Efficient Vector Index Merging in Vector Databases

CHENZHE JIN, Purdue University, USA
YUNAN ZHANG, Purdue University, USA
JIAYI L1U, Purdue University, USA
JIANGUO WANG, Purdue University, USA

Vector databases have become a cornerstone of modern data science and Al applications, powering recommen-
dation systems, semantic search, retrieval-augmented generation, and more. This paper focuses on vector index
merging (particularly HNSW merging), which merges two (or more) vector indexes. This is a key operation in
vector databases with many use cases in vector index construction and vector index updates. While there
are a few early approaches to solve the problem, the index merging performance remains slow. In this work,
we propose HNSW-Merger, a new algorithm for merging two (or more) HNSW indexes that fully exploits
the proximity information in existing indexes. It is a novel two-stage, search-based algorithm that relies on
forward HNSW search and lazy backward direct-connect to efficiently connect potential edges. HNSW-Merger
is optimized for multi-core parallelism and memory efficiency. It also supports efficient merging of multiple
indexes. Extensive experiments show that HNSW-Merger achieves significantly faster merging performance
than prior approaches while maintaining similar or even higher index quality.
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1 Introduction

In today’s data-driven world, the demand for scalable vector databases has grown rapidly [31, 37].
Vector databases are used in numerous data science and Al applications, including recommenda-
tion systems, semantic search engines, retrieval-augmented generation (RAG), natural language
processing systems, and even bioinformatics [23, 26, 31]. This surge in demand has been further
amplified by the recent explosive growth of large language models (LLMs), such as ChatGPT, which
rely on vector databases to address challenges such as hallucination and the lack of real-time or
domain-specific information [31, 34, 44].

At the core of vector databases is the ability to perform fast vector searches over large-scale
datasets through efficient vector indexing techniques. Among the various types of vector indexes,
HNSW (Hierarchical Navigable Small World) [27] is one of the most popular and is widely adopted
by major vector databases, including Pinecone [12], Milvus [38], Weaviate [13], Oracle Vector
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Search [10], Azure SQL [41], PostgreSQL pgvector [11], PostgreSQL-V [25], AlloyDB [1], SingleStore-
V [18], and Elasticsearch [6]. HNSW achieves both high performance and high accuracy in large-
scale vector search by organizing vectors into a multi-layer proximity graph and leveraging small-
world properties to guide search traversal.

Current vector databases mainly focus on optimizing vector search performance, but a critical
yet overlooked issue is vector index merging, which combines two or more vector indexes into a
single one. Prior studies [14, 15, 32] have shown that performing vector search on a merged index
can significantly improve performance and recall, due to the sublinear nature of vector search and
the optimized index layout.!

We highlight two important use cases of vector index merging.

Use Case #1: Vector Index Construction. Building a vector index for a large-scale dataset can
be very time-consuming. For example, constructing a billion-scale HNSW index may take days
or even weeks [28, 33]. A potential solution is to partition the dataset across multiple threads or
machines, with each independently building a sub-index in parallel, followed by merging these
sub-indexes into a single index [15, 18, 32, 43]. Thus, vector index merging plays an important role
in enabling efficient large-scale index construction.

Use Case #2: Vector Index Updates. Updating vector indexes directly (e.g., when new vectors
arrive) is challenging in vector databases. Thus, many systems (e.g., Milvus [38], SingleStore-V [18],
AnalyticDB-V [40], BlendHouse [29] and Elasticsearch [15]) adopt a segment-based architecture
combined with an LSM-style out-of-place update strategy to balance write performance and query
efficiency. Specifically, incoming vector data is stored in a new segment. Once the segment exceeds
a predefined threshold, it is marked as immutable, and a new index is built for it. A background
thread periodically merges smaller segments into larger ones, during which their corresponding
vector indexes are also merged.

Existing Work and Limitations. In the literature, a few early works have explored merging
HNSW indexes, including Elasticsearch [15], SingleStore-V [18], Milvus [38], and Ponomarenko [32].
These approaches can be broadly classified into three categories. (1) Rebuild-based: This is the
most straightforward approach, which rebuilds a new index from scratch using the vectors from
the source indexes. For example, Milvus [38] adopts this strategy. (2) Insert-based: This method
selects one existing index as the target and incrementally inserts vectors from the other index
into it to produce the merged index. Examples include SingleStore-V [18] and Elasticsearch [15].
Notably, Elasticsearch employs an optimized version of this strategy by first selecting a subset of
vectors from the smaller index for direct insertion into the larger one, followed by a constrained
beam search to insert the remaining vectors. (3) Search-based: Ponomarenko [32] presents three
search-based merging strategies (NGM, IGTM, and CGTM) that perform a two-way HNSW search
process to connect potential edges. The details of these approaches can be found in Section 9.

However, all of the above approaches fail to fully leverage the proximity information in existing
HNSW indexes, resulting in either poor merging performance or low quality.?

Overview of This Work. In this paper, we present HNSW-Merger, a novel algorithm for merging
two (or more) HNSW indexes that achieves significantly faster merging performance than prior
approaches while maintaining similar or even higher index quality.

!One might argue that multiple threads can search separate indexes, but the same level of parallelism is achievable when
searching the merged index [14, 15].

2The quality of an HNSW index is defined by its vector search performance and recall rate, which together measure how
well the index supports vector search.
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At the core of HNSW-Merger is a novel two-stage search-based algorithm that first performs
a forward search to identify necessary forward edges, followed by a backward direct-connect
mechanism that smartly adds backward edges without performing an explicit backward search.
Unlike the methods in [32], HNSW-Merger eliminates backward search and also develops an
optimized forward search strategy. HNSW-Merger supports efficient parallelism by leveraging the
out-of-place nature of the merge policy to significantly reduce synchronization overhead, allowing
each thread to run independently by searching immutable graphs and connecting edges. HNSW-
Merger is optimized for memory efficiency and does not require all indexes to fit into memory
during the merging process. It loads only necessary working sets into memory and writes back
intermediate results to disk during the merge process. Lastly, HNSW-Merger supports efficient
merging of multiple indexes via a sequence of pairwise merge operations. It develops an optimal
ordering for merging multiple indexes to improve performance.

In this work, we focus on merging the HNSW index due to its widespread adoption in modern
vector databases. However, we believe that many of the designs can be applied to other graph-based
indexes such as Vamana [35] and NSG [19]. For instance, the forward search and backward direct-
connect mechanism, out-of-place merge policy, parallel execution strategy, and memory-efficient
design can all be extended to these index structures (see Section 7.1).

Experimental Overview. We compare HNSW-Merger against prior approaches for merging
HNSW indexes using the following widely used datasets (SIFT10M, SIFT100M, SIFT1B, Deep10M,
Turing10M, GloVe25, and Cohere10M) under default parameters. (1) Compared with the rebuild
method, HNSW-Merger achieves 9.6~11.5x faster merge time with 90.1%~115.4% of the index
quality. (2) Compared to the Elasticsearch approach, HNSW-Merger achieves 2.2~4.8X faster merge
time with 90.8%~116.8% of the index quality. (3) Compared to the insert-based approach, HNSW-
Merger achieves 5.6~6.6X faster merge time with 90.1%~115.4% of the index quality. (4) Compared
to the three algorithms (NGM, IGTM, and CGTM) in [32], HNSW-Merger achieves 4.3~9.4x faster
merge time with 90.6%~166.3% of the index quality.

Contributions. The main contribution of this work is HNSW-Merger, a novel algorithm that
efficiently merges HNSW indexes in vector databases. Compared to prior solutions, HNSW-Merger
dramatically improves index merging performance while maintaining similar or even higher index
quality.

Open-Source. https://github.com/Kimchuls/HNSWMerger.

2 Background
2.1 Vector Search

Vector search has been explored comprehensively in the past [16, 20-22, 24, 30, 34-36, 39, 42] as a
fundamental task that retrieves top-k data points nearest to a given query under a specific distance
metric. To support vector search, many indexes are proposed. Among these, HNSW [27] stands out
for its multi-layer small-world graph topology to achieve logarithmic search complexity, offering
an exceptional balance of accuracy and query speed [2, 19].

2.2 HNSW Index

Hierarchical Navigable Small World (HNSW) [27] is a graph-based vector index that enables
efficient vector search in high-dimensional space. For the index construction in HNSW, when a
new vector point is inserted into the index, the algorithm begins by randomly selecting an integer
I to determine the highest level at which this point will be inserted. The insertion procedure then
proceeds top-down, performing greedy searches at each level using Algorithm 1 to locate the top-ef
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Algorithm 1: SEARCHLAYER

Input: Query vector p, Graph G = (V, E), entry point e, result list size ef
Output: Set of ef approximate nearest neighbors of p
top « max-heap of visited points;

=

2 candidates < min-heap of visited points;
3 visited «— {e};

4 d « distance(p, e);

5 top.insert(e, d), candidates.insert(e, d);

¢ while candidates is not empty do

7 v < candidates.pop();

8 dmax — top.max_distance();

9 if diyax < distance(v, p) then

10 L break;

11 foreach neighbor q of v in G do

12 if g ¢ visited then

13 visited « visited U {q};

14 dy < distance(p, q);

15 if [top| < ef ordy < dpax then
16 top.insert(q, dg);

17 candidates.insert(q, dg);

18 if [top| > ef then

19 L top.pop();

20 dimax < top.max_distance();

21 return sorted top;

nearest neighbors. At each layer, the closest neighbor from the current layer is selected as the entry
point for the next lower level, and the process continues recursively. For all layers above [, the
algorithm sets ef = 1 and performs no edge insertions — only identifying entry points for the next
layer. Once the traversal reaches level I or below, the search parameter ef is raised to efc, which is
a parameter indicating the size of the candidate neighbor list maintained during the greedy search
when inserting new vectors. This enables the algorithm to collect sufficient candidates for the new
vector to establish connections. To ensure sparsity and structural diversity, a pruning procedure
(Algorithm 2) is applied, which selects at most M well-separated neighbors from the candidate set.
The pruning criterion, governed by the threshold & (default 1.0), filters out redundant or overly
similar neighbors to preserve the navigability of the index. After pruning selects up to M neighbors
for the new vector, each of those neighbor points inserts the new vector into its own neighbor list
and prunes as necessary, ensuring bidirectional connections.

When performing HNSW search, as illustrated in Algorithm 3, the procedure consists of two
different phases. In the first phase, the search traverses each layer /, starting from the highest layer
down to layer 1, identifying a single best entry point at each level to guide the descent. This process
yields a final entry point at the bottom layer. In the second phase, the algorithm performs a search
operation at the bottom layer to retrieve the top-efs nearest neighbors, where the search parameter
ef is explicitly set to ef's within the function. After obtaining the candidate set, the top-k nearest
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Algorithm 2: ROBUSTPRUNE

Input: Candidate set Q (max-heap by decreasing distance), degree bound M, distance

threshold o
Output: A pruned max-heap containing at most M neighbors

1 begin

2 Convert Q to a sorted list in ascending order of distance;
3 L0

4 while Q is not empty and |L| < M do

5 v « the closest point in Q;

6 Remove v from Q;

7 flag « true;

8 foru e L do

9 if « - distance(v, u) < distance(v, query) then

10 flag « false;

11 L break;

12 if flag then

13 L Insert v into L;
14 Convert L into a max-heap and return it;

Algorithm 3: SEARCH

Input: Query point p, index I, entry point e, highest level g, lowest level lj,y, search
parameter ef
Output: Top-ef nearest neighbors of p at level [joy,
1 €curr < €;
2 for | « lhigh to ljow + 1 do
3 L Let graph G = (V, E) on layer [;

4 €curr < SEARCHLAYER(p, G, ecyrr, 1);

5 Let graph G = (V, E) on layer low;
6 candidates < SEARCHLAYER(p, G, ecurr, €f);
7 return candidates;

neighbors of the query point are selected by extracting the k closest elements, depending on the
desired number of results.

3 HNSW-Merger

Assume we have two HNSW indexes, I; and I,. Our objective is to construct a merged index, denoted
as I, based on I; and I,. Since an HNSW index is a hierarchical graph with multiple layers, at a
given layer [, let the corresponding graphs be G; = (V1, E1) and G, = (Va, E;), where Vi NV, = 0.
Let Gy, = (Vi, Epn) be the merged graph at layer I. The point set V,, at this layer is defined as the
union of the points from the two input layers: V,,, = V; U V5.
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Goal: Fast Index Merging and High Index Quality. Our goal is to efficiently merge HNSW
indexes while maintaining high index quality — comparable to a freshly rebuilt index. We measure
the quality of an HNSW by its search performance and recall rate.

Opportunity. We observe that each input HNSW index encodes rich proximity information
through its graph connectivity, offering a new opportunity to accelerate index merging. These
pre-established connections are not only easily accessible but also semantically meaningful: if
two points are connected in the source index, they are likely to remain close neighbors (though
not necessarily the closest) in the merged index. Unlike rebuild-based methods that discard such
structure and start from scratch, we can fully leverage the existing graph topology. This can reduce
redundant distance computations, speed up the merging process, and preserve local neighborhoods
that are crucial for maintaining search quality.

3.1 Main Idea of HNSW-Merger

The high-level idea of HNSW-Merger is to merge the two indexes, I; and I, layer by layer, due to
the multi-layer nature of HNSW. If one index has more layers than the other, the extra layers are
directly copied to the merged index to avoid redundant computation. The key challenge, however,
lies in how to merge two graphs on the same layer, i.e., G;(V3, E1) from I; and Gz(Ez, V2) from L.

A straightforward approach is to perform a two-stage forward-backward search, in which, at
each stage, each point from one graph searches the other graph to identify potential neighbors for
connection. Stage 1: Forward Search. For each point p € Vi, one can perform a forward HNSW
search on G; to retrieve its top-e f¢ nearest neighbors in V, as we have shown in Algorithm 1. Here,
efc is the construction parameter used in HNSW that indicates the number of candidate neighbors
retrieved. These candidates, together with p’s existing neighbors in Gy, form a candidate set for
p’s neighbors in the merged graph. This set is then pruned using HNSW’s construction rules to
retain at most M connections (as shown in Algorithm 2), where M is the maximum number of
edges a point is allowed to establish in the graph at each layer of the index. The resulting pruned
neighbors become p’s neighbor list in the merged index. Stage 2: Backward Search. Similar to
the forward search, we can perform a backward HNSW search for each point g € V;, which queries
G; for neighbors.

Although the above approach works, HNSW-Merger identifies two new opportunities that can
significantly improve index merging performance while maintaining similar index quality. (1) We
can eliminate backward search and rely solely on forward search, effectively reducing the number
of vector searches by half. (2) Even for forward search, we observe that we only need to retrieve far
fewer neighbors to yield high index quality.

Observation 1: No Backward Search. We observe that we only need to perform forward search
and add backward edges based on the information obtained during the forward search. Our intuition
is that, if a point p € V; finds one of the nearest neighbors q € V, via a forward HNSW search,
then p is likely to be one of the nearest neighbors of g as well, or one of the nearest neighbors of
q can be reachable quickly via a few hops from p’s neighbors — for example, usually one or two
hops as shown in Section 3.2. Thus, we can directly add a backward edge from g to p. We show the
verification of the intuition in Section 3.2.

