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ABSTRACT

Graph-based indices are widely used for approximate nearest neigh-
bor search (ANNS). Under dynamic workloads, existing ANNS sys-
tems amortize update overhead with large batches, but large batches
degrade index quality. We identify two key limitations in existing
systems when handling small-batch updates. First, they still scan
the entire index to repair the affected graph topology and rebuild
the index, causing heavy I/O. Second, their naive repair introduces
many edges, repeatedly triggering costly neighbor pruning with ex-
pensive distance computations. To address these issues, we propose
a topology-aware localized update strategy that exploits the locality
of small-batch updates to reduce unnecessary I/O and computation.
Specifically, we introduce a lightweight graph topology that quickly
identifies affected nodes without full index scans, and a localized
update mechanism that restricts modifications to the pages contain-
ing these nodes. Moreover, we design a similarity-aware localized
connection method that links each affected node to a small set
of highly similar neighbors, avoiding redundant edges and costly
pruning. Extensive experiments show that our update strategy
achieves 2.39-5.96x higher update throughput than the state-of-
the-art graph-based streaming ANNS system FreshDiskANN while
maintaining high search efficiency and accuracy.
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1 INTRODUCTION

Approximate nearest neighbor search (ANNS) for high-dimensional
vectors has become a critical component in modern data-driven ap-
plications, with widespread usage in information retrieval [6, 41, 49,
65], recommendation systems [14, 39, 42, 50], and large language
models (LLMs) [9, 17, 26, 29, 30, 33, 47, 51, 72]. To accelerate ANNS
while maintaining high search accuracy, some query indices have
been developed. These indices can be categorized into two types:
graph-based indices [16, 18, 19, 24, 36, 48, 53, 61] and partition-based
(clustering-based) indices [10, 13, 20, 22, 25, 68], where graph-based
indices have attracted widespread attention due to their superior
performance in search efficiency and accuracy, particularly when
dealing with high-dimensional vectors [8, 19, 34, 61, 62]. Conse-
quently, many ANNS systems adopt graph-based indices to enable
efficient retrieval [12, 23, 24, 37, 53, 61]. However, for a large number
of high-dimensional vectors, graph-based indices tend to be sub-
stantially large, often exceeding the memory capacity of commodity
PCs [61]. Therefore, existing systems commonly store indices on
disk [23, 24, 53, 61], enabling cost-effective scalability.

However, in real-world applications, data is constantly evolving,
such as product listings on e-commerce platforms like Alibaba’s
Taobao and content updates on social media platforms like Twitter
and Instagram [35, 63, 68]. To keep up with these changes, ANNS
systems must rapidly update their indices to maintain low search
latency and high accuracy [68]. This capability is especially criti-
cal for Al applications processing streaming data, such as emails
and chat histories, where timely insertion of new embeddings en-
sures that the most relevant and up-to-date content is retrieved for
downstream tasks.

Motivation. Although existing graph-based ANNS systems have
demonstrated excellent performance in search efficiency, accuracy
and scalability, they experience significant performance bottlenecks
when handling vector updates with frequent insertions and dele-
tions. To amortize update overhead, these systems adopt batch pro-
cessing and typically accumulate large batches to improve through-
put [3, 53, 59, 63]. However, we find that batch update strategies
face a trade-off between update efficiency and search accuracy. We
evaluate FreshDiskANN [53], a state-of-the-art batch update ANNS
system on disk [68], with different batch sizes on the GIST dataset
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Figure 1: The ratio of affected
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index.

Figure 2: The ratio of disk space
size occupied by vectors and
graph topology in the index.

(detailed in Table 1). We find that as the batch size increases, the
update throughput improves significantly, but the search accuracy
(i.e., recall) decreases. Specifically, when the batch size increases
from 0.1% to 8% of the dataset, the update throughput improves by
5.58%, while the search accuracy drops from 92.06% to 89.21%. This
indicates that although increasing the batch size improves update
throughput, it significantly sacrifices the search accuracy. In light
of this, is it possible to improve the update throughput of graph-based
indices under small-batch updates without compromising accuracy?

Our Goal. In this work, we aim to improve the update performance
of graph-based indices under small-batch updates while maintain-
ing high search efficiency and accuracy.

Drawbacks of Graph-Based Index Updates. Existing graph-
based indices suffer from two main drawbacks under small-batch
updates:

(1) Inefficient disk I/O. Existing graph-based indices suffer from
substantial unnecessary I/O during updates, mainly due to the
following two reasons. First, these index update methods scan the
graph topology to identify and repair the affected topology, and
then use the updated topology to rebuild a new index [68]. However,
in small-batch update scenarios, the proportion of affected nodes is
typically very small. For example, as shown in Figure 1, when 0.1%
of the nodes are inserted and deleted in three real-world datasets,
only 4%-13% of the nodes are actually affected. This implies that
existing methods incur a large amount of unnecessary I/O (about
96% I/0O in the GIST dataset).

Second, to optimize search performance, existing graph-based
indices typically store each node’s vector and its outgoing neigh-
bors together, enabling a single I/O operation to retrieve the vector
and outgoing neighbors [18, 23, 24, 53, 61]. However, this coupled
storage design results in significant I/O waste when scanning the
graph topology to locate nodes affected by deletions, as the vector
data is not needed. This inefficiency is especially pronounced in
high-dimensional vectors, where vector data is considerably larger
than the graph topology. As shown in Figure 2, on three real-world
datasets—SIFT1M (128 dimensions), DEEP (256 dimensions), and
GIST (960 dimensions), the graph topology with 32 neighbors ac-
counts for only 3%-21% of the total index size.

(2) Frequent heavy neighbor pruning. When a node’s neighbors are
deleted, existing repair methods connect it to all neighbors of
deleted nodes to compensate for the lost connectivity and maintain
the graph’s navigability. However, in small-batch updates, few edges
are typically deleted from a node, but the repair methods always
add many new edges, greatly increasing the number of neighbors
and degrading search performance. To mitigate this issue, existing
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methods prune neighbors to keep their number below a predefined
threshold [53], e.g., 32. However, the neighbor pruning requires
computing similarities (distances) between all pairs of neighbors,
which imposes high computational overhead and severely degrades
update performance, especially in high-dimensional spaces.

Insights and Solution. To overcome the drawbacks of index with
small-batch updates, we design a topology-aware localized update
strategy for graph-based ANNS indices on high-dimensional stream-
ing vectors, which is designed based on two insights. One key in-
sight in exploiting the localized nature of small-batch updates, only
a small subset of nodes are actually affected, allowing us to perform
targeted modifications to the index file, thereby significantly re-
ducing unnecessary I/O. Another key insight is the locality of new
connections, existing methods connect affected nodes to all outgo-
ing neighbors of the deleted node, but most of these connections
are eventually discarded after the neighbor pruning, e.g., about
84% new connections are discarded on the GIST dataset, which in-
spired us to connect affected nodes to only a few carefully selected
outgoing neighbors of the deleted node.

