
PathSeer: Adaptive Neighbor Handling for Efficient Filtered
ANN Search
ZHIYUE LI, Tsinghua University, China
GUANGYAN ZHANG, Tsinghua University, China
RUOCHUN JIN, National University of Defense Technology, China
BOJUN LI, National University of Defense Technology, China
XIAOGUANG REN, Intelligent Game and Decision Lab, China
WENJING YANG, National University of Defense Technology, China

Filtered approximate nearest neighbor (ANN) search over high-dimensional vectors and associated attributes
is critical for recommendation systems and RAG-based LLMs. However, existing methods face performance
bottlenecks under workloads of varying characteristics due to static and single neighbor-handling strategies—
either computing distances before filtering or filtering before distance computation—which fail to adapt to
diverse data and workload patterns. In this paper, we propose PathSeer, an approach that enables efficient
filtered ANN search through dynamic and hybrid neighbor-handling strategies. PathSeer introduces three
key techniques: (1) a fusion vector indexing scheme that supports two neighbor-handling strategies within a
single index, (2) a dynamic neighbor traversal strategy that allows adjusting the ratios of different neighbor-
handling strategies at each step of index traversal while preserving high search performance, and (3) a heuristic
parameter tuning mechanism that adapts the ratios of neighbors employing different neighbor-handling
strategies to workload characteristics. Evaluations on six workloads show that PathSeer delivers 1.17×–47.4×
higher throughput for filtered ANN search compared to existing methods, without sacrificing recall.
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1 Introduction
Approximate nearest neighbor (ANN) search is widely used in various information retrieval appli-
cations such as recommendation systems [36, 55] and retrieval-augmented generation (RAG) for
large language models (LLMs) [22, 39, 64]. Given high-dimensional vectors that embed multi-modal
information as queries, ANN search retrieves semantically similar contents based on vector prox-
imity [23, 32, 38]. Moreover, the search semantics can be more precisely controlled with filtered
ANN search, where the attributes of retrieved vectors conform to the query predicate [33], which
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(a) Low filter overhead. (𝑅𝑝 = 0.05)
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(b) High filter overhead. (𝑅𝑝 = 0.41)

Fig. 1. Comparison between HNSW-VBASE and ACORN under different 𝑅𝑝 and 𝑆𝑝 . Throughput is evaluated
when recall@10 is 90% as suggested by the BigANN benchmark [43].

proves to enhance retrieval accuracy for both e-commerce recommendation [55, 61] and RAG-based
LLMs [19, 39, 64].

Unlike the vector data that is often uniformly formatted, query predicates and vector attributes
vary in form and are dynamic. First, the varying query predicates result in dramatically different
filter overheads. For example, when searching for similar products by a reference image on the
e-commerce platform [35, 55] with range filtering on price and categorical filtering on color
and brand (implemented as numerical comparison [8, 15]), the predicates of simple numerical
comparisons can each be evaluated in tens of nanoseconds. By contrast, complex predicates, such
as regex matching [33] and fuzzy filtering [42] used in keyword search on image captions or
documents, may take hundreds to thousands of nanoseconds for each filtering. Second, vector
attributes may alter independently of the vector data. For example, Apple Inc. queries its industrial
knowledge graphs for semantically similar entities with filters on entity relationships [29], where
such relationships vary independently of entity vectors due to knowledge updates [18, 24, 50].
Similarly, prices on e-commerce platforms fluctuate during promotions without altering product
images and their corresponding vectors.
Thus, it is challenging to perform efficient filtered ANN search due to its diverse and dynamic

nature. Existing methods that can handle such workloads are predicate-agnostic methods [12, 28,
33, 40, 63], which make no assumption of the query predicates and vector attributes. These methods
maintain vector attributes independently from the vector index and perform predicate filtering
during vector search, which can support any query predicate and do not need to reconstruct the
vector index when vector attributes change [33]. The most widely used vector index among these
methods is the graph-based vector index [6, 7], achieving both high performance and accuracy [13,
17, 34, 65]. Searching on a graph-based index involves traversing the index graph, where each step
traverses the neighbors of the nearest candidate vector to select new candidates for the following
search. Specifically, there are two ways of handling each neighbor vector regarding the order
of distance computation and predicate filtering. The first type performs distance computations
first on each neighbor and only filters on those that are fairly near the query vector (denoted as
DFN neighbor-handling). The second type performs predicate filtering first and only performs
distance computation on satisfactory vectors (denoted as DOS neighbor-handling). Existing graph-
based predicate-agnostic methods exploit static and single neighbor-handling strategies across
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Fig. 2. Comparison of filtered ANN search methods with different ways of selecting neighbor-handling
strategies.

different neighbors of each traversal, either being the DFN-only method (e.g., HNSW-VBASE1) or
the DOS-only method (e.g., ACORN [33] and NaviX [40]).

Although researchers have concluded that DOS-only methods are more efficient with the assump-
tion that the distance computation constitutes major overhead [33], we find it does not always hold,
as the predicate filtering overhead can be non-negligible compared to the distance computation.
Given 𝑅𝑝 defined as the relative overhead between the predicate filtering and distance computation,
we have found that the 𝑅𝑝 of complex predicates can reach 0.42 (see Table 1). Moreover, the predicate
selectivity 𝑆𝑝 , defined as the proportion of vectors that conform to query predicates (referred to
as satisfactory vectors), also significantly impacts query performance. As shown in Figure 1, we
illustrate this by evaluating HNSW-VBASE and ACORN on the SIFT dataset [1] under various
𝑆𝑝 and 𝑅𝑝 , where the performance of both ACORN and HNSW-VBASE varies significantly with
different 𝑅𝑝 and 𝑆𝑝 and neither consistently outperforms the other. Worse yet, there exists a 52.2%
performance degradation if an improper search method is chosen.
The common limitation of DFN-only and DOS-only methods is that they impose static and

single neighbor-handling strategies, ignoring the temporal and spatial variations of the workload
characteristics. We illustrate this with Figure 2, in which each square denotes traversing the
neighbors of the candidate vector, and the area of each color means the proportion of vectors
handled by the related neighbor-handling strategy. For one thing, the way both methods handle
the neighbors is the same across different queries and neighbor traversals, which cannot adapt
to workloads with temporal variations between different queries. Moreover, it cannot capture the
spatial variation of attribute-correlated workloads [16], whose satisfactory vectors spread unevenly
in the vector space. Although some DOS-only methods like NaviX [40] schedule which neighbors
to traverse according to local 𝑆𝑝 , they still rely on one neighbor-handling strategy and have limited
space for scheduling. For another, both methods use the same neighbor-handling strategy for
all neighbors during each neighbor traversal, either achieving few predicate filtering with more
distance computation or vice versa. However, such a dichotomous selection of neighbor-handling
strategies misses the chance for a better trade-off between these two operations that can optimize
the aggregated overhead.

In view of these limitations, we propose the dynamic and hybrid selection of neighbor-handling
strategies as shown in Figure 2(c). For each neighbor traversal, it divides the neighbors into two parts

1VBASE [63] proposes the relaxed monotonicity to derive the stop condition for filtered ANN search methods, like the
graph-based HNSW [25]. We refer to the HNSW search with this stop condition as HNSW-VBASE.
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and applies the DFN and DOS neighbor-handling, respectively. Besides, the proportion of neighbors
handled by the DOS neighbor-handling is tunable with a filtering ratio 𝑟 , which is carefully chosen
according to workload characteristics. The dynamic and hybrid selection of neighbor-handling
strategies can adapt to the temporal and spatial variations of the workloads, achieving consistent
high search performance and accuracy. Furthermore, we devise three techniques to implement this
idea. First, we design a fusion vector indexing scheme to support both neighbor-handling strategies
within one index simultaneously. Second, we propose a dynamic neighbor traversal strategy that
enables tuning of the filtering ratio 𝑟 while ensuring high search performance. Third, we devise
a heuristic parameter tuning method that tunes the filtering ratio 𝑟 of each neighbor traversal
based on the temporal and spatial characteristics of the workload. By integrating these techniques,
we propose an efficient filtered ANN search approach called PathSeer, implement it in Faiss [27],
and compare it with existing approaches, including the graph-based HNSW-VBASE, ACORN, and
NaviX, as well as the cluster-based IVFFlat [12]. Evaluations on six vector datasets demonstrate
that PathSeer can achieve 1.17×–47.4× higher throughput of filtered ANN search over existing
methods without compromising the search recall.

Our contributions are summarized as follows.

• We reveal that real-world filtered ANN search workloads can have non-negligible filtering
overhead and varying predicate selectivity, which existing predicate-agnostic methods fail to
handle efficiently due to their static and single neighbor-handling strategies.
• We design a predicate-agnostic filtered ANN search method that exploits the dynamic and hybrid
neighbor-handling strategies, which can automatically adapt to workloads of temporal and spatial
variations.
• We systematically compare our method to existing filtered ANN search methods on six real-
world workloads that cover different query predicates, demonstrating that our method can
achieve a better trade-off between the search speed and accuracy, while enabling flexible attribute
variations.