However, a key research question is deciding when to add the backward edges. A straightforward
solution is the eager connect approach: whenever a point p € V; discovers a neighbor g € V;
through an HNSW search on G, a backward edge from g to p is added immediately. However, this
eager connect strategy can result in multiple invocations of the pruning function on the same point
q and repeated updates to g’s neighbor list in the merged index. These redundant operations incur
substantial computational cost. In contrast, HNSW-Merger uses a lazy connect approach that
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defers backward connections and batch-processes all source points of incoming edges. Specifically,
if a point g € V; appears in the nearest neighbors of R (R > 1) points during forward search, all
such points, together with ¢’s original neighbors in G, are treated as candidates for g’s neighbor
list in the merged graph G,,. A pruning step is then applied to this union to enforce the maximum
out-degree constraint M. This design leverages incoming connections from V; to g, using their
sources as approximate indicators of ¢’s relevant cross-index neighbors. As a result, our approach
significantly reduces redundant distance computations while preserving the structural integrity of
the merged graph.

Observation 2: Forward Search with Fewer Edges. Another important factor is the number of
neighbors (denoted as 1) that are retrieved during forward search. A straightforward method is to
set A equal to the default construction parameter e fc used in HNSW. However, we find that this
value is often too large in practice, since only the top-M neighbors (with M < efc) are ultimately
retained during the pruning process. While retrieving a larger set of neighbors (i.e., larger A) during
search can improve the accuracy of the merged index, it substantially increases the merging cost
and enlarges the candidate pool. This, in turn, increases pruning overhead, as only the top-M
neighbors are preserved.

Rather using the parameter efc, we find that a much smaller parameter A is sufficient to collect
the nearest neighbors for each vector in G; and G, while still maintaining strong navigability in
the merged index. This is because an indirect path can be found from one point to its neighbor in
the vector space.

The downside of using a small A is that it might slightly affect the index quality. This is because
the resulting neighbor list in the merged index may omit some of p’s true nearest neighbors across
the full dataset, thereby requiring more hops to reach high-quality results. As a result, vector
search latency can increase due to longer traversal paths and additional distance computations.
However, we believe that such a tradeoff is worthwhile because our experiments show that this
choice speeds up merge time significantly while the vector search performance degrades by less
than 10% (Section 8.2). In the experiment (Section 8.7), we investigate how varying the value of A
can affect merge performance and index quality.

Therefore, HNSW-Merger adopts a forward search, backward direct-connect approach to
merge two layers. Stage 1: Forward Search with Fewer Edges. In the first stage, for each point
p € Vi, we perform a forward HNSW search on G; to retrieve its top-A nearest neighbors. Once
the search completes, we compute p’s neighbor list in the merged index as follows: merge these A
neighbors with p’s original neighbor list from Gy, and call HNSW’s prune function (Algorithm 2) to
keep at most M connections. These M neighbors will be p’s neighbor list in the merged index and
will be written to the merged index. Moreover, we also need to prepare the necessary information
for the second stage in order to compute g’s neighbor list (i.e., the lazy connect approach): for
each neighbor q in the top-4 list, we insert p into ¢’s candidate neighbor list. Stage 2: Backward
Direct-Connect (No Backward Search). In the second phase, for each point g € V;, we skip the
backward search and instead use the candidates recorded during the forward stage. Specifically,
for each vector q € V;, we combine the neighbor list recorded during the forward stage with the
original neighbor list from G,. Then, we call HNSW’s prune function to select up to M connections
and write them into the merged index.

Example. Figure 1 shows an example of merging two graphs. Figure 1a represents G; with blue
points, and Figure 1b represents G, with green points. For point g in G; showing in 1a, the original
neighbors are points d, f, and h, connect with red solid lines in the figure. By performing a forward
HNSW search in G,, we find three additional neighbors for g: k, p, and g, connect with red dotted
lines in the figure 1a. These six points form the candidate neighbor set for g in the merged graph.

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 31. Publication date: February 2026.
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(a) Forward Search (b) backward direct connect
with G,(g) connection with G,(p) connection

Fig. 1. Example of Forward Search and Backward Direct-connect in HNSW-Merger
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Fig. 2. Verification of Observations

Conversely, points k, p, and q also treat g as a candidate neighbor in the merged index. Specifically,
consider point p in Figure 1b. During a forward HNSW search for points in Gy, points d, f, and g
identify p as one of their nearest neighbors. As a result, during the backward direct-connect stage,
p collects d, f, and g (connected with purple dotted line), along with its original neighbors k, I, and
q (connected with purple solid line), as candidate neighbors in the merged graph.

3.2 Verification of Observations

To validate our two observations, we design two experiments. We focus on vector search in the
bottom layer of HNSW, which contains all data points and dominates search performance. Using
the SIFT10M dataset [5], we split the 10 million vectors evenly into two subsets of 5 million each
and build two independent HNSW indexes (I; and I; parameters in default). Let G;(Vy, E;) and
G2(Va, E;) be the bottom layers of I; and I.

For the first experiment, we want to show that forward search alone still preserves high index
quality. We design an experiment to measure how often true nearest neighbors can be reached in
just a few graph hops using only our backward direct-connect step, without any explicit backward
search. We set A as 4. For every p € Gy, we retrieve its top-4 neighbors in G, to form Q,. Then for
each g € Q,, we perform a backward HNSW search in G; to obtain its top-4 neighbor set Q,. We
record, for each pair (p, g), the number of graph hops from p to any p” € Qg4, and summarize these
hop-count statistics in Figure 2a.
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As shown, in the total 20 million (p, g)-pair cases, for 93.8 % of them, the graph-distance from p
to some member of Q, is at most two hops (and over 99 % within three hops). This tight locality
indicates that for the vast majority of points q € V5, the corresponding proxy p € V; lies extremely
close to ¢’s true neighbor set. Such proximity is largely due to the transitive nature of HNSW’s
connectivity — many disconnected neighbors can be reached via indirect paths even under a limited
search budget. For example, if p; € Q; C V; is one of p’s retained neighbors, then the path
q — p — p1 suffices to connect g with one of its nearest neighbors p;. This demonstrates that, even
when we omit an explicit backward search, our backward direct-connect mechanism effectively
achieves the same result: it retrieves accurate or at least very close nearest neighbors by leveraging
the candidates recorded during forward search. Hence, we verified the intuition in Observation 1.

To validate Observation 2, we compare forward-search results under different values of 1. We
wish to confirm that with a small A, the search results closely match those obtained with a larger
A, or that indirect connections enable rapid traverse to the larger-A neighbors from the small-A
results. Specifically, we set A = 4 and A = 10, and for every p € V; perform forward searches on
G to obtain the top-4 neighbor list Q4 and the top-10 neighbor list Q1. For a fair comparison, we
select the four closest points from Qy¢ to form Q. Then, for each g € Q4, we measure how many
graph hops are required to reach any point in Qj. The results in Figure 2b report the distribution of
graph-hop counts required for each (p, q) pair to reach any point in Q.

We can see that, for searching 70.2 % of (p, q) pairs, q is in Q}, which indicates that most of our
forward search candidates are in a good accuracy. And for 93.9% of the (p, q) pairs, the graph-
distance from g to some member of Q] is at most two hops. Only 1.1 % of (p, g) pairs have a bad
accuracy that needs to jump more than 3 hops to reach p’s true nearest neighbors. This distribution
confirms that even with a small A for HNSW search, we can capture the most important nearest
neighbors.

3.3 Merging Policy
In HNSW-Merger, we optimize the merging order and leverage an out-of-place merge strategy to
improve performance.

Merging Order. Another factor influencing merge efficiency is the order in which the two indexes
are merged. When |V;| < |V,|, performing forward vector searches from the smaller graph into the
larger one is beneficial, as the complexity of HNSW search scales logarithmically with the graph
size, i.e., O(log|V|) [7]. Forward searches therefore cost O(|V;]log|V;|), which is lower than the
O(|Vz|log|V1]) cost incurred by searching from the larger into the smaller graph. To exploit this
property, we compare |V;| and |V2| and swap the indexes so that I; always refers to the smaller
index.