Based on the above insights, we propose two key designs to
update graph-based high-dimensional vector indices efficiently and
locally. (1) Topology-Aware Affected Node Identification and
Access (localized I/0). We first propose a topology-aware ANN
index that includes a query index and a lightweight graph topol-
ogy. The query index is used for efficient ANNS, while the light-
weight graph topology enables fast identification of affected nodes
without accessing vector data. After that, the affected vertices are
read locally, instead of scanning the entire index file as existing
methods [3, 53]. Then their neighbors are updated. (2) Similarity-
Aware Localized Connection (localized computation). We propose
a similarity-aware localized connection method that repairs only
the affected region. For each affected node, it links the node to a
small set of highly similar outgoing neighbors within the deleted
node’s local area. This preserves navigability toward the deleted
region while minimizing redundant edges and avoiding the costly
neighbor pruning typically required to enforce degree limits.

In summary, we make the following contributions.

e We propose a topology-aware index that efficiently identifies
the affected nodes using a lightweight graph topology without
accessing unnecessary vector data (Section 4.1).

o We provide a localized update method that restricts index mod-
ifications to only the pages containing affected nodes, thereby
minimizing I/O overhead (Section 4.2).

e We propose a similarity-aware localized connection method
that reduces redundant connections, avoiding frequent costly
neighbor pruning (Section 5).

e We implement a graph-based streaming vector ANNS system,
Greator, that incorporates a topology-aware localized update
strategy (Section 6), and conduct a comprehensive evaluation on
eight real-world datasets (Section 7). Results show that Greator
achieves 2.39-5.96X higher update throughput than the state-of-
the-art graph-based streaming ANNS system FreshDisk ANN
while maintaining high search efficiency and accuracy.
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2 BACKGROUND

This section first introduces the background of graph-based ap-
proximate nearest neighbor search (ANNS), followed by a detailed
explanation of the update methods for graph-based indices on disk.

2.1 Graph-Based ANN Index

Let X = {xo, x1, ..., Xn—1} denote a vector dataset of n vectors, where
each vector x; € RY represents a d-dimensional vector. The distance
between two vectors, xp € RY and Xq € Rd, is represented as
dist(xp, xq). The distance function can be the Euclidean distance,
cosine similarity, or other metrics.

Approximate Nearest Neighbor Search (ANNS). Given a vector
dataset X and a query vector x4 € R, the goal of approximate
nearest neighbor search (ANNS) is to retrieve a set Ry.,,,, of K vectors
from X that are closest to Xg, Note that the retrieved results are
not guaranteed to be optimal. Typically, the accuracy of the search
result R, is evaluated using the recall, defined as RecallK@K =
m, where Rexqcr is the ground-truth set of the K closest
vectors to x4 from X. The goal of ANNS is always to maximize the
recall while retrieving results as quickly as possible, leading to a
trade-off between recall and latency.

Graph-Based Vector Index. Given a vector dataset X and a graph-
based index G = (V,E) of X, where V is the set of nodes with
|V] = |X]. Each node in V corresponds to a vector in X. Specifically,
xp denotes the vector data associated with node p, and dist(p, q) rep-
resents the distance between two nodes p and q. E is the set of edges
constructed by a specific index algorithm based on vector similarity.
Nout (p) and Ni, (p) denote the outgoing neighbor set and incom-
ing neighbor set of p, defined as Nyy:(p) = {v|edge(p,v) € E}
and Nj, (p) = {v|edge(v, p) € E}. Figure 3a illustrates an example
vector dataset X, while Figure 3b presents its graph-based index.

Existing graph indices typically maintain only unidirectional
graphs with outgoing neighbors, especially in disk-based imple-
mentations [68]. This is because, in graph-based indices [16, 23, 24,
36, 61], the number of outgoing neighbors for each node is relatively
uniform and bounded by a predefined threshold R, allowing fixed
space allocation for outgoing neighbors and independent updates.
In contrast, the number of incoming neighbors varies significantly,
and allocating fixed space for them leads to storage waste. Alterna-
tively, compact storage requires adjusting the storage locations of
subsequent nodes as the number of neighbors increases, incurring
unacceptable overhead [31, 74, 79]. Moreover, maintaining consis-
tency in bidirectional graphs during concurrent updates can also
degrade index update performance.
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ANNS with Graph-Based Index. Graph-based ANNS typically
employs the beam search algorithm [24], a variant of best-first
search. Specifically, the algorithm initializes a priority queue with a
predefined entry, which is either randomly selected or determined
heuristically. In each iteration, it greedily extracts the top-W closest
nodes to the query vector from the queue, explores their neighbors,
and inserts qualified candidates back into the queue. This process
repeats until a stopping criterion is met, such as reaching a prede-
fined search limit L. By adjusting L, beam search achieves a tunable
trade-off between search accuracy and efficiency.

2.2 Disk-Based Graph Index Updates

As introduced in Section 1, modern applications increasingly re-
quire dynamic updates (insertion/deletion) and queries for vector
data [40, 53, 59, 63, 68]. In these applications, the index needs to
promptly respond to vector updates to ensure search accuracy and
efficiency. For example, as shown in Figure 3¢, when node v (cor-
responding to vector xi) is deleted, the existing index structure
fails to return the target search result (i.e., node vg) because there
is no path from the entry (i.e., v9) to reach it. Therefore, the index
structure needs to be updated accordingly. Figure 3d illustrates a
typical repair process used in existing methods [53], where the in-
coming neighbor vy of the deleted node v; is directly connected to
v1’s outgoing neighbor set {v4, v5, v6}. Subsequently, the neighbors
of vy are pruned to satisfy a predefined limit R (set to R = 3 in the
figure). The final updated index is shown in Figure 3e, where the
modified index structure allows ANNS to efficiently and accurately
retrieve the target node vg.

However, efficiently updating indices while maintaining search
accuracy remains a significant challenge. As shown in Figure 3d,
when a node is deleted, its incoming neighbors must be repaired to
maintain the navigability of the index. As discussed in Section 2.1,
existing graph-based indices typically adopt a directed topology
that stores only outgoing neighbors. Consequently, to identify and
repair all affected nodes (i.e., incoming neighbors of deleted nodes),
existing methods must scan the entire index. Furthermore, since
graph-based indices in existing systems are often stored on disk
to support large-scale vector data, the update overhead is further
amplified by disk I/O.

Existing methods typically adopt a batch update mechanism
[3, 53, 59, 63]. Next, we describe this procedure, which consists of
the following three phases.

Deletion Phase. This phase repairs the neighbors of all nodes affected
by each deleted node p (i.e., the incoming neighbors of p). However,
since graph-based indices do not store the incoming neighbors of
each node, they cannot directly access Nj,(p). As a result, nodes



Algorithm 1: Delete(Lp, R, ) [53]
Input: Graph G(V, E) with |V| = n, set of nodes to be deleted Lp
Output: Graph on nodes V’ where V' =V \ Lp
1 begin
2 foreach p € V\ Lp s.t. Noy:(p) N Lp # 0 do
3 D (_Nout(p) N Lp;
4 CHNout(P)\Di
5
6

// initialize candidate set
foreach v € D do
| €« CUNow(v)\Lp);

7 Nout(p) < RobustPrune(p, C, @, R);

and their neighbor lists must be loaded block by block from disk.
For each block, Algorithm 1 (following the procedure in [24]) is
executed on all resident nodes, and the modified blocks are written
to a temporary intermediate index file on disk.