2 Background and Motivation
We first introduce the filtered ANN search and existing methods. Then, we exploit real-world
datasets to analyze the characteristics of the filtered ANN search and the problems of existing
methods, both in Faiss [27] and a popular commercial vector database, Weaviate [53].

2.1 Filtered ANN Search and Related Methods
Let 𝐷 = {(𝑣1,𝑚1), (𝑣2,𝑚2), ..., (𝑣𝑛,𝑚𝑛)} be a vector dataset that contains 𝑛 pairs of a 𝑑-dimensional
vector 𝑣𝑖 and its related attribute𝑚𝑖 (𝑖 ∈ [1, 𝑛]). A filtered 𝑘 nearest neighbor query 𝑞 = (𝑣𝑞, 𝑝𝑞)
extracts 𝑘 nearest vectors to 𝑣𝑞 from 𝐷 , whose attributes conform to the query predicate 𝑝𝑞 . Typical
distance metrics between two vectors include cosine distance [56] and Euclidean distance [57].
Considering the diverse and dynamic natures of filtered ANN search, we make no assumptions on
the query predicate 𝑝𝑞 and vector attributes𝑚𝑖 . Moreover,𝑚𝑖 may change without altering 𝑣𝑖 . As
extracting the exact 𝑘 nearest neighbors scales poorly in large datasets [14, 21, 59], we particularly
focus on the filtered approximate nearest neighbor (ANN) search for fast queries with acceptable
accuracy losses. The query accuracy is measured with 𝑟𝑒𝑐𝑎𝑙𝑙@𝑘 =

|𝐺∩𝑅 |
𝑘

, in which 𝐺 is the ground
truth set of 𝑘 nearest vectors to 𝑣𝑞 that conform to 𝑝𝑞 , and 𝑅 is the set of retrieved vectors [33, 45].

Although researchers have proposed vector indexes that couple the vector attributes [8, 15, 49, 58],
such as designing new distance metrics that incorporate the similarity of attributes between
vectors [49, 58] or grouping the vectors based on their attributes [8, 15], these indexes are limited to
label matching on categorical attributes [33], which restricts their applicability to general scenarios.
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Fig. 3. Index construction and vector search processes of the DFN-only and DOS-only methods.

Moreover, these methods have to reconstruct their attribute-coupled vector indexes when the
attributes change independently of the vectors.
On the contrary, the predicate-agnostic search methods [12, 28, 33, 40, 63] maintain attributes

separately from the vector indexes, naturally fitting the diverse and dynamic filtered ANN search
workloads. We primarily focus on approaches with the graph-based vector index [28, 33, 63], which
is preferable for high performance under high accuracy [13, 17, 34, 65]. Comparison with the cluster-
based index can be found in our experiments. As shown in the middle part of Figure 3, the vector
indexes of these methods are hierarchical proximity graphs on dataset vectors. Each new vector
will build directed edges towards its neighbors, the nearby vectors within the same layer of graph
index. Besides, to enable fast location of dataset vectors near 𝑣𝑞 , these methods build proximity
subgraphs by sampling vectors from the lower layers [25]. Searching on a graph index involves
recursively popping the nearest candidate vector from a candidate heap, traversing its neighbors
for unvisited vectors, and supplementing them into the candidate heap for the following search.
Meanwhile, a result heap is maintained to record 𝑘 nearest satisfactory vectors for the final result.
As demonstrated in the right part of Figure 3, regarding the way of selecting neighbor-handling
strategies, existing works can be categorized into two types:

DFN-only method. The DFN-only method performs distance computations on all neighbors of
the current candidate vector 𝑣𝑎 and supplements them into the candidate heap. Besides, only the
vectors that are close enough to be added to the result heap participate in predicate filtering. The
DFN-onlymethod trades less predicate filteringwithmore distance computations, suitable for higher
𝑅𝑝 . During index construction, the DFN-based method exploits the Relative Neighborhood Graph
(RNG) based pruning [20] to enhance the spatial sparsity of the approximate graph for better search
performance [25, 33]. As shown on the left of Figure 3, 𝑣𝑐 is pruned since 𝑑𝑖𝑠𝑡 (𝑣𝑏, 𝑣𝑐 ) < 𝑑𝑖𝑠𝑡 (𝑣𝑎, 𝑣𝑐 ),
making room for a potential new neighbor 𝑣𝑒 . Such pruning expands 𝑣𝑎’s neighbors towards a
more spatially uniform and sparse distribution. This helps to find satisfactory vectors near the
query vector with fewer distance computations during the search, especially under a high 𝑆𝑝 .
DOS-only method. The DOS-only method performs predicate filtering on all neighbors, and

only the satisfactory ones participate in distance computation and are added to the candidate heap.
This avoids distance computations on unsatisfactory vectors but increases the number of predicate
filtering, making it suitable for workloads with low 𝑅𝑝 and low 𝑆𝑝 . As the predicate filtering reduces
the number of neighbors eligible for the candidate heap and hence impedes the connectivity of the
search subgraph [19], existing DOS-only methods [33, 37, 40] exploit a “two-hop” search method
that traverses both 𝑣𝑎’s neighbors and the neighbors of 𝑣𝑎’s neighbors, as illustrated in the right
part of Figure 3. Moreover, since the satisfactory vectors are unknown during index construction,

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 221. Publication date: June 2026.



221:6 Zhiyue Li et al.

Table 1. Measurements of metrics that reflect the characteristics of six filtered ANN search workloads.

Workloads SIFT H&M LAION Paper arXiv Amazon

Vector dimension 128 2048 512 200 768 768
Distance computation overhead 418ns 1901ns 662ns 508ns 890ns 1006ns
Predicate filtering overhead 38ns 136ns 280ns 41ns 146ns 52ns

Average 𝑅𝑝 0.05 0.07 0.42 0.08 0.16 0.05
Average 𝑆𝑝 0.083 0.050 0.013 0.026 0.005 0.402

Max(𝑆𝑝 ) / Min (𝑆𝑝 ) 10 4049 17978 10 12195 3257

most DOS-only methods preserve complete neighbor information either by not pruning [37] or
compressing neighbor information with predicate-agnostic pruning [33], as shown in the left part of
Figure 3. However, the DOS-only method introduces more distance computation than the DFN-only
method under a high 𝑆𝑝 since the vectors traversed by the “two-hop” search can be far from the
query, as shown in Section 4.2.

2.2 Characteristics of Filtered ANN Search
In this section, we reveal the temporal and spatial variations of the filtered ANN search by analyzing
six workloads (detailed in § 5.1) in Faiss [27].
Temporal Variations. The temporal variations denote that the workload characteristics vary

over time due to the change of the proportion of different query predicates [29]. We demonstrate this
by analyzing the 𝑆𝑝 and 𝑅𝑝 of our evaluated workloads in Table 1. First, 𝑅𝑝 can vary substantially
across workloads. This is because different workloads have different vector dimensions and query
predicates, which result in varying distance computation and predicate filtering overheads. For
example, the SIFT, Paper, and Amazon workloads filter by integer matching or comparison, which
exemplify low-filtering-overhead scenarios such as the price and categorical filters in e-commerce
recommendation [55]. By contrast, the H&M, LAION, and arXiv workloads filter with composite
predicates or string matching, which are typical in high-filtering-overhead scenarios such as
relationship filtering in knowledge graphs [29], image outlier detection by descriptions [33], or
retrieval refinement with fuzzy filter [42]. Similarly, the average 𝑆𝑝 also varies across different
workloads due to the difference in query predicates and vector attributes.

Spatial Variations. The spatial variations denote the skewed distribution of satisfactory vectors
in the vector space, which is observed in real-world cases [16]. We show this by counting the
local 𝑆𝑝 around each query and calculating the ratio between the maximum local 𝑆𝑝 and the
minimum local 𝑆𝑝 of each workload. A lower value of this metric means that the distribution of
satisfactory vectors is less skewed. As shown in Table 1, the SIFT and Paper workloads have the
least difference between the𝑀𝑎𝑥 (𝑆𝑝 ) and𝑀𝑖𝑛(𝑆𝑝 ) since the attribute for each vector is randomly
generated without considering the spatial location. However, other workloads with real-world
attributes demonstrate huge differences between𝑀𝑎𝑥 (𝑆𝑝 ) and𝑀𝑖𝑛(𝑆𝑝 ), reflecting strong spatial
correlation between the vectors and their attributes.