Out-of-place Merge Strategy. HNSW-Merger leverages an out-of-place strategy by constructing
the merged index in a separate structure, which is different from the in-place merge strategy used
in [6, 18]. This design ensures that during the forward search phase, the search graph remains
static — its size does not grow with newly added connections — thereby maintaining consistent
search efficiency throughout the merging process. Moreover, the decoupling of read and write
operations enables an efficient multi-threading design: while one thread performs neighbor search
on the input graph, others can simultaneously write results to the merged index without locking.
This separation facilitates highly efficient parallelism and reduces synchronization overhead (see
Section 4). Moreover, by avoiding in-place modifications, the algorithm achieves better memory
efficiency, as only partial data needs to be loaded into memory at a time (see Section 5).
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Algorithm 4: HNSW-MERGER

Input: Two HNSW indexes I; and I, merge parameters (M, A, a)

Output: Merged HNSW index I,
1 begin
2 Swap I; and L, if |I;| > |L|;
3 Initialize a new empty HNSW index I, and copy index metadata from inputs;
4 Copy all layers that exist only in one index into Iy;
5
6

foreach layer | that exists in both indexes I; and I, do
Let Gy = (V1, Eq) and G, = (V,, E;) be the graphs at layer [ of I; and I;

Stage 1: Forward search

7 foreach p € V; do

8 e « entry point of I;

9 Ihigh < max level of I // top-A search;
10 Q < SEARCH(p, Gy, €, Inigh, I, A) ;

11 For each g € Q, insert p into ¢’s candidate neighbor list;
12 Cp < Q U Neighbors(p, E;);

13 if |Cp| > M then

14 L Cp < ROBUSTPRUNE(Cp, M, @);

15 Set p’s neighbor list in I, as Cp;

Stage 2: Backward Direct-Connect

16 foreach q € V; do

17 // lazy connect;
18 P, < ¢’s candidate neighbor list ;
19 Cq < P4 U Neighbors(g, E);
20 if |C4| > M then
21 | Cq < RoBUSTPRUNE(Cy, M, @);
22 | Set ¢’s neighbor list in Iy, as Cy;
23 return I,,;;

3.4 Pseudocode

Algorithm 4 presents the full procedure of HNSW-Merger that merges two HNSW indexes. The
algorithm initializes index order and a new empty index, and copies all metadata from both inputs
(line 2~3). If one index contains layers that the other does not, those exclusive layers are directly
reused in the merged index (line 4). It then iterates over each common layer, performing a forward
top-A HNSW search from every point p € V; into G,, retrieving a small candidate set (line 10) and
maintaining a backward record is maintained (line 11). Then, p’s new candidate neighbors in G,
and original neighbors in G; are merged and pruned if necessary (line 14), and the final neighbor
list is written into the merged graph (line 15). In the backward direct-connect stage, each point
q € V, is revisited to aggregate its candidate neighbors from the original neighbor list and the
candidates recorded (line 19). A pruning step is then applied if necessary (line 21), and the resulting
neighbors are inserted into the merged index (line 22).

Complexity Analysis. The HNSW-Merger consists of a forward merge stage for all points in I; and
a backward direct-connect stage for all points in I. Let Ny = |I;], N2 = |Iz|. According to [27], each
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point is assigned O(1) layers on average, so we omit any layer-count factor from our complexity
bounds. In the forward search stage, each p € I; incurs the following steps: (1) searching through the
index I at O(log Ny) [7, 27], (2) selecting its candidate neighbors at O(M - 1) and maintain a priority
queue at O(Alog 1), (3) pruning edges at O((A+M) - M) with maximum M new edges and maximum
(A+M) candidates. Thus the forward merge stage cost is O(Nj - (log Ny +M-A+Alog A+ (A+M) - M)).

The backward direct-connect stage examines up to R recorded candidates and maximum M
original edges per q € I, and prunes backward edges in O((R + M) - M). Hence the overall cost is
O(N; (log Ny + M - A+ Alog A+ (A + M) - M) + N2 ((R+ M) - M)).

We estimate the average number of forward-search connections per point in I, as R * NjA/N;.
This is because each of the N; points in I; creates A forward edges and these edges are distributed
over the N, points in I, yielding an average of NjA/N, edges per point. Since M is constant here,
the time complexity of merging algorithm can be regarded as O(Nj (log N, + A + Alog 1)). If we
recognize A as a constant, the time complexity becomes O(Nj - log N).

4 Parallel Merging

In this section, we present how to make HNSW-Merger support multiple threads to improve merging
performance. As modern servers are equipped with many CPU cores, our merging algorithm should
be easily parallelizable and scalable with the number of cores.

We observe that the out-of-place nature of HNSW-Merger (explained in Section 3.3) is highly
suitable for the multi-threaded environment. Unlike existing insert-based merging approaches [6,
18], which introduce high synchronization overhead as multiple threads concurrently modify
the same index structure in place, HNSW-Merger adopts an out-of-place merge policy that can
significantly reduce these synchronization constraints, allowing each thread to run independently
by searching immutable graphs and connecting edges (with minimal locking).

Recall that HNSW-Merger has two stages. We now describe how to parallelize each one.

Parallel Forward Search. In the forward search stage, each point p € V; is assigned to a thread,
which performs a forward HNSW search on G; to identify its top-A nearest neighbors. Because
this stage only reads from G,, there are no conflicts. But multiple threads of different points in
V1 may concurrently discover the same point q € V; as a candidate neighbor. If each thread were
to immediately update ¢’s neighbor list in the merged index I,,, during the forward search stage,
this would trigger redundant pruning with incur extra distance computations and write locks.
To avoid this, we give each g a lightweight candidate container for storing incoming neighbor
IDs. A simple lock on that container ensures safe insertion of each backward-connect candidate,
without the overhead of recomputing distances or locking the full neighbor list. The lock is released
immediately once recording completes. After pruning p’s top-A nearest neighbors and its original
neighbors in G, we write its new neighbor list into the merged index, without any read or write
conflict on neighbor list between threads because of our out-of-place merge structure. Once a
thread finishes processing point p, it fetches another unprocessed point for this thread, and repeats
until all forward searches are complete.

Parallel Backward Direct-Connect. In the backward direct-connect stage, we employ a lazy-
connect approach to process the candidates recorded during the forward search stage, thereby
isolating operations on each point and enabling independent neighbor selection in each thread.
Each g € V; is assigned to a thread, which retrieves its set of backward-connect candidates and
its original neighbor list from G,. Within each thread, g reads from a read-only data space, which
is independent on its own, ensuring no conflicts between different threads. We then combine the
neighbor lists, perform a pruning step on the merged list, and write the result into the merged index.
As in the forward search stage, our out-of-place merge structure prevents any read or write conflicts
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on neighbor lists across threads. This design greatly reduces redundant pruning and eliminates
synchronization overhead from concurrent writes, resulting in a more efficient merge.

5 Optimizing for Memory Efficiency

In Section 3 and Section 4, we follow the common assumption used in prior index merging algo-
rithms [15, 18, 32, 38]: both indexes, I; and I, are fully loaded into memory, and the merged index
is also kept in memory during the merge process. However, this approach can lead to excessive
memory usage, particularly for large datasets or on servers with limited memory capacity. In this
section, we describe how to reduce memory consumption in HNSW-Merger, albeit at the cost of
longer merge time.

The high-level idea is to leverage the out-of-place nature of HNSW-Merger to load only minimal
working sets into memory and write back intermediate results to disk during the merge process.
Since HNSW-Merger merges two indexes layer by layer, we observe that only the active layers
(assuming they are graphs G;(Vi, E;) and Gz(V,, Ey)) are required to be in memory. To further
reduce memory consumption, only one graph needs to be fully loaded into memory. The other
graph, as well as the merged index, can be streamed to disk during the merge process.