As shown in Algorithm 1, for each affected node p, a new candi-
date neighbor set C is constructed. All non-deleted nodes in Nyt (p)
are first added to C. In addition, for each deleted node v € Nyy:(p),
all non-deleted nodes in Ny (v) are also added in C. Next, a costly
neighbor pruning (i.e., RobustPrune algorithm [53]) is applied to
C to enforce the neighbor size constraint. The pruned result is
then assigned as the new neighbor set of p. It is worth noting that
RobustPrune [53] involves numerous expensive pairwise distance
computations between vectors, with a computational complexity
of O(|C|?).

Insertion Phase. For each inserted node p, a greedy search (i.e.,
GreedySearch [53]) is performed on the graph, which requires
random reads from the index file. Based on the search results, the
neighbors Ny (p) of p are constructed. Furthermore, for all out-
going neighbors of p (i.e., Noy: (p)), a reverse edge to p needs to
be added, i.e., {edge(p/,p) |p/ € Nour(p)}. However, immediately
inserting the vector, its neighbors, and corresponding reverse edges
of p causes random writes. To avoid this, all updates are first stored
in a temporary in-memory structure A, which merges updates tar-
geting the same disk page, processing in the next phase.

Patch Phase. This phase applies the updates stored in A from the
insertion phase to the temporary index file and generates a new
index file. Specifically, it sequentially reads each node p from the
temporary index file on the SSD in blocks, adds the edges of node p
from A to Noy:(p), and checks whether the new degree |Noy: (p) U
A(p)| exceeds a given threshold (e.g., R). If the threshold is exceeded,
neighbor pruning is triggered using the RobustPrune [53]. Finally,
all updated blocks are written to the new index file on the SSD.

In summary, existing batch update methods scan the index file
twice to identify and repair affected nodes [3, 53] during the dele-
tion and patch phases, and generate new index files, leading to
significant I/O overhead. Furthermore, during neighbor updates,
existing repair algorithms (e.g., Algorithm 1) introduce excessive
neighbors, frequently triggering neighbor pruning and further in-
creasing computational overhead.

3 OVERVIEW

We present a topology-aware localized update strategy that enables
fast updates of graph-based index structures in small-batch update
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Figure 4: The update workflow of the topology-aware lo-
calized update strategy. The crossed-out circles represent
deleted nodes, the red circles indicate nodes affected by the
deletion, and the green circles denote newly inserted nodes.
The red pages (e.g., page 0 and page 2) represent the affected
pages that need to be updated.

scenarios. Our strategy primarily enhances update performance
through the following core designs. To reduce I/O overhead, (1) we
introduce a topology-aware ANN index, which includes a query in-
dex and a lightweight graph topology. The query index supports fast
ANNS, while the lightweight graph topology efficiently identifies
affected nodes, avoiding unnecessary I/O caused by scanning the
vector data in the index; (2) we design a localized update method,
updating the index locally based only on the affected nodes, thereby
avoiding modifications to the entire index file. To reduce compu-
tational overhead, (3) we propose a similarity-aware localized
connection method, which selectively connects affected nodes to
a small number of the most similar outgoing neighbors within the
local region of the deleted node. The method adaptively determines
the number of connections based on the current neighbor count
and ensures the neighbor limit is not exceeded, thereby reducing
frequent and heavy neighbor pruning.

Update Workflow. After accumulating a small batch of updates,
our strategy efficiently handles the batch and merges the updates
to the graph-based vector index file on disk. As shown in Figure 4,
this update workflow can be divided into the following three stages.
1) Deletion Phase. This phase begins by processing the deletion
vectors. It first scans a lightweight graph topology significantly
smaller than the query index file to quickly locate the incoming
neighbors affected by each deleted node. Next, to reduce unneces-
sary I/O, only the affected pages (e.g., Page 0 and Page 2 in Figure
4) in the query index are loaded. It then repairs the neighbors of
these nodes using the newly designed similarity-aware localized
connection method, which significantly reduces the frequency of
costly neighbor pruning. Finally, the updated pages are written
back to the query index file. 2) Insertion Phase. This phase pro-
cesses the inserted vectors. Each vector is treated as a new node and
undergoes an approximate search on the query index to determine
its outgoing neighbors. The newly inserted nodes, along with their
neighbor set and vector data, are then written to the query index
file. Meanwhile, the reverse edges corresponding to the outgoing
neighbors of these nodes are cached in a page-aware structure AG



for deferred processing. 3) Patch Phase. Based on the information
in AG, this phase merges reverse edges targeting the same node.
It then loads only the pages corresponding to the affected nodes,
updates their neighbor set using a relaxed neighbor limit, and writes
the updated pages back to the index file.

4 TOPOLOGY-AWARE ANN INDEX WITH
LOCALIZED UPDATE

In this section, we propose a novel index structure that supports
localized updates with minimized disk I/O.

4.1 A Topology-Aware ANN Index

As discussed in Section 2.2, existing methods face a fundamental
dilemma when updating graph-based indices: they require two full
index scans to locate and repair affected nodes because their designs
prioritize search accuracy and efficiency while overlooking update
performance. To optimize both, we propose a new index structure
with two components: a query index for fast vector search and a
lightweight graph topology for efficient updates, as detailed below.

Query Index. To meet the efficiency and accuracy requirements of
vector search, we adopt the state-of-the-art disk-based graph index
methods (i.e., DiskANN [24]) to construct a static query index. In
the on-disk storage layout, each node’s outgoing neighbors and
vector data are stored together in a compact format, as shown in
Figure 4. This co-location design enables a single I/O operation to
retrieve both neighbor information and vector data during search,
thereby reducing I/O overhead.

Although the query index satisfies the efficiency and accuracy
requirements for vector search like DiskANN, it still faces the same
update limitation as existing methods: it cannot efficiently identify
the nodes affected by deletions, as incoming neighbors are not ex-
plicitly stored. As discussed in Section 1, existing methods identify
affected nodes by scanning the entire index file. However, since
the index file contains a large amount of vector data, such scans
incur significant unnecessary I/O overhead. To address this issue,
we introduce a lightweight graph topology, maintained separately
from the query index, which serves as an auxiliary structure to
efficiently identify affected nodes during updates.

Lightweight Graph Topology. We design a lightweight graph
topology that stores only the outgoing neighbors of each node,
as shown in Figure 4. Its content is consistent with the neighbor
information in the query index. By eliminating vector data, the
size of the lightweight topology is typically significantly smaller
than that of the query index file. As shown in Section 1, on the
GIST dataset, the graph topology accounts for only 3% of the total
index size. Based on this design, the update process scans only the
lightweight graph topology to efficiently identify affected nodes,
avoiding the unnecessary I/O caused by scanning vector data in
existing methods.

Notably, we adopt an independent lightweight graph topology
alongside the query index, rather than fully decoupling and storing
the topology and vector data separately. The main consideration
is that fully decoupling and storing both on disk would degrade
query performance, since queries require simultaneous access to
topology and vectors, leading to additional I/O overhead. If the
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decoupled topology is stored in memory, update performance can
be improved, but this approach is difficult to scale to large datasets.

Lazy Synchronization for Index Consistency. Since both the
query index and the lightweight graph topology store the graph’s
structural information, it is necessary to maintain consistency be-
tween them. Note that the lightweight graph topology is used
solely to identify affected nodes during updates and is not involved
in the search process during query. To this end, we adopt a lazy
synchronization strategy. Specifically, the strategy first repairs each
affected node in the query index to quickly restore query availabil-
ity. Then, when a node is updated in the query index, we avoid
blocking to maintain consistency in the lightweight topology; in-
stead, the corresponding structural update of the node is delegated
to a background thread for asynchronous synchronization with
the lightweight graph topology. The only requirement is that, be-
fore the next update begins, all modifications in the query index
must have been synchronized to the lightweight topology to ensure
correctness in identifying affected nodes. It is worth noting that up-
dating the query index typically dominates the overall cost of ANN
index maintenance, as it involves both large-scale vector data and
expensive structural repairs with extensive computation. In con-
trast, the lightweight topology is much smaller and only requires
simple data copying without additional computation, making its
overhead negligible compared to the total update time.

4.2 Page-Level Localized Updates

As described in Section 2.2, existing systems complete index updates
by sequentially scanning the entire index file and reconstructing the
full index. This approach is efficient in large-batch update scenarios,
as most of the sequentially loaded data requires modification, and
the sequential scanning utilizes the high bandwidth of the disk.
However, in small-batch update scenarios, the data loaded contains
a large number of unaffected nodes. As shown in Figure 1, exist-
ing systems read a large number of unaffected nodes, leading to
significant unnecessary I/O overhead.

Page-Level Localized Updates. To eliminate unnecessary 1/O
overhead in existing methods, we propose a fine-grained page-level
localized update strategy, updating only the pages that contain
affected nodes. This strategy follows a three-phase batch update
workflow: deletion, insertion, and patch.

Deletion. During the deletion phase, two steps are performed for
each deleted node. First, the node is removed from the index; second,
the structures of the affected nodes (i.e., its incoming neighbors)
are repaired in the existing index file, avoiding the overhead of
regenerating the index file in existing systems. Specifically, for each
deleted node p, our method removes p only from the mapping
Local_Map, which records the association between node IDs and
their locations in the index file. The freed location is then added
to a recycling queue Freeg. Next, the lightweight graph topology
is used to efficiently identify the set of affected nodes (i.e., nodes
whose neighbor set includes deleted nodes), denoted as Vgt fecred-
For each affected node g € V, ffecreq, our method first locates its
corresponding page in the index file using Local_Map, and then
loads the page via an asynchronous I/O interface. Once loaded, a
lightweight neighbor repair algorithm (SALC, detailed in Section 5.1)
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updates the outgoing neighbor set Ny (g). Finally, the modified
page is written back to the index file.

Insertion. For each inserted node p, our method constructs its out-
going neighbor set Ny (p) using the same method as existing
systems (detailed in Section 2.2). A free storage location is then
retrieved from the recycling queue Freeg; if Freeg is empty, a new
location is allocated at the end of the file. As in the deletion phase,
our method employs an asynchronous I/O interface to write the
relevant data of p, including its vector x;, and neighbor set Nout(p),
to the designated position.

Page-Aware Cache Structure AG. Similar to existing methods,
our method adds reverse edges {edge(p’,p) | p’ € Nout(p)} for
each inserted node p to maintain good index quality. To avoid the
excessive random I/O overhead incurred by writing reverse edges
immediately upon insertion, we cache them in a novel page-aware
cache structure, AG, as illustrated in Figure 5. By organizing reverse
edges in pages, AG reduces redundant updates to the same page.
For each reverse edge, the page ID of the source node in the index
file is first resolved using Local_Map (e.g., resolving edge(vo, v1)
to pagey). Then, the corresponding node table is looked up in the
page table of AG; if it does not exist, a new one is created. Within
the node table, the edge set for the source node ID is retrieved (or
created if absent), and the target node ID is appended to the set.

Patch. To merge the updates in AG into the query index file, our
method first identifies the pages that need to be updated based on
AG’s page table (e.g., pageg in Figure 5). After loading the page
(e.g., pageg) from the query index file, it sequentially processes
the node table associated with pagey in AG. Taking node vg as an
example, we retrieve its pending reverse edge set {v1, v7} and merge
them into the original neighbor set Ny (vo) in pagey, producing
the updated set N, (vo). If [N/ ,,(v0)| > R, a pruning algorithm
is applied to maintain the neighbor count within the limit R (as
detailed in Section 5). After processing vy, the subsequent nodes in
the node table (e.g., v1) are traversed. Finally, once all node updates
in pageo are completed, the updated page is written back to the
query index file via an asynchronous I/O interface.

4.3 TI/0 Overhead Analysis

We compare the I/O overhead during batch updates between our
method and existing methods introduced in Section 2.2. For the
deletion and patch phases, existing methods perform two full index
scans, leading to a total I/O cost of O(2(|X| + |G|)), where |X]| is
the size of the vector dataset. In contrast, our method identifies
the affected nodes by scanning the separately stored lightweight
graph topology file, thus reducing the cost to O(|G|). Additionally,
our method employs a page-level localized update mechanism,
which only requires a small amount of random I/O operations
on the affected node set V¢ fecreq and the incremental graph AG,
with a cost of O([Vyffecredl + IAG|). Therefore, the total cost is
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Figure 6: Distribution of the number of deleted and inserted
neighbors.

approximately O(|G| + |[Vaf rectedl + |AGI). In small-batch update
scenarios where |Vyrfecreal < |X| and |[AG| < |G|, this design
significantly reduces unnecessary I/O operations. For the insertion
phase, both systems perform similar graph search-related random
I/O operations. Overall, our method reduces a significant amount of
I/0 overhead in small-batch updates through decoupled lightweight
graph topology and page-level localized update mechanisms. This
I/0O efficiency is validated by the experimental results in Figure 9
(Section 7.2).

5 LIGHTWEIGHT INCREMENTAL GRAPH
REPAIR

To reduce the expensive vector distance computations caused by
neighbor pruning during updates, we introduce a similarity-aware
localized connection method that mitigates pruning triggered by
both deletions and insertions.

5.1 Similarity-Aware Localized Connection

When a node’s neighbors are deleted, existing methods connect
the affected node to all outgoing neighbors of the deleted nodes
to preserve navigability [53], enabling incremental maintenance
without rebuilding. However, this naive repair inflates the degree
and frequently triggers expensive pruning.

Example 1: Figure 7(a) illustrates a partial graph structure of a
graph-based index, where edge lengths represent vector distances
and each node is limited to at most R = 3 neighbors. Figure 7(b)
demonstrates the naive neighbor repair process (e.g., Algorithm 1)
applied to node vy after the deletion of its neighbor v;. Specifically,
the outgoing neighbors of v1, Noyr(v1) = {v4, 05,06}, are added
as candidates to the remaining neighbors of vg. This expands vy’s
candidate set to five nodes, exceeding the limit R, and thus triggers a
costly pruning step. As a result, vy retains {vy, v3,v5} as its updated
neighbors.

Observation. Based on the experiments described in Section 1
under small-batch update scenarios, we analyze the number of
neighbors deleted per affected node on three real-world datasets.
As shown in Figure 6a, 96% of affected nodes lose only a single
neighbor. However, as illustrated in Figure 7b, even when only
one neighbor is deleted, the naive neighbor repair approach (e.g.,
Algorithm 1) adds all outgoing neighbors of the deleted node to the
candidate set. This often causes the candidate set size to exceed the
neighbor limit, thereby triggering costly neighbor pruning.

Intuition. Based on the above observation, in small-batch update
scenarios, an affected node p typically loses only a few neighbors
due to deletion, so it can still maintain good connectivity in the
graph through the remaining neighbors. To leverage this property,
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Figure 7: Illustrate the deleted neighbor repair process for naive neighbor repair and our method, respectively. (a) represents
the partial graph structure of an index, where the red circle highlights the local region around v;, while (b) and (c) depict the
process of repairing the neighbors of vy after v; is deleted. The black rectangle indicates the neighbor limit R = 3.

Algorithm 2: SALC

Input: Graph G(V, E) with |V| = n, set of nodes to be deleted Lp,
affected node set Vyf fecrea by the deleted nodes, out
degree bound R, deleted-neighbor threshold T
Output: Graph on nodes V’ where V' =V \ Lp
1 foreach p € Vyrrecrea do
2 D&Nout(p)mLD;
3 C — Nout(p)\ D
4 if |D| < T then

// deleted neighbor set
// candidate set

5 slot —« R - |C|; // available neighbor slots

6 kstor < max(l(wjiif(tm” 1) // number of
compensations

7 foreach v € D do

8 S < Nout (v) \ Lp;

9 Sort S by distance to v in ascending order;

10 C « C U Top-kgot nodes in S;

11 L Nout (p) « C;

12 else

foreach v € D do

| €« CUNow(o)\Lp);
if |C| > R then

L Nout (p) < Prune(C,R);

else
L Nout (P) — C;

13
14

15

17
18

a lightweight incremental update algorithm should maximize the
reuse of existing neighbor information and apply only localized
compensation for the lost connections. Specifically, when a neigh-
bor u of node p is deleted, p loses access only to the local region
where u resides. Given that the index is typically constructed based
on nearest-neighbor relationships, i.e., similar nodes tend to con-
nect, u’s neighbors usually include others from the same region
where u resides. By exploiting this locality, we can propose a light-
weight repair strategy that selects a small subset of u’s most similar
neighbors and reconnects p to them, thereby restoring p’s access to
the local region previously reached through u. Moreover, to avoid
triggering costly pruning when the number of neighbors exceeds
the threshold R, the number of added connections can be adaptively
determined based on p’s residual neighbor capacity.

Similarity-Aware Localized Connection. Based on the above in-
tuition, we design a similarity-aware localized connection method,
SALC, to perform a more lightweight repair of affected nodes by
avoiding triggering costly neighbor pruning. The core idea of SALC
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is that when only a few of a node’s neighbors are deleted, it com-
pensates for this node by selectively adding a few nodes that are
most similar to the deleted neighbors, instead of connecting to all
outgoing neighbors of the deleted node. The detailed procedure of
SALC is shown in Algorithm 2.

Specifically, for each affected node p € Vyffecreq, SALC first
extracts its deleted outgoing neighbors D « Ny (p) N Lp (line 2)
and places the remaining neighbors into a candidate set C «
Nout (p) \ D (line 3). SALC then determines the repair strategy
based on the number of deleted neighbors: if |D| < T, where T is a
predefined threshold on the number of deleted outgoing neighbors
(default set to 2), a lightweight repair is performed (lines 4-11);
otherwise, a heavy repair is executed, similar to the algorithm 1 in
FreshDiskANN (lines 12-18). In the lightweight repair step, SALC
first calculates the maximum number of compensatory neighbors
allowed for node p as slot « R — |C|, where R is the maximum
number of outgoing neighbors for each node. Then, it calculates the
number of compensating neighbors k;,; for each deleted neighbor
(line 6). By treating each original neighbor of node p equally, the
available number of compensable neighbors is evenly distributed
among them, following the formula:

slot J 1)
|Nout (P)| ) .

Due to kgjo; = 1, this ensures that each deleted neighbor receives at
least one compensating edge. Moreover, when p has fewer original
neighbors (i.e., |Noyu:(p)|) or more deleted neighbors, the avail-
able slot becomes larger. This indicates that the deleted edges are
more critical, thereby warranting stronger compensation. For each
deleted neighbor v € D, SALC retrieves its surviving neighbors
S & Nout(v) \ Lp, sorts them by distance to v, and selects the top
ks1o¢ nodes from S to be added into C as compensations of deleted
neighbors (lines 7-10). Since SALC selects the nearest neighbors, we
can store neighbor distances in the topology to reduce the overhead
of repeat distance computation (see Section 6 for details). Once all
deleted neighbors in D have been compensated, the set C contains
the candidate neighbors of p. Since the total number of neighbors to
compensate for all deleted nodes is |D| - kgjo; and |D| < |Nowur (p)I,
it follows that

kgior < max({

slot

———— < slot,
INout (p)|
which ensures that the total number of newly added neighbors
never exceeds the available slots, thereby guaranteeing that C does
not surpass the maximum limit R. Finally, the neighbor set of p is
updated as Ny (p) < C (line 11), completing the structural repair
of node p in the index.

|D| . kslot < |Nout(P)| .



Example 2: Figure 7c illustrates the process of SALC repairing the
neighbors of vy after v; is deleted. First, SALC collects the remain-
ing neighbor set of vy, denoted as C = {vg,v3}. It then examines
Nour(v1) and computes kg, = 1, selecting vs as the most similar
non-deleted node to v;. Finally, vs is added to C, resulting in the
new neighbor set Ny (0p). Since |Noy:(v9)| < R, this approach
avoids triggering costly neighbor pruning in contrast to Figure 7b.

As introduced in Section 4.2, the patch phase inserts cached
reverse edges from AG into node neighbor sets. These additions
often push degrees past R, triggering costly pruning. Similar to
deletion analysis in Figure 6a, we count the number of reverse
edges added when pruning is triggered. Figure 6b shows that 90%
of events are caused by a single added edge. This is because existing
batch update methods (e.g., FreshDiskANN) strictly enforce R: once
a node reaches the limit, adding one edge violates the constraint
and immediately triggers pruning.