2.3 Drawbacks of Existing Methods
We evaluate HNSW-VBASE and ACORN on the SIFT dataset with varying 𝑆𝑝 and count the number
of distance computations and predicate filtering. Two drawbacks of existing methods can be derived
from the results, and we have found similar trends in other datasets.
Poor workload adaptivity. The total overhead of distance computations (dist) and predicate

filtering (filter) can be modeled as 𝑛𝑑𝑖𝑠𝑡 ·𝑂𝑑𝑖𝑠𝑡 +𝑛𝑓 𝑖𝑙𝑡𝑒𝑟 ·𝑂 𝑓 𝑖𝑙𝑡𝑒𝑟 , in which 𝑛 is the operation number
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Fig. 4. Number of distance computations and predicate filtering of HNSW-VBASE and ACORN among
different recall rates.

and 𝑂 is the average operation overhead. Although it is challenging to reduce the number of both
operations while keeping high recalls for a filtered ANN search, reducing the total overhead is
possible by keeping a good trade-off between these two operations according to their overheads.
However, both HNSW-VBASE and ACORN push this trade-off towards the extreme, either achieving
fewer distance computations with more predicate filtering or vice versa, as shown in Figure 4. For
example, when 𝑆𝑝 = 1

64 , ACORN reduces the number of distance computations by 89.9% to achieve
the recall@10 of 90% compared to HNSW-VBASE, but at the expense of 20.5× more predicate
filtering. The static and single neighbor-handling strategies in existing methods make them unable
to adapt to the temporal and spatial variations of real-world workloads.

Inefficient candidate supplementation. The search efficiency of graph-based indexes degrades
if there is an insufficient supplementation of candidate vectors during neighbor traversal, which
results in poor connectivity of the search subgraph [19, 33]. This is problematic when only filtering
on “one-hop” neighbors since the number of new candidate vectors can be limited after predicate
filtering. ACORN solves this by querying both “one-hop” and “two-hop” neighbors during each
neighbor traversal. However, the “two-hop” neighbors may be far from the query vector since
the spatial proximity is not transitive. As shown in Figure 4, compared to the HNSW-VBASE, the
“two-hop” search strategy expands ACORN’s predicate filtering by orders of magnitude, severely
degrading the performance if the predicate filtering cost is non-negligible compared to the distance
computation cost. Besides, it even enlarges the number of distance computations when the predicate
selectivity 𝑆𝑝 is very high (like when 𝑆𝑝 = 1

2 in this experiment). Methods such as NaviX [40]
partially alleviate this problem by not traversing the “two-hop” neighbors when local 𝑆𝑝 is high,
but the problem of inefficient candidate supplementation remains at a low 𝑆𝑝 .

2.4 Measurement on Vector Database Systems
Since the distance computation and predicate filtering overheads can be affected by data organiza-
tion, we also evaluate the above findings on a popular commercial vector database, Weaviate [53].

Non-negligible filtering overhead. For each workload, we sample ten thousand vectors to build
a Weaviate flat index [52] and extract the per-query summation of the distance computation and
predicate filtering overheads withWeaviate’s metric monitor [54]. As shown in Figure 5(a), although
there remain non-negligible filtering overheads for workloads LAION and Amazon, workloads
such as SIFT and H&M demonstrate much lower filtering overheads. This is because the Weaviate
pre-filters on all vectors in the dataset to generate an allow-list before querying, which can be
optimized with offline-built inverted indexes [51]. Although pre-filtering amortizes the individual
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filtering overhead, it increases the total proportion of filtering overhead (e.g., occupying 70% [40] of
a query) since an ANN search only needs distance computations of a portion of the dataset vectors.
On the contrary, this paper focuses on “filter-during-search” [8] that only performs predicate
filtering when needed, enabling more flexible scheduling of distance computation and predicate
filtering overhead, which yields lower total filtering overhead.
Poor workload adaptivity.We also evaluate DFN-only and DOS-only methods on Weaviate

with different selectivity levels. As shown in Figure 5(b), it reconfirms that neither of these methods
can consistently outperform the other with varying 𝑆𝑝 . This trend is also reported in Weaviate’s
official experiments [37].

3 PathSeer Overview
We propose PathSeer, a graph-based filtered ANN search system for efficient and adaptive retrieval.

3.1 Challenges and Solutions
The key idea of PathSeer is the dynamic and hybrid selection of neighbor-handling strategies
for each neighbor traversal, which simultaneously exploits the DFN and DOS neighbor-handling
strategies and carefully tunes their proportions according to workload characteristics. However,
there are mainly three challenges when realizing this idea. PathSeer exploits three techniques to
tackle these challenges.

First, it is challenging to simultaneously exploit the DFN and DOS neighbor-handling strategies
within one index, as they prefer different index structures. Specifically, the DFN neighbor-handling
prefers a sparse index structure with neighbor pruning [20], which existing works have shown to
be efficient for finding the nearest neighbors [25, 33]. On the contrary, the DOS neighbor-handling
prefers a dense index structure that records the complete neighbor information to avoid missing
satisfactory neighbors [33]. Regarding this challenge, we design a fusion vector indexing scheme
that integrates the index features of both neighbor-handling strategies. Vector neighbors are divided
into two zones, named the sparse zone and the expanding zone. Nearby neighbors are put in the
sparse zone and pruned with RNG-based pruning [20] to keep spatial sparsity, fitting the DFN
neighbor-handling. The remaining neighbors, including those pruned out from the sparse zone, are
put in the expanding zone for complete neighbor information, fitting the DOS neighbor-handling.
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Second, simply mixing DFN and DOS neighbor-handling strategies during each neighbor traver-
sal can lead to poor search performance. Specifically, the DOS neighbor-handling strategy only
performs distance computation on satisfactory neighbors and will have insufficient numbers of
candidate vectors for graph traversal under a low 𝑆𝑝 , impeding the search performance [19, 33].
Although the DOS-only methods solve this problem by the “two-hop” search, this approach leads
to inefficient candidate supplementation as we have shown in Section 2.3. Regarding this challenge,
we devise a dynamic neighbor traversal strategy to enable tuning the proportion of neighbor-
handling strategies while keeping high search performance. It leverages the observation that the
number of candidate vectors provided by the DFN neighbor-handling is not influenced by 𝑆𝑝 since
it performs distance computation on both satisfactory and unsatisfactory vectors. Regarding this,
the dynamic neighbor traversal fully traverses the sparse zone with DFN neighbor-handling and
partially traverses the expanding zone with DOS neighbor-handling according to the filtering ratio
𝑟 , guaranteeing both the connectivity of the search subgraph and workload adaptivity.

Third, it is challenging to decide the best filtering ratio 𝑟 for each neighbor traversal since it is hard
to derive a clear relationship between 𝑟 and the query efficiency. Specifically, the query efficiency
includes both the search speed and recall, which are typically contradictory goals [60]. Tuning 𝑟
will not only influence the search speed by changing the number of distance computations and
predicate filtering, but also alter the search recall since the number of traversed neighbors changes
accordingly. Regarding this challenge, we design a heuristic parameter tuning mechanism. It is
inspired by previous works [25, 33], which suggest that a bounded number of distance computations
for each neighbor traversal yield a good balance of search speed and recall for the graph-based
methods. We step further by taking both the distance computation and the predicate filtering
overheads into account, indicated with a new metric called virtual overhead. By profiling the best
virtual overhead boundary offline, we tune the 𝑟 for each neighbor traversal online according to
this boundary, achieving high search efficiency even for dynamic workloads.

3.2 PathSeer Workflow
Figure 6 presents the main workflow of PathSeer, which includes both offline and online workflows.

For the offline phase, PathSeer exploits the fusion vector indexing scheme (§ 4.1) to construct a
predicate-agnostic index on the dataset vectors. The fusion vector index is a hierarchical graph-
based index that comprises both coarse-search and fine-search indexes. The coarse-search index
consists of multiple proximity graphs on sampled dataset vectors, and the fine-search index is a
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proximity graph on all dataset vectors. Moreover, to achieve workload adaptivity, an overhead
profiler is responsible for deriving the best virtual overhead boundary for each combination of the
index configuration and predicate filtering overhead.
For the online phase, PathSeer first searches on the coarse-search index with the query vector

to locate a dataset vector near the query vector as the fine-search entry point [25]. Then, when
traversing the neighbors of each candidate vector from the fine-search index, PathSeer exploits the
dynamic neighbor traversal (§ 4.2) to divide the neighbors into two parts and apply two neighbor-
handling strategies respectively. Moreover, with the heuristic parameter tuning (§ 4.3), the filtering
ratio 𝑟 of each neighbor traversal is dynamically decided according to workload characteristics for
good adaptivity. Traversing the fine-search index is recursively performed until the stop condition
is met.

4 Key Techniques
4.1 Fusion Vector Indexing Scheme
Similar to HNSW [25], the fusion vector index is hierarchical, with the bottom layer serving as the
fine-search index and the upper layers serving as the coarse-search index. It exploits zone division to
maintain an index that is suitable for different neighbor-handling strategies. As shown in Figure 7,
each neighbor of a vector 𝑉 either belongs to the sparse zone or the expanding zone. The size of the
sparse zone does not exceed𝑀1, and the total size of both zones does not exceed𝑀2. The selection
of𝑀1 and𝑀2 will be discussed in Section 4.3.4.

PathSeer builds the fusion vector index without involving vector attributes. Algorithm 1 presents
the main procedure of inserting a new vector 𝑣𝑝𝑡 into the fusion vector index. First, PathSeer
generates a random vector layer number 𝑙𝑝𝑡 according to an exponential distribution [25]. Then,
it retrieves an entry vector 𝑣𝑛 from the layer (𝑙𝑝𝑡 + 1) of the coarse-search index as HNSW does
(see Algorithm 1 of [25]) (line 1), and 𝑣𝑝𝑡 is inserted into each layer numbered from 𝑙𝑝𝑡 to 0 (line 2).
Within each layer, PathSeer searches no more than𝑀2 nearest candidate vectors as HNSW does
(see Algorithm 2 of [25]), splitting them into the𝑀1 nearest ones and the remaining ones, denoted
by 𝑉𝑠𝑝𝑟 and 𝑉𝑒𝑥𝑝 , respectively (line 4). Finally, PathSeer updates the index for 𝑣𝑝𝑡 (lines 5-13), in
which PathSeer specially exploits the following pruning and victim selection methods:

Rearranging pruning. As shown in Figure 7, PathSeer exploits the rearranging pruning to
combine the index features of two neighbor-handling strategies within one index. On the one
hand, candidates for the sparse zone (i.e., 𝑉𝑠𝑝𝑟 ) are pruned with the RNG-based pruning [20] to
enhance the spatial sparsity and boost the search efficiency of the DFN neighbor-handling (line 5).
On the other hand, the remaining candidates (i.e., 𝑉𝑒𝑥𝑝 ), together with those that are pruned from
the sparse zone (line 10), are placed in the expanding zone to provide more complete neighbor
information for efficient DOS neighbor-handling. Unlike ACORN that exploits predicate-agnostic
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Algorithm 1 Fusion vector indexing algorithm.
Input: Vector 𝑣𝑝𝑡 , vector layer number 𝑙𝑝𝑡
Output: none
1: 𝑣𝑛 ← 𝑐𝑜𝑎𝑟𝑠𝑒_𝑠𝑒𝑎𝑟𝑐ℎ(𝑣𝑝𝑡 , 𝑙𝑝𝑡 + 1)
2: for 𝑙 = 𝑙𝑝𝑡 , . . . , 0 do
3: (𝑀1, 𝑀2) ← 𝑔𝑒𝑡_𝑙𝑎𝑦𝑒𝑟_𝑠𝑖𝑧𝑒_𝑙𝑖𝑚𝑖𝑡 (𝑙)
4: (𝑉𝑠𝑝𝑟 ,𝑉𝑒𝑥𝑝 ) ← 𝑠𝑒𝑎𝑟𝑐ℎ_𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠 (𝑣𝑛, 𝑣𝑝𝑡 , 𝑙, 𝑀1, 𝑀2)
5: (𝑉𝑠𝑝𝑟 ,𝑉𝑝𝑟𝑢𝑛𝑒𝑑 ) ← 𝑅𝑁𝐺_𝑝𝑟𝑢𝑛𝑖𝑛𝑔(𝑣𝑝𝑡 ,𝑉𝑠𝑝𝑟 , 𝑀1)
6: 𝑎𝑑𝑑_𝑠𝑝𝑟_𝑧𝑜𝑛𝑒_𝑏𝑎𝑡𝑐ℎ(𝑣𝑝𝑡 ,𝑉𝑠𝑝𝑟 , 𝑙)
7: for 𝑣 in 𝑉𝑠𝑝𝑟 do
8: 𝑎𝑑𝑑_𝑠𝑝𝑟_𝑧𝑜𝑛𝑒 (𝑣, 𝑣𝑝𝑡 , 𝑙)
9: if 𝑙 == 0 then
10: 𝑉𝑒𝑥𝑝 ← 𝑉𝑒𝑥𝑝 ∪𝑉𝑝𝑟𝑢𝑛𝑒𝑑
11: 𝑎𝑑𝑑_𝑒𝑥𝑝_𝑧𝑜𝑛𝑒_𝑏𝑎𝑡𝑐ℎ(𝑣𝑝𝑡 ,𝑉𝑒𝑥𝑝 , 𝑙)
12: for 𝑣 in 𝑉𝑒𝑥𝑝 do
13: 𝑎𝑑𝑑_𝑒𝑥𝑝_𝑧𝑜𝑛𝑒_𝑓 𝑎𝑠𝑡 (𝑣, 𝑣𝑝𝑡 , 𝑙)

pruning for DOS-only neighbor-handling [33], PathSeer does not prune the expanding zone since
it does not exploit the “two-hop” search, as we will show in Section 4.2.

Binary-search-based victim selection. Inserting a new vector 𝑣𝑝𝑡 involves connecting 𝑣𝑝𝑡 and
its neighbors (lines 6-13). When the number of neighbors exceeds the size limit, a victim neighbor
is selected for eviction. However, we have found that directly applying the heap-based victim
selection [5, 27] to select the farthest neighbor incurs significant index construction overhead,
especially when inserting 𝑣𝑝𝑡 to the expanding zones of its neighbors (line 13). Regarding this, we
optimize it with a binary-search-based victim selection algorithm. The main opportunity is that, as
PathSeer does not prune the expanding zone neighbors, the only metric for victim selection is the
spatial similarity. Specifically, for any vector 𝑣𝑖 , PathSeer keeps its expanding zone neighbors in
a distance ascending order regarding 𝑣𝑖 . When inserting a new candidate 𝑣𝑒𝑥𝑝 to the expanding
zone, PathSeer quickly locates a position 𝑝 where 𝑣𝑒𝑥𝑝 should be inserted with the binary search.
If 𝑝 is within the expanding zone’s size limit 𝑀2, PathSeer uses memmove [10] to move forward
the neighbors within [𝑝,𝑀2 − 1) by one unit, making room for 𝑣𝑒𝑥𝑝 . According to experiments in
Section 5.5, the binary-search-based victim selection reduces the index construction time by 95%
without degrading query throughput–recall performance.

PathSeer only maintains the expanding zone for the fine-search index (lines 9-13). Since vectors
in the coarse-search index are sampled vectors from the entire dataset, neighbors from the coarse-
search index may be spatially far from the query’s local region. Therefore, searching the expanding
zones of the coarse-search index has limited benefit for retrieving the top-k nearest satisfactory
vectors to the query. For the fine-search index, PathSeer maintains both the sparse zones and the
expanding zones to retrieve the top-k nearest satisfactory vectors from the entire dataset.
Finally, we introduce the data structure of the fusion vector index and how it supports vector

updates. PathSeer employs the appendable lists to store vector data, adjacency lists of the graph
index, and other metadata (e.g., the sparse zone size𝑀𝑠𝑝𝑟 ) for each vector. Each inserted vector is
assigned a monotonically increasing internal ID, which is used to quickly locate vector data and
other metadata in the appendable lists. Vector insertion is naturally supported since the fusion
vector index can be built incrementally, and the related data of new vectors can be directly added
to the appendable lists. There is no specifically designed algorithm for deletion in PathSeer, since
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Fig. 8. Problems of applying “one-hop” or “two-hop” search in DOS-only neighbor traversal.

PathSeer is compatible with typical deletion methods on graph-based indexes, such as marking the
deleted vectors or graph reconstruction [62].

4.2 Dynamic Neighbor Traversal Strategy
PathSeer exploits a dynamic neighbor traversal strategy to enable adjusting the proportion of
different neighbor-handling strategies for workload adaptivity. Adjusting the proportion of different
neighbor-handling strategies within a graph-based index requires a careful design, since applying
the filter during traversal may harm the connectivity of the search subgraph [19], resulting in poor
search recall rates. As shown in Figure 8(a), we evaluate the six workloads from Section 5 with
the DOS-only search method on the “one-hop” neighbors, where three of them fail to reach a high
recall (e.g., 90% [43]) even under exhaustive retrieval.
Although previous works [33, 40] solve the above problem with the “two-hop” search, we find

that traversing the “two-hop” neighbors is not efficient, as most of them are far from the query
vector. We illustrate this by measuring the average distance between the query vector and the
traversed neighbors of the fine-search layer under the Amazon workload. As shown in Figure 8(b),
most “two-hop” neighbors are even farther than the farthest “one-hop” neighbor throughout the
retrieval. This results in excessive numbers of predicate filtering and distance computations on
vectors far from the query and severely degrades the query performance.

Based on the above analysis, we conclude two guidelines when designing PathSeer’s search
algorithm. First, the search subgraph should keep good connectivity regardless of the workload 𝑆𝑝 ,
which is realized by traversing all sparse-zone neighbors with the DFN neighbor-handling strategy
and adding both the satisfactory and unsatisfactory vectors to the candidate heap. Second, we
avoid inefficient candidate supplementation by not exploiting the “two-hop” neighbors for the DOS
neighbor-handling strategy.