However, the challenge is how to maintain high index merging performance. An important issue
is how to perform forward search efficiently while keeping only active layers in memory. Recall
that in HNSW search, a query point p begins at the topmost layer of the index, locates its nearest
neighbor in that layer, and then uses that neighbor as the entry point for the next lower layer.
Each time point p is queried, the search operation must repeatedly start from the topmost layer.
However, if we only keep active layers in memory, the higher layers are not resident in memory.

Caching Traversal Entry Points. To avoid repeatedly loading these layers, we cache the entry
points for each p € V; in the higher layers of I,. Let p’s highest active layer be [, and let I have Lyax
layers. During the merge of layers L.y down to [ + 1, we perform an HNSW search for p at each
layer, record the closest point found, and cache it as the entry point for the next lower-layer search.
This strategy significantly reduces redundant traversals in our layer-by-layer merging process. By
merging each lower layer only after its corresponding upper layer has been fully processed, it can
accelerate the overall merge. Importantly, this cache mechanism aligns well with our out-of-place
merge design: since we construct the merged index in a separate structure, the content of I, remains
unchanged throughout, ensuring that entry points remain valid and reusable. This stability avoids
re-searching from scratch and further reduces merge latency. Thus, we can bypass the top-layer
search and directly retrieve the entry point from the cached array.

Memory-Efficient Forward Search. Recall that in the forward search stage of HNSW-Merger, for
each point p € V;, HNSW-Merger performs a forward HNSW search on G,. Instead of keeping both
G, and G, in memory, we retain only G, in memory® and stream the points in G, from disk. After
retrieving the top-A neighbors of p in G,, we load p’s neighbors from G; (on disk), combine the
two sets and prune if necessary. This merged neighbor list is then flushed directly to its designated
location on disk, and all in-memory data associated with p is released. This design fully leverages
the advantages of the out-of-place merge policy.

To prepare for the backward direct-connect phase, we also need to store candidate neighbor lists.
Specifically, let ¢ € G, be one of the top-A neighbors of p € G; found through the forward search,
then we need to insert p into ¢’s neighbor list queue. To minimize memory consumption, we store
only the vector ID of p and fetch its full vector during the pruning process. Once all the points in

3Note that it is also possible to store G; in memory and G on disk, or even to store both G; and G; on disk, but the merging
performance may be significantly degraded.
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G are processed, we can release G, and other corresponding memory, retaining only recorded
candidate neighbor lists in memory which require minimal space relative to the full graph.

Memory-Efficient Backward Direct-Connect. In this stage, for each vector g € G,, we load its
original neighbor list from G, on disk and retrieve its recorded candidate neighbor list. Then, we
prune the union of these two lists as the final neighbor list for ¢ and immediately flush it to its
designated disk location in the merged index, avoiding loading the full merged index into memory.
Once ¢’s merged neighbors are written, we can release the memory space. Note that in this stage,
G is not required to be stored in memory.

6 Extension to Merging Multiple Indexes

In this section, we extend HNSW-Merger to support merging multiple HNSW indexes, which is
important in certain scenarios. For example, during index construction of a large-scale vector dataset
where data is partitioned into multiple shards and indexed independently, or during continuous
updates where multiple LSM segments are created and indexed separately.

Our high-level idea is to perform a sequence of pairwise merge operations. Each step takes
two indexes as input and produces a new merged index by calling HNSW-Merger. This process is
repeated until a single, fully merged index remains. In this way, we can reuse all the optimizations
in HNSW-Merger.

The key challenge is the merge ordering, since each step needs to decide which two indexes to
merge, leading to many different options. Lemma 6.1 shows that there are (2s — 3)!! unique ways
to merge a sequence of s indexes. The notation "!!" denotes the double factorial, and (2s — 3)!! is
defined as (2s —3) X (2s —=5) X --- X3 X 1.

LEMMA 6.1. Assume there are s HNSW indexes I, I, . . ., I;, with sizes N; < N, < --- < Ng. Then,
there are (2s — 3)!! unique ways to merge them pairwise until only one index remains.

Due to space limitations, we omit the full proof. The main idea of the proof is based on a structural
induction argument: each merge operation corresponds to inserting a new leaf into a full binary
tree, and each insertion into a tree with s leaves yields 2s — 1 valid positions.

Lemma 6.1 highlights the combinatorial complexity of multi-index merging. As s grows, enu-
merating and evaluating all possible merge orders becomes infeasible. Next, we present a merge
ordering that optimizes merge time while maintaining high index quality.

We analyze from the time complexity of HNSW-Merger. From the cost model described in
Section 3.4, merging two indexes of sizes N; < N; takes the following cost:

O (N; (logNj + A+ Alog 1)) .

As the size of merging index increases, to keep the merged index quality, it is desired to increase A
over time. An intuition is to change the A based on the size of merging index, especially the size of
the larger input index, i.e., N;. In a uniformly distributed dataset, as the search index size grows, a
larger fraction of its points falls within a closer neighborhood of the query point. Since the time
complexity of HNSW search is O(log N) [7, 27], where N is the size of the index, the number of
index points visited during a query grows proportionally with log N. To match the candidate list
size to the number of graph points visited during a query, we therefore set A = O(log N). More
details can be found in Section 7.2. Empirical evaluation shows that this choice yields excellent
index quality for the multi-way merge. Therefore, our HNSW-Merger time complexity simplifies to:

O(NiIOgNj (1+lOg10gNj)) .

Next, we show in Theorem 6.2 that large-first ordering is optimal.
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Table 1. Statistics of Datasets

Dataset \ # Dimensions | # Vectors \ # Queries
GloVe25 [2] 25 1,183,514 10,000
SIFT10M [5] 128 10,000,000 10,000
Deepl10M [17] | 96 10,000,000 10,000
Turing10M [3] | 100 10,000,000 10,000
Cohere10M [4] | 768 10,000,000 1,000
SIFT100M [5] 128 100,000,000 10,000
SIFT1B [5] 128 1,000,000,000 | 10,000

THEOREM 6.2. Assume there are s HNSW indexes I, I, . . ., I;, with sizes Ny < Ny < --- < N;. We
assume the forward search parameter scales as A = O(log N), where N is the size of the larger index
during two-index merge.* Then, the optimal merge ordering that minimizes total merge time in a
sequence of pairwise merges is to repeatedly merge the two largest indexes at each step.

We can prove Theorem 6.2 by mathematical induction. Due to space limitations, we omit the full
proof. Our intuitive idea comes from the complexity standpoint: it is far more important to reduce
the linear N; term than to reduce the logarithmic log N; term, which makes the large-first order
the most efficient. We first establish the base case for s = 3, confirming that the greedy strategy
yields the minimal merge cost. For the inductive step, we assume the strategy is optimal for any
s = m indexes. To prove it remains optimal for s = m + 1 indexes, we consider all possible ways of
selecting the first pair of indexes to merge. For each such pair, we compute the total merge cost
and compare it against the cost incurred by merging the two largest indexes. By showing that
merging the two largest yields no greater (and often strictly lower) total cost than any alternative,
we validate that the greedy choice maintains optimality as the number of indexes increases. This
ensures the global optimality of our merge order across all possible merge trees.

Therefore, we employ a greedy, large-first, pairwise chaining strategy. At each step, we select
the two largest indexes by size and merge them using HNSW-Merger’s two-index merge procedure.
The result replaces the original pair in the pool, and we repeat the process until only one index
remains. This approach minimizes the total merge cost by handling the larger indexes earlier and
leveraging the merged index in subsequent steps.

