy graph, in which vertices with various

labels are all mixed in the uni�ed index and interfere with each

other. We observe that search on a uni�ed graph often stops far

from the true nearest neighbors with no closer vertices to explore,

i.e., local minima. Fig. 1 shows a toy example. Each vertex here

has a single label shown as its color1. Looking for a blue-colored

query, many edges are �ltered away if the neighboring vertex is not

blue. This poor connectivity results in not only an ine�cient search

path, but also local minima. Label interference, detailed in §3.1, is

a unique challenge in FANNS: ANNS indices are generally built

based on the spatial ‘distance’ information, while the ‘labels’ re�ect

semantic properties that may con�ict with the spatial information.

On the other hand, ParlayIVF2 [35] adopts an isolation scheme

by building a dedicated ANN index for every possible label. While

separating labels avoids label interference and achieves high perfor-

mance, it incurs prohibitive indexing costs, with a memory in�ation

ratio of " , where" is the average number of labels per node. In

real datasets," can easily go beyond 10, as in yfcc10m (see §3.2).

Further, in the multi-�lter scenario, i.e., when the query applies

more than one �lter, the search is even more challenging. Existing

graph-based approaches are more likely to fall into local minima,

given the worse graph connectivity cut by multiple �lters (details

in §3.3). On the other hand, existing join-based methods are also

inherently ine�cient. In this method, �rst, a set of candidates for

each of the �lters are collected. Then, a join (i.e., set intersection)

operation is performed to merge the candidate sets, retaining those

1Edges connecting di�erent colors can exist if their endpoints share some universal
label (not shown), since each vertex may carry more than one label in real datasets.
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that satisfy all �lters. Since �ltering in this method is performed

implicitly in the join, it has to conservatively collect a large body of

candidates for every �lter before the join, to meet the target recall.

Consequently, it produces signi�cant overhead on intermediate

results and unnecessary distance computations (detailed in §3.3).

Based on the above understanding of the tradeo�s, we build a

label-aware FANNS framework, BigFANN, to improve search ef-

�ciency while ensuring high accuracy. Our key idea is to build a

hybrid indexing scheme that adaptively balances search speed and

space overhead for di�erent scenarios. However, naively combining

existing methods does not yield improved e�ciency, as they are

essentially two extremes and incompatible. In our design, we �rst

introduce heterogeneous edge types: exclusive and shared edges (§4).

While exclusive edges isolate labels and avoid interference, shared

edges provide sharing across nodes with many overlapping labels,

minimizing space overhead. We introduce parallel indexing con-

struction and search algorithms on top of the heterogeneous graph,

which e�ectively build and search the index with high throughput.

Second, we employ a hybrid of graph-based and clustering-based

indices for single-�lter andmulti-�lter queries. This design choice is

based on our observation in FANNS workloads: single-�lter queries

often yield dense top-: results, bene�ting from �ne-grained graph

search; multi-�lter queries have much fewer data points passing the

�lter with the top-: results more spread out, and thus, they bene�t

from coarse-grained gathering methods, where a large number of

candidates are gathered at once. By separating the query types,

we can tailor the index and search strategy to the query structure,

resulting in not only better accuracy but also higher search speed.

Speci�cally, for multi-�lter queries, we use clustering-based,

i.e., IVF (inverted �le), indices to avoid label interference in graph

indices, and thus retain high throughput and high accuracy. Never-

theless, naively applying this indexing is ine�cient for multi-�lter

queries, due to wasted distance computation on unpromising candi-

dates introduced by the join operation. To improve search e�ciency,

we propose a novel join-free strategy that eliminates wasted com-

putation (§5). Instead of gathering candidates for individual �lters

concurrently, we gather candidates only from the smallest �lter,

which has fewer matches than the other �lters. We then explicitly

apply the other �lters to prune directly on the candidates gathered

in the �rst step. This way, we avoid the large overhead caused by

join, and can potentially reduce distance computations.

We implement BigFANN in C++/OpenMP on multicore CPUs,

and evaluate it on various real-world and synthetic datasets. Exper-

imental results show that BigFANN outperforms state-of-the art

query

nearest neighbor

traversal hop

entry point

Figure 1: Existing mixed-index FANNS methods run into local min-

ima. Unlike Fig. 2(b) where the search goes straight to the query,

this �ltered search path is convoluted and ine�cient due to label

interference. More importantly, it converges at a local minimum

with only 1 out of 3 nearest neighbors found, i.e., a recall of 33%.

FANNS frameworks, UNG and ParlayIVF2, by up to 786× and 4×

respectively, while achieving the same or better accuracy.

This paper makes the following contributions:

• We identify the unique challenges in FANNS, namely, (1) label

interference, (2) index in�ation, and (3) wasted computation in

the join-based multi-�lter strategy.

• We introduce heterogeneous edge types, i.e., exclusive and shared

edges, to avoid label interference while striking a balance be-

tween search speed, accuracy, and space cost in FANNS search.

• We propose a novel join-free strategy for multi-�lter FANNS

tasks. Our strategy employs an explicit �ltering step, which

eliminates wasted computation in prior join-based methods.

• We build BigFANN, a label-aware FANNS framework that im-

plements our hybrid indexing with heterogeneous edges, the

join-free strategy, and performance optimizations. Experiments

show signi�cant improvements in e�ciency and accuracy.

2 BACKGROUND

We introduce ANNS in §2.1, existing indexing and search algorithms

in §2.2, and the �ltered ANNS problem in §2.3.

2.1 Vector Database and ANNS

Vector databases [33, 54] have emerged as the computational en-

gines for e�ective interaction with vector embeddings in appli-

cations like knowledge search and recommendation. Industry ef-

forts include Faiss [10], cuVS [41], Milvus [59], Pinecone [53], and

more [9, 11, 23, 46, 47, 55, 57, 58, 64]. The core computation in

vector databases is the vector similarity search, which �nds the

top-: “similar” vectors, i.e., nearest neighbors, to a given query. A

brute-force search involves computing distances with billions of

vectors in the database, which is impractical. Due to the curse of

dimensionality [27], there is no good solution to sort high dimen-

sional vectors monotonically for fast search. Instead, Approximate

Nearest Neighbor Search (ANNS) is used to speed up the search,

at the cost of accuracy loss (e.g., 5% error). At the core of ANNS is

an o�ine-built index [14, 25, 28, 38, 42], which is used to navigate

the online search, to quickly locate a small region in the database

where it is the most promising to �nd candidates similar to the

query. In addition, quantization [1, 6, 15, 16, 19, 29, 56, 61] has been

widely used to save memory space and also accelerate the search.

2.2 ANN Indexing and Search Algorithms

The choice of indexing method can signi�cantly impact the search

performance, accuracy, and resource consumption. As shown in

Fig. 2, commonly used indexing methods fall into two primary

categories: clustering-based and graph-based indexing [63].

2.2.1 Clustering-based Indexing. This method is also known as

IVF (inverted �le). It groups nearby data points into the same clus-

ters [17, 24, 48, 66], and the index contains a mapping from cluster

centroids to nodes in the cluster. The index is space-e�cient and

works well in lower-dimensional spaces. However, its performance

tends to decline in higher-dimensional spaces, with decreased re-

call or increased search work. During the search, a query is �rst

compared to cluster centroids, to �nd the nearest or most relevant

clusters. Then, only the relevant clusters are fully searched, and

the closest points from these clusters are returned.
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Figure 2: Clustering-based vs. graph-based ANNS index and search.

2.2.2 Graph-based Indexing. Thismethod constructs a graphwhere

data points are vertices, and pairs of vertices can be connected if

they are close. Beam search is used to traverse this graph, with a

priority queue to keep the top-� vertices (� is the beam size) ranked

by their distances to the query. The search starts with inserting a

few seed vertices into the queue. It then progresses by expanding

the highest priority vertex from the queue, examining its neighbors,

and evaluating their distances to the query. Close neighbors are

then inserted into the queue. Note that � is a key parameter that

in�uences the breadth and depth of the search, and a larger capac-

ity gives higher recall. Hence, � is often varied to meet a required

recall. As the geometry of the points are abstracted as edges in the

graph, this approach is less sensitive to the dimension of the data.