Figure 9 illustrates the main search procedure of PathSeer. For each query, PathSeer maintains a
candidate heap and a result heap of the vectors, whose maximum sizes are a configurable parameter
(𝑒 𝑓 ) and the number of nearest neighbors the user requires (𝑘), respectively. If a heap exceeds its
size limit after adding a new vector, it will pop out the vector that is farthest from the query vector.
For each query, PathSeer exploits the coarse search algorithm to find an entry vector from the
fine-search layer (step 1). Then, PathSeer initializes the candidate heap with the entry vector and
repeatedly pops the vector that is nearest to the query vector for dynamic neighbor traversal. With
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a dedicated𝑀𝑒𝑥𝑝 for each neighbor traversal, PathSeer only traverses neighbors within𝑀𝑒𝑥𝑝 . This
implicitly decides the filtering ratio 𝑟 since 𝑟 = 1−𝑀𝑠𝑝𝑟/𝑀𝑒𝑥𝑝 (step 2). To enhance the connectivity
of the search subgraph, all sparse zone vectors are handled by the DFN neighbor-handling (step 3).
Specifically, PathSeer performs distance computation on all sparse zone vectors and supplements
them into the candidate heap (step 4). Besides, only vectors that are eligible to be added to the
current result heap (𝑉𝑛𝑒𝑎𝑟 ) are filtered, and the satisfactory ones (𝑉𝑠𝑎𝑡 ) are added to the result heap
(step 5). Expanding zone vectors within 𝑀𝑒𝑥𝑝 are handled by the DOS neighbor-handling, each
filtered with the query predicate (step 6). Only the satisfactory ones (𝑉𝑠𝑎𝑡2) participate in distance
computation and are added to both the candidate heap and result heap (step 7). The above traversal
is repeatedly performed until the candidate heap is empty (step 8).

Algorithm 2 presents the details of dynamic neighbor traversal. After initialization and the coarse
search (lines 1-8), for each step of the traversal, the dynamic neighbor traversal handles all sparse
zone vectors with the DFN neighbor-handling (lines 11-19). Afterwards, PathSeer traverses the
expanding zone vectors with the DOS neighbor-handling (lines 20-29). Expanding zone traversal
may terminate early (lines 21-22) according to𝑀𝑒𝑥𝑝 derived from Section 4.3.

4.3 Heuristic Parameter Tuning Method
The heuristic parameter tuning is mainly used to tune each𝑀𝑒𝑥𝑝 (and 𝑟 accordingly) of the dynamic
neighbor traversal. Empirically, increasing the filtering ratio will handle more vectors with the
DOS neighbor-handling, which reduces the number of distance computations, but at the expense
of more predicate filtering. However, the search recall rate will also change as the filtering ratio
grows since more vectors are traversed. Therefore, the query throughput at a certain recall can
change in a non-monotonic way as the filtering ratio grows, which makes it challenging to derive
the best filtering ratio for each neighbor traversal theoretically.
Regarding this challenge, we propose a hypothesis that an efficient filtered ANN query should

keep each neighbor traversal overhead within a certain boundary, keeping a good balance between
the search overhead and completeness. This hypothesis is consistent with existing graph-based
search methods [33, 63] that restrict the maximum number of distance computations for each
neighbor traversal, under the assumption that the predicate filtering overhead is negligible. However,
we consider a more general case by taking the filtering overhead into account.
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Algorithm 2 Dynamic neighbor traversal algorithm.
Input: query vector 𝑣𝑞 , query predicate 𝑝𝑞 , number of required vectors 𝑘 , size of dynamic list 𝑒 𝑓
Output: ℎ𝑒𝑎𝑝𝑟 of 𝑘 approximately nearest satisfactory vectors
1: 𝑣𝑡 ← Empty visited table
2: ℎ𝑒𝑎𝑝𝑐 ← Empty candidate heap of maximum size 𝑒 𝑓
3: ℎ𝑒𝑎𝑝𝑟 ← Empty result heap of maximum size 𝑘
4: 𝑣𝑛 ← 𝑐𝑜𝑎𝑟𝑠𝑒_𝑠𝑒𝑎𝑟𝑐ℎ(𝑣𝑞, 1)
5: ℎ𝑒𝑎𝑝𝑐 .𝑝𝑢𝑠ℎ(𝑣𝑛, 𝑑𝑖𝑠𝑡 (𝑣𝑞, 𝑣𝑛))
6: 𝑣𝑡 .𝑠𝑒𝑡 (𝑣𝑛)
7: if 𝑝𝑞 (𝑣𝑛) then
8: ℎ𝑒𝑎𝑝𝑟 .𝑝𝑢𝑠ℎ(𝑣𝑛, 𝑑𝑖𝑠𝑡 (𝑣𝑞, 𝑣𝑛))
9: while ℎ𝑒𝑎𝑝𝑐 .𝑠𝑖𝑧𝑒 () > 0 do
10: (𝑣0, 𝑑0) ← ℎ𝑒𝑎𝑝𝑐 .𝑝𝑜𝑝_𝑚𝑖𝑛()
11: for 𝑣1 in 𝑠𝑝𝑎𝑟𝑠𝑒_𝑧𝑜𝑛𝑒_𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 (𝑣0, 0) do
12: if 𝑣𝑡 .𝑔𝑒𝑡 (𝑣1) then
13: continue
14: 𝑣𝑡 .𝑠𝑒𝑡 (𝑣1)
15: 𝑑 ← 𝑑𝑖𝑠𝑡 (𝑣1, 𝑣𝑞)
16: ℎ𝑒𝑎𝑝𝑐 .𝑝𝑢𝑠ℎ(𝑣1, 𝑑)
17: if ℎ𝑒𝑎𝑝𝑟 .𝑠𝑖𝑧𝑒 () < 𝑘 or 𝑑 < ℎ𝑒𝑎𝑝𝑟 .𝑓 𝑎𝑟𝑡ℎ𝑒𝑠𝑡_𝑑𝑖𝑠𝑡 () then
18: if 𝑝𝑞 (𝑣1) then
19: ℎ𝑒𝑎𝑝𝑟 .𝑝𝑢𝑠ℎ(𝑣1, 𝑑)
20: for 𝑣1 in 𝑒𝑥𝑝𝑎𝑛𝑑𝑖𝑛𝑔_𝑧𝑜𝑛𝑒_𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 (𝑣0, 0) do
21: if traverse_should_stop() then
22: break
23: if 𝑣𝑡 .𝑔𝑒𝑡 (𝑣1) then
24: continue
25: 𝑣𝑡 .𝑠𝑒𝑡 (𝑣1)
26: if 𝑝𝑞 (𝑣1) then
27: 𝑑 ← 𝑑𝑖𝑠𝑡 (𝑣1, 𝑣𝑞)
28: ℎ𝑒𝑎𝑝𝑐 .𝑝𝑢𝑠ℎ(𝑣1, 𝑑)
29: ℎ𝑒𝑎𝑝𝑟 .𝑝𝑢𝑠ℎ(𝑣1, 𝑑)

4.3.1 Virtual overhead and its characteristics. Based on the above analysis, we propose a metric to
depict the neighbor traversal overhead called virtual overhead. When traversing the neighbors of a
candidate vector, assuming that the local predicate selectivity is 𝑆𝑝 , we first define the traversal
overhead of an individual vector as 𝑂𝑖 =𝑂 𝑓 𝑖𝑙𝑡𝑒𝑟 +𝑂𝑑𝑖𝑠𝑡 · 𝑆𝑝 , in which the 𝑂 𝑓 𝑖𝑙𝑡𝑒𝑟 and 𝑂𝑑𝑖𝑠𝑡 are the
average overhead of predicate filtering and distance computation, respectively. Then the virtual
overhead of traversing the first 𝑀𝑒𝑥𝑝 neighbors is defined as 𝑀𝑒𝑥𝑝 · 𝑂𝑖 accordingly. Note that
this definition includes some approximations for the traversal overhead of the sparse zone. The
main reason is that the sparse zone sizes𝑀𝑠𝑝𝑟 vary among different vectors due to the RNG-based
pruning, and accounting for its overhead results in significant variations of the virtual overhead
even when the satisfactory vectors are uniformly distributed. This will make it hard for PathSeer
to decide a fixed metric offline that can guide efficient parameter tuning online.

By defining the virtual overhead, we verify our hypothesis with the six datasets by profiling the
relationship between the virtual overhead and the query performance. We start with the workload
with uniformly distributed satisfactory vectors by generating synthetic attributes for each dataset
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Fig. 10. Relationship between query throughput and average virtual overhead under different vector datasets.

to alter the 𝑆𝑝 , while retaining the actual distance computation and predicate filtering overheads. As
shown in Figure 10, the dots within each line are derived by altering the fixed𝑀𝑒𝑥𝑝 for all neighbor
traversals (which results in different virtual overheads) and measuring their query throughput
when the recall@10 equals 0.9. It can be observed that for each workload, the query throughput
tends to peak around a similar𝑉𝑂𝐵 across different 𝑆𝑝 , which is in accord with our hypothesis.
We have the following intuitive explanation for this observation. Assuming that𝑀𝑒𝑥𝑝 neighbors are
traversed for a neighbor traversal, the virtual overhead can be estimated as𝑀𝑒𝑥𝑝 · (𝑂 𝑓 𝑖𝑙𝑡𝑒𝑟 +𝑂𝑑𝑖𝑠𝑡 ·𝑆𝑝 ).
Decreasing 𝑆𝑝 reduces the latter term, but the 𝑀𝑒𝑥𝑝 (i.e., the former term) that leads to the best
search performance will increase since a lower 𝑆𝑝 prefers more neighbors handled by the DOS
strategy, as shown in Figure 1. This makes the overall virtual overhead change only slightly.