Relaxed Neighbor Limit. To reduce expensive neighbor pruning
costly pruning from a few reverse edges, we adopt a relaxed neigh-
bor limit. Specifically, each node’s neighbors are constrained by
two parameters: a strict neighbor limit R and a relaxed neighbor
limit R’, where R < R’. When storing the neighbors of each node
on disk, R’ slots are allocated, with R’ — R reserved as additional
space. During pruning, the strict limit is enforced to ensure that the
number of neighbors does not exceed R. When adding reverse edges
to a node, the relaxed limit is applied, allowing up to R’ neighbors
before pruning is triggered. A larger gap between R’ and R lowers
the pruning frequency but increases the number of neighbors, po-
tentially raising search overhead. To balance this trade-off, we set
R’ based on Figure 6b, where 90% of pruning is triggered by adding
a single edge. Thus, we default R’ to R + 1, which significantly
reduces pruning with negligible impact on search efficiency.

5.2 Computation Overhead Analysis

We briefly analyze the computational overhead of our method com-
pared to the existing methods described in Section 2.2. During the
deletion phase, existing methods use Algorithm 1 to repair a node
when its neighbors include deleted nodes, triggering pruning with
a complexity of O(|C|?), where |C| ~ |D| - R+ R and D is the set
of deleted neighbors. In contrast, for a node with only a few deleted
neighbors (as shown in Figure 6, accounting for 90% of cases), we
use a similarity-aware localized connection method (i.e., Algorithm
2), ensuring that the number of neighbors after repair does not
exceed R, thus avoiding pruning. The complexity of this method
arises from finding similar neighbors, i.e., calculating the distance
between each deleted node and its neighbors, which has a com-
plexity of O(|D| - R). By avoiding neighbor pruning, our method
significantly reduces computational overhead. During the insertion
phase, our method has the same overhead as existing methods. In
the patch phase, although reverse edges are added, we allow the
neighbor count to temporarily exceed R but remain within a re-
laxed bound R’. This relaxed constraint lowers pruning frequency
compared to existing methods that strictly enforce R. Overall, our
method reduces computational overhead by lowering the number
of pruning operations in both the deletion and patch phases. The
experimental results in Figure 10 of Section 7.2 further confirm that
our method triggers pruning with significantly lower probability.
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Table 1: Dataset description. T and D denote the dimension-
ality and data type of vectors.

Dataset T D # Vector # Query Contents
SIFTIM float 128 1,000,000 10,000 Image
Text2Img float 200 1,000,000 1,000 Image & Text
DEEP float 256 1,000,000 1,000 Image
Glove float 300 1,000,000 1,000 Text
MSONG float 420 994,185 1,000 Audio
GIST float 960 1,000,000 1,000 Image
MSMARCO float 1024 1,000,000 1,000 Text
MSMARCO10M  float 1024 10,000,000 1,000 Text
SIFT1B uint8 128 1,000,000,000 1,000 Image

6 IMPLEMENTATION

We implement an ANNS system, Greator, based on our topology-
aware index and built on top of FreshDiskANN [53]. Since optimiza-
tion techniques of the strategy are independent of specific graph
construction methods, they can be broadly applied to any other
on-disk graph-based indices. In addition, Greator provides the
following mechanisms to ensure thread safety during concurrent
updates and further improve update performance.

Page-Level Concurrency Control. Greator supports concurrent
vector search and vector updates, making it essential to ensure
the correctness of these operations. In fine-grained update mode,
each update touches only a few small pages and finishes quickly, so
we adopt page-level concurrency control with read—write locks to
protect page accesses. It is worth noting that, similar to existing sys-
tems (e.g., FreshDiskANN), Greator does not provide transaction
support. If transactions were to be introduced, pages of all nodes
involved in a batch update would need to be locked and updated
simultaneously, which would significantly increase query latency.
In such cases, adopting MVCC would be a more appropriate choice.

Storing Neighbor Vector Distances with the Topology. In the
similarity-aware localized connection method, repairing a deleted
node often requires selecting its closest neighbors, which typically
involves computing distances between the deleted node and all of its
neighbors. To reduce this overhead, we record these distances dur-
ing index construction and store them in the topology, enabling di-
rect reuse during updates and avoiding costly high-dimensional dis-
tance computations. This feature has been implemented in Greator
as an optional optimization for users who wish to trade additional
storage space for improved update performance.

7 EVALUATION
7.1 Evaluation Setup.

Evaluation Platform. All experiments are conducted on a server
equipped with an Intel(R) Xeon(R) Gold 6248R CPU @ 3.00GHz,
320GB DDR4 memory (@3200MT/s), 48 cores, and two 1.7TB SSDs
with a sequential access bandwidth of up to 500MB/s. The operating
system is Ubuntu 22.04 LTS, and the compiler used is GCC 11.4.0.

Datasets. We evaluate our system using eight public real-world
datasets, with detailed statistics provided in Table 1, including
SIFT1M [5], Text2Img [52], DEEP [70], Glove [70], MSONG [70],
GIST [5], MSMARCO [70], MSMARCO10M [70] and SIFT1B [5].
They cover diverse dimensions, sizes, and content types, and have
been widely adopted in prior studies [16, 24, 36, 53, 59, 68] for
benchmark ANNS systems.
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Figure 8: Update throughput comparison.
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Compared Systems. In the experiments, we compare the fol-
lowing four systems. FreshDiskANN [53] is the state-of-the-art
graph-based streaming ANNS system on disk [68], developed and
open-sourced by Microsoft. IP-DiskANN [66] is a recently pro-
posed algorithm for dynamically updating the index in Disk ANN.
We reproduce the method within the localized update framework
of Greator, incorporating all of Greator ’s I/O and disk update
optimizations to ensure a fair comparison of repair algorithms. LM-
DiskANN [45] is a disk-based ANNS system that supports index
dynamic updates. It stores the compressed vectors of each node’s
neighbors on disk to reduce memory consumption. The graph
indexes for all systems are built with R = 32, and we use 3 threads
for search, 2 threads for insertion, 1 thread for deletion, and 10
threads for index batch update.

Metrics. Greator is designed to support fast index updates, and
thus our evaluation primarily focuses on update performance. Up-
date performance is measured by update throughput, which is de-
fined as the number of vector insertions or deletions the system can
process per second. Unless otherwise specified, the batch size in all
update experiments is set to 1%. of the dataset by default, ensuring
a fair comparison of update performance under comparable index
quality. To assess the broader impact of Greator on index quality
and system overhead, we also evaluate several complementary met-
rics: Search accuracy is measured using recallK@K, with K set to
10; Search latency is reported using tail latency metrics, including
P90, P95, P99, and P99.9; I/O overhead captures the amount of disk
I/O generated by read and write operations; Space overhead reflects
the disk space occupied by the index.

7.2 Update Performance

We first evaluate the update performance of different systems on
eight real-world vector datasets (details are shown in Table 1). LM-
DiskANN stores compressed neighbor vectors for each node in the
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index, which significantly increases the index size; consequently,
the SIFT1B index exceeds our machine’s storage capacity. The
workload design follows the setup of FreshDiskANN. Specifically,
we first use 99% of each dataset to statically construct the base index.
Then, in each batch update, we delete 1%. of the existing vectors
and insert 1%. of new vectors from the remaining 1% of the dataset.
Due to randomness in base index construction, all experiments are
repeated three times, and the average value is reported.

Update Throughput Comparison. To evaluate the update perfor-
mance of different systems, we compare their update throughput
over 10 consecutive batch updates, as shown in Figure 8. Greator
consistently achieves higher throughput than FreshDiskANN and
IP-DiskANN across all datasets. Specifically, Greator improves
update throughput by 2.39%-5.96x compared to FreshDisk ANN,
1.39%-1.96X compared to IP-DiskANN, 3.93x-6.28X compared to
LM-DiskANN. Compared with baseline systems, the key advantage
of Greator lies in its localized update design, which substantially
reduces both I/O and computational overhead during updates. In
the following, we provide a detailed analysis from these two per-
spectives.

I/O Amount Comparison. We measure the read and write I/O
of each system during updates, as shown in Figure 9. Greator
consistently achieves lower I/O than all baselines. Compared to
FreshDiskANN, Greator reduces read I/O by 4.06x-85.58% and
write I/O by 1.34X-52.08x, thanks to its topology-aware design: the
lightweight topology avoids scanning unnecessary vectors, and the
page-level localized update strategy minimizes redundant I/O. Com-
pared to IP-DiskANN, Greator reduces read I/O by 3.31X-7.67X,
while write I/O remains comparable because our reproduction of IP-
DiskANN also benefits from Greator ’s localized update strategy,
further validating its effectiveness. Compared to LM-DiskANN,
Greator reduces read I/O amount by 56.58x-271.30%, and write I/O
amount by 25.51X-142.86x. This is mainly because LM-Disk ANN
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smallest proportion of vector data in the index file. Consequently,
the lightweight topology of Greator saves the least redundant I/O
introduced by vector data. As shown in Figure 9, under the same
encoding length, higher-dimensional vectors further highlight the
advantage of Greator, as it eliminates the overhead of reading
high-dimensional vectors.

Pruning Trigger Rate Comparison. We further measure the
neighbor pruning trigger rate during the delete and patch phases,
and the results are shown in Figure 10. As observed, FreshDisk ANN
and LM-DiskANN exhibit similarly high pruning trigger rates, while
both Greator and IP-DiskANN significantly reduce pruning across
all datasets. This reduction in Greator is primarily attributed to its
similarity-aware localized repair method, which prevents neighbor
set overflow and thus minimizes unnecessary pruning. IP-Disk ANN
also reduces pruning compared to FreshDiskANN by reconstruct-
ing only a subset of neighbors during repair. In particular, during
the patch phase, IP-DiskANN achieves a reduction comparable
to Greator. This is because both Greator and IP-DiskANN ben-
efit from relaxed neighbor constraints, which consistently lower
pruning trigger rates relative to FreshDisk ANN.

7.3 Index Quality

Although multiple designs in Greator, such as the localized up-
date strategy and similarity-aware localized repair method, signifi-
cantly improve update performance, it remains essential to evaluate
whether Greator can maintain index quality. To this end, we assess
search accuracy and search latency using the query vector sets
provided by each dataset (see Table 1), based on the index state
after each batch update evaluated in Section 7.2.
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Figure 13: Update stability comparison.

Search Accuracy Comparison. Asshown in Figure 11, we present
the search recall of different systems after consecutive updates
across all datasets. Greator achieves nearly identical recall to other
systems on all datasets, demonstrating that our localized update
strategy effectively preserves similar index quality while signifi-
cantly improving update performance.

Search Latency Comparison. To further evaluate the impact
of different update strategies on search performance, we measure
the tail latency of queries (P90, P95, P99, and P99.9) on the MS-
MARCO dataset after consecutive updates. The results, shown in
Figure 12, indicate that Greator achieves tail latency comparable
other systems, and maintains consistently stable performance. This
demonstrates that our similarity-aware localized repair strategy,
combined with the relaxed neighbor limit, not only improves up-
date performance but also preserves the high navigability of the
index.

7.4 Update Stability

We also evaluate the stability of update performance under stream-
ing data on GIST dataset. Specifically, we set the sliding window
size to cover the first 50% of each dataset and use these nodes to
build the initial index. In each batch of updates, the window slides
forward by 1%. of the datasets, i.e., we sequentially delete 1%, of
the data from the beginning of the window and insert 1%. of the
remaining data. This process is repeated 500 times, by which point
the entire initial base index has been replaced and a completely new
index has been constructed. As shown in Figure 13a, all systems
maintain stable update performance, with Greator consistently
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demonstrating a stable performance advantage. In addition, we
measure the query recall after each update, as shown in Figure 13b.
While recall declines across all systems, our method maintains com-
parable performance to the baselines and achieves superior results
over LM-DiskANN.

7.5 Sensitivity to Batch Size

We further evaluate the impact of batch size on update performance
and index quality. Specifically, we measure the update throughput
and recall of Greator and all baselines on the GIST dataset under
varying batch sizes. As shown in Figure 14, as the batch size in-
creases from 1%. to 8% of the dataset, all systems show steadily
improved update throughput. Furthermore, Greator consistently
maintains a clear advantage over all three baselines: it achieves
1.23%-3.39% higher throughput than FreshDiskANN, 1.32X-1.55X
higher throughput than IP-DiskANN, and 1.50x-4.97x higher
throughput than LM-DiskANN. Notably, as batch sizes increase,
the advantages of our optimizations diminish. This is because our
localized update strategy is specifically designed for small batches,
which affect only a small scope of the index. In contrast, larger
batches introduce changes across the global index, thereby reduc-
ing the effectiveness of our optimizations.

Although larger batch sizes improve update throughput for these
systems, their recall consistently drops (Figure 14). This shows
that increasing batch size to boost throughput inevitably harms
index quality. This observation motivates our design: prioritize
small-batch updates to preserve quality while improving update
performance.

7.6 Performance Gain

To evaluate the contribution of each core design in Greator
to update performance, we begin with the baseline system
(FreshDiskANN as base) and incrementally incorporate the pro-
posed components of Greator. Each configuration is evaluated on
two real-world datasets of different scales, GIST (1M vectors) and
MSMARCO10M (10M vectors, abrv. MS.10M). For each dataset, we
also vary the update batch size to examine the performance gains
under different batch sizes.
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Figure 16: Cost of lightweight graph topology.