HNSW [38] and Vamana [28] are popular graph indices. The

graph index construction decides which data points, or vertices,

should be connected by edges. It involves multiple competing ob-

jectives, like space consumption, construction time, search speed

and accuracy. In modern ANNS systems, the graph is constructed

heuristically. Most of the existing heuristics fall into three cate-

gories. A high-quality graph (1) is well-connected, (2) e�ectively

embeds distance information, and (3) is not too dense. The con-

nectivity ensures that every data point can be easily reached from

other points, avoiding local minima during the search. The dis-

tance information should be well embedded to ensure high search

e�ciency, i.e., the search is navigated by this information, and

hopefully, every step gets closer to the query. The density of the

graph is closely related to connectivity and thus accuracy, but also

proportional to the computational work in search, as well as the

storage consumption. Besides, for simplicity and e�ciency, most

of the existing solutions choose to build regular graphs, i.e., every

vertex has the same number of neighbors (or degrees).

2.3 Filtered ANNS (FANNS)

In plain ANNS, we have # D-dimensional data points, i.e., vectors,

G8 ∈ RD . Given some query vectors G@ , we want to retrieve the

top-: vectors that minimize the distance dist(G8 , G@), according

to some distance metric (e.g., Euclidean distance). However, this

formulation does not support more complex queries required in

real-world settings. For instance, a user might wish to search only

among objects that have one or more metadata labels (e.g., papers

matching the attributes 2026 and VLDB). This is known as �ltered

ANNS or FANNS [4, 12, 18, 22, 60]. Filtering restricts which vectors

are eligible based on metadata or contextual constraints.

FANNS is particularly critical for RAG. Without this, the re-

trieved passages might be semantically similar but irrelevant to the

context, leading to hallucinations or contradictions in the generated

answer. FANNS is also well motivated by practical constraints in

search and recommendation, where it captures realistic scenarios

that combine vector search with keyword �lters. For instance, in

image search, a user may only be interested in images taken in a

certain location. In product recommendation, the user may want

to view items with certain speci�cations of size, make, and model.

More broadly, hybrid keyword-semantic search is a core task in

many modern applications. Leading vector search platforms such as

Weaviate [64] and Pinecone [53] o�er “hybrid search” as a service,

where retrieval asks for hard keyword matches with vector distance

based on dense LLM-generated embeddings.

Formally, in FANNS, each vector G ∈ % has an associated set of

labels 5G . Each query vector G@ is associated with a set of query

�lters 5@ . We want to retrieve vectors that pass all the query �lters,

that is, 5@ ⊆ 5G . We call the data points that pass the query �lter(s)

relevant. The set of relevant data points %5@ = {G ∈ % : 5@ ⊆ 5G } is

the relevant search space of FANNS. Following the Big-ANN Chal-

lenge [3], we focus on single-�lter and double-�lter queries, i.e.,

|5@ | = 1 or 2, which are most challenging—beyond that, it is feasible

to �nd nearest neighbors simply by a brute-force search, since usu-

ally only a few results can pass three or more �lters. Following [18],

we de�ne the speci�city of 5@ to be |%5@ |/|% |: the fraction of indexed

data points having the labels 5@ associated with them.

# data points #

# distinct labels |L|

avg # labels per node "

label distribution Φ

# vector dimensions D

graph degree Δ

There exist two FANNS ap-

proaches. One approach, used

by FilteredDiskANN, NHQ,

and UNG, is to build a sin-

gle, uni�ed proxy graph, in

which nodes are connected to

neighbors that are both spa-

tially close and with similar

labels. This works well for trivial FANNS tasks, i.e., the average

number of labels per node" is small, e.g.," = 1. However, we show

in §3 that this approach su�ers poor accuracy when the tasks are

non-trivial, i.e.," > 1. The other approach, adopted by ParlayIVF2,

is to build a dedicated index for every possible label. While this

isolation scheme improves accuracy and performance, it incurs

prohibitive indexing costs and blows up memory for large datasets.

3 FANNS CHALLENGES & TRADEOFF

We identify the following three major obstacles that prevent exist-

ing solutions [4, 18, 35, 60] from being adopted in practice.

3.1 Label Interference

A unique challenge in FANNS is that di�erent labels interfere with

each other during graph traversal. This is especially true if we con-

struct a single uni�ed graph index with all labels mixed, a strategy

used in FilteredDiskANN [18], UNG [4] and NHQ [60]. For example,

in Fig. 2(b), since there are no �lters or labels, the search is straight-

forward, takes 5 hops to �nish, and successfully �nds all the top-3

nearest neighbors. However, in Fig. 1, the same dataset but with

labels, the traversal path is tortuous, takes 8 hops to complete, and

only 1 of 3 nearest neighbors is found. This is because the search is

pruned or ‘�ltered’ on-the-�y by the label matching constraint. We

call this e�ect caused by the mixed-label index “label interference.”

Theoretically, label interference becomes more severe as the

average number of labels " increases. Consider a vertex D with
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Figure 3: FilteredDiskANN (StitchedVamana) performance with" =

1, 2, 3, 4, 8 on the sift1m-s dataset described in Table 1. We observe a

signi�cant drop in performance as" increases, due to label inter-

ference. The same trend is observed for UNG and NHQ.

degree Δ in a mixed-label graph. Although the index is constructed

with degree Δ, for a given query only a subset of these edges is

usable, since many neighbors may not satisfy the query’s label

constraint. One might even encounter edges (D, E) with |5D∩ 5E | = 1.

Such an edge is usable by only a single query �lter, namely the one

label common to both 5D and 5E . In this worst case, the expected

number of relevant neighbors (thatmatch the query �lter constraint)

per query drops to about Δ/|5D |, which can be drastically smaller

than Δ, leading to poor e�ective graph connectivity.

In practice, the e�ect is slightly mitigated because edges can

be shared across multiple labels (|5D ∩ 5E | > 1). Nevertheless, the

loss of usable edges is a key limitation of mixed-label indexing.

Experimentally, Fig. 3 shows the performance of the StitchedVa-

mana algorithm proposed by FilteredDiskANN [18] on the sift1m

dataset with synthetic labels. We vary " , the average number of

labels per node, from 1 to 8. Each data point has" labels generated

uniformly at random from 20 possibilities. All indices are built with

the same degree of 32, so the memory usage across the datasets is

identical. We observe a large drop in performance as " increases

from 1 to 3 due to the label interference problem.

Note that UNG [4] proposes a di�erent indexing strategy from

FilteredDiskANN, but it does not address the label interference

problem. It only adds edges (D, E) where 5D ⊆ 5E , so that certain

subgraphs of the index correspond exactly to the subset of data

points passing a query �lter. Consider a dataset where all label sets

have the same size and no two data points have the same set. Then

no pairs (D, E) satisfy 5D ⊆ 5E , so UNG will not put any edges in the

index, degenerating into either a brute-force search or achieving

very poor recall, depending on how many root nodes the search is

initialized at. Furthermore, we note that such a dataset is not overly

contrived: it can arise in practice from reformulating attributes, as

in the NHQ datasets [60], in terms of labels.

Consequently, FilteredDiskANN, NHQ, and UNG all scale poorly

in the many-label scenario, where each point has more than one

label. This is a common issue as real-world scenarios often involve

many possible labels. For instance, the yfcc10m dataset used in

the NeurIPS Big-ANN Challenge has 200,386 distinct labels and an

average of 10.8 labels per data point. As we �nd in Fig. 6 (in §6),

all these mixed-index approaches struggle to achieve any practical

throughput-accuracy balance in the many-label scenario with">1.

3.2 Index In�ation

Other than building a uni�ed index, another approach is to build a

fully isolated index, i.e., build a separate graph for every distinct

label. This approach, used by ParlayIVF2 [35], avoids label interfer-

ence, but at the cost of space overhead. A data point G with label

set 5G will need to appear in |5G | di�erent graphs. Since each copy

of the node stores Δ neighbors, the total memory required is |5G |·Δ

edges per data point. This represents a |5G |-fold increase compared

to a mixed index and a Δ-fold increase relative to the size of the

raw label information. Such a memory blowup is not scalable: The

yfcc10m dataset with 10 million data points has an average |5G | of

10.8, resulting in a 10.8× space blowup compared to mixed indices;

for even larger datasets, it will quickly exceed a reasonable memory

budget. We refer to this phenomenon as index in�ation.