4.3.2 Adaptive search based on virtual overhead. The above observation motivates us to design a
heuristic parameter tuning mechanism based on the virtual overhead. The main idea is to terminate
the neighbor traversal early if the current virtual overhead reaches the boundary 𝑉𝑂𝐵 , which is
irrelevant to the workload’s 𝑆𝑝 . Such an overhead-bounded search method implicitly takes the
workload characteristics (i.e., 𝑅𝑝 and local 𝑆𝑝 ) into consideration, which automatically decides the
𝑀𝑒𝑥𝑝 for each neighbor traversal without user involvement. Figure 11 illustrates this with three
cases. In case 1, the workload has both a small 𝑅𝑝 and 𝑆𝑝 , and all 𝑀2 neighbors are traversed as
the accumulated virtual overhead is less than 𝑉𝑂𝐵 . In both cases 2 and 3, the dynamic neighbor
traversal terminates early since the actual virtual overhead reaches the 𝑉𝑂𝐵 . Specifically, the high
𝑆𝑝 of case 2 workload brings more distance computation overhead since it has more satisfactory
vectors, and the high 𝑅𝑝 of case 3 workload makes the overhead of each predicate filtering larger.
Since the𝑀𝑒𝑥𝑝 and 𝑟 conform with 𝑟 = 1 −𝑀𝑠𝑝𝑟/𝑀𝑒𝑥𝑝 , the above search process also decides the
filtering ratio 𝑟 for each neighbor traversal, which implicitly decides the proportion of DFN and
DOS strategies as Figure 2 suggests.
When handling real-world filtered ANN search workloads with spatially variant 𝑆𝑝 , PathSeer

heuristically decides the𝑀𝑒𝑥𝑝 (and 𝑟 ) for each neighbor traversal by early terminating each neighbor
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Fig. 11. Heuristic parameter tuning for different workload characteristics with virtual overhead boundary.

traversal according to local 𝑆𝑝 and the 𝑉𝑂𝐵 derived from synthetic and uniformly distributed 𝑆𝑝 .
This can capture the attribute correlation since a smaller 𝑆𝑝 (i.e., low-correlation areas) will produce
a larger 𝑀𝑒𝑥𝑝 (and 𝑟 ) and vice versa. Such a heuristic parameter tuning method is reasonable
considering that 𝑉𝑂𝐵 weakly correlates with 𝑆𝑝 (see Section 4.3.1). This design enables PathSeer
to tune the search based on workload characteristics online without knowing the distribution of
𝑆𝑝 before querying. We evaluate the effectiveness of this heuristic parameter tuning method in
Section 5.3.

4.3.3 Profiling the virtual overhead boundary𝑉𝑂𝐵 . PathSeer profiles the virtual overhead boundary
𝑉𝑂𝐵 offline without knowing the online query in advance. For a fusion vector index on a vector
dataset, PathSeer generates synthetic query vectors by averaging sampled dataset vectors. Then,
PathSeer evaluates workloads of different 𝑆𝑝 levels by generating synthetic attributes for both
the dataset and the query vectors and exploits the attribute matching as the query predicate. The
predicate filtering overhead 𝑂 𝑓 𝑖𝑙𝑡𝑒𝑟 is simulated by busy-waiting during each filter. Specifically,
for each 𝑆𝑝 level, PathSeer evaluates and fits, with quadratic functions, the relationship between
virtual overhead and performance under a fixed recall rate. Finally, PathSeer derives the best virtual
overhead 𝑉𝑂𝐵 that results in the lowest average throughput degradation compared to the peak
throughput among all evaluated 𝑆𝑝 . In Figure 10, we use the red lines to depict the profiled 𝑉𝑂𝐵

among the six workloads.
The above profiling only assumes knowing the distance computation and predicate filtering

overheads of the online query, and the distribution of 𝑆𝑝 is not required before online querying.
On the one hand, although the distance computation overhead can vary with hardware setups,
these factors are usually stable after the vector database is deployed, so it is not costly to profile
for each new setup. On the other hand, the predicate filtering overhead may vary among different
predicates. One tentative solution is to profile the 𝑉𝑂𝐵 of multiple 𝑂 𝑓 𝑖𝑙𝑡𝑒𝑟 offline and measure the
actual 𝑂 𝑓 𝑖𝑙𝑡𝑒𝑟 online to select a matched 𝑉𝑂𝐵 for querying.
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Table 2. Vector datasets used for evaluation.

Workload #Vectors #Queries Dim Query predicate

SIFT 1000000 10000 128 Integer matching
H&M 104100 1000 2048 Composite predicate
LAION 11637603 10000 512 String matching
Paper 2000000 10000 200 Integer comparison
arXiv 122687 10000 768 Composite predicate

Amazon 5980397 10000 768 Integer comparison

4.3.4 Selection of𝑀1 and𝑀2. As we have shown in Section 4.1, the fusion vector index has two
user-defined parameters 𝑀1 and 𝑀2. Although the heuristic parameter tuning does not decide
them directly, suitable values for them can be estimated as follows. First, a larger𝑀2 enables more
scheduling space for heuristic parameter tuning, which, however, expands the index size. Thus, the
𝑀2 can be estimated as the largest possible𝑀𝑒𝑥𝑝 , which can be derived from 𝑆𝑝 ,𝑂 𝑓 𝑖𝑙𝑡𝑒𝑟 , and𝑂𝑑𝑖𝑠𝑡 of
typical workloads. Second,𝑀1 influences the trade-off between the search-subgraph’s connectivity
and the number of distance computations. We choose𝑀1 as follows: Assuming that for a candidate
𝑀𝑐 and its profiled virtual overhead boundary 𝑉𝑂𝑐 , 𝑃 is the average throughput of all synthetic
profiling workloads when the virtual overhead boundary is set to 𝑉𝑂𝑐 , then𝑀1 should be the𝑀𝑐

with the largest 𝑃 .

5 Performance Evaluation
Our evaluation tries to answer the following questions:
• How does PathSeer perform compared to other filtered ANN search approaches? (§ 5.2)
• What are the effects of individual techniques used by PathSeer? (§ 5.3)
• Can PathSeer adapt to workloads with different characteristics? (§ 5.4)
• What is the overhead of PathSeer’s fusion vector index? (§ 5.5)
• To what extent is the performance of PathSeer sensitive to its hyperparameters? (§ 5.6)

5.1 Experimental Setup
Platform. We conduct the experiments on a server that consists of two 10-core Intel Xeon Sil-
ver 4210R CPUs and 128GB DDR4 memory. Each core supports two concurrent threads through
hyper-threading. The operating system is Ubuntu 18.04 with Linux kernel version 5.4. The eval-
uated programs are compiled with g++ 7.5.0. When evaluating the query throughput, we use
OpenMP [30] to execute different queries in parallel. To obtain stable performance, we let the
number of OpenMP threads equal the number of CPU physical cores and bind the threads to cores
by setting OMP_PROC_BIND to true.
Evaluated workloads. The evaluation is conducted on six vector datasets as summarized in

Table 2. Details of the workload construction are listed below. Query vectors are randomly extracted
from the dataset vectors if the dataset itself does not have them.
• SIFT is built from the SIFT1M dataset [1]. Following [15, 33, 47], when evaluating the overall
performance, we assign random integers to both the dataset and query vectors according to a
uniform distribution over the range [0, 6). Moreover, to evaluate workloads of different char-
acteristics, we change the range of generated integers and add a busy sleep function for each
predicate filtering, resulting in different 𝑆𝑝 and 𝑅𝑝 , respectively. The query predicate is that the
vector attribute equals the query attribute.
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Table 3. Parameters used for the compared filtered ANN search methods.