7 Discussion
7.1 Extending to Other Graph-based Vector Indexes

Though this work focuses on merging HNSW indexes, we believe that the same idea can be extended
to merge Vamana [35] indexes. Specifically, we can treat the Vamana graph as a single-layer HNSW
index. When merging two Vamana indexes Gy (Vi, E;) and G,(V5, E;), during the forward search
stage, we iterate over each node p € V; and identify its A nearest neighbors in G, which serve as
candidate neighbors. We then combine these candidates with the existing neighbors of p in G; and
apply the pruning function to remove redundant edges when necessary. The selected candidate
neighbors from the forward search stage are retained for establishing backward connections in
the backward-direct connection stage. For each node p’ € V,, we merge its neighbor list with any
corresponding candidate neighbors (if available) and prune the list if it exceeds the predefined

threshold.

4For example, if we merge I; and I, where I is larger, then N is |I|.
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Table 2. Parameters and Default Values

Parameters \ Meaning and Default Value

The number of results selected from vector
k similarity search
Default Value: 100
The maximum degree in HNSW
Default Value: 32
ofc The queue length in HNSW build
Default Value: 64
ofs The queue length in HNSW search
Default Value: 200
The number of nearest neighbors retrieved
A in the forward search of HNSW-Merger
Default Value: 4

M

We can also extend our algorithm to merge NSG [19] graphs in the same way as described above
for merging Vamana graphs.

7.2 Guideline of Tuning A

As HNSW-Merger introduces a parameter A to indicate the number of neighbors retrieved during
the forward search, we next provide guidelines for tuning this parameter. We differentiate between
two cases: (1) merging two HNSW indexes; and (2) merging multiple HNSW indexes.

Case 1: Merging two HNSW indexes. We use a fixed A in this case and suggest setting A = 4
in practice. This is because we found that a small A (e.g., 4) consistently works well across different
datasets, including GloVe25 [2], SIFT10M [5], Deep10M [17], Turing10M [3], Cohere10M [4],
SIFT100M [5], and SIFT1B [5]. We also studied the impact of A in Figure 8 (ranging from 1 to 20).
The results show that larger A values yield better merged index quality, but A = 4 provides a good
balance between merge time and quality.

However, after the index has been serving vector search for some time, if the application requires
a higher recall rate, a larger A can be used. In that case, we suggest keeping A below 10 (based on
the observations in Figure 8), and it should never exceed the M parameter (which is usually 32).
Here, M is a build-time parameter of HNSW that specifies the maximum number of edges a point
can establish in the graph at each layer of the index.

Case 2: Merging multiple HNSW indexes. We use an adaptive A in this case because after
multiple merges, a fixed A can lead to accumulated quality loss. We conducted an experiment shown
in Figure 9 to demonstrate that using a fixed A = 4 to merge 10 HNSW indexes results in a 40%
quality loss. We designed an adaptive A (described below) to determine the value of A based on the
current sizes of the indexes and their initial sizes before applying our algorithm. Figure 9 shows
that using an adaptive A determined by our mechanism can achieve comparable index quality (e.g.,
92.3%~97.3% of the QPS) to the rebuild baseline even after merging 10 times, which demonstrates
that our adaptive A strategy effectively mitigates the performance degradation caused by repeated
merges.

We next describe our approach for adaptively setting A. Assume there are s HNSW indexes to be
merged: Iy, I, . . ., I,. We begin by merging I; and I, using the default A = 4, as mentioned above
(denoted as Ay). For subsequent merges, we design a linear function F(|I;|, |I;|, |I1], |L2]) to set A,
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where I; and I; are the current indexes being merged, and I; and I, are the initial ones. The intuition
is that as more indexes are merged, a larger A should be used.

To determine this linear function, we observe that the growth of A correlates with the search
complexity of HNSW, which follows a logarithmic trend with respect to index size during the for-
ward search. Therefore, we express F(|I;|, |I;], |I1], |I2|) as F(log(max(|;], |I;])), log(max (|11, |2]))),
since the forward search always starts from the smaller index toward the larger one (as described
in Section 3). To determine the slope of the linear function, we use two boundary points, with
intermediate values obtained via interpolation. The first point is (4o, Np), where Ny = max(|1|, | L),
representing the initial merge. The second point is (Amax, Nmax), Where Apay represents the maxi-
mum value (i.e., M), and Npyax = Amax X No. The intuition is that if the merged index becomes too
large (e.g., larger than Np,.«), we set A to M. Note that even when A reaches M, our algorithm still
significantly outperforms the rebuild-based approach. Moreover, when A reaches M, it indicates
that the merged indexes have achieved a quality equivalent to a newly built index, which means
that A can be reset to ¢ for the next merge. we also reset Ny at this time. With this function, all the
intermediate values can be obtained via interpolation. As mentioned earlier, we have conducted an
experiment in Figure 9 to verify the effectiveness of this approach.

8 Experiments
8.1 Experiment Setup

We implement our HNSW-Merger based on HNSWIib [8], a widely adopted C++ library for HNSW
indexing.

Datasets. We use the following standard datasets commonly used in the area of vector databases:
SIFT10M, 100M, and 1B [5]; Deep10M [17]; TuringlOM [3]; GloVe25 [2]; and Cohere10M [4].
Three real-world datasets are involved. Deep10M is an image descriptor dataset pretrained on the
ImageNet classification task [17]. Turing10M consists of Bing queries encoded to capture similarity
of intent in web search queries [3]. Cohere10M [4] contains a preprocessed version of Wikipedia
data suitable for semantic search. Table 1 summarizes the data statistics.

Experimental Platform. All 10 M-scale experiments — including baseline comparisons, parallelism
and memory-efficiency evaluations, multi-index merging, and ablation studies — are performed
on a dual-socket server with 76 physical cores (152 threads) of Intel Xeon Platinum 8368 CPUs at
2.40 GHz and 188 GB DRAM. The system runs Ubuntu 20.04, and all data and indexes reside on
local SSDs. For the 100 M- and 1 B-scale scalability tests, we use a separate quad-socket machine
with 96 physical cores (192 threads) of Intel Xeon Platinum 8168 CPUs at 2.70 GHz and 3 TB DRAM,
also running Ubuntu 20.04, to provide a high-memory environment.

Competitors. We compare HNSW-Merger with six baselines: (1) rebuilding a new index from
scratch (used in Milvus [38]), (2) inserting vectors into an existing index (used in SingleStore-V [18]),
(3) Elasticsearch’s index merge algorithm [15], (4) Naive Graph Merge (NGM) [32], (5) Intra Graph
Traversal Merge (IGTM) [32], and (6) Cross Graph Traversal Merge (CGTM) [32]. For Elasticsearch,
we reimplement its Java Lucene [9] code® based on HNSWIib (C++) to ensure a fair comparison. We
also translate Python code® of NGM, IGTM, and CGTM [32] into C++ reusing HNSWIib’s codebase.
We open-sourced our implementation.

Parameters. We adopt the standard HNSW configuration and, unless otherwise noted, use the
default values listed in Table 2. These include the maximum number of neighbors per point (M),
the sizes of construction priority queues (efc), as well as the merge-specific parameter A used in

Shttps://github.com/apache/lucene/tree/main/lucene/core/src/java/org/apache/lucene/util/hnsw
Shttps://github.com/aponom84/merging-navigable-graphs
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forward search. In the index quality experiment, our ef’s varies from 100 to 1000 to demonstrate
the search performance.

Evaluation Metrics. We evaluate different index merging algorithms using two metrics: index
merge time and index quality. Index quality measures how well the merged index supports vec-
tor search, including vector search performance (QPS) and recall rate, under a single-threaded
environment.

Compiler flags. We compile all algorithms with the 03 for optimization and the fopenmp flag to
enable parallel execution.

8.2 Comparison on Different Datasets

In this experiment, we compare our merging algorithm with six baseline methods under single-
threaded settings. Experiments are conducted on five datasets (SIFT10M, Deep10M, Turing10M,
GloVe25 and Cohere10M). For each run, we evenly split the dataset into two parts, build an index
on each part using default construction parameters, and then merge the two indexes using different
algorithms.