One might attempt to mitigate in�ation by lowering the graph

degree Δ. To some extent, this was done in ParlayIVF2, which

precisely sets a somewhat low value of Δ = 8, 10, or 12 for yfcc10m

depending on the size of a label group. However, this approach is

not scalable either, as a lower degree reduces the navigability of

the graph, making searches less e�ective. Furthermore, reducing

Δ uniformly sacri�ces connectivity even for dense or overlapping

label groups, a source of ine�ciency that is not acceptable.

Finally, separate indexing may contain redundancy. In an ex-

treme case where all points share the same label set 5G , |5G | identi-

cal copies of the same graph are stored, wasting memory without

improving accuracy. Even in practice, it is common to have cor-

related labels, where consequently there is overlap between the

information stored in the separate graphs.

3.3 Wasted Computation in Multi-Filter Search

As we have seen in Fig. 1, many of the neighbors visited during the

graph traversal do not pass the query �lter. This is further exac-

erbated under the multi-�lter setting: on yfcc10m, a single-�lter

query matches 304, 233 points on average, while a double-�lter

query has only 3, 727 matches on average. Without special designs,

a uni�ed graph may su�er even worse connectivity, which in turn

results in frequent local minima and poor accuracy. A workaround

is to trade speed for accuracy. For example, UNG uses a signi�-

cantly large beam (e.g., � = 3000) and initializes the search at many

di�erent entry points to ensure that all candidate nodes are reach-

able. Consequently, it becomes extremely slow to compute on large

datasets (see Fig. 7). Note that FilteredDiskANN and NHQ are tai-

lored toward single-�lter queries with |5@ | = 1. Directly using their

indices for multi-�lter queries results in even worse performance.

The other approach, label-wise isolation, is e�cient only when

used for single-�lter queries, as each query search is con�ned ex-

actly within its relevant search space. Its e�ciency drops sharply

when it comes to the multi-�lter scenario. To similarly con�ne the

search in the relevant search space, we have to build a separate

index for every possible combination of labels in the database, which

becomes impractical for large datasets.

If we do not precompute all combinations, it has to be done online.

The existing method [35] �rst concurrently gathers candidates from

each of the separate indices (one per label), and then joins the results

using set intersection. In this case, a large number of candidates

must be conservatively collected, even though most of them do

2062



+

data point with label B only

data point with label A only

data point with label A & B

label-A cluster

label-B cluster

query

top-3 nearest neighbors

1
3

2

4
6

5 7

Figure 4: A toy example of double-�lter :-NNS using IVF (:=3). In the

join-based method, conservatively, nodes in all clusters have to be

collected, and 7 nodes pass the join and need distance computations.

not pass the given multiple �lters. This conservative gathering

creates a large amount of overhead and wasted computation on

unpromising candidate data points. As shown in Fig. 4, to �nd the

top-3 nearest neighbors, the join-based approach has to collect

nodes in all the clusters. It then performs a join on all the label-

A and label-B candidates, and �nds 7 nodes that pass both �lters.

Although the top-3 nodes are all in the same label-A cluster, distance

computation is required for all 7 nodes.

To summarize, given multiple �lters, graph-based indices are

inherently ine�cient due to the poor connectivity. Label isolation

is also impractical because of combinatorial in�ation. Another ap-

proach is to build separate indices per each label o�ine, and gather

candidates from each label and join them online. But this results in

signi�cant wasted computation, and thus is not e�cient either.

4 TO SHARE OR NOT: LABEL-AWARE INDEX

FANNS involves a complex tradeo� among search speed, accuracy,

and space cost. Existing methods optimize one aspect at the expense

of others. This motivates us to combine and adaptively apply index-

ing strategies depending on label characteristics and the memory

budget, to balance these competing objectives. For label interfer-

ence speci�cally, we propose a hybrid indexing and search method

that adaptively makes tradeo�s under given memory budgets.

4.1 Generalization of Labeled Indexing Schemes

We present a perspective that uni�es existing indexing schemes for

FANNS. To abstract away implementation details, we focus only on

the information contained in the graph edges, rather than whether

nodes are intuitively duplicated or how the data is physically stored.

Fully isolated index. If space were not a concern, the most direct

construction would be the fully isolated index: for every label ℓ ,

build an optimal proximity graph on the subset of points containing

ℓ , using a graph degree Δ which is as large as is necessary to ensure

good connectivity. Each query will have access to a proximity graph

tailored to the subset of data points passing the query �lter, thus

enabling performance similar to classical ANNS without searching

any irrelevant points. This approach is used by ParlayIVF2. However,

it su�ers from space blowup: A data point with label set 5D needs

to store a total of |5D | · Δ neighbors across the collection of graphs.

On large datasets, this becomes infeasible due to space constraints.

Share-remove framework. The |5D | ·Δ neighbors required by each

node of the fully isolated index typically contain more information

than is necessary to achieve good performance. Neighbors chosen

for multiple labels can be shared across multiple graphs in the

collection, and neighbors that do not contribute enough to the

graph connectivity can be removed, potentially signi�cantly saving

space with minimal drop in performance. We propose to view all

existing approaches as di�erent ways to remove or share edges

from some fully isolated index, as we now describe:

• FilteredDiskANN [18] proposes two indexing strategies, Filtered-

Vamana and StitchedVamana. FilteredVamana is a modi�cation

of StitchedVamana which speeds up index construction by sacri-

�cing a bit of graph quality, so we only describe StitchedVamana

here. This approach �rst glues together the graphs corresponding

to di�erent labels, e�ectively building the entire fully isolated

index, and then applies a pruning rule to decide which edges to

keep. Edges that appear in multiple label-speci�c graphs become

shared edges, while pruned edges are removed. A query only

traverses nodes and edges consistent with its label, so the search

e�ectively operates on a subgraph of the fully isolated index.

• NHQ [60] considers a �ltered search formulation using attributes,

where each vector has the same number of attributes. In our label

formulation, each distinct attribute can correspond to a distinct

label, so all label sets 5D have the same size. NHQ builds a graph

using a fusion distance of the form

Γ(D, E) = dist(GD , GE) +F · |5D ⊕ 5E |,

where 5D and 5E are the label sets of nodesD and E , and ⊕ denotes

symmetric di�erence. When all |5D | are equal, it is equivalent to

dist(GD , GE) −F · |5D ∩ 5E |,

up to a constant shift. Therefore, NHQ prioritizes edges that

are both short (i.e., smaller dist(GD , GE)) and shared among many

groups (i.e., larger |5D∩ 5E |). In this sense, NHQ explicitly chooses

edges that can be shared across multiple label groups.

• UNG [4]. The key design choice of UNG is to only include edges

(D, E) where 5D ⊆ 5E , so that for a label ℓ , the subset of nodes

reachable from a root node {ℓ} corresponds exactly to the subset

of data points passing the query �lter ℓ . Thus, UNG removes

all edges (D, E) where 5D ⊈ 5E , and shares edges where 5D ⊆ 5E
across all label groups in 5D .

• Baseline: degree reduction. A simple baseline is to uniformly re-

duce the graph degree Δ until the |5D | · Δ blowup is acceptable.

This strategy removes edges without ever sharing them.

Viewed through this perspective, all existing approaches can be

understood as particular strategies for this edge removal/sharing

tradeo�. However, a fundamental con�ict is omitted in prior designs:

the edge sharing and removal may signi�cantly a�ect the graph

connectivity, so as to a�ect the search accuracy. Therefore, the

central design choice in FANNS index design is: How can we remove

or share edges between label groups so as to minimize the loss of

connectivity? While each prior method has its own strengths, none

achieves the best tradeo� universally. We propose a hybrid indexing

strategy to address this problem.

4.2 Hybrid Indexing with Heterogeneous Edges

Our hybrid indexing adaptively optimizes index size versus search

e�ciency for di�erent input data characteristics. For each label

ℓ , we gather a list +ℓ of all vectors that contain label ℓ . Let W be a

cuto� threshold. We call labels with |+ℓ | < W trivial, denoted as LC ,
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Algorithm 1 Hybrid Graph Construction

Require: Dataset G1, . . . , G# with signi�cant label set LB , exclu-

sive degrees {Δe [ℓ]}ℓ∈LB
, shared degree Δs, beam width �.

Ensure: Hybrid index � =

(

{�ℓ
e}ℓ∈LB

,�s
)

.

1: Initialize empty graphs {�ℓ
e}ℓ∈LB

and �s

2: Let f be a random permutation of 1, . . . , #

3: Initialize 8=8C [ℓ] to �rst vertex with label ℓ in f for every ℓ ∈ LB
4: BC0AC ← 1

5: while BC0AC ≤ # do

6: 4=3 ← min(2 · BC0AC, BC0AC + 0.01#, # )

7: BatchInsert(BC0AC , 4=3) ⊲insert nodes f [BC0AC, . . . , 4=3]

8: BC0AC ← 4=3 + 1 ⊲move onto next batch

9: return � =

(

{�ℓ
e}ℓ∈LB

,�s
)

10:

11: function BatchInsert(BC0AC , 4=3)

12: parallel for 8 = BC0AC to 4=3 do ⊲process batch in parallel

13: D ← f [8] ⊲add edges from D to previous batches

14: for each signi�cant label ℓ ∈ 5D do

15: V ← BeamSearch(�=({�ℓ
e}ℓ∈LB

,�s), D, ℓ , 8=8C [ℓ],

�) ⊲BeamSearch towards GD with �lter ℓ starting at 8=8C [ℓ]

16: for each E ∈ V do ⊲V contains visited nodes

17: if |5D ∩ 5E | ≥ l then ⊲add to shared

18: �s [D] ← �s [D] ∪ {E}

19: else ⊲add to exclusive

20: �ℓ
e [�ℓ (D)] ← �ℓ

e [�ℓ (D)] ∪ {�ℓ (E)}

21: PruneShared(D) ⊲prune shared edges

22: for each signi�cant label ℓ ∈ 5D do

23: PruneExclusive(ℓ, �ℓ (D)) ⊲prune exclusive edges

24:

25: for 8 = BC0AC to 4=3 do ⊲add reverse edges

26: D ← f [8] ⊲add edges from previous batches to D

27: for each signi�cant label ℓ ∈ 5D do

28: for all E ∈ �ℓ
e [D] do ⊲exclusive edge

29: �ℓ
e [�ℓ (E)] ← �ℓ

e [�ℓ (E)] ∪ {�ℓ (D)}

30: for all E ∈ �s [D] do ⊲shared edge

31: �s [E] ← �s [E] ∪ {D}

32: parallel for distinct E where �s [E] was updated do

33: PruneShared(E) ⊲prune shared edges

34:

35: parallel for distinct (E, ℓ) where �ℓ
e [�ℓ (E)] updated do

36: PruneExclusive(ℓ, �ℓ (E)) ⊲prune exclusive edges

37:

and otherwise signi�cant, denoted as LB . To handle queries with

5@ = {ℓ}, we either enumerate all vectors in +ℓ for trivial labels, or

perform a beam search on the graph for signi�cant ones. Discussion

below focuses on LB . Our index has two tunable parameters Δe

(exclusive) and Δs (shared) and stores three types of edges:

• Exclusive edges. An edge 4 = (D, E) is an exclusive edge if its two

endpoints share a common label ℓ , i.e., ℓ ∈ 5D ∩ 5E . Exclusive

edges are used for one particular �lter ℓ . We store a graph �ℓ
e

for each label group +ℓ consisting of exclusive edges, with a

maximum degree of Δe (possibly depending on |+ℓ |).

• Shared edges. An edge 4 = (D, E) is a shared edge if its two

endpoints share multiple common labels, i.e., |5D∩ 5E | ≥ l , where

Algorithm 2 Pruning rules for exclusive edges. Shared edges are

similar; the key di�erence is the highlighted part in Line 9.

1: function PruneExclusive(ℓ , D) ⊲D is a local node ID

2: if |�ℓ
e [D] | ≤ Δe [ℓ] then return

3: Sort E ∈ �ℓ
e [D] by increasing distance dist(D, E)

4: ' ← edges of �s [+ℓ [D]] whose endpoint E satis�es ℓ ∈ 5E
5: ( ← ∅ ⊲new neighbor set

6: for 0 ∈ {1, U} do ⊲U is a Vamana parameter [28]

7: for each E ∈ �ℓ
e [D] in order do

8: if |( | = Δe [ℓ] then break ⊲neighbor set full

9: bad← ∃F ∈ (' ∪ () s.t. 0 · dist(F, E) ≤ dist(D, E)

10: if not bad then ( ← ( ∪ {E} ⊲keep this edge

11: �ℓ
e [D] ← (

l is a threshold always set to 2 to minimize replication. This is

because a higher threshold would allow the same exclusive edge

to be used in multiple exclusive graphs, resulting in redundancy.

Shared edges are used by all query �lters. We store these edges

in one graph �s with a maximum degree of Δs.

• Inclusive edges. A shared edge (D, E) with 5D ⊆ 5E is additionally

classi�ed as an inclusive edge.

We show how to build this hybrid index in §4.3. Once built, we

handle single-�lter queries 5@ = {ℓ} with a beam search using

the combined edges of �ℓ
e and �s. Speci�cally, when processing

a node, we load Δe exclusive neighbors from �ℓ
e and Δs shared

neighbors from �s and push them into the priority queue if they

match �lter ℓ . Thus, during the beam search, we need to e�ciently

convert between global node IDs (used to index into �s) and local

node IDs (used to index into �ℓ
e). To do this, for each signi�cant

label ℓ we precompute a hash table �ℓ mapping elements of +ℓ to

their position. This enables amortized constant-time conversions

between ID types with little additional space overhead.

Note that both ParlayIVF2 (Δs = 0) and FilteredDiskANN (Δe =

0) are special cases of our hybrid index. Our approach also has the

capability to support one of the advantages of UNG, which is that

inclusive edges do not need an additional �lter check.

Performance Analysis. Note that a node D has |5D | · Δe exclusive

edges and Δs shared edges. Despite a total of |5D | ·Δe+Δs neighbors,

only Δe + Δs neighbors are relevant to the query, and loaded to

memory. For all the exclusive (but not inclusive) edges, we need

to check whether the neighbor matches the query �lter. However,

this overhead is incurred for only (up to) Δs out of the Δe + Δs

neighbors, thus reducing one of the ine�ciencies of prior systems.

By introducing some exclusive edges, the local minima issue in

prior systems is alleviated. Before, if many of the nearest neighbors

of a node D do not have label ℓ , then D is likely to not have any

edges to unvisited points with label ℓ and thus node D becomes a

potential local minimum in the beam search (see Fig. 1). Exclusive

edges guarantee at least Δe connections between D to other nodes

with label ℓ (even if they are further away), ensuring that the beam

search can continue from D within the relevant search space.

Storage. The storage used is $ (#"Δe + #Δs), i.e., the space re-

quired to store separate graphs with degree Δe plus a single uni�ed

graph with degree Δs. In practice, if the memory available is suf-

�cient, we set Δs = 1 and choose a large Δe for optimal per-label
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connectivity. Otherwise, we choose a combination (Δe, Δs) in the

middle of all possible pairs that satisfy the memory budget. This

is based on our sensitivity study (not shown) varying Δe and Δs,

which shows that this strategy gives the best tradeo�, and perfor-

mance is not sensitive to the exact parameter choice.

4.3 Hybrid Index Construction

We describe how to construct the hybrid index in Algorithm 1.

Following the common practice in many prior index construction

algorithms, our algorithm is incremental, i.e., the graph is con-

structed by starting with an empty one and incrementally inserting

nodes and edges into it. We iterate through batches of nodes (Lines

4-9), and in each iteration, we call BatchInsert (Line 7) to insert a

batch of nodes in parallel. Whenever a new node D is inserted, we

consider every signi�cant label ℓ node D has (Line 14). We run a �l-

tered beam search towards node D (on the current index graph built

from previous batches) to gather a listV of close nodes that also

contain label ℓ (Line 15). We then consider adding edges connecting

D to nodes E ∈ V: If they share l or more labels, we classify it as a

shared edge (Lines 17–18), otherwise we classify it as an exclusive

edge (Lines 19–20). These steps connect nodes in the new batch to

previous batches.

After all the edges are considered, we run PruneShared in Al-

gorithm 2 to select all the shared edges to keep (Line 21). After the

shared edges are selected, we then run PruneExclusive (see Algo-

rithm 2) to choose the exclusive edges (Line 23). Then, to connect

previous batches to this new batch, we consider adding the reverse

of all edges added within this batch (Lines 25–31). Again, we apply

PruneShared (Lines 32–33) to decide the shared edges �rst before

running PruneExclusive (Lines 35–36).

Algorithm 2 shows the pruning rules to selectively keep or prune

the edges, i.e., neighbors, from the candidates, to meet themaximum

degree requirement. Crucially, in PruneExclusive, we apply the

Vamana pruning rule using all the shared edges as well as the

exclusive edges in order of distance (Line 9). This ensures that

the chosen exclusive edges point in di�erent directions from the

shared edges and each other, thus maximizing the usefulness of the

selected exclusive edges.

5 REDUCING MULTI-FILTER SEARCHWORK

With heterogeneous edges, we can adaptively balance search speed,

accuracy and memory consumption. However, the graph search

e�ciency is still hampered by the label interference. This issue is

exacerbated in the multi-�lter scenario as discussed in §3.3.

Therefore, our indexing strategy includes another level of het-

erogeneity. For multi-�lter queries, we build a separate IVF index

for each signi�cant label. This way, we avoid label interference, but

more importantly, unlike the graph index, the IVF index is very

lightweight and thus space-friendly. Despite the advantages, di-

rectly adopting prior search strategies on the IVF index still leads

to poor e�ciency. We thus propose a novel search strategy that

better leverages IVF to improve search e�ciency.

5.1 Join-free Filtered Search

A straightforward search strategy for multi-�lter problems is the

gather-join-rank strategy. Fig. 5 (a) illustrates this strategy under

IVF
gatherFilter A

Filter B IVF
gather

candidate 
set A

candidate 
set B

Join Rank outputcandidate 
set A∩B

(a) The gather-join-rank strategy in state-of-the-art FANNS solution.

IVF
gatherFilter A candidate 

set A Filtering

Filter B

Rank outputfiltered
set A'

(b) The explicit-�ltering strategy in our BigFANN framework.

Figure 5: Two strategies for double-�lter ANNS. The key di�erence is

shown by the highlighted boxes: join vs. �ltering. Join is less e�cient

as it has to conservatively gather large intermediate candidate sets.

the double-�lter scenario. First, for each of the two �lters A and B,

a concurrent search in the corresponding label-speci�c IVF index is

performed. Each search returns a candidate set. It then performs a

join, i.e., set intersection, operation to produce the candidates that

pass both �lters. Finally, as discussed in §3.3, this strategy results in

unnecessary work spent on gathering a large volume of candidates

that pass only one of the two �lters A or B, most of which are

subsequently discarded at the intersection stage.

This strategy is fundamentally ine�cient due to the dependency

between the searches and the join. As the join must be performed

after all the searches are done, there are already a large number

of distance computations performed unnecessarily. To avoid this

huge overhead, we instead propose a novel join-free search strategy,

namely explicit-�ltering. As shown in Fig. 5 (b), given a query G@ ,

we �rst search its nearby vectors in the IVF index corresponding

to the smaller �lter, say A. Then we detect the candidates in set A

that also pass �lter B, explicitly �ltering those without label B. This

way, we avoid the overhead introduced by the join operations, and

potentially reduce the distance computations, as analyzed in §5.3.

A detailed description is given in Algorithm 3. Given a query G@
with two �lters 5@ = {0, 1}, we have �0 and �1 as the corresponding

cluster sets, assuming |�0 | < |�1 |. We �rst sort the clusters of �0 by

their centroids’ distance to the query (Line 2), and then loop over

the - closest clusters (Line 3) and check whether each data point

in the cluster satis�es the �lter 1, i.e., contains the label speci�ed

by 1 (Line 6). If a vector is in the top-: closest to the query, it is

inserted into the priority queue (Lines 8–11).

5.2 Index Construction and Preprocessing

To construct the IVF index, we �rst group the data points by their

labels, so that each label has a set of data points. Note that a data

point with multiple labels will appear in multiple sets. Let (8 be the

set of the 8-th label. Then we build an IVF index for each (8 , i.e.,

(8 is split into<8 clusters �8 , with an average cluster size of 28 . So

<8 × 28 = |(8 |. In addition to the index, we introduce preprocessing

and build auxiliary data structures to support fast search.

Intersection Precomputation.When the combination of �lters 0

and 1 has low speci�city, IVF needs to search a large number of

clusters to �nd su�ciently many points that pass both �lters. To

speed this up, we precompute the sizes of the intersections of every

pair of signi�cant (size > W ) label lists +0 and +1 (|+0 ∩ +1 |), and
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Algorithm 3 Our join-free explicit-�ltering algorithm

Require: IVF index �0 , �lter 1, query G@ ; num clusters to probe - .

Ensure: Approximate top-: nearest �ltered neighbors of G@ .

1: 14BC ← {} ⊲priority queue

2: Compute distances to all cluster centroids in �0 and sort them

3: for top - clusters 2 by smallest distance do

4: � ← {}

5: for vector G8 in cluster 2 do

6: if 1 ∈ 58 then ⊲Filtering

7: � ← � ∪ {8}

8: for 8 ∈ � do ⊲Update the priority queue

9: 3 ← dist(G8 , G@)

10: if 3 < 14BC [: − 1] then

11: Insert 3 into 14BC , delete tail element if 14BC is full

12: return 14BC

store the intersection result if its size is below a threshold [. For

queries where +0 ∩+1 is precomputed and its size is below [, we

brute-force search through+0 ∩+1 instead of using the IVF indices.

This is a common optimization used in existing solutions [35]. Our

sensitivity study on W shows a reasonable space vs. speed tradeo�.

Fast Bitset for Filter Check. To enable fast checking of whether the

set of labels 58 of vector 8 contains a �lter ℓ , we precompute a bitset

�ℓ of # bits to store which vectors among the # dataset vectors

contains ℓ (i.e., ℓ ∈ 58 ). This allows checking whether ℓ ∈ 58 in

constant time. However, these bitsets require # /8 bytes of memory.

Thus, we set a threshold parameter \ and construct bitsets sparingly,

only when |+ℓ | ≥ \ . To check if ℓ ∈ 58 for query labels ℓ which do

not have an associated bitset precomputed, we either perform a

binary search on the sorted list 58 , or, in the case when |58 | is very

small, we use SIMD instructions. This fallback was not implemented

in ParlayIVF2 as it was not necessary in their join-based design.

5.3 Performance Analysis

We conduct the analysis for the double-�lter case, but it can be

easily extended to general multi-�lter cases. Given two �lters 0 and

1, suppose the two relevant vertex sets are +0 and +1 . Without loss

of generality, let |+0 | < |+1 |. Let us also assume for simplicity that

the elements of +0 ∩+1 are evenly distributed2 within +0 and +1 ,

respectively. In our proposed explicit-�ltering approach, to get the 

nearest neighbors, we will need to consider the �rst × |+0 |/|+0∩+1 |

points of +0 to get  points passing �lter 1 in expectation.

In the prior gather-join-rank strategy, however, it will need to

gather  × |+1 |/|+0 ∩+1 | points of +1 to get enough candidates ( 

points of +1 that also pass �lter 0). So it needs to set its threshold

parameter g ≥  × |+1 |/|+0 ∩+1 |, where g denotes the number of

data points to gather from each of+0 and+1 . When |+1 |≫ |+0 |, the

join-based strategy ends up gathering 2× × |+1 |/|+0 ∩+1 | points,

most of which are discarded after taking the join. In contrast, our

strategy gathers only ĝ =  × |+0 |/|+0 ∩+1 | points.

As the join-based approach has to gather many more candidates,

it creates two types of overhead. First, the required number of

distance computations (NDC) is much more than ours. The NDC

for the join-based approach # 9>8= is the size of the set intersection

of two size-g sets; the NDC for ours # 9 5 A44 is the size of the �ltered

2Our performance improvement does not rely on this assumption.

size-ĝ sets. As shown in Fig. 4, # 9>8= = 7, while # 9 5 A44 = 3 because

our join-free approach only needs to collect one label-A (blue)

cluster closest to the query, and then �lter the blue nodes. Second,

the join operation requires $ (g) computation in the worst case,

while our �ltering needs only $ (ĝ). Also, the join-based method

needs to sort its list of  × |+1 |/|+0 ∩ +1 | candidates in order to

perform the join, which adds another log factor on top of all the

unnecessary candidates it gathers. Another overhead is the memory

allocation and copy to gather the candidates. Overall, this analysis

suggests that our approach outperforms existing approaches when

|+1 | ≫ |+0 |. Otherwise, the NDC required is similar, but the join-

based method still has to pay the gathering and join overhead.

Note that if |+0 ∩ +1 | is small and precomputed, we can just

enumerate |+0∩+1 | points, asmentioned in §5.2, instead of gathering

ĝ candidates. When |+0 ∩+1 | is large relative to |+0 |, our method is

very fast, as ĝ =  × |+0 |/|+0 ∩+1 | ≈  is small and so good recall

can be achieved by gathering few points.

Storage. Storing an IVF index for each label requires one 32-bit

integer per data point, which is the same memory usage as storing

the label metadata of all the points. It allows retrieval of many

points close to the query with little time overhead per data point, in

contrast to the graph-based approaches, which require processing of

$(Δ̂) neighbors per retrieved data point plus a distance computation,

where Δ̂ is the maximum degree.

IVF- vs. graph-based join-free search. A graph-based join-free

search method would search the graph corresponding to the small-

est �lter 0, and after gathering a large number of candidates, �lter

out the ones that do not pass the remaining �lters. We analyze

it as follows. Again, consider two �lters 0 and 1 with |+0 | < |+1 |

and assume for simplicity that the elements of +0 ∩+1 are evenly

distributed within +0 . To get the  nearest neighbors, we need to

consider the �rst  need =  × |+0 |/|+0 ∩+1 | points of +0 to get  

points passing �lter 1 in expectation. For |+0 ∩+1 | ≪ |+0 |,  need
can be much larger than  . Even if+0 ∩+1 is not necessarily evenly

distributed within+0 , it is common that onemust gather need ≫  

closest points of+0 . During the graph beam search, it is necessary to

perform distance computations for every one of the top need points

before pushing them into the priority queue (the beam), as well as

other points visited before the search converges. Furthermore, each

of these points incurs an additional $ (Δ) overhead (Δ is the graph

degree) to consider their neighbors, plus priority queue operations.

Most of this overhead is wasted because the points do not pass �lter

1. Using IVF avoids this overhead because it can coarsely gather

large numbers of candidates at once. It will require only  need �lter

checks (which are fast), �nd only around  points passing the �lter,

and perform distance computations for only these relevant points.

Thus, using IVF can be much faster, and we choose it over graph.

6 EVALUATION

Implementation. All codes, including baselines, are written in

C++. BigFANN uses OpenMP for parallelism. We introduce two

performance optimizations in our implementation. First, instead of

sorting a list of candidates� by distance as in Parlay [35, 39], which

takes$ ( |� | log |� |) time, we maintain a list of the : closest vectors

and insert into this list whenever a closer point is found. Assuming

that vectors are considered in a near-random order, the expected
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Table 1: Datasets ordered by" ." is the average number of labels per data point. | L | is the number of distinct labels. * denotes real-world

labels. s, d, and mmean single-�lter, double-�lter, and mixed queries respectively (if not speci�ed, the dataset has single-�lter queries).

Dataset Dim D #Base # #Query #Labels | L | Avg. #labels" Source Data Type

paper* 200 2,029,997 10,000 12 1.00 Text �oat

gist 960 1,000,000 1,000 12 1.00 Image �oat

arxiv* 4,096 2,735,264 10,000 38 1.37 Text �oat

sift1m-{s,d} 128 1,000,000 10,000 20 8.00 Image �oat

sift100m-{s,d} 128 100,000,000 10,000 20 8.00 Image uint8

yfcc10m-{s,d,m}* 192 10,000,000 61,626 + 38,374 200,386 10.82 Image/Video uint8

number of insertions is $ (: log |� |), giving a faster complexity

of $ ( |� | + :2 log |� |). Second, we improve software prefetching

e�ciency over prior solutions [35, 39]. Given a list of candidate

points � , we need to loop over them, compute their distances to

the query, and return the : closest. This operation is memory-

bound, so we prefetch the vectors at a distance of 3 = 4, i.e., when

processing the 8-th vector in� , we prefetch the (8+3)-th vector. This

optimization was absent in ParlayIVF2 and yields notable speedups.

Note that our BigFANN index focuses on the static setting, but

it can be extended to dynamic settings. We leave it as future work.

We evaluate single-�lter §6.2 and double-�lter §6.3 query per-

formance, and then present a detailed performance study in §6.4.

6.1 Experimental Setup

All experiments are done on an Intel Xeon Platinum 8380 (“Ice

Lake”) CPU @2.3 GHz. If not speci�ed, we use 32 threads and 64GB

of DRAM to build the indices and answer batches of queries in

parallel. We also include a mode with in�nite memory (inf-mem)

to show performance when memory capacity is not a concern.

Datasets.We use representative and diverse datasets listed in Ta-

ble 1. sift is the most widely used ANNS dataset. gist and paper

have been used extensively in prior FANNS systems [4, 18, 60].

arxiv is a recently released FANNS benchmark [26], representing

modern, high-dimensional transformer embeddingswith real-world

labels. yfcc10m is from the �lter track of the 2023 NeurIPS Big-ANN

competition [3]. It consists of image and video embeddings, with

labels being natural metadata features, such as the camera model

and the year. Notably, it has a huge number (200, 386) of distinct

labels, and 2747 labels are signi�cant 3. The original 100, 000 queries

are split into 61, 626 single-�lter and 38, 374 double-�lter queries.

The �rst three datasets in Table 1, gist, paper and arxiv, have

small " and so are easy to handle, as they have little label inter-

ference. The next three, sift1m, sift100m and yfcc10m, represent

more challenging datasets, with a large" . Note that paper, arxiv,

and yfcc10m have real-world labels, while the other three have syn-

thetic labels. Speci�cally, we use the same synthetic labels for gist

from NHQ. As sift1m and sift100m originally have no associated

labels, we generate |L| = 20 possible labels, where each vector has

each label with 8/20 probability (i.e., the average labels per point

" = 8), making both datasets hard ones to deal with.

To evaluate on both single- and multi-�lter problems, we include

double-�lter queries for the challenging datasets. For sift1m and

sift100m, we randomly generate both single-�lter and double-�lter

queries with the same label distribution as the base data. yfcc10m

already includes real-world, mixed single- and double-�lter queries.

3Label set size |+ℓ | > W = 5000. We select a high cuto� of 5000 to minimize storage
overhead without compromising performance, based on our detailed sensitivity study.

Note that BigFANN uses graphs (with hetero-edges) for single-

�lter queries, and IVF (with join-free search) for multi-�lter queries.

Thus, our experiments separately evaluate the improvements from

hetero-edges and join-free search.

Metrics. The search performance is measured in queries per second

(QPS), which is the number of queries processed divided by the

total search time in seconds. To assess the accuracy of the search

results, we use the average recall@: =

|�∩( |
:

across all queries,

where� is the ground truth top-: closest vectors and ( is the set of

vectors the system returned. We set : = 10 in all our experiments.

Baselines and Parameters.We compare against state-of-the art

FANNS solutions FilteredDiskANN [18], NHQ [60], UNG [4], and

ParlayIVF2 [35]. We use the default or recommended parameters

if provided. Otherwise, we tune the parameters and use the best-

performing ones we found. If not speci�ed, we use a default value

of U = 1.2 for Vamana graphs [28] and a degree of 32.

• ParlayIVF2: We use the recommended build beam width of 200.

Due to the in�ation issue, when memory over�ows, we decrease

the degree accordingly to �t into memory (e.g. for sift100m, we

reduce the degree to 10). For yfcc10m, we use the recommended

varying degrees [3] (8 for when |+ℓ | < 105, 10 for 105 < |+ℓ | <

4 · 105, and 12 for |+ℓ | > 4 · 105), and U = 1.175. For double-�lter

queries, we use an average cluster size of 1000 for sift1m, 5000

for yfcc10m (as recommended), and 10000 for sift100m.