Across both datasets, when the batch size is set to 1%. of the
dataset size, all designs achieve substantial update acceleration.
Specifically, Figure 15 presents the update speedup, measured as
the normalized update throughput relative to the baseline. First,
incorporating the localized update strategy (+1/0), which updates
only the affected nodes, achieves a speedup of 1.54x and 1.67X on
the two datasets, respectively. Next, introducing the lightweight
graph topology (+Topo) improves performance to 2.58x and 3.09%
by avoiding full index file scans. Subsequently, integrating the
similarity-aware localized repair method (+S.L.) further enhances
performance to 3.15x and 3.76X by reducing neighbor pruning.
Next, applying the relaxed neighbor limit strategy (+R.L.) further
decreases the computational overhead of pruning, ultimately achiev-
ing a performance boost to 4.06x and 3.96X. Finally, we also eval-
uate storing neighbor distances in the topology (+Dis.), which re-
duces the computation overhead of structure repair and improves
update performance by up to 4.80x and 4.21X. These results demon-
strate that all designs in Greator effectively contribute to improv-
ing update performance.

Furthermore, as shown in Figure 15, the results under different
batch sizes indicate that the performance gains of most designs
diminish as the batch size increases. This is because our designs
are primarily tailored for small-batch updates: in I/O optimization,
the benefit arises from reducing unnecessary block loading, but
larger batches inevitably require loading more blocks, reducing the
optimization space. Similarly, in computation optimization, larger
batches cause more neighbors of each node to be updated, thereby
increasing the likelihood of triggering costly pruning operations.
Notably, compared to other designs, the strategies of relaxed neigh-
bor limit and storing neighbor distances remain effective even
under larger batch sizes. This is because, although larger batches
require updating more nodes, these mechanisms still help reduce
the computation cost for each updated node.

7.7 Cost of Lightweight Graph Topology

Although the lightweight graph topology in Greator significantly
reduces I/O overhead and improves update performance, it also
incurs additional storage and maintenance costs. We next conduct
a detailed experimental analysis of these overheads.

Space Cost. We measure the storage overheads of Greator com-
pared to FreshDiskANN. as illustrated in Figure 16a. On average,
Greator incurs a 1.16X larger index file, primarily due to the addi-
tional lightweight graph topology. Notably, these files are stored
on inexpensive and high-capacity disks, making the slight increase
in space overhead generally acceptable. Furthermore, as the dataset
dimensionality increases (when the data types are the same), the
difference in index file size between Greator and FreshDisk ANN
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Figure 17: Comparison with SPFresh.

gradually decreases, resulting in a less pronounced space amplifi-
cation effect. For example, on the MSMARCO dataset with 1024
dimensions, the overhead is only 1.02x.

Time Cost. In Greator, we measure both the time spent maintain-
ing the lightweight graph topology (i.e., Greator w/ LGT (Topo))
and the time spent updating the query index (i.e., Greator w/ LGT
(Index)). We also normalize update time by taking Greator as the
baseline and report the update time without the lightweight graph
topology (i.e., Greator w/o LGT) to show its benefits and overhead
clearly. As shown in Figure 16b, the lightweight graph topology sub-
stantially reduces update time, while its maintenance accounts for
only 0.59%-3.78% of the total, making its impact on overall perfor-
mance negligible. These results confirm that the design introduces
low overhead yet delivers significant performance gains.

7.8 Comparison with Partition-Based Graph
ANNS System

We evaluate SPFresh [68], a state-of-the-art partition-based stream-
ing ANNS system, on three real-world datasets. As shown in Fig-
ures 17, SPFresh achieves higher update performance since it only
updates the partitions containing the affected vectors, whereas
graph-based indices must update all neighbors. Its advantage is
most evident on the low-dimensional SIFT dataset, where parti-
tions are easier to separate. However, this advantage diminishes on
high-dimensional datasets (e.g., GIST and MSMARCO), where over-
lapping partitions increase update costs. In contrast, for queries,
graph-based indices (including Greator) consistently outperform
SPFresh except on SIFT under low recall, since partition-based
methods require probing many partitions to achieve high recall in
high-dimensional settings. Overall, while SPFresh excel at updates,
Greator and other graph-based approaches achieve a better bal-
ance by combining strong update efficiency with superior query
performance.

8 RELATED WORK

Vector Indices. The widespread application of ANNS has led to
significant research in vector indexing [7, 10, 15, 16, 19, 20, 22, 24,
25, 36, 45, 46, 48, 54, 60, 66, 73, 75], such as HNSW [36], IVFADC
[25], and Vamana [24]. Most of these algorithms focus on the of-
fline construction of high-quality indices for high-precision and
low-latency vector queries. However, only a few algorithms address
the online construction and updating of index structures (including
insertions and deletions), such as FreshVamana [53]. FreshVamana
[53] is the first graph-based index to support insertions and dele-
tions. It incrementally adjusts and optimizes the index based on
updates to avoid the expensive overhead of rebuilding the graph
structure, while maintaining high index quality.
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Vector Search Systems. To meet the vector search performance
requirements in different real-world scenarios, numerous vector
search systems have been developed [1-4, 11-13, 18, 21, 23, 24, 32,
37, 44, 53, 56, 58, 59, 61, 63, 64, 67, 68, 71, 76, 78]. These systems
typically optimize vector search performance by combining spe-
cific index structures and search algorithm characteristics. Some
work further explores combining disk and other external storage
devices to support large-scale vector search under limited mem-
ory (e.g., [13, 24]). However, most of these works focus on query
performance optimization in static vector data indexing. Only a
few systems support the dynamic update of index structures in
dynamic vector scenarios, such as SPFresh [68] and FreshDisk ANN
[53]. SPFresh [68] uses a cluster-based index and performs poorly in
high-dimensional vector scenarios, while FreshDiskANN provides
limited update performance.

Aucxiliary Structure and Localizing I/O. Previous research in
the database field has explored small auxiliary structures and I/O-
localization techniques for update optimization, such as zone maps
in column stores [27, 55], delta stores [28, 77], LSM-trees [38, 43, 57,
69]. While Greator draws inspiration from these approaches, they
are not directly applicable to ANN indices: statistical summaries
(e.g., zone maps for value pruning) accelerate queries but cannot
efficiently locate nodes affected by deletions, and delta stores or
LSM-trees absorb updates through additional layers, often incurring
query slowdowns. In contrast, Greator leverages a lightweight
auxiliary graph topology to rapidly identify affected nodes and
performs localized in-place updates to avoid redundant vector I/O
and costly global index repairs. Since this structure is used only
for updates and not for queries, it significantly improves update
efficiency without impacting query performance.

9 CONCLUSION

This paper proposes a topology-aware localized update strategy
for graph-based ANN indices that enables rapid updates while pre-
serving high search efficiency and accuracy. It incorporates three
key designs to enhance update performance. First, a lightweight
graph topology facilitates efficient identification of affected nodes
without incurring the I/O cost of reading unneeded vector data.
Second, a localized update mechanism restricts modifications to
only the pages containing affected nodes, avoiding global traversals
and reducing disk access. Third, a similarity-aware local connection
method minimizes costly neighbor pruning by selecting only the
most similar candidates for repair. We implement a graph-based
streaming vector ANNS system, Greator, based on this strategy. Ex-
tensive experiments show that Greator achieves efficient updates
while maintaining competitive index quality.
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