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Abstract
Approximate nearest neighbor (ANN) search has been extensively
studied to find 𝑘 approximate nearest neighbors for a query vector 𝑞
in a high-dimensional dataset, where a data item is represented as a
vector. Among them, proximity graphs (PG) have gained popularity
as state-of-the-art solutions to ANN search. However, PGs suffer a
significant performance drop on cross-modal vector search queries,
termed out-of-distribution (OOD) queries. Existing approaches in-
volve OOD queries during index construction to efficiently support
them. However, issues still persist. First, they require OOD queries
at a scale similar to the base data, together with their high-quality
𝑘-ANN or even exact 𝑘-ANN results, which is impractical due to
scarcity and time cost. Second, these approaches focus on OOD
queries but neglect in-distribution (ID) queries, resulting in reduced
performance on ID queries. To address these issues, in this paper, we
propose PFIndex, a prior-free index for jointly supporting ID and
OOD queries: PFIndex requires neither a pre-collected OOD query
set nor its high-quality or exact 𝑘-NN results before deployment,
yet it can consistently provide high-quality 𝑘-ANN for OOD queries
and reduce the cost of subsequent OOD queries by augmenting the
index based on processed OOD queries. Extensive experiments on
real-world datasets demonstrate that PFIndex outperforms state-
of-the-art approaches on OOD queries, while also maintaining the
best performance on ID queries, with index construction up to 3.18
times faster. Moreover, PFIndex reduces the total index memory by
up to 36.7% for jointly supporting ID and OOD queries.
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1 Introduction
In recent years, the emergence of large language models [22] and
advancements in machine learning [32] have significantly ampli-
fied the need for handling high-dimensional data. Machine learning
models transform various data types into vector representations,
empowering the high-dimensional data, or vectors, to encapsulate
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Table 1: Comparisons of Different Approaches on LAION

Algorithms Index Cost QPS at 𝑟𝑒𝑐𝑎𝑙𝑙@10 = 0.95
Time (sec) Size (MB) ID Queries OOD Queries

HNSW 4,299 20,761 3,691.45 164.08
RobustVamana 12,063 20,667 1,262.01 179.39

RoarGraph (14,288+)16,501 20,589 2,468.81 497.89
NGFix (14,288+)11,792 21,976 1,885.60 642.06

PFIndex (4,299+)5,391 (20,761+)7,072 3,691.45 843.65

essential information for various data types, such as text [32], im-
ages [34], and audio [3]. Given a dataset 𝑋 = {𝑥1, 𝑥2, · · · , 𝑥𝑛} ⊂ R𝑑
consisting of 𝑑-dimensional vectors, a fundamental problem is the
approximate nearest neighbor (ANN) search, which aims to find
𝑘-approximate nearest neighbors in𝑋 for a given query vector 𝑞. To
achieve high accuracy with low latency in ANN searches, various
approaches have been proposed [9–12, 17, 19, 23, 25, 31, 33, 35, 38,
41, 44, 47, 48]. Among them, proximity graphs (PG) have gained pop-
ularity as state-of-the-art solutions to ANN search, demonstrating
the best performance on many scenarios [5, 24, 29, 39, 40, 42, 45].

Recently, cross-modal vector search has garnered significant
interest alongside the development of multimodal data representa-
tion techniques such as CLIP [36]. These models encode data from
different modalities, such as vision and natural language, into a
shared high-dimensional space, making cross-modal similarities
semantically meaningful. Consequently, a query from one modality,
such as text, can retrieve semantically relevant objects from another
modality, such as images or videos, through ANN search [16, 21, 28].
However, semantic alignment in a shared space does not require the
modality-conditioned embeddings to follow identical distributions
or to induce identical local-neighbor structures. Even when image
and text encoders are jointly trained, differences in the information
carried by the two modalities can preserve a modality gap and
organize their embeddings differently in the shared space [26, 37].
Accordingly, out-of-distribution (OOD) in this paper is defined rela-
tive to the distribution represented by the base dataset and its index.
Queries drawn from a distribution different from that represented
by the base dataset are termed OOD queries, whereas queries drawn
from the same distribution are termed in-distribution (ID) queries.
Beyond cross-modal vector search, OOD queries are encountered
in various scenarios. For instance, in Transformer-based Large Lan-
guage Models, query vectors and key-value vectors in the attention
mechanism also manifest as OOD [27]. Thus, given the diverse
and critical application scenarios, there is a substantial demand for
effective ANN searches on OOD queries.

Recent studies [4, 14, 18] have shown that PGs suffer a signif-
icant accuracy drop on OOD queries. For instance, as indicated
in Table 1, HNSW [31], one of the state-of-the-art methods for
processing ID queries, requires over 20x more time to achieve the
same quality, e.g., 𝑟𝑒𝑐𝑎𝑙𝑙@10 = 0.95, on OOD queries. To address
this issue, existing approaches propose incorporating knowledge
from OOD queries in proximity graph construction to make the
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index OOD-compatible. Specifically, they all need a historical OOD
query set 𝐻 . RobustVamana [18] builds a proximity graph using
the combined set 𝑋 ∪𝐻 for OOD queries, using nodes in 𝐻 for nav-
igation during search while excluding them from the final results.
To enhance search efficiency by avoiding traversing nodes in 𝐻 ,
RoarGraph [4] first builds a graph that adds edges among the exact
𝑘-ANN (i.e., 𝑘-NN) in 𝑋 , for each 𝑞 ∈ 𝐻 . It then enhances graph
connectivity by assigning more neighbors to each node via treating
it as a query point to search on the graph. NGFix [14] utilizes 𝐻 in
a reverse order: it first builds a proximity graph for ID queries, e.g.,
HNSW, then adjusts certain edges so that the 𝑘-NN of each 𝑞 ∈ 𝐻
becomes accessible during search. Although these approaches ef-
fectively enhance the search performance for OOD queries, they
still have issues. (1) In real-world scenarios, queries often exhibit a
blend of ID and OOD types. Existing methods rely on Mahalanobis
distance for distinction, which incurs substantial additional costs.
Even after query types are distinguished, without other strategies,
the indexes constructed in existing methods diminish performance
when handling ID queries, shown in Table 1, as adjustments are
made to the initially built proximity graph. (2) They require the
same number of historical OOD queries as the base dataset, i.e.,
|𝑋 | = |𝐻 |, which is impractical. Firstly, scarcity may limit the avail-
ability of historical queries for index construction. Secondly, they
overlook the method for processing these historical OOD queries
when they are encountered beforehand. Using the index built only
on 𝑋 requires substantial time to yield high-quality results, while
waiting to accumulate a certain number of OOD queries before
constructing their index and then processing the queries leads to
prolonging the waiting time for users. (3) RoarGraph and NGFix
require exact 𝑘-ANN results for vectors in 𝐻 to construct the index,
a time-consuming process. Even with the utilization of an A100
GPU for the computation of these exact 𝑘-ANN, as shown in Table 1,
the time required, indicated in the index time cost parentheses, still
amounts to multiple hours.

In this paper, we propose a prior-free index, PFIndex, for pro-
cessing both ID and OOD queries in the best way, where prior-free
refers to the fact that no pre-collected OOD query set is required
before deployment. The main contributions of this work are sum-
marized below. ➊ We design a two-phase search algorithm where
the results from the first phase can distinguish between ID and
OOD queries. Next, the algorithm provides two separate search
strategies for ID and OOD queries. The search in the second phase
for both ID and OOD queries is continuous and builds upon the first
phase, such that the differentiation process is seamlessly integrated
into the search without adding extra time. Moreover, we guarantee
that the combined effect of the two phases is the same as beam
search on the proximity graph for ID queries, thus maintaining
optimal search performance, as shown in Table 1. ➋ We introduce
a prior-free iterative strategy to eliminate the utilization of 𝐻 . By
iteratively utilizing the results of OOD queries to construct the
augmented proximity graph, the number of nodes traversed in the
second phase of our search can gradually be decreased to enhance
search efficiency. ➌ We propose an augmented proximity graph
for supporting the iterative strategy, which facilitates incremental
edge additions to progressively enhance support for OOD queries.
Furthermore, it preserves all edges in the proximity graph𝐺 con-
structed for 𝑋 to support ID queries. Table 1 shows the augmented

proximity graph in PFIndex incurs only a marginal extra cost by
storing differential edges derived from 𝐺 , with the data in paren-
theses indicating HNSW size. ➍ We present an efficient algorithm
for selecting added edges in constructing the augmented proximity
graph without exact 𝑘-NN, enabling the simultaneous processing
of queries and index construction. Table 1 shows that the total time
required for PFIndex in query processing and index construction is
significantly reduced compared to the time taken by existing meth-
ods solely for index construction.➎Comprehensive experiments on
real-world datasets show that PFIndex outperforms existing state-
of-the-art approaches on OOD queries while maintaining the best
performance on ID queries. It also performs favorably under mixed
and online ID/OOD workloads. For deployments that jointly sup-
port ID and OOD queries, PFIndex reduces the total index memory
by up to 36.7% and achieves up to 3.18x faster index construction
than the baselines, even when an A100 GPU is used to compute
their required 𝑘-NN results.

The article is organized as follows. We give the preliminaries in
Section 2, and discuss the issues of existing approaches in Section 3.
We propose a new prior-free index to support both ID and OOD
queries in Section 4, and design a method to distinguish the ID
and OOD queries in Section 5. In Section 6, we present our search
algorithm and the iterative processing strategy. We conduct exten-
sive experiments to confirm the effectiveness and efficiency of our
approach in Section 7, and conclude this work in Section 8.

2 Preliminary
In this paper, we study the vector search query in vector databases.
𝑘-ANN Queries: Let 𝑋 = {𝑥1, 𝑥2, · · · , 𝑥𝑛} ⊆ R𝑑 be a finite set of
𝑛 vectors in a 𝑑-dimensional space R𝑑 . The distance between two
vectors 𝑢 and 𝑣 in R𝑑 is denoted by 𝛿 (𝑢, 𝑣), typically calculated
using metrics such as cosine distance, 𝐿2 norm distance, or inner
product. In this paper, for simplicity, for a vector 𝑞, we assume
that 𝛿 (𝑞,𝑢) < 𝛿 (𝑞, 𝑣) means vector 𝑢 is closer to 𝑞 than 𝑣 . A vector
search query (𝑘-ANN query, or simply a query) gives a query vector
𝑞 ∈ R𝑑 , it aims to find the 𝑘-approximate nearest neighbors (𝑘-
ANN) in 𝑋 for the user-given query vector 𝑞. We use 𝑟𝑒𝑐𝑎𝑙𝑙@𝑘 to
measure the quality of a 𝑘-ANN query 𝑞 results, which is defined
as |𝑋𝐺 ∩ 𝑋𝑅 |/𝑘 , where 𝑋𝐺 is the ground-truth 𝑘-nearest vector set
of 𝑞, and 𝑋𝑅 is the set found by a 𝑘-ANN algorithm for 𝑞.
Out-of-DistributionVectorQueries: In cross-modal vector search
scenarios, the vectors in the base dataset 𝑋 and the query vectors
can originate from distinct modal objects. For instance, in tasks
like image-text retrieval, image and text embeddings are generated
by separate encoders. Next, these embeddings are aligned into a
common space through techniques such as contrastive learning,
exemplified by CLIP [36]. Nevertheless, a modality gap still persists
between image and text vectors, leading to differing distributions.
According to the existing studies [4, 14, 18], to quantify these dis-
tribution disparities, the Wasserstein distance [20] is employed to
mathematically measure the distinctions between the two distri-
butions, and the Mahalanobis distance [30] is utilized to measure
the distance from a vector to a distribution. A vector 𝑞 is consid-
ered out-of-distribution if its Mahalanobis distance 𝐷𝑀 (𝑞,𝑋 ) to
the base dataset 𝑋 significantly differs from the distances between
base vectors [4, 18], e.g., 𝐷𝑀 (𝑥𝑖 , 𝑋 ) for 𝑥𝑖 ∈ 𝑋 .
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Algorithm 1: BeamSearch (𝐺,𝑞, 𝑘,𝑤 )
Input : PG𝐺 , query vector 𝑞, 𝑘 for top-𝑘 , and beam width 𝑤

Output : 𝑘-ANN of 𝑞
𝑆 ← {the entry node of𝐺 };1

while there exists an unvisited node in 𝑆 do2

𝑢 ← the nearest unvisited node to 𝑞 in 𝑆 ;3

Mark 𝑢 visited;4

for each unvisited 𝑣 of (𝑢, 𝑣) ∈ 𝐺 that is not in 𝑆 do5

Insert 𝑣 into 𝑆 ;6

while |𝑆 | > 𝑤 do Remove the farthest nodes to 𝑞 from 𝑆 ;7

return the top-𝑘 nearest nodes to 𝑞 in 𝑆 ;8

In cross-modal ANN search, vectors in dataset 𝑋 are presumed
to pertain to the same modality, implying identical distributions,
whereas the query vector 𝑞 may manifest a distribution divergent
from those in𝑋 . Queries with different distributions compared to𝑋
are termed out-of-distribution (OOD) queries, while those having
the same distribution as 𝑋 are termed in-distribution (ID) queries.
Proximity Graphs: For an ID 𝑘-ANN query 𝑞, i.e., which aims
to find the 𝑘-ANN from 𝑋 , the state-of-the-art approaches, e.g.,
NSG [9] and HNSW [31], can support it using a proximity graph
built. Here, a proximity graph (PG) 𝐺 = (𝑉 , 𝐸), where 𝑣𝑖 ∈ 𝑉
represents a unique vector 𝑣𝑖 , and an edge (𝑣𝑖 , 𝑣 𝑗 ) ∈ 𝐸 represents
that two vectors are close to each other based on the distance
function 𝛿 (𝑣𝑖 , 𝑣 𝑗 ), or precisely 𝑣 𝑗 is one of the 𝑘-nearest neighbors
of 𝑣𝑖 . Proximity graphs feature an out-degree constraint denoted
as𝑀 , a hyperparameter specified during index construction. The
RNG pruning strategy is commonly employed in various proximity
graphs, e.g., [9, 12, 31], to restrict the out-degree of each node
𝑢 ∈ 𝐺 . Specifically, an edge (𝑢, 𝑣) is included in the proximity
graph only if there exists no edge (𝑢,𝑤) such that 𝛿 (𝑢,𝑤) < 𝛿 (𝑢, 𝑣)
and 𝛿 (𝑣,𝑤) < 𝛿 (𝑢, 𝑣). Following the utilization of RNG pruning
strategy, the farthest node 𝑣 from 𝑢, i.e., 𝑢’s neighbor 𝑣 with the
largest value 𝛿 (𝑢, 𝑣), will be eliminated from the out-neighbor list of
𝑢 if the out-degree of𝑢 remains larger than𝑀 . Below, for simplicity,
a graph is a proximity graph, and we use 𝑥𝑖 and 𝑣𝑖 interchangeably,
as a node 𝑣𝑖 in 𝐺 represents a point 𝑥𝑖 in 𝑋 .
Beam Search: Over a proximity graph, 𝐺 , constructed, a widely
used greedy algorithm is presented in Algorithm 1 to find the 𝑘-
ANN for an ID query vector 𝑞 [8, 9, 12, 31, 35, 43]. Initially, it starts
the search at the entry node of 𝐺 , and inserts it into set 𝑆 , which
is unvisited (line 1). In the while-loop (lines 2-7), if there exists an
unvisited node in 𝑆 , the beam search tries to find the closer vectors
of 𝑞 in𝐺 as follows. First, it selects the nearest unvisited node, 𝑢, to
the query vector 𝑞 from 𝑆 , and marks it visited (lines 3-4). Second,
it adds every node, 𝑣 , into 𝑆 if there is a directed edge from 𝑢 to 𝑣 ,
and 𝑣 is not in 𝑆 which implies that 𝑣 is unvisited yet (lines 5-6).
Third, it deletes the farthest nodes to 𝑞 from 𝑆 if |𝑆 | > 𝑤 (line 7).
When the algorithm breaks, the results are returned (line 8).

Beam search on proximity graphs is commonly viewed as having
two phases [14, 43, 46]. In the first phase, the search moves toward
the target region and locates one of the query vector𝑞’s𝑘-NN. In the
second phase, starting from some 𝑘-NN found in the first phase, the
search explores the remaining 𝑘-NN by traversing their out-edges
in an approximate manner. The first phase relies on the navigability
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properties of the constructed proximity graph [9, 31, 43]. Proximity
graphs perform well on ID queries mainly because of the second
phase: if a vector 𝑣 is close to 𝑞, then vectors near 𝑣 are also likely to
be close to 𝑞. Accordingly, proximity graphs connect nearby vectors
to facilitate efficient search. For example, in Fig. 1, consider 𝑞1 as an
ID querywith {𝑝5, 𝑝0, 𝑝7, 𝑝3} as its 4-NN. The interconnectedness of
𝑞1’s 4-NN in the graph illustrates the ease of locating all neighbors
by finding one of them. However, existing analyses [4, 14] highlight
the limitations of such property when dealing with OOD queries.

Example 2.1: Fig. 1 shows an example of an OOD query 𝑞2, where
the edges in the proximity graph, built on dataset 𝑋 , are colored in
blue. Here, 𝑝𝑒 is the entry point of the proximity graph. The search
starts at 𝑝𝑒 and locates 𝑝11 as one of the 4-NN of 𝑞2. However,
as all its neighbors are further from 𝑞2, the search halts. Thus,
the remaining 4-NN of 𝑞 cannot be discovered due to the lack of
connection. Furthermore, if node 𝑝9 is the entry point, the search
will promptly cease. In this case, with no closer neighbors to 𝑞2,
none of the 4-NN will be discovered.

3 The Issues of Existing Approaches
Existing studies have identified that proximity graphs constructed
for the dataset𝑋 may not be effectively used to answer OOD queries.
This limitation arises from the fact that proximity graphs are built
by solely considering ID vectors. For example, Fig. 3 presents a sce-
nario where the vectors 𝑥1, · · · , 𝑥9 in 𝑋 are all near the hyperball’s
boundary (depicted by the dashed lines), while the OOD query vec-
tor 𝑞 is positioned differently within the distribution compared to
the vectors in 𝑋 , at around the center of a hyperball. The proximity
of vectors in the distribution of 𝑋 , i.e., the edges in the proximity
graph built on 𝑋 , is along the hyperball’s boundary, e.g., 𝑥1 is close
to 𝑥5 and 𝑥9. Thus, the 4-NN of 𝑞, 𝑥1, 𝑥2, 𝑥3, 𝑥4 (colored in red), are
disconnected in the proximity graph, edges colored blue, due to
their discontinuity in the distribution. Hence, even if one of 𝑞’s
4-NN is identified, finding all of them is still difficult.

To address this issue, current approaches propose the inclusion
of a set 𝐻 containing historical OOD query vectors during the
proximity graph construction. By involving the vectors in 𝐻 , the
built proximity graphs do not exclusively focus on a single modality,
thereby enhancing their suitability for handling OOD queries.
RobustVamana [18]: RobustVamana proposes a simple but effec-
tive solution: it directly builds a proximity graph based on the set
𝑋∪𝐻 , allowing navigation using𝑞 ∈ 𝐻 during queries, but excludes
them from the final results. For example, in Fig. 3, 𝑞 is included in
the proximity graph for search, but is not included in the results.
Issue: A contradiction arises within this solution. On one hand,
an ample quantity of OOD query vectors is required to participate
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in proximity graph construction to enhance the graph’s efficacy
for OOD query vectors. Conversely, if numerous OOD queries
are included in the proximity graph, the beam search traversing
the graph will encounter many OOD query vectors, necessitating
distance computations for navigation. Yet, such computations are
a waste since these vectors are ultimately excluded from the final
results, leading to a subsequent decline in performance.
RoarGraph [4]: RoarGraph utilizes projection operations to cir-
cumvent the direct addition of vectors 𝑞 ∈ 𝐻 into the graph in-
dex, for addressing the contradiction in RobustVamana. Initially,
RoarGraph constructs a bipartite graph: one set of nodes corre-
sponds to vectors in 𝑋 , while the other set represents OOD vectors
in 𝐻 . Instead of establishing edges between 𝑥𝑖 ∈ 𝑋 and 𝑞 ∈ 𝐻 in
the proximity graph, RoarGraph first builds a projected graph by
linking 𝑝1 with each of 𝑝2, · · · , 𝑝𝑁𝑞

for each OOD vector 𝑞 ∈ 𝐻 ,
where 𝑝𝑖 represents 𝑞’s 𝑖-nearest neighbor in 𝑋 and 𝑁𝑞 is a prede-
termined hyperparameter. For example, 𝑥1 connects to 𝑥2, 𝑥3, 𝑥4 as
shown in Fig. 4. Next, RoarGraph treats each vector in𝑋 as a query
vector, executing a 𝑘-ANN search on the projected graph to assign
more neighbors to each node for enhancing the graph connectivity.
NGFix [14]: NGFix introduces Escape Hardness to assess the diffi-
culty of greedy searches from a node 𝑢 to another node 𝑣 on the
proximity graph 𝐺 for a query vector 𝑞, denoted as 𝐸𝐻 (𝑢, 𝑣, 𝑞,𝐺).
A higher value of 𝐸𝐻 (𝑢, 𝑣, 𝑞,𝐺) indicates that 𝑣 is more difficult to
reach from𝑢 during the greedy search on𝐺 for query 𝑞.NGFix then
uses OOD query vectors 𝑞 ∈ 𝐻 to diminish the Escape Hardness
among their𝑘-nearest neighbors, denoted as𝐾 (𝑞) = {𝑝1, 𝑝2, · · · , 𝑝𝑘 }.
Specifically, NGFix first builds a proximity graph 𝐺 , e.g, HNSW.
Next, for a vector𝑞 ∈ 𝐻 ,NGFix computes EscapeHardness between
all pairs of its 𝑘-nearest neighbors in 𝑂 (𝑘3). It then introduces
a threshold 𝐾ℎ and treats the directed edge (𝑝𝑖 , 𝑝 𝑗 ) ∉ 𝐺 , where
𝑝𝑖 , 𝑝 𝑗 ∈ 𝐾 (𝑞), as a candidate for insertion when 𝐸𝐻 (𝑝𝑖 , 𝑝 𝑗 , 𝑞,𝐺) >
𝐾ℎ . Adding (𝑝𝑖 , 𝑝 𝑗 ) reduces the difficulty of reaching 𝑝 𝑗 from 𝑝𝑖
during greedy search for 𝑞. Given that a large number of such edges
may exist, NGFix selects a maximum of 𝑘 − 1 edges adding to 𝐺
among the candidate edges to (1) ensure all nodes in 𝐾 (𝑞) are con-
nected and (2) minimize the weight of the chosen edges, where the
weight of an edge (𝑝𝑖 , 𝑝 𝑗 ) corresponds to their distance 𝛿 (𝑝𝑖 , 𝑝 𝑗 ).
For example, edges (𝑥1, 𝑥2), (𝑥1, 𝑥4) and (𝑥2, 𝑥3) are added in Fig. 5.
Moreover, NGFix adds certain edges when the greedy search on
𝐺 fails to reach any nodes in 𝐾 (𝑝), enabling nodes in 𝐾 (𝑝) to be
accessed through a greedy search from the entry point in 𝐺 .

Although the performance for OOD query vectors on the existing
three indexes has been improved by utilizing𝐻 , they still encounter
several issues as discussed below.
In-Distribution Issue: In real-world scenarios, queries may not
consistently fit into the categories of ID or OOD; they often present
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in a mixed style. Although Mahalanobis distance offers a way to
differentiate query types, computing it adds extra overhead to each
query, which compromises the search efficiency.

Moreover, even after distinguishing the query type, the existing
methods still show compromised performance for ID queries, since
they primarily focus on designing a proximity graph index for OOD
queries. As illustrated in Fig. 6, both RoarGraph and NGFix exhibit
diminished search efficacy when compared to HNSW, which is
exclusively built for the vectors in 𝑋 .
Query Vector Issue: The major issue of existing approaches is the
set𝐻 of historical OOD query vectors utilized in index construction.
The existing three methods all assume prior knowledge of the OOD
query vectors, and their indexes rely on a significant size of 𝐻
during graph construction to achieve satisfactory performance,
i.e., |𝐻 | = |𝑋 |. Fig. 7 illustrates the query per second (QPS) at
𝑟𝑒𝑐𝑎𝑙𝑙@100 = 0.98 on LAION dataset for RoarGraph and NGFix
with varying numbers of OOD query vectors, i.e., the size of 𝐻 ,
utilized in index construction. The LAION base dataset contains
10 million vectors, which means the size of 𝐻 required in their
approaches is on the same scale as the size of the base dataset 𝑋 ,
posing a major practical issue.

Firstly, complete knowledge of OOD queries may not be avail-
able due to the scarcity of historical OOD queries. Secondly, they
overlook the method for processing these historical OOD queries
when they are encountered beforehand. For users who make the
initial OOD queries, they need to endure prolonged wait times to
obtain high-quality results for an effective index that accumulates a
large number of OOD queries before construction. Another option
is to search on the proximity graph built on 𝑋 , which may yield
suboptimal results or high latency for superior quality results.
Index Cost Issue: Both RoarGraph and NGFix grapple with sub-
stantial index construction costs. A primary cost arises from the
necessity of exact or extremely high-quality 𝑘-ANN (i.e., 𝑘-NN) for
each OOD query vector during index construction. As discussed,
since they require an equivalent number of OOD query vectors
as the dataset size, this results in a theoretical time complexity of
𝑂 (𝑛2𝑑) for computing ground-truth 𝑘-NN, a complexity deemed
impractical in existing studies [6, 9, 35, 43]. As shown in Table 1,
even with the utilization of an A100 GPU, computing 𝑘-NN for 𝐻
in LAION dataset, for instance, needs 3.97 hours. This duration ex-
ceeds the time needed to build a proximity graph on𝑋 , for instance,
constructing an HNSW on LAION dataset requires 1.19 hours. Fur-
thermore, forNGFix, its Escape Hardness computation among𝐾 (𝑞)
for each 𝑞 ∈ 𝐻 is the second main cost, since |𝐾 (𝑞) | is always set
to 500 [14], and computation needs 𝑂 ( |𝐾 (𝑞) |3).
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4 A Prior-Free All-in-One Approach
In this section, we propose a prior-free all-in-one index to deal with
the three issues, namely, the in-distribution issue, the query vector
issue, and the index cost issue, and then give the details.
In-Distribution Issue: To address the in-distribution issue, the
first step is to distinguish between ID and OOD queries in a light-
weight manner. To achieve this, we design a two-phase search al-
gorithm. The first phase searches the original proximity graph
constructed for the base dataset 𝑋 and obtains the 𝑘-th approxi-
mate nearest node to query 𝑞, denoted as p𝑘 (𝑞). Next, we utilize
the normalized distance 𝛿 (p𝑘 (𝑞), 𝑞) to discern the query type; the
details will be presented in Section 6.1. After the query type is deter-
mined, the second phase adopts a type-specific graph view. (1) For
an ID query, the search continues on the original proximity graph
𝐺 constructed for 𝑋 . We prove that the combined execution of the
two phases is equivalent to beam search on 𝐺 , thereby preserving
the search performance for ID queries. (2) For an OOD query, in-
stead of searching on 𝐺 , we conduct the search on the augmented
proximity graph 𝐺+ specifically built for them as defined below.
Augmented Proximity Graph: The augmented proximity graph
𝐺+ comprises three types of edges: (1) ID edges, existing in 𝐺
constructed from dataset 𝑋 ; (2) OOD edges, added to enhance
performance for OOD queries; and (3) ¬ID edges, existing in 𝐺
built for 𝑋 but are pruned due to the new additions of OOD edges.

Hence, in the second phase of search for OOD queries, we use
the edges labeled ID and OