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Abstract
Approximate Nearest Neighbor Search (ANNS) plays a pivotal

role in modern deep learning pipelines. Recently, many ANNS sys-
tems have been proposed to provide broad, flexible functionalities
or achieve high performance. However, it is inherently difficult to
achieve both. We propose ANNLib to address this gap. ANNLib
is a library that provides a programming framework to achieve
high performance and flexible functionalities for ANNS systems,
based on popular graph-based ANNS algorithms. We carefully de-
couple and independently optimize both the algorithm and the data
structure components in an ANNS system. In addition, we inte-
grate state-of-the-art algorithms and data structures as modules
in ANNLib, as well as our new designs. Users can choose combi-
nations of components to support sophisticated settings with high
performance, such as filtered search, fully dynamic updates, and
historical queries on snapshots. Our experiments show that our
new solution provides a simple interface for various applications,
and achieves comparable or even better performance to previous
work specifically for each application.
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Development Framework for Efficient ANNS. VLDB 2026 Workshop: The
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1 Introduction
Approximate nearest neighbor search (ANNS) is essential for

efficient data retrieval in modern deep learning pipelines. Typically,
models embed objects into high-dimensional spaces, casting diverse
downstream queries as 𝑘-nearest neighbor searches (𝑘-NN search).
Formally, given a dataset 𝑃 ⊆ R𝑑 and a query point 𝑞 ∈ R𝑑 , a 𝑘-NN
search returns the 𝑘 closest points to 𝑞 in 𝑃 under a given distance
metric.

Given the inherent difficulty of searching in high dimensions,
approximate methods are used for practical efficiency. Over the
past decade, ANNS has emerged as a prominent research focus.
It has driven the development of many algorithms [16, 24, 37, 42,
46, 47, 54], most notably graph-based approaches, and enabled a
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wide range of applications [3, 12, 25, 31, 34, 41, 49, 53, 56, 57, 66,
69]. Graph-based methods index the dataset as a proximity graph,
where vertices (data points) are connected to their spatial neighbors,
alongside some “long edges” to maintain global connectivity. An
ANNS query traverses the graph from an entry point using a beam
search, greedily moving toward the query vector to identify the
𝑘 nearest neighbors. Graph-based algorithms have become the
dominant choice for ANNS systems due to their ability to achieve
high recall (the fraction of true 𝑘-NNs identified) while maintaining
efficient throughput (queries per second, or QPS). In this paper,
we study graph-based ANNS systems that combine a broad
range of functionalities with strong performance.

Given its broad applicability, ANNS is widely deployed [21, 65].
Beyond the standard static setting, different scenarios demand
specialized functionalities. For example, search and recommenda-
tion engines are required to handle frequent updates to the in-
dex [35, 63, 70]; shopping platforms require filters over product
attributes for item search [28, 30, 59]; analytical workloads may
need historical snapshots for temporal queries [61]. As a result, a
developer must consider both the choice of algorithm and whether
(and how) it can be adapted to different functionalities in the target
application.

Beyond functionalities, the ever-growing scale and dimensional-
ity of modern datasets (e.g., the 1,536-dimensional OpenAI [43] and
the billion-scale BIGANN [7] in Table 1) make performance increas-
ingly critical for ANNS. This demand applies not only to queries
but also to construction, updates, and other functionalities men-
tioned above, all of which often require parallelism. Consequently,
a developer must consider both high-level algorithmic choices and
low-level, performance-critical implementation details.

As ANNS continues to attract attention, research efforts have
largely focused on either broadening functionality or boosting per-
formance. Despite significant progress on both fronts, few systems
excel at both. Feature-rich vector databases [2, 4, 5, 24, 61] prior-
itize an easy-to-use interface over efficiency, but underperform
specialized algorithms. Conversely, performance-optimized sys-
tems [1, 10, 23, 40, 42, 52, 54] consist of code refined over years
with sophisticated optimizations, making them hard to adapt to
new functionalities, even for experts.

In this paper, we propose ANNLib to address this gap (Figure 1).
ANNLib is a C++ header-only library providing a programming
framework to achieve high performance and flexible functionali-
ties for ANNS systems, based on popular graph-based ANNS algo-
rithms. The design goal of ANNLib is to ease the development of an
ANN system while maintaining high performance. Importantly,
ANNLib encapsulates core algorithmic primitives for ANNS, all na-
tively supporting high parallelism. By design, ANNLib decouples,
modularizes, and independently optimizes the algorithm and data
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Figure 1: An overview of ANNLib. Users can combine different com-
ponents, including the base algorithm, algorithm modules and the graph
container data structure, as needed by their applications.

structure components of an ANNS system, enabling flexible com-
binations and extensions based on application requirements. Each
component offers several optimized building blocks and provides
multi-level interfaces for adequate customization. For algorithms,
ANNLib provides basic primitives such as parallel beam search and
batch insertions, which are useful in various graph-based ANNS.
We include three pre-built graph-based algorithms — Vamana [54],
HNSW [37] andHCNNG [42]. For data structures, ANNLib abstracts
a concise interface for algorithms to interact with the underlying
graph. We implemented several pre-built data structures for the
graph index in different use scenarios, such as Compressed Sparse
Row (CSR) for static settings, and functional trees [19] for streaming
and/or historical snapshot settings. We also proposed a new data
structure optimized for the features of ANNS graphs with dynamic
updates.

With the primitives and data structures in ANNLib, complex
ANNS functionalities can be easily constructed through modular
combinations. Notably, it allows general algorithmic ideas to be
implementedwithminimal effort while enabling natural parallelism.
To demonstrate ANNLib’s flexibility and effectiveness, we build four
applications: (1) the fundamental, regular ANNS; (2) fully dynamic
updates with batch insertions and deletions [52]; (3) filtered search
by implementing Stitched-Vamana and Filtered-Vamana [28]; and
(4) streaming updates with historical snapshots, where we compare
several graph containers and their space/time trade-offs. Each needs
only minimal code atop ANNLib, showing how easily advanced
algorithms and custom data structures can be built.

We evaluate ANNLib’s implementations against existing work
specifically optimized for these applications. In most cases, ANNLib
achieves more competitive or superior performance (construction
time and query throughput) and quality (query recall) compared
to existing solutions, while allowing for a much more concise im-
plementation. We note that based on our design, ANNLib can also
support more combinations of applications. For example, using the
algorithms for filtered search and the data structure for historical
snapshots, one can also perform filtered queries on a snapshot of a
dynamically changed dataset. We release our code at [6].

2 Preliminaries and Background on ANNS
2.1 Problem Definitions

Given a set 𝑃 ⊆ R𝑑 and a query 𝑞 ∈ R𝑑 , the 𝑘-nearest neighbor
search (𝑘-NNS) is to find a subset 𝐾 ⊆ 𝑃 of size 𝑘 s.t.

min
𝑝∈𝑃\𝐾

𝑑 (𝑝, 𝑞) ≥ max
𝑝∈𝐾

𝑑 (𝑝, 𝑞)

where 𝑑 (𝑝, 𝑞) is the distance between 𝑝 and 𝑞 in R𝑑 . Since com-
puting exact 𝑘-NNS is expensive in high dimensions, approximate
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Figure 2: Examples of the beam search and the robust prune.

nearest neighbor search (ANNS) is widely used. We measure ANNS
quality using standard 𝑘@𝑘 ′ recall, 𝑟𝑄 = 1

|𝑄 |
∑︁
𝑞∈𝑄

|𝐾∩𝐾 ′ |
|𝐾 | for the

query set 𝑄 , where 𝐾 and 𝐾 ′ are the true and retrieved neighbor
sets (we use 𝑘 = 𝑘 ′ by default). Efficiency is measured by query
throughput, defined as |𝑄 |/𝑡 .
2.2 Graph-based Algorithms for ANNS

ANNLib focuses on efficient and general implementations of
graph-based ANNS, where a graph is constructed to facilitate search.
Each vertex corresponds to a point in the base set, and edges repre-
sent proximity relationships. To keep the graph size under control,
the degree of each vertex is capped at 𝑟 , called the degree bound.
Both the graph construction and the query algorithms build on a
common primitive, beam search, discussed below.
Beam Search. A beam search traverses a graph𝐺 = (𝑉 , 𝐸) from a
starting point 𝑠 ∈ 𝑉 towards the query point 𝑞. As shown in Alg. 1,
it maintains a candidate queue C with the capacity of beam width
𝐿, which initially only contains 𝑠 and keeps updating iteratively. At
each iteration, the algorithm retrieves the nearest point to 𝑞 among
the candidates in C, and visits its unvisited neighbors (line 3). Each
newly visited point 𝑢 is added to C. If the size of C exceeds 𝐿, only
the 𝐿 closest points to 𝑞 are kept (line 6).

Algorithm 1: BeamSearch(𝐺, 𝑠, 𝑞, 𝐿)
Input: Graph 𝐺 = (𝑉 , 𝐸), starting point 𝑠 , query vertex 𝑞, and

beam width 𝐿
Output: the 𝐿 closest vertices to 𝑞 visited during search

1 V ← ∅; C ← {𝑠}
2 while C \ V ≠ ∅ do
3 𝑢 ← argmin𝑝∈C\V 𝑑 (𝑝, 𝑞)
4 V ← V ∪ {𝑢}
5 C ← C ∪ {𝑣 | (𝑢, 𝑣) ∈ 𝐸}
6 if |C| > 𝐿 then keep 𝐿 closest vertices to 𝑞
7 returnV

Pruning. During graph construction, newly inserted vertices may
add new edges to existing vertices. In this case, a pruning algorithm
is typically adopted to refine the neighborhoods of vertices. Given
a candidate set C with |C| ≥ 𝑟 , the pruning algorithm selects 𝑟
neighbors for a vertex 𝑢 ∈ 𝑉 . We present the algorithm in Alg. 2.
The algorithm determines whether to prune each point in C in
ascending order of distance to 𝑢 (lines 1–3). Each pruning decision
is made by a predicate (line 6), based on the distances to 𝑢 and to
the already-selected neighbors.

A simple strategy [37], known as re-ranking, considers only the
distance to 𝑢 and selects the 𝑟 nearest points. It is typically used to



determine the final answers to a query. In this case, pred always
returns false. Another commonly used heuristic, robustPrune [54],
optimizes the neighbor distribution to improve the index quality.
In robustPrune, the current point 𝑝∗ is pruned if it is closer to any
already-selected point 𝑝′ than to𝑢, i.e., pred holds when 𝑑 (𝑝∗, 𝑝′) <
𝑑 (𝑝∗, 𝑢). The intuition is that, since 𝑝′ is preserved and 𝑝∗ is closer to
𝑝′, the search is likely to reach 𝑝∗ through 𝑝′, making 𝑝∗ redundant.
Other predicate variants exist, such as [27, 28].

Algorithm 2: prune(𝑢, C, 𝑟 , pred)
Input: Point 𝑢, candidate set C, degree bound 𝑟 , predicate pred
Output: Selected neighbors N

1 sort C by distance to 𝑢 in an ascending order
2 N ← ∅
3 for 𝑝∗ ∈ C (in sorted order) do
4 N ← N ∪ {𝑝∗}
5 for 𝑝′ ∈ N do
6 if pred(𝑢, 𝑝′, 𝑝∗) then remove 𝑝∗ from N and break
7 if |N | = 𝑟 then break
8 return N

Figure 2 illustrates this process for determining the neighbors
of 𝑄 . First, a beam search starting from seed 𝑆 visits its neighbors
𝐴 and 𝐵, which forms the candidate set. Next, it picks the current
nearest point 𝐵 and visits 𝐵’s neighbors 𝐶 and 𝐷 , and so on. The
beam search ends at round 4 and outputs the candidates sorted by
their distances to 𝑄 . robustPrune then selects the final neighbors
from the candidates by degree bound 𝑟 = 4, where 𝐹 , 𝐸, and 𝐶 are
preserved, while 𝐵 is pruned since it fails the predicate against 𝐶 .

In the next section, we introduce our techniques, which encapsu-
late the algorithms reviewed above and new data structures under
a unified abstraction, enabling adaptation to more scenarios with
minimal effort.

3 The ANNLib Design
3.1 Overview

ANNLib is designed to decouple ANNS components intomodular,
plug-and-play units. However, achieving such decoupling without
compromising flexibility or performance is challenging, especially
when supporting multi-level customization (for both developers
and users) across complex applications.

To address this, we partition ANNLib into two core components:
algorithms and data structures. The algorithm component includes
base algorithms for index construction (integrating Vamana [16, 54],
HNSW [37], and HCNNG [42], while allowing user extensions) and
algorithm modules for advanced functionalities (e.g., filtered queries
and updates). The data structure manages the underlying graph,
providing unified interfaces for reading and modifying it.

Listing 1 demonstrates component selection and customization:
line 7 instantiates HNSW using specifications in desc (e.g., point
type, distance metric, and graph container). Users can swap the
base algorithm (line 8) or graph container independently without
modifying other code.

1 struct desc{

2 using point_t = ...;

3 using graph_t = ANN::graph::adj_seq;

4 auto dist_func = ...;

5 ... };

6 std::vector<point_t> ps = ...;

7 ANN::algo::HNSW<desc> index;

8 // Alternatively, ANN::vamana<desc> index;

9 index.insert(ps); // batch insertion

10 index.search(q, 10); // 10-NN search regarding q

Listing 1: Example of invoking the pre-built HNSW algorithm, using
the adj_seq graph and the direct mapping.

Furthermore, if lower-level logic needs customization, one can
partially redefine existing building blocks, as long as they follow
the interface definition (see details below).

Listing 2 shows how to support filtered search by customizing
the predicate on top of Vamana. On line 2, the original Vamana
invokes the regular pruning algorithm during index construction.
To develop Filtered-Vamana, one can inherit from Vamana and
redefine insert to pass a custom predicate that considers labels.

1 // in vamana::insert

2 auto nbhs = prune(cands, pred_reg, ...);

3

4 // in filtered_vamana::insert

5 auto pred_filter = [&](...){/*consider labels*/};

6 auto nbhs = prune(cands, pred_filter, ...);

Listing 2: Example of implementing filtered search.

3.2 Algorithms: Common Logic Abstraction
The algorithm component is the core of ANNS index construc-

tion and query, and where most development effort goes. ANNLib
minimizes this effort by letting users implement only the part
unique to their algorithm, while abstracting away the common
logic.

1 auto collect(f_nbhs, f_dist, eps, r)

2 auto prune(cand, rsize, f_dist, pred)

3 // Insert points along with their neighbors into the graph
4 void insert(auto points){

5 auto new_nbhs[];

6 (parallel-)for(p : points){

7 new_nbhs[p] = comp_nbhs(p, max_deg);

8 // auto cands = collect(p);

9 // new_nbhs[p] = prune(cands, max_deg);

10 }

11 graph.set_edges(new_nbhs); }

Listing 3: A typical insertion procedure.

3.2.1 Batch Insertion as an Example of Algorithmic Abstrac-
tion. We present the abstract insertion procedure as an example
— an important subroutine for various ANNS algorithms [15, 37,
42, 54, 67] that build indexes via incremental insertion. Listing 3
shows a typical insertion workflow, with the key logic highlighted
inside the for-loop: determining the neighbors of the newly inserted
point 𝑝 . We also support parallel batch computation (using parallel
for-loops), as many applications require it.

Computing a point’s neighbors usually takes two steps: collect-
ing candidates (function collect, line 8) and selecting final neigh-
bors (function prune, line 9). These two steps can be solved by com-
binations of primitives collect and prune, introduced in Section 2.
For example, HNSW [37] performs beam search to 𝑝 at each layer to



collect candidates and then applies either a simple sort or a heuristic
to prune neighbors. HCNNG [42] uses 3-MST at leaf nodes to com-
pute candidate edges in a single tree, then merges them across trees
with pruning strategies. To express all of these in a unified interface,
we encapsulate collect and prune and adapt them across multiple
ANNS algorithms and variants (detailed in Section 4). Such exten-
sibility is achieved by adhering to the actual data requirements of
collect and prune: across algorithms, only distance computation
and the neighbor list are needed. We therefore expose them through
two parameters, f_nbhs and f_dist, on the collect and prune
interfaces. f_nbhs(𝑢)→ {𝑣 : (𝑢, 𝑣) ∈ 𝐸} is a callable object that re-
turns the reachable neighbors of 𝑢. f_dist(𝑢): 𝑢 → 𝑑 (𝑢, 𝑞) is also
callable and returns the distance between 𝑢 and the query point;
an additional overload f_dist(𝑢, 𝑣) returns the distance between
𝑢 and 𝑣 . pred(𝑝′, 𝑝∗)→ bool accepts a candidate 𝑝∗ ∈ cand and a
selected neighbor 𝑝′, deciding whether 𝑝∗ should be selected with
respect to 𝑝′. We now present how these objects are defined for
regular search.

1 f_nbhs = [g](u){return g.get_edges(u);};

2 f_dist = [g,q](u){return g.dist(u,q);};

3 pred = [](pp,ps){return false;};

Listing 4: Examples of f_nbhs, f_dist, and pred

Instead of explicitly passing the query point 𝑞 as a parame-
ter [1, 38, 54], our design embeds 𝑞 inside f_dist to handle the
cases where 𝑞 is virtual, as in filtered search. By encapsulating 𝑔’s
information separately in f_nbhs and f_dist, ANNLib does not
require the vertices used for neighbor traversal and for distance
computation to come from the same graph, supporting multi-layer
algorithms such as HNSW, where only the bottom layer stores
coordinates. Besides, the indirection of f_nbhs makes it easy to
manipulate the neighbor list for extended applications. For example,
deletion is supported by filtering out tombstone-marked neighbors
on the fly. The remaining parameters for collect and prune in-
clude the number of returned edges (degree bound) r, the entry
points eps, and the candidates cand. With ANNLib, developers can
reuse this shared logic to implement and optimize multiple algo-
rithms and strategies by simply plugging in these parameters and
helper functions.
3.2.2 Base Algorithms and Algorithm Modules. ANNLib
supports a variety of base algorithms that can be easily plugged in,
including built-inVamana [54], HNSW [37] andHCNNG [42]. Many
are carefully selected from state-of-the-art solutions with proven
efficiency. They can all be combined with additional functionalities,
which we call algorithm modules, including construction, filtered
search, deletions, and snapshots. For example, our construction
module builds on the prefix-doubling scheme [38], which calls
the insert algorithm in increasing batch sizes, enabling parallel
insertion of all points in a race-free manner. We further introduce
other modules in Section 4.

3.3 Data Structures: Graph Containers
The graph container lets developers choose the data structure

that best fits their scenario. For example, a nested array suits
static, insertion-only workloads for its good locality, while a tree-
embedded container suits highly dynamic, snapshotted ones. ANNLib
supports both behind a uniform interface. Below, we present the

container interfaces and how the cases above use them.

1 using vid_t;
2 using struct vertex_ptr;
3 // return an extended-range type

4 agent get_edges(vid_t/vertex_ptr u);

5 void set_edges(seq<(vid, edges)>);

6 // vertex operations

7 vertex_ptr get_vertex(vid_t u);

8 void add_vertices(seq vertices);

9 void remove_vertices(seq vids);

Listing 5: Interfaces of a graph container

Listing 5 lists the minimal interfaces to support diverse ANNS al-
gorithms. To enable batch operations, add_vertices and remove_vertices
accept multiple vertices, and set_edges accepts a sequence of
vertex–edges pairs, each indicating a vertex to update and its asso-
ciated edges. The interfaces require only basic graph operations by
design for ease of use, but the challenge is to support complex use
cases efficiently across varying containers. ANNLib addresses this
by separating container-specific details from the interface definition
and encapsulating them into an edge agent.
3.3.1 Edge Agent. The edge agent is an intermediate structure
that lets each container apply its own graph-specific optimizations.
The key idea is to push container-specific details down into the edge
agent, which each container implements for maximal performance,
so that algorithm developers see a uniform, simple interface. The
edge agent for a vertex 𝑢 is produced by get_edges(𝑢). It acts as
a view over 𝑢’s edges while also holding temporary ownership of
them during its lifetime. Below, we illustrate the use of edge agent
with examples that insert back-edges across graph containers.
3.3.2 Back Edge Insertion. Back-edge insertion is a subrou-
tine of batch insertion in many algorithms [38]. Given a vertex𝑢, an
algorithm attempts to add a set of vertices es as new neighbors of
𝑢. In most cases, this requires jointly evaluating es and the existing
neighbors of 𝑢, and re-selecting at most 𝑟 of them as 𝑢’s new neigh-
bors, where 𝑟 is the degree bound. The primary steps are shown in
listing 6.

1 // For each forward edge (𝑢, 𝑣), insert (𝑣,𝑢) to the graph in batch
2 updates = rev_and_semisort(forward_edges)

3 auto edge_agents[];

4 parallel_for(u, es : updates){

5 agent = graph.get_edges(u);
6 old = move_to_seq(agent);
7 agent = prune(old + es);

8 edge_agents = move(agent); }

9 graph.set_edges(edge_agents);

Listing 6: The primary steps of back edge insertion.

Here, updates is the batch containing vertices and their new edges
to be added. On lines 5–7, for each vertex 𝑢, the existing edges are
retrieved, merged with the new edges, and the final neighbors are
written back via the agent. The same code snippet works across
both nested-array and tree-embedded graph containers because
each provides its own edge agent backend.

In the following sections, we introduce the built-in containers
in ANNLib, each backed by a different data structure.
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3.3.3 Nested array. A nested array stores each vertex’s edges
in an array, and the agent behaves like a reference to that array.
During updates, since 𝑢 will replace its edges with a new array,
there is no need to preserve the array referenced by agent; on line 6,
it is trivially moved into old because the agent owns it. Moreover,
the agent directly forwards the write on line 7, completing the
insertion early; consequently, lines 8 and 9 are no-ops. The nested
array provides good locality and space efficiency for accessing the
graph, but is expensive to update.
3.3.4 Functional Tree. To support snapshottable graphs, we
use functional trees. Using functional trees for dynamic graphs
with snapshots was first proposed in [20]. We use a follow-up work
called CPAM [19]. In general, functional trees use copy-on-write
(CoW) upon updates, thus preserving their previous version. A
graph is represented by a two-level nested tree. The outer tree, or
the vertex tree, has each entry as a vertex, associated with an inner
tree, which stores all its neighbors. Both levels are functional and
are snapshottable. In this case, the agent holds the tree’s root plus an
internal array to stage updated edges. Since the edge tree nodes can
be shared due to CoW, move_to_seq on line 6 effectively flattens
the tree into an array. The assignment to agent on line 7 writes the
final neighbors into the internal array, rather than the tree itself, to
avoid immediate mutations that would ripple into the outer vertex
tree and cause data races. Agents are then gathered (line 8) and
submitted as a batch (line 9) to apply changes top-down. Using
CPAM, one can effectively run historical queries on a previous
snapshot.
3.3.5 The Chrono Prefix Array. Although CPAM provides a
direct solution for historical ANNS queries, it is not always efficient.
Since the degree bound is usually small (30–100) relative to the block
size (typically 64), each inner tree holds only a few nodes, and at
such small size the tree’s structural overhead outweighs its benefits.
We design a new data structure for ANNS graphs with historical
queries, called the chrono prefix array. For each vertex, it maintains
a linked list of its edge versions over time, where edges are stored in
a space-saving structure, prefix-shared array. A prefix-shared array
compresses chronologically consecutive edge versions together
by sharing their prefix. It consists of a reference-counted buffer 𝑅
and multiple cursors 𝑐1 . . . 𝑐𝑘 , where 𝑘 is the number of versions.
Each combination of a cursor and the buffer (𝑐𝑖 , 𝑅) represents an
effective version of edges in 𝑅1...𝑐𝑖 . When new edges 𝐸 arrive, it
computes the increment𝑀 = 𝐸\𝑅1...𝑐𝑘 and appends𝑀 to 𝑅. A new
version (𝑐𝑘+1=|𝑅 | , 𝑅) is thereby created for the changes of 𝐸. Note
that 𝑅1...𝑐𝑘+1 may contain more edges than 𝐸, since points appearing
in 𝑅1...𝑐𝑘 but not in 𝐸 are also included. We argue that it is usually
safe to contain these extra edges because such deviations are small
in practice and extra edges in beam search do not impair the query
recall; they just slightly increase the search time. 𝑅 has a size limit.
Once the number of new edges exceeds the limit, a new array is

allocated.
Figure 3 shows an example: a new version appends only the

increment (e.g.,𝐴 at 𝑡=2) and may retain a harmless extra edge (e.g.,
𝐷). Once the buffer hits its size limit, a fresh array is allocated (at
𝑡=3).

4 Applications and Implementations
This section presents four applications built onANNLib to demon-

strate how developers can easily implement advanced features with
minimal modification. These applications are evaluated in Section 5.

4.1 Parallel Batch Insertion on Vamana
We use the parallel batch insertion of Vamana as an example of

how algorithm-specific logic can be plugged into ANNLib. For each
newly inserted point 𝑝 , it performs a collect on the existing graph
targeting 𝑝 , then applies robustPrune to the search results, using
f_nbhs at line 2 and f_dist at line 5. The back edges of Vamana
are then inserted following the technique of ParlayANN [38]. The
group_by operation is customized to a parallel implementation
without changing the invocation at line 15, due to the native parallel
design. The nbh_rev[·] is an array of edge agents, inserted in the
same form as the forward edges.

1 auto get_f_nbhs(){

2 return [&](nid_t u){ return g.get_edges(u); }; }

3 auto get_f_dist(nid_t v){

4 return [&](nid_t u){

5 return dist(g.get_node(u), g.get_node(v)); };

6 }

7 void insert(auto pts){

8 auto nbh_fwd[];

9 foreach(p : pts){

10 auto cands = beamSearch(p,get_f_nbhs(),get_f_dist(p));

11 nbh_fwd[p] = prune(cands, max_deg, get_f_nbhs()); }

12 set_edges(nbh_fwd);

13 auto nbh_rev[];

14 auto edge_rev = {(v,u) | (u,v) in nbh_fwd};

15 auto groups = group_by(edge_rev);

16 foreach([v, es] : groups){

17 nbh_rev[v] = prune(es + get_edges(v), ...); }

18 set_edges(nbh_rev); }

Listing 7: Vamana Batch Insertion

4.2 Batch Deletion
As mentioned, while most ANNS algorithms naturally support

insertion, deletion is more challenging since removed vertices and
edges may disconnect the graph. ANNLib implements the dynamic
setting based on the deletion algorithm in FreshDiskANN [52],
consisting of two steps: 1) mark deleted points and 2) consolidate
marked neighbors with edge repairing. We deem deletion marks
as a label and pass in a filter to skip marked points during search.
To perform consolidation, we use ANNLib’s helper to traverse
the points in parallel and update neighbors through edge agents,
reusing the same code path. The full batch deletion algorithm and
pseudocode are available in the full version of this paper [50].

4.3 Filtered Search
Filtered ANNS is a widely-used application of constrained re-

trieval during vector search. Let F denote the universe of labels.



Given an input set 𝑃 where each point is associated with labels
defined by 𝐹 : 𝑃 → 2F , the filtered ANNS aims to find 𝑘-NNs of a
query point 𝑞 with specified labels 𝐹𝑞 that satisfy 𝐹𝑞 ⊆ 𝐹𝑢 for each
𝑢 ∈ 𝑃 in the result. Filtered ANNS is inherently difficult, especially
on skewed distributions of labels.

We provide filtered ANNS as a built-in block in ANNLib based
on two algorithms in Filtered-DiskANN [28]: Stitched-Vamana and
Filtered-Vamana. Stitched-Vamana consists of two steps that: 1) build
a regular Vamana graph over points with each label; and 2) merge
all the sub-graphs using filtered prune. By inheriting from Vamana,
Stitched-Vamana easily reuses the insertion implementation on the
first step. For the second step, we add a new function g.merge(h)
for a Stitched-Vamana graph g that merges (add all vertices and
edges) from a graph h. For vertices existing both in g and h, the
edges from two sources are merged by filtered prune, which is imple-
mented by a custom f_nbhs. We also improve the performance by
parallelizing the per-label graph merge process, where the original
algorithm is constrained by the bottleneck of sequential merging.

1 auto get_f_nbhs(seq labels){

2 return [&](nid_t u, nid_t w){

3 auto es = get_edges(u);

4 auto check = filter([&](auto e){

5 auto (u,v) = e;

6 return u.label ∩ labels ≠ ∅; });

7 return es | check; }; }

8 void merge(t){

9 for_each(v in t.graph){

10 edges = t.graph.get_edges(v);

11 if(v not in this.graph) new_nbh[v] = move(edges);

12 else

13 new_nbh[v] = prune(

14 edges + this.graph.get_edges(v),

15 get_f_nbhs(this_label)); }

16 ids.merge(t.ids); }

Listing 8: Stitched-Vamana Merge

Filtered-Vamana is also based on Vamana with a variant of prun-
ing algorithms. The algorithm relaxes the pruning conditions and
additionally preserves a candidate 𝑣 as the final neighbor of the cur-
rent vertex 𝑢 if 𝐹𝑣 ∪ 𝐹𝑤 ⊆ 𝐹𝑢 where𝑤 is a vertex already preserved.
This logic is implemented by customizing the f_nbhs(𝑢,𝑤 ) function
as shown in listing 9.

1 auto get_f_nbhs(seq labels){

2 return [&](nid_t u){

3 auto es = get_edges(u);

4 auto check = filter([&](auto e){

5 auto (u,v) = e;

6 return u.label ∩ labels ≠ ∅ });

7 return es | check; }; }

Listing 9: Filtered Vamana Build

The search for either Stitched-Vamana or Filtered-Vamana is
based on the regular beam search by customizing the f_nbhs to
filter for neighbors with specific labels, as presented in listing 8.

4.4 Snapshots
We develop the snapshot functionality, which saves the whole

ANN index for future use. This is achieved by making the graph con-

tainer snapshottable, without changing the algorithms. As demon-
strated in listing 10, an ANN snapshot is conceptually a historical
copy, where the underlying data movements are managed by space-
efficient data structures.

1 snapshot1 = (index, tick++);

2 index.insert(points);

3 snapshot2 = (index, tick++);

4 ...

Listing 10: Create a snapshot

We use two structures to maintain the snapshots, chrono prefix
array and tree of prefix array. The latter also utilizes prefix-shared
array to compress edges but employs a PAM tree [55] to manage
the vertices, where each vertex is a tree node associated with a
prefix-shared array. Compared to chrono prefix array, the PAM-
based structure supports the snapshot branching and concurrent
access in a single-writer multiple-reader manner, bringing more
functionality at a higher cost. We compare their performance in
Section 5.5.

Implementing either structure requires a shim layer for the
graph interface, and any prebuilt algorithm such as Vamana can be
adapted afterwards without modification.

5 Experimental Evaluations
We evaluate ANNLib and show that the flexibility for develop-

ment comes without compromising performance. Our results show
that the performance of ANNLib is generally comparable to or bet-
ter than that of its monolithic counterparts. ANNLib is implemented
as a C++ header-only library and uses ParlayLib [9] as its default
parallel framework to support work-stealing parallelism.

We run experiments on a machine equipped with four-way In-
tel® Xeon® Gold 6252 CPUs at 2.1GHz, and 1.5TiB main memory
in 24 channels at 2933MT/s. The billion-scale experiments in Sec-
tion 5.2 instead ran on a machine equipped with two-way Intel®
Xeon® Gold 6438Y CPUs at 2.0GHz and 1TiB main memory. The
datasets we used in our experiments are summarized in Table 1. For
filtered search, we use two datasets with native labels and two with
synthetic ones. MS MARCO Web Search (MARCO) [14] builds on
ClueWeb22 [44]’s web pages; we derive 10 distinct labels from its
semantic annotations. Yahoo Flickr Creative Commons (YFCC) [58]
comprises Flickr image embeddings; we take the first 10M points
with 200,363 distinct labels, following the NeurIPS’23 Big-ANN
Competition [51]. For synthetic labels, we draw 10M points each
from BIGANN and Cohere and assign 50 distinct values in a Zipfian
distribution (𝛼 = 1).

Name Dim. Size Metrics Labels
Type Num. Label/pt.

BIGANN [7] 128 100M/1B L2 Synthetic 50 3.39
DEEP [8] 96 100M/1B L2 — — —
Cohere [17] 768 10M cosine Synthetic 50 3.39
OpenAI [43] 1,536 5M cosine — — —
MARCO [14] 768 10M L2 Native 10 6.13
YFCC [58] 192 10M L2 Native 200K 10.82

Table 1: Datasets used for experiments. For labels, Num. is the number of
distinct labels; Lbl/pt: average # of labels for each point.

Baselines. We compare ANNLib against Vamana and HNSW in
ParlayANN [38] on construction and batch insertions. ParlayANN
is known for fast construction and high query throughput, but does
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not support deletion or versioning. We compare batch deletion
time with FreshDiskANN [52]. For filtered search, we compare
to DiskANN [54]’s original implementation, and two industrial
vector databases, Milvus [59] and Weaviate [22]. In all experiments,
we focus only on the in-memory setting and exclude disk-related
operations for both ANNLib and baselines.

5.1 Evaluating Insertion
We evaluate batch insertion for both Vamana and HNSW com-

pared with ParlayANN. Since these indices are built by incremental
insertion, insertion time also reflects build performance. We split
each dataset into ten equal batches, insert them into an initially
empty index, and plot per-batch insertion time in Figure 4. On
all datasets, ANNLib achieves shorter total time than ParlayANN
(itself known for fast builds) for both Vamana and HNSW. Our
Vamana is 1.4× faster on average, up to 1.9× on the last batch
of OpenAI. The HNSW on ANNLib keeps runtime comparable to
Parlay-HNSW, with a 1.06× speedup on average. This improvement
primarily stems from copy elision: our interfaces adhere to the true
data requirements and avoid unnecessary copies.

5.2 Evaluating Regular Vector Search
We evaluate both graph quality and search efficiency by running

standard vector search over the built Vamana and HNSW indices.

Figure 5 presents QPS-recall trade-offs for 10-NN search. On Cohere
and OpenAI, ANNLib-Vamana is consistently faster than Parlay-
Vamana, while their HNSW curves are similar. On BIGANN and
DEEP, ANNLib shows lower throughput in low-recall regions but
converges to comparable QPS as recall approaches 1.0. The low-
recall throughput gap is due to a specialized optimizer in ParlayANN
that caps the number of node visits when the search parameter is
small. We also include Milvus in these tests, which is a vector data-
base optimized for high query quality. Across parameter sweeps,
Milvus consistently achieves near-perfect recall, but at the cost of
significantly lower throughput.

Figure 7 reports billion-scale results. All indices build in a few
hours on a single machine. On DEEP-1B ANNLib builds 1.99× faster
for Vamana and 1.63× faster for HNSW . On BIGANN-1B it is 1.16×
faster for Vamana. For search, ANNLib leads throughout on DEEP-
1B, where ANNLib-HNSW achieves 1.6–1.9× the throughput of
Parlay-HNSW, and ANNLib-Vamana reaches 1.4× at 90.5% recall
and over 2× beyond 94%. On BIGANN-1B ANNLib-HNSW keeps
1.0–1.6×, while the Vamana curves cross. ParlayANN’s visited-
node cap yields 1.35× in 74%–93% recall, since at billion scale every
avoided visit is a likely cache miss, but it also flattens the curve
at small beams and caps recall earlier, so ANNLib leads above 95%
and reaches 98.8% against 97.6%.
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5.3 Evaluating Deletion
We use the algorithm in FreshDiskANN [52], and compare our

implementation to their code and other baselines. For page limit,
we present the performance evaluation in the full version of this
paper [50] and summarize themain conclusions here: our batch dele-
tion algorithm built upon ANNLib’s general interface achieves sim-
ilar performance (both in deletion time and consequent query qual-
ity) to the original highly-optimized algorithm in FreshDiskANN,
and are much better than other baselines.

5.4 Evaluating Filtered Search
We present filtered search results in comparison with the state-

of-the-arts. Figure 6 shows QPS-recall curves across four common
vector datasets under varying specificity. Here, specificity is defined
as the fraction of points carrying a given label relative to the total
number of points, where a lower value reflects more difficulty in
the filtered search. For each dataset, we select three specificities,
shown as percent, to evaluate the performance pattern.

Figure 6 shows ANNLib’s competitive performance: it matches
or outperforms the evaluated monolithic solutions in most cases,
despite ANNLib’s primary goal of simplifying ANNS system devel-
opment. We follow the experimental settings of Filtered-DiskANN.
We evaluate filtered search on a multi-label base set with a single
filter per query. Detailed setups are available in the full version [50].

5.5 Evaluating Snapshots
The techniques in Section 3.3 reduce memory usage by eliminat-

ing duplication across snapshots. To evaluate this, we incrementally
construct an index preserving all historical versions and report
both total build time and memory usage in Figure 8. Across diverse
datasets and settings, our prefix-sharing structure cuts memory
usage by up to 70.4% over a chronological-list scheme. The benefit
is especially pronounced for datasets with larger degree bounds,
where avoiding full edge copies matters more. As shown in Fig-
ure 8, pairing a parallel tree with the prefix array saves further
memory at the cost of build time: enabling the tree structure in-
creases build time by 1.13× to 3.33× over the naive scheme, and
enabling snapshots adds another 1.22×. Due to ANNLib’s modular
design, developers can easily swap graph components to adapt to
target scenarios and achieves various trade-offs.

6 Related Work
ANNS Algorithms. A broad range of studies has addressed ANNS
algorithms, including DiskANN [54], Stars [11], SPFresh [63], Par-
layANN [38], and other graph-based approaches [26, 27, 29, 36, 37,
39, 42, 47, 48, 67, 70]. These state-of-the-art systems handle billion-
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scale datasets on a single node, but their codebases have grown to
over 10,000 lines of code [54], making it hard to locate and modify
relevant parts to port features and tailor functions. Recently, kAN-
Nolo [18] introduced a Rust library with composable abstractions
for ANNS with varying vector density and quantization methods.
Vector Databases. ANNS is widely used in databases for vector
queries, known as vector databases. Vector databases either extend
traditional engines [33, 68] or build specialized systems [59]. They
typically wrap a few fixed ANNS algorithms, requiring substantial
code modifications to integrate peripheral database capabilities.
Filtered ANNS. Filtered ANNS extends traditional ANN search by
additionally satisfying a set of metadata predicates, and existing
work falls into two categories. The first treats filtering as an indepen-
dent step that leaves the index unchanged, applying it either before
(pre-filtering) [13, 22, 45, 59, 61] or after (post-filtering) [24, 32, 64]
the vector search; both degrade under highly selective filters. The
second builds filter-aware indexes that incorporate filtering infor-
mation into the ANNS index, either by modifying construction
and search algorithms to handle vector similarity and metadata
constraints simultaneously, as in Filtered-DiskANN [28], or by com-
bining attribute constraints within the index itself, as in Native
Hybrid Query (NHQ) [60] and MA-NSW [62].

7 Conclusions
We propose ANNLib, a library for graph-based ANNS develop-

ment that achieves both high performance and flexible function-
ality by decoupling and independently optimizing the algorithm
and the data structure components in an ANNS system. Both allow
for easy integration of state-of-the-art solutions as modules, as well
as our new designs, and compose naturally to address sophisticated
settings such as filtered search, fully dynamic updates, and histori-
cal queries on snapshots. Our experiments show that solutions built
atop ANNLib’s general interfaces match or outperform previous
work designed specifically for each application. Future directions
include extending ANNLib to disk-based indexing and integrating
quantization techniques.
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