• UNG: We use the recommended parameters [4]: X = 6 cross

edges, degree ' = 32, !1D8;3 = 100, and f = 16 entry points

for queries. For yfcc10m, we tuned the parameters and found

' = 48, !1D8;3 = 400, f = 24 to perform better than default.

• FilteredDiskANN: We only evaluate StitchedVamana, as Filtered-

Vamana only improves index construction time at the expense

of graph quality. For gist and paper which are used in the orig-

inal paper [18], we use the recommended parameters 'B<0;; =

32, !B<0;; = 100, 'BC8C2ℎ43 = 64. For arxiv, we use 'B<0;; =

64, !B<0;; = 80, 'BC8C2ℎ43 = 64, which were found to be opti-

mal by [26]. For the remaining (large) datasets, we use 'B<0;; =

48, !B<0;; = 200, 'BC8C2ℎ43 = 96 as recommended by UNG [4].

• NHQ: We use the recommended parameters from [60].

• BigFANN: We set the shared edges threshold l = 2 for all

datasets. For fair comparison, we use the same parameters as

ParlayIVF2 with Δs = 1, except for sift100m, where we use

Δe = 6,Δs = 20 to �t in 64GB memory.

To record the QPS-recall curve, we vary either the beam width

(for graph search) or the number of clusters probed (for IVF search).

For ParlayIVF2 on yfcc10m, we vary their TARGET_POINTS (which

controls howmany points to gather in IVF search) and TINY_CUTOFF
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Figure 6: Comparing BigFANN performance with FilteredDiskANN,

NHQ, UNG, and ParlayIVF2 on single-�lter datasets. The last two

datasets are large ones, which show a signi�cant advantage of our

hybrid approach. Note that NHQ only supports gist and paper.

(which controls the decision between brute-force and IVF) parame-

ters and record the Pareto-optimal curve.

We encountered di�culties running UNG on the large datasets

due to two reasons: (1) 32-bit integer over�ow bugs and (2) the

o�cial UNG code did not implement distance computations on

uint8 vectors. We �xed the over�ow bugs and added the same

OpenMP SIMD uint8 distance implementation used in our system

for fairness, after which UNG ran successfully on the large datasets.

Also, for ParlayIVF2, we �xed a rounding bug in the clustering

algorithm to support �oating-point datasets with double-�lters.

6.2 Single-�lter Query Performance

We evaluate single-�lter FANNS on all the datasets in Table 1,

while the double-�lter case is evaluated on sift1m-d, sift100m-d

and yfcc10m-d. We also evaluate yfcc10m-m’s overall performance

with mixed labels, as required in the Big-ANN competition [3].

Fig. 6 compares the query performance of our BigFANN to prior

systems on the single-�lter datasets.BigFANN consistently achieves

one of the best tradeo�s between query e�ciency (QPS) and ac-

curacy (recall), demonstrating the e�ectiveness of our hybrid in-

dex strategy and single-�lter related optimizations. We �nd that

ParlayIVF2 always performs better than all the other baselines. This

is because ParlayIVF2 is the only existing strategy that isolates all

the labels and does not su�er label interference. Note that Filtered-

DiskANN performs extremely poor for arxiv, while UNG cannot

handle sift1m and yfcc10m. The di�ering performance is because

the datasets have di�erent label distributions. As NHQ only sup-

ports an attributes formulation of �ltered search, we only compare

against it on the two datasets gist and paper originally from NHQ.

For both datasets, we �nd NHQ performs much worse than the

other baselines. This is because the NHQ algorithm searches on

the entire graph (not just a subgraph of relevant points) using a

fusion distance in order to improve connectivity, and thus wastes

time processing many irrelevant points.

For the small datasets, i.e., gist, paper, arxiv, and sift1m,

ParlayIVF2 performs similarly to our BigFANN. This is because

ParlayIVF2 manages to avoid label interference, while the small

datasets �t in memory even though ParlayIVF2 introduces sig-

ni�cant index in�ation. For the two large datasets, sift100m-s

and yfcc10m-s, however, we observe signi�cant speedups over

ParlayIVF2. Speci�cally, BigFANN achieves speedups of up to 3.6×

over ParlayIVF2 on sift100m-s and up to 3.1× over ParlayIVF2

on yfcc10m-s. The performance improvement on yfcc10m-s is

mainly due to our performance optimizations. For sift100m-s,

however, our speedup comes from the hybrid indexing that allows

sharing edges and saves space for larger degree than ParlayIVF2.

For sift100m-s, ParlayIVF2’s default mode with a degree of 32

runs out of memory on our machine with 64GB memory. Therefore,

it is forced to use a small degree of 10 to �t in memory. As shown

by the orange solid curve, this low-degree graph results in poor

performance, and most importantly, it is seemingly unable to cross

80% recall. In BigFANN, however, thanks to our hybrid indexing, we

can tune the ratio between exclusive edges and shared edges to �t

in memory while preserving good graph connectivity. With Δ4 = 6

exclusive edges and ΔB = 20 shared edges, BigFANN achieves

signi�cantly better performance, reaching high (> 95%) recall, while

using similar memory (see Fig. 10). This highlights the bene�t of

introducing the heterogeneous edges in our hybrid indexing design.

As a reference, we also evaluate on sift100m-s with in�nite

memory, i.e., we allocate as much memory as needed to hold the

degree-32 graphs for ParlayIVF2 and BigFANN. As shown by the

dashed blue curve (BigFANN-inf-mem) and the dashed orange

curve (ParlayIVF2-inf-mem), we still outperform ParlayIVF2 with a

signi�cant gap, thanks to our prefetching and queue optimizations.

6.3 Double-�lter and Mixed Query Performance

Fig. 7 compares the query performance of our BigFANN to prior

systems on the double-�lter datasets as well as yfcc10m-m, a mixed-

�lter dataset. We do not include FilteredDiskANN and NHQ for

double-�lter queries as they do not support this mode. We �nd that

BigFANN consistently achievesmuch better performance thanUNG

and ParlayIVF2. Note that UNG performs poorly for all datasets,

which con�rms our analysis in §3.3: multiple �lters exacerbate the

label interference issue, as the graph is cut by the �lters to be ex-

tremely poorly connected. Therefore, this graph index is inherently

incapable of handling multi-�lter tasks. Speci�cally, on yfcc10m-d,

we achieve a 786× speedup at 90% recall and 602× speedup at 95%

recall. For other datasets, UNG struggles to reach this high recall.

Notice that for yfcc10m, ParlayIVF2 was originally tuned for the

90% recall speci�ed by the Big-ANN competition [3]. Therefore, its

default con�guration may perform suboptimally for other recalls.

Hence, we tune for di�erent recalls and use the Pareto curve for

ParlayIVF2, so that we get its best performance possible to compare

against. Even so, we still observe a less smooth curve (orange) in
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Figure 7: Comparing double-�lter (a,b,c) and mixed-�lter (d) performance of BigFANN, UNG and ParlayIVF2. y-axis is in log-scale.

Fig. 7 (c), with little throughput gain by downgrading the recall

requirement. This is because ParlayIVF2 elects to use brute-force

for most queries since the relevant search space is small.

Across the four datasets in Fig. 7, BigFANN achieves a geomean

speedup of 2.7× (up to 3.5×) and 3.1× (up to 4.1×) over ParlayIVF2 at

recall 90% and 95% respectively. Our improvement over ParlayIVF2

comes from our join-free strategy. By getting rid of join operations,

we have two performance gains: (1) we can reduce distance compu-

tations as illustrated in Fig. 4; (2) we can avoid the sorting overhead

required by join, and also the memory allocation and copy overhead

caused by gathering. We further demonstrate this in §6.4.

Overall, BigFANN achieves a geomean speedup of 2.7× and

2.9× over ParlayIVF2 on single- and double-�lter queries on large

datasets at recall 90% and 95% respectively. In addition to recall@10,

we observe the same trend (not shown) for recall@100 targets.

We also compare against NaviX [49], a �ltered vector search

engine built in the Kuzu [13] graph database. While our BigFANN,

as well as UNG, NHQ, and FilteredDiskANN, is customized for

label-�lter, NaviX supports arbitrary �lter problems, e.g., label-

�lter and range-�lter. This di�erent tradeo� leads to a signi�cant

performance gap. As shown in Fig. 6 (a) and (d), BigFANN (blue

curve) is up to 150× faster than NaviX (pink curve) on gist and 51×

faster on sift1m-s. NaviX runs into errors on the other datasets,

so we exclude them from our experiments.

Besides, we exclude post-�ltering as it is always outperformed by

FilteredDiskANN, and pre-�ltering as it is the same as ParlayIVF2.

We also exclude ACORN [43] as it is always outperformed by UNG.

6.4 Detailed Performance Analysis

Running Time Breakdown. Fig. 8 compares the time breakdown

of BigFANN’s explicit-�ltering strategy and ParlayIVF2’s gather-

join-rank strategy on the large double-�lter datasets. We tuned the

parameters for 99% recall in both datasets. In yfcc10m-d, due to the

large di�erence in label set sizes, our strategy reduced the average

number of distance computations needed from 3574 to 2356, thus

improving distance computation time as well as other factors. In
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Figure 8: Time breakdown for

double-�lter queries.
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Figure 9: Distance computations

on sift100m-s.

sift100m-d, the label set sizes are uniform, so BigFANN did not

get an improvement in distance computation count. Actually, the

average number of distance computations increases slightly, so the

aggregate time spent on distance computation increases. However,

BigFANN still achieves signi�cant speedups because it avoids a

massive sorting overhead in computing joins: ParlayIVF2 needs to

gather and sort 1,000,000 target points to achieve 99% recall, and

the log factor overhead becomes overwhelming.

Distance Computations. Fig. 9 compares the average number of

distance computations per query on sift100m-s. ParlayIVF2 with

its low degree of 10 always requires more distance computations

than BigFANN to achieve the same level of recall, and has a trend

of requiring exponentially more distance computations to improve

recall past around 70%. This highlights the advantage of our hy-

brid indexing strategy, which constructs a better connected graph,

allowing it to reach higher recalls without much more computation.

Index Size and Construction Time. Fig. 10 shows the mem-

ory needed to store the constructed index and the index build

time for each FANNS framework on the two largest datasets. The

same index is used for all types of queries (-s, -d, or -m). For Big-

FANN and ParlayIVF2 which build both graph and IVF indices,

we split the index size and build time into graph (unhatched) and

IVF (hatched) components. The lightweight IVF indices take up a

negligible amount of additional space compared to the memory-

intensive graphs. For yfcc10m, ParlayIVF2’s default parameters

�t well within the 64GB memory budget on our machine, so we

used the same parameters in BigFANN. On the 100-million-scale

sift100m, to �t in memory, we reduced the degree in ParlayIVF2

to 10, and used Δe = 6 exclusive edges and Δs = 20 shared edges in

BigFANN. Under this parameter choice, BigFANN and ParlayIVF2

use about the same amount of memory. Note that FilteredDiskANN

would exceed 64GB with its recommended parameters and still

obtain much poorer recall on sift100m-s.

Varying Speci�city of Query Label Sets. Similar to previous

work [4, 18], we conduct experiments on yfcc10m-m using query
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Figure 10: Index sizes and build time for large datasets. IVF build

time is hatched. Lighter red bars indicate exceeding 64GB ofmemory.
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Figure 11: Performance of BigFANN, ParlayIVF2 and UNG at varying speci�city of query label sets in yfcc10m with mixed-�lter queries.
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Figure 12: Varying label distributions on sift1m.

label sets constructed at various speci�city levels, shown in Fig. 11.

For the 75th, 50th, 25th and 1st percentiles, the queries of yfcc10m-m

have speci�city (i.e., fractions of points passing the �lters) of 0.0154,

0.00141, 1.10 × 10−4, and 1.03 × 10−5, respectively. At the 25th

and 1st percentile, both BigFANN and ParlayIVF2 choose to use

a brute-force �ltered scan, thus achieving 100% recall, while UNG

still performs an ine�cient graph search. We achieve a speedup

over ParlayIVF2 due to the candidate prefetching optimization. All

queries at the 75th percentile are single-�lter, and UNG performs

much more poorly in this regime (achieving below 20% recall) due

to the poor graph connectivity within a large search space.

Varying Label Distribution. Similar to previous work [4], we vary

the label distribution. Fig. 12 shows the performance of BigFANN,

ParlayIVF2, and UNG on sift1m with Zipf and Poisson distribu-

tions. We set the average labels per node to " = 8. For Zipf, we

increase the number of labels to |L| = 2000 to accommodate" = 8

with this distribution. We generate a mix of single- and double-

�lter queries in the same ratio as in yfcc10m, following the same

distribution as the labels. Similar to Fig. 5(a) where the uniform

distribution is used, we observe a performance improvement over

ParlayIVF2 using Zipf and Poisson distributions. Speci�cally, Big-

FANN outperforms signi�cantly on the Zipf distribution because

the two label set sizes in double-�lter queries usually di�er by much

more, which is bene�cial according to the analysis in §5.3. UNG

still performs poorly under both distributions, con�rming that this

index cannot handle a large average labels per node" .

7 RELATED WORK

Prior FANNS Systems. FilteredDiskANN [18] builds on DiskANN,

replacing the robustPrune edge-selection procedure in DiskANN’s

index construction with a �lter-aware rule. During search, it only

traverses vectors that match the query �lter. NHQ [60] proposes a

fusion distance that incorporates both the vector distance and the

di�erence between the label sets. The closest data points according

to this fusion distance, returned by a search, likely satisfy the query

�lter. UNG [4] builds the Uni�ed Navigating Graph (UNG) index,

which is highly versatile, supporting queries with arbitrary num-

bers of label �lters. UNG groups the data points by their label sets,

creating intra-group edges using classical proximity graphs, as well

as adding cross-group edges between data points that satisfy label

containment and are close. ParlayIVF2 [35] is the best perform-

ing open-source submission to the 2023 Big-ANN Challenge [3].

ParlayIVF2 uses both graph-based indices for single-�lter queries

and IVF indices for double-�lter queries. While NHQ, UNG and Fil-

teredDiskANN build uni�ed indices for space e�ciency, ParlayIVF2

chooses to build separate indices for high performance. BigFANN,

however, is even faster than ParlayIVF2, and also provides a better

tradeo� that balances search speed, accuracy, and space e�ciency.

There are optimizations [12, 30, 36, 45, 65, 69, 73, 74] for range-

�lter ANNS, or RFANNS, where each data point in the database is a

pair of a high-dimensional vector and a numeric value, and a query

with a vector and a numeric range as parameters returns the data

object whose numeric value is in the query range and whose vector

is nearest to the query vector. Although they also include �ltering,

the optimizations, e.g., compression in SeRF [74], cannot be directly

applied to the label-�lter problems that our work targets.

Performance Engineering for ANNS. There have been e�orts

to promote high-performance ANNS including parallelizing ANNS

using multicore CPUs [31, 39, 44, 67], SIMD [1, 2], GPUs [8, 20,

34, 37, 40, 42, 50, 70–72], FPGAs [32, 51, 68] and ASIC [5, 7, 62].

BigFANN is carefully engineered to include all major optimizations

from the state-of-the-art multicore system ParlayANN [39], and

add more optimizations in prefetching and queue management.

8 CONCLUSION

We identify the key obstacles that hamper the e�ciency of FANNS

solutions: label interference, index in�ation, and wasted compu-

tation. This clari�es the tradeo� among search speed, accuracy,

and space consumption. Existing methods optimize one aspect at

the expense of others, and thus none is practical to deal with real-

world large datasets. This motivates us to combine and adaptively

apply indexing strategies that are aware of label characteristics.

We introduce heterogeneous edges in the graph indices to deal

with single-�lter queries, with a tunable ratio between sharing and

isolation of edges. This allows us to mitigate label interference and

strike a better balance among space consumption, search speed,

and accuracy. We also propose a join-free method that does explicit

�ltering on the gathered candidates from the smallest set. This

method saves computation and avoids the overhead introduced

by the join operation. Experiments show that our framework, Big-

FANN, signi�cantly advances the state-of-the-art performance on

a variety of datasets, while achieving the same or better accuracy.
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