8.2.1 Merge Time. We first compare merge times across algorithms to evaluate merge performance.
Figures 3a, 3b, 3c, 3d, and 3e report merge times on SIFT10M, Deep10M, Turing10M, GloVe25
and Cohere10M, respectively. In all cases, HNSW-Merger delivers the fastest performance, achiev-
ing speedups of 4.8 ~ 11.6X over baselines on SIFT10M, 3.5~ 9.6X on Deep10M, 4.2 ~ 10.7X on
Turing10M, 4.4 ~ 10.4X on GloVe25, and 2.2 ~ 9.2X on Coherel10M.

The superior merge performance of HNSW-Merger comes from two aspects: it reuses the existing
neighbor connections in the input indexes to avoid redundant graph construction, and it limits
every HNSW search to a fixed-size set of top-A candidates, greatly reducing unnecessary distance
computations and search overhead. Unlike NGM [32], IGTM [32], and CGTM [32] — which at each
layer perform two-way nearest-neighbor searches between the two graphs — our HNSW-Merger
uses a one-way forward HNSW search only. Moreover, the forward search in HNSW-Merger uses a
small search parameter A, rather than a value near or significantly higher than efc used in those
approaches.

8.2.2 Index Quality.

To evaluate index quality, we conducted experiments to evaluate how well the constructed
indexes from different approaches support vector search. We plotted the QPS and recall rates
achieved under varying ef's settings.

Figures 3h, 3i, 3j, 3k, and 31 compare the vector search performance of HNSW-Merger against
six baselines on SIFT10M, Deep10M, Turing10M, GloVe25, and Cohere10M datasets. On SIFT10M,
HNSW-Merger achieves approximately 92.8% ~ 94.7% of the rebuild approach’s QPS with 11.6X
faster merging speed, and 90.8% ~ 92.9% of the highest-performing NGM baseline with 8.8x faster
merge speed. On Deep10M, HNSW-Merger sustains roughly 90.1% ~ 91.5% of rebuild QPS with 9.6x
faster merging speed. On GloVe25, HNSW-Merger sustains roughly 90.0% ~ 93.0% of rebuild QPS
with 10.4% faster merging speed. On Cohere10M, HNSW-Merger sustains roughly 94.8% ~ 105.8%
of Elasticsearch QPS with 2.2x faster merging speed. Interestingly, on Turing10M, HNSW-Merger
even slightly outperforms rebuild, achieving 102.1% ~ 109.2% the QPS as well as 10.7X the merge
speed, while matching 90.6% ~ 93.4% of NGM QPS and 8.6x the merge speed.

The small performance gaps reflect our design choice of a relatively small forward-search
parameter A, which we tune to balance merge time and index quality. As detailed in Section 8.7.3,
increasing A yields higher recall and throughput at the cost of longer merge time. Overall, these
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Fig. 3. Comparing Merging Algorithms

results demonstrate that HNSW-Merger delivers search performance on par with rebuilding and
other baselines, while offering substantially faster merge times.

8.3 Experiments on Larger Dataset

We further assess our merge algorithm on larger datasets, SIFT100M and SIFT1B, which include
100 million and 1 billion vectors. For each trial, we split the dataset evenly into two subsets, build
separate HNSW indexes with the default construction parameters, and then merge them using
each merge method. We evaluate merge time and index quality using the same metrics as in the
10M experiments. The results are presented in Figure 3f, 3g, 3m, and 3n.
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Fig. 4. Evaluating HNSW-Merger on Parallelism and Memory-Efficiency

Figure 3f reports merge times: HNSW-Merger (A = 4) completes merging 11.0x faster than rebuild,
3.6X faster than Elasticsearch, and 7.9% faster than NGM. Even HNSW-Merger with A = 20 shows
1.4~3.7X speedups compared to other baselines. There are a few reasons for the slight performance
gap, as HNSW-Merger is optimized for fast index merging. (1) HNSW-Merger uses one-way search
(i-e., forward search only), while ES and NGM use two-way search (i.e., both forward and backward
searches) to connect edges. (2) Even for the forward search, HNSW-Merger uses a small 1 to select
the top nearest neighbors to connect. These two factors might slightly affect the index quality,
but the benefit is a significant improvement in index merge performance. We believe that such a
tradeoff is worthwhile. Figure 3m compares search performance: HNSW-Merger (A = 20) sustains
108.2%~117.5% of the QPS of the rebuild baseline, 102.9%~112.9% of the Elasticsearch approach, and
96.4%~103.6% of the NGM method. These figures show that our merge strategy produces indexes
of comparable or even better search quality even at large scale.

For the 1-billion-scale experiment, Figure 3g shows that, HNSW-Merger completes merging 9.7x
faster than rebuild and 3.1x faster than FElasticsearch. Figure 3n compares search performance:
HNSW-Merger sustains 97.1%~115.4% of the QPS of the rebuild baseline and 95.9%~116.8% of the
Elasticsearch approach.

This performance pattern mirrors our 10M results, showing that HNSW-Merger consistently
achieves substantial speedups without sacrificing index quality, even on large-scale datasets.

8.4 Evaluation of Parallelism

We evaluate the parallel performance of HNSW-Merger on the SIFT10M dataset using 1, 2, 4,
8, 16, 32, 64, and 128 threads. As shown in Figure 4a, HNSW-Merger exhibits excellent parallel
efficiency with near-linear speedup.

8.5 Evaluation of Memory-efficient Design

To quantify memory consumption, we track the process’s physical DRAM footprint over time
for our memory-efficient merge strategy versus a basic all-in-memory approach.

We set the total memory usage (including both RSS and OS page cache) to 8 GB by default and 2 GB
for the constrained experiment, using the command systemd-run —scope -p MemoryMax=xGB.
No temporary files are used.

Figure 4b illustrates the results on 8GB limit working on SSD and HDD. At the beginning, both
methods perform an initial loading phase, but the all-in-memory method quickly rises to ~23 GB
as it holds both source indexes and the merged index entirely in memory for reads, writes, and
computation. This allocation persists throughout merging and is only released after the merged
index is flushed to disk. By contrast, our memory-efficient method loads only the active layers of
the indexes and constructs the merged index in memory, peaking at ~5 GB before immediately
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Fig. 5. Comparing Multi-Index Merge Strategies on SIFT10M

releasing most memory once the merged index is initialized. During the merge process, the memory-
efficient method focuses on one layer of the graph at a time from disk, loading potentially usable
vector data into memory, where memory usage rises to ~7.2 GB. After executing each stage on
any layer, the algorithm releases all unnecessary data, causing the RSS usage to drop in the
figure. Overall, our optimization reduces peak RSS usage by ~3.3X compared to the all-in-memory
baseline, showing its suitability for resource-constrained environments. The total read volume of
30.4 GB and a write volume of 14.7 GB, measured by summing the total number of bytes read or
written through ifstream and ofstream. Although merge time increases due to additional disk
I/0O, memory-efficient merge strategy on SSD still achieves a 2.2x speedup over the fastest baseline
(Elasticsearch), showing that it retains its performance advantage even under memory-constrained
settings. Compared with the SSD experiment, the HDD experiment takes longer to merge, as the
HDD is slower than SSD. It confirms that our algorithm works on HDD as well.

For the constrained experiment, which limits the memory budget to 2 GB, Figure 4c confirms that
our HNSW-Merger still works. The merge time is about 7x longer than when the memory budget
is limited to 8 GB due to more frequent disk reads and writes, which is expected. The performance
pattern mirrors the previous 8 GB experiment. The peak RSS reaches 2.0 GB, with a read volume of
92.8 GB and a write volume of 14.7 GB. No temporary files were used in this setting either.

8.6 Evaluation of Merging Multiple Indexes

We compare our large-first multi-index merge strategy against three alternative merge orders -
random merge, small-first merge (merging the two smallest indexes at each step), and full rebuild
from scratch - evaluating both merge time and index quality. We conduct these comparisons on
unbalanced datasets, where the indexes to be merged have sizes of 1M, 1M, 1M, 2M, and 5M. We
run our experiments under the default configuration.

Figure 5a presents the merge times: large-first achieves a 1.3x speedup over small-first, a 1.2X
speedup over random merge, and a 3.2X speedup over full rebuild. Figure 5b shows the QPS-recall
trade-off curves for the four methods. These curves are almost overlapping, confirming that our
merging method is comparable to other methods in terms of index quality. Overall, this empirical
validation confirms our complexity-based proof of the superior efficiency of the large-first merge
strategy.

8.7 Ablation Study

To assess the effectiveness of key optimizations, we conduct ablation study on the design choice of
one-way search, impact on merging clustered and unbalanced indexes , number of candidate neigh-
bors A during forward search, and Vamana graph extension. We perform all ablation experiments
on the SIFT10M dataset under the default configuration.

8.7.1 Impact on Forward Search and Backward Direct-Connect.
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Fig. 6. Comparing Our Approach with Naive Forward Search and Backward Search on SIFT10M

We compare naive forward search with our optimized forward search and evaluate both index
quality and merge time. Figure 6 reports that naive forward search achieves 113.5%~118.0% index
quality while increasing merge time by approximately 4.4X. We also compare backward direct-
connect with backward search and evaluate both index quality and merge time. This figure also
reports that backward direct-connect achieves the same index quality while reducing merge time
by approximately 1.8X. These two experiments show that our forward-search and backward-direct-
connect design is good for merging HNSW indexes.

8.7.2  Impact on Clustered and Unbalanced Index Merging.

Next, we conduct experiments on extreme cases, including merging two indexes with non-
overlapping regions and extremely unbalanced indexes.

In the first experiment, we partitioned a dataset into two halves of the same size, V; and V3, using
K-means clustering. In this way, V; and V; are disjoint and non-overlapping regions. Then, we built
an index I; for V; and I; for V, and merged them. We compared our approach with other baselines
under this scenario. Figure 7a and 7c shows the results. It shows that our HNSW-Merger achieves
speedups of 5.3~13.7X over the baselines and achieves approximately 95.8%~98.2% of the rebuild
approach’s QPS and 92.5%~94.7% of the highest-performing Elasticsearch baseline. This confirms
that our approach also works on sparse or non-overlapping regions.

In the second experiment on merging highly unbalanced indexes, we split the SIFT10M dataset
into two subsets, 9M and 1M, and built indexes based on the two subsets, then merged them together.
The results are shown in Figures 7b and 7d. HNSW-Merger achieves 2.7~35.0x speedups compared
to other baselines and reaches 91.8%~94.1% of the QPS of the highest-performing rebuild/insert
baseline and 93.7%~95.8% of the Elasticsearch approach. This confirms that our approach works in
unbalanced scenarios.

8.7.3 Impact on A Selection. We vary A over {1,2,...,10, 15,20} to investigate how the size of
the forward-search parameter influences the QPS-recall trade-off. As A increases, Figure 8a shows
that merge time grows nearly linearly with A, while Figure 8b demonstrates improvements in the
QPS-recall curve. The reason for this is obvious: the larger the A, the higher the search cost, but
the more accurate the selection of neighbors for each point in the merged index. Comparing our
HNSW-Merger with A = 20 with rebuild from scratch SIFT10M dataset, our algorithm achieves
98.3%~106.6% index quality while 4.5X index merge speed. These confirm that larger A values
enhance index quality at the expense of higher construction cost. Based on this trade-off, we select
A = 4 as the default in our two-index merge experiments to balance search effectiveness and merge
efficiency. Depending on application requirements, users may opt for a larger A to prioritize index
quality or a smaller A to minimize merge time.

We also evaluate our dynamic A strategy (described in Section 7) by comparing it with a fixed
A and the rebuild-based approach under the scenario of merging ten 1M indexes. Figure 9 shows
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the results. We can see that using a fixed A leads to a 40% quality drift, while using our dynamic A
achieves comparable index quality to the rebuild approach.
8.7.4 Extending to Vamana Graph.

We implement the design and add an experiment to compare the rebuilding approach with our
approach for merging two Vamana indexes. Figure 10 shows the results. It shows that our approach
is 3.2x faster while achieving comparable index quality.
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Fig. 10. Extending Our Approach to Vamana Graph

9 Related Work
9.1 Merging Approaches for HNSW Indexes

Rebuild-based Methods. A straightforward approach rebuilds the HNSW index entirely from
scratch by merging all source vectors. Milvus [38] applies this strategy during segment compaction,
rebuilding each segment’s HNSW index from its stored vectors. However, it does not leverage the
existing graph proximity information from input indexes that HNSW-Merger heavily uses.

Insert-based Methods. Insert-based merge approaches add points from one index into another
using standard HNSW insertion procedure. They do not fully leverage the existing graph edges
when handling merges. Systems like SingleStore-V [18] and Elasticsearch [15] employ this strategy.
SingleStore-V copies one index and incrementally inserts the other’s points [18]. Elasticsearch [15]
uses an optimized method. The high-level goal is to avoid running the full, multi-layer HNSW
insertion for every point from the smaller graph. It fully inserts only a small set of selected points
J € G, into G; using the standard HNSW insertion procedure across all layers, and uses a more
efficient method for the rest. For each remaining point u € G; \ J, it reuses u’s neighbors already
merged into G, (either from J or by ID order) and these neighbors’ connections as entry points
for a greedy beam search at the bottom layer, adding edges based on the search results, while
applying the normal insertion procedure for higher layers. This reduces the number of expensive
full-index insertions while still leveraging existing graph edges to find good connections for the
rest of the points. However, computing J can be costly, and the method still performs extensive
searches for points not in J because the candidate set for beam search and result list is large,
which burden the cost of search during insertion phase. Also, this algorithm does not fully exploit
small-world connectivity or the existing edge structure. In contrast, our HNSW-Merger reuses
every existing neighbor list in both G; and G, and performs only small top-A forward searches -
never recalculating all the neighbor lists of points from scratch — thereby cutting all redundant
distance computations in HNSW search.

Search-based Methods. Ponomarenko [32] views merging two HNSW indexes G; and G as
an iterative, layer-by-layer two-way neighbor search, by building efficient connections between
indexes to merge indexes. They proposes three algorithms — NGM, IGTM, and CGTM - that
differ only in traversal order. In NGM, at each layer a point in G; (or G;) refines its neighbor list
by merging its own edges with the results of a full nearest-neighbor search in the other graph,
then prunes to satisfy the degree limit. IGTM and CGTM reduce repeated full-graph searches by
warm-starting: IGTM picks the next point near the last updated point within the same graph, while
CGTM selects the next point globally across both graphs. Despite these optimizations, each method
still performs a two-way nearest-neighbor search from every point in one graph to the other at
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every layer, leading to heavy search overhead. In contrast, HNSW-Merger conducts forward HNSW
search only in G, for points in Gy, uses a lazy backward direct-connect to connect from G, back to
G; without any explicit backward searches, and limits each search to the top-A candidates rather
than the full efc set, dramatically cutting traversal and distance-computation costs.

9.2 Other Related Work

Zhao et al. [43] propose algorithms for merging k-NN graphs. However, their approaches are
not applicable to merging HNSW graphs due to fundamental differences in graph structure. For
example, k-NN graphs require edges to represent the nearest neighbors, whereas HNSW graphs
include both long-range and short-range edges that are not necessarily nearest neighbors.

10 Conclusion

In this work, we introduced HNSW-Merger, an out-of-place, two-stage algorithm for merging
HNSW indexes that combines a lightweight forward search with a lazy backward direct connect
mechanism, achieving significant speedup over prior approaches while maintaining comparable
or higher index quality. Building on this core, we developed a parallel merging strategy and a
memory-efficient design to improve performance and reduce resources. We also extended our
method to multi-index scenario.
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