IVFFlat
(𝑁𝑐𝑙𝑢𝑠𝑡𝑒𝑟 )

HNSW-VBASE
(𝑀)

NaviX
(𝑀)

ACORN
(𝑀 ,𝑀𝛽 , 𝛾 )

PathSeer
(𝑀1, 𝑀2)

SIFT 512 32 32 (64, 128, 12) (64, 128)
H&M 256 64 32 (32, 64, 156) (16, 128)
LAION 512 64 64 (64, 128, 38) (32, 128)
Paper 512 32 32 (32, 64, 40) (64, 128)
arXiv 256 64 64 (32, 64, 189) (64, 128)

Amazon 2048 64 64 (32, 64, 3) (64, 128)

• H&M is built with the H&M dataset [3]. We generate embeddings of the images with EfficientNet-
B5 [44] and extract three meaningful columns (product type, perceived color, and department
name) from its attribute table as the vector attributes, randomly dropping some columns for each
query to simulate partial-attribute filtering. These categorical attributes are converted to integers
before evaluation. The query predicate is that the vector’s attributes conform to the constraints
on the attributes.
• LAION is built from the image-text dataset LAION-400M [2] by extracting over 10M items from
it. Similar to [33], we use the image embeddings as the dataset vectors, while the corresponding
textual captions are employed as attributes. The query predicate is string matching, where the
matched words are selected from frequent and meaningful words extracted from all captions.
• Paper is built by assigning a citation count for each vector from the Paper dataset [48]. The
citation count is initially sampled from a log-normal distribution and then increases over iterations
following a Poisson-based preferential attachment process with temporal aging [46]. The query
predicate is that the paper citation is at least 50.
• arXiv is built with the task embeddings from the dataset of arXiv papers [31]. Following [8],
attributes of each vector are the publication time extracted from the arXiv ID, as well as the
categorical labels from the “tasks”, “labels”, and “dataset” columns. The query predicate is that
the publication time of the dataset vector is later than that of the query, and the labels of the
dataset vector conform to the label constraints in the query. When extracting queries from the
dataset, we omit those with no label.
• Amazon is built with the Amazon Product Graph [26]. We use the 2014 version and retain only
items with valid product images and non-null price values. Each product is represented by a
CLIP-based image embedding, and its price is used as the attribute. The query predicate is that
the price of the dataset vector is lower than the price of the query vector.

Baselinemethods. We compare PathSeer with the graph-based HNSW-VBASE [63], ACORN [33],
and NaviX [40], as well as the cluster-based IVFFlat [12]. The evaluation of ACORN is based on
its source code [5], adopted from the Faiss codebase [27] version 1.7.3. For fair comparison, we
implement PathSeer in the Faiss codebase of the same version with about 4K LOC. The imple-
mentations of HNSW-VBASE and IVFFlat are also adopted from this Faiss codebase. Besides, we
integrate NaviX [40] in our benchmark following its source code [41]. All methods run in the
“filter-during-search” [8] mode that only performs predicate filtering when needed. Attributes
are stored in hash tables for fast individual accesses, and the query predicate is customized with
IDSelector [4] for each workload. The distance metric in all experiments is the cosine distance [56].
All methods have tunable index construction parameters that affect the query performance. For the
compared methods, we perform an offline grid search [11] on valid parameters and choose the best
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Fig. 12. Query throughput of different filtered ANN search methods under varying recall rates.

one for each workload, as detailed in Table 3. For PathSeer, we set𝑀1 according to Section 4.3.4
and𝑀2 to 128 for all workloads, and discuss the parameter sensitivity in Section 5.6.

5.2 Overall Performance
In this section, we compare the overall performance of different filtered ANN search methods by
measuring the throughput they can achieve for the same recall rates. As all evaluated methods
have search parameters to balance the search performance and recall rates, such as the number of
searched clusters (𝑛𝑝𝑟𝑜𝑏𝑒) for IVFFlat and the size of dynamic lists (𝑒 𝑓 ) for the other graph-based
methods, we demonstrate the performance of different methods by plotting the performance-recall
curve under different search parameters. The results are shown in Figure 12.

Comparison with graph-based methods. Compared to HNSW-VBASE and ACORN, PathSeer
consistently achieves the best performance across different workloads and recall rates. For example,
at recall@10 of 85% across six workloads, PathSeer achieves throughput speedups over HNSW-
VBASE, ACORN and NaviX ranging from 1.2× to 7.5×, 1.7× to 17.5× and 1.5× to 2.3× (3.2×, 4.9×
and 1.9× on average), respectively. When the recall target is 90%, PathSeer achieves throughput
speedups over HNSW-VBASE, ACORN and NaviX ranging from 1.2× to 13.5×, 1.6× to 10.6× and
1.3× to 2.3× (4.4×, 4.2× and 1.7× on average), respectively. This is because both HNSW-VBASE
and ACORN exploit static selections of neighbor-handling strategies, either introducing excessive
distance computation overhead or predicate filtering overhead. While NaviX adjusts its neighbor
traversal strategy according to local 𝑆𝑝 , it only relies on the DOS neighbor handling strategy with
limited adaptivity, which even fails to reach target recall rates under the LAION workload. By
contrast, the dynamic and hybrid selection of neighbor-handling strategies in PathSeer finds a
suitable search path for high recall rates while keeping a good balance between the number of
distance computations and predicate filtering, thus achieving the best query performance.

Comparison with cluster-based method. Compared to IVFFlat, across all six workloads with
recall@10 of 85% and 90%, PathSeer achieves throughput speedups ranging from 1.7× to 43.5×
and 1.2× to 47.4× (9.9× and 10.2× on average), respectively. This performance gain is not only
attributed to the dynamic and hybrid selection of neighbor-handling strategies in PathSeer, but
also to PathSeer’s graph-based index, which enables fine-grained modeling on the vector space to
locate target vectors with less unnecessary traversal of vectors far from the query vector. However,
when the target recall rate is near 100%, IVFFlat does show comparable or even higher performance
than PathSeer, since a relatively large proportion of dataset vectors needs to be traversed to
achieve high recalls. This requires the graph-based method to perform an excessive number of
distance computations to navigate the proximity graph, resulting in worse performance than the
cluster-based method.
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Fig. 13. Effects of individual techniques in PathSeer. The error bars denote the minimum and maximum
throughput among different search parameters.

5.3 Effects of Individual Techniques
To isolate the improvement brought by PathSeer’s key techniques, we evaluate the throughput
of PathSeer with the six workloads and progressively add the three techniques. When evaluating
PathSeer without heuristic parameter tuning, we use a series of𝑀𝑒𝑥𝑝 values that are fixed for all
neighbor traversals, evaluate the performance of each 𝑀𝑒𝑥𝑝 , and present their mean, minimum,
and maximum throughput, respectively. HNSW-VBASE, ACORN, and NaviX are employed as
baselines to demonstrate the performance of DFN-only and DOS-only methods. We demonstrate
the throughput of different methods when the recall@10 equals 90% in Figure 13.

First, we evaluate PathSeer’s dynamic neighbor traversal without the fusion vector index scheme
by simply setting the first𝑀1 neighbors as the sparse zone neighbors and the remaining neighbors as
the expanding zone neighbors for each dataset vector. Under this configuration, PathSeer improves
the throughput from 5.1% to 101.6% compared to the baselines for the SIFT and Paper workloads.
This is because the dynamic neighbor traversal exploits the dynamic and hybrid selection of the
DFN and DOS neighbor-handling, which keeps a good balance between the number of distance
computations and predicate filtering. However, for other workloads, PathSeer has up to 94.6%
performance degradation compared to the baselines, since these vector datasets introduce much
more distance computations during the DFN neighbor-handling with RNG-based pruning.
Second, the fusion vector indexing scheme can efficiently solve the above problem and boost

PathSeer’s performance. Compared to only using the dynamic neighbor traversal, integrating the
fusion vector indexing scheme improves mean throughput by 19.1% to 1446.5%. This is because
the rearranging pruning not only keeps a group of sparse neighbors for efficient DFN neighbor-
handling, but also maintains enough close neighbors for efficient DOS neighbor-handling. However,
such performance improvements require manual parameter tuning. Selecting an improper search
parameter may result in severe performance degradation, such as the 42.4% degradation of the
arXiv workload.

Finally, adding the heuristic parameter tuning enables PathSeer to tune the𝑀𝑒𝑥𝑝 for each neighbor
traversal based on workload characteristics, which improves the throughput by 19.9% on average.
Specifically, for H&M and Amazon, the heuristic parameter tuning delivers better performance
than statically assigning the same 𝑀𝑒𝑥𝑝 for each neighbor traversal. This demonstrates that the
dynamic selection of neighbor-handling strategies enhances PathSeer’s adaptivity to workload
characteristics, thus achieving higher overall performance. For the other workloads, the heuristic
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Fig. 14. Performance-recall curves of different methods with workloads of varying characteristics.
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Fig. 15. The throughput of different methods on the Paper dataset with temporally varying attributes.

parameter tuning does not find the configuration that consistently outperforms the static parameter
selection. This is because the heuristic parameter tuning is a greedy algorithm that only considers
the local selectivity for each neighbor traversal, missing the chance of the globally optimal choice.
However, the heuristic parameter tuning enables PathSeer to quickly adapt to any variance of
workload characteristics without manual involvement or costly parameter tuning.

5.4 Adaptivity to Workload Characteristics
To evaluate whether the dynamic and hybrid selection of neighbor-handling strategies in PathSeer
can adapt to workloads with different characteristics, we generate synthetic workloads of different
𝑆𝑝 and 𝑅𝑝 with the SIFT dataset. For each method, the index construction parameters are fixed for
all workloads as in Table 3, and PathSeer’s 𝑉𝑂𝐵 is specifically profiled for each 𝑅𝑝 but is kept the
same for different 𝑆𝑝 according to Section 4.3.3. Figure 14 presents the performance-recall curves
of different methods under varying 𝑆𝑝 and 𝑅𝑝 . It can be observed that for workloads of different
characteristics, neither the DFN-only method (HNSW-VBASE) nor the DOS-only methods (ACORN
and NaviX) consistently outperform the others, since they rely on static and single neighbor-
handling strategies. By contrast, thanks to the hybrid and dynamic selection of neighbor-handling
strategies, PathSeer adapts to different 𝑆𝑝 and 𝑅𝑝 and achieves consistent high performance among
different workload characteristics. PathSeer may perform worse than the cluster-based IVFFlat
when 𝑆𝑝 is 0.1%. This comes from the high distance computation overheads that the graph-based
methods pay to navigate through the proximity graph.
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Fig. 16. Index overheads of different methods. The white blocks in Figure 16(a) denote time reduction brought
by PathSeer’s binary-search-based victim selection.

We further evaluate different methods with a workload whose vector attributes are dynamically
evolving. We use the Paper dataset, in which the citation of each paper increases over iterations
without altering the paper embedding. The query predicate is that the paper citation is higher than
50, and the predicate selectivity 𝑆𝑝 increases over iterations as the citations of all papers increase.
For each method, the index construction parameter is fixed across iterations, but we may tune the
𝑒 𝑓 or 𝑛𝑝𝑟𝑜𝑏𝑒 to derive the performance under target recall rates. As shown in Figure 15, all existing
methods struggle to handle workloads with dynamically evolving attributes. Specifically, for about
the first 20 iterations, both ACORN and NaviX consistently outperform the other two baselines
since their DOS neighbor-handling strategy can efficiently avoid distance computation on the
unsatisfactory vectors for higher performance. However, they begin falling short of HNSW-VBASE
afterwards since the DOS neighbor-handling introduces more distance computations than the DFN
neighbor-handling under high 𝑆𝑝 , even though NaviX has an adaptive search algorithm based on
local 𝑆𝑝 . By contrast, PathSeer consistently achieves the best performance across all iterations
since its dynamic selection of neighbor-handling strategies adapts to the varying workload by
consistently tuning the search parameter for high performance.

5.5 Index Overheads
In this section, we evaluate the index construction time and index size of the fusion vector index
in PathSeer. Figure 16(a) presents the index construction time of different methods. The “binary-
search-based” victim selection in PathSeer effectively reduces the index construction time by 95%
on average, as shown in the white portion of Figure 16(a) (note that the y-axis is on a logarithmic
scale). Compared to IVFFlat, HNSW-VBASE, and NaviX, PathSeer increases the construction time
by 32.4%, 178.4%, and 247.4% on average, since it needs to traverse more neighbors for the expanding
zone when adding a new vector into the index. However, PathSeer can reduce the construction time
by 76.8% compared to ACORN, as there is no pruning operation on neighbors from the expanding
zone in PathSeer. Moreover, neighbor eviction is accelerated with the binary search optimization
during the index construction.
Figure 16(b) presents the index sizes of different methods. It can be observed that the cluster-

based method IVFFlat has the smallest index size since it does not need to record fine-grained
neighbor information, unlike the graph-based methods. Within the graph-based methods, PathSeer
increases the index size by 38.1%, 7.9%, and 38.6% on average compared to HNSW-VBASE, ACORN,
and NaviX, mainly as the expanding zone of PathSeer enlarges the number of neighbors that need
to be saved for each vector.
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Fig. 17. Performance comparison between PathSeer and the other graph-based methods without expanding
the index size.

Table 4. PathSeer’s query throughput of different workloads with different parameters𝑀1 and𝑀2. Each cell
contains the throughput when the recall target is 85%/90%.

Workload 𝑀1=32 𝑀2=128
𝑀2=64 𝑀2=96 𝑀2=128 𝑀1=16 𝑀1=32 𝑀1=64

SIFT 24K/18K 25K/19K 22K/17K 18K/13K 22K/17K 26K/20K
H&M 15K/11K 17K/12K 16K/13K 20K/16K 16K/13K 16K/12K
LAION 165/63 231/95 224/97 175/55 224/97 197/66
Paper 26K/20K 28K/21K 28K/22K 28K/21K 28K/22K 28K/22K
arXiv 22K/12K 25K/15K 27K/17K 29K/18K 27K/17K 23K/14K

Amazon 4K/2K 4K/2K 4K/3K 2K/700 4K/3K 5K/3K

Regarding PathSeer’s expanded index size, there is a concern about whether PathSeer can
maintain the high search performance of graph-based methods while keeping the index size low.
Regarding this, we adjust PathSeer’s index construction parameters to ensure that its index size does
not exceed the index sizes of the other graph-based methods. Figure 17 presents the throughput-
recall curves of this new setup. When PathSeer’s index size is restricted by shrinking the expanding
zone, PathSeer shows certain performance degradation since the heuristic parameter tuning has less
scheduling opportunity. However, PathSeer can still achieve performance improvements for most
recall targets. For example, compared to HNSW-VBASE, ACORN, and NaviX, PathSeer improves
throughput by an average of 2.6×, 4.5×, and 1.6× at a recall of 85%, and by 3.3×, 3.5×, and 1.4× at
a recall of 90%, respectively.

5.6 Sensitivity Analysis
In this section, we evaluate how sensitive PathSeer’s performance is to two index construction
parameters𝑀1 and𝑀2. For each workload, we build multiple indexes with varying combinations of
𝑀1 and𝑀2 and evaluate PathSeer’s performance. Table 4 presents the throughput when recall@10
is 85% and 90%, respectively.

First, by fixing the𝑀1 to 32 and varying the𝑀2 from 64 to 128, we demonstrate how the size limit
of the expanding zone influences the query performance. It can be observed that the performance
of most workloads improves with a larger 𝑀2, since a larger 𝑀2 increases the maximum virtual
overhead PathSeer can achieve and enables efficient search of queries with low 𝑆𝑝 . Workloads
such as SIFT and Amazon are less sensitive to increasing𝑀2 since their workload characteristics
allow their virtual overhead boundary to be reached by traversing fewer neighbors. Consequently,
selecting an optimal 𝑀2 based on the workload-correlated virtual overhead boundary in practical
deployment can effectively reduce index size with little performance loss.
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Second, we demonstrate the effect of the size limit on the sparse zone by evaluating the perfor-
mance of different𝑀1 while keeping𝑀2 as 128. It can be observed that the performance variation
regarding𝑀1 is more complex since increasing𝑀1 not only enhances the connectivity of the search
subgraph but also introduces more distance computation overheads. However, selecting𝑀1 based
on Section 4.3.4 (highlighted in Table 4) can achieve the best performance for most workloads,
manifesting the effectiveness of this parameter selection method without sacrificing recall.

6 Related Work
Filtering separately. Some vector databases like Milvus [47], Chroma [9], Pinecone [19], and
AnalyticDB-V [55] handle predicate filtering separately from the vector search, either by pre-
filtering or post-filtering. The pre-filtering first finds satisfactory vectors from the whole dataset
and then finds the 𝑘 nearest vectors within, but suffers from large predicate selectivity [33]. The
post-filtering first extracts 𝑘 ′ (larger than the target 𝑘) nearest vectors with pure vector search
and filters them to obtain the final result, but a suitable 𝑘 ′ is hard to derive for both high search
performance and accuracy [63]. PathSeer schedules the distance computation and predicate filtering
in the fine-grained neighbor traversal level, manifesting high search performance and workload
adaptivity.
Filtering during search. Some methods perform predicate filtering during the search [8]. On the
one hand, methods like VBASE [63], NHQ [49], and HQANN [58] perform distance computation
first and then filter on them for the final result, though the latter two systems design specialized
distance metrics that integrate the categorical and low-cardinality vector attributes. On the other
hand, methods like Filtered-DiskANN [15], ACORN [33], UNG [8], and NaviX [40] check the vector
attribute first and only perform distance computation on satisfactory vectors. However, existing
methods exploit single and static selection of neighbor-handling strategies. PathSeer differs from
them by exploiting the dynamic and hybrid selection of neighbor-handling strategies for workload
adaptivity.
Filtering on specialized index. Some works like NHQ [49], HQANN [58], Filtered-DiskANN [15],
and UNG [8] build specialized vector indexes for filtered ANN search. Specifically, they mainly
focus on ANN search with label matching on categorical attributes. This simple filtering pattern
enables these works to build specialized indexes that gather satisfactory vectors, achieving high
search accuracy with fewer steps of traversal. PathSeer differs from these works as PathSeer is
a predicate-agnostic search method, which is not limited to a particular type of predicate and
supports flexible attribute altering without index reconstruction.

7 Conclusion
In this paper, we present PathSeer, an efficient system for filtered ANN search. Guided by the
key idea of dynamic and hybrid selection of neighbor-handling strategies, PathSeer introduces
three techniques to adapt to both temporal and spatial variations of the workloads: a fusion vector
indexing scheme, dynamic neighbor traversal, and heuristic parameter tuning. Experimental results
show that PathSeer achieves 1.17×–47.4× higher throughput than existing methods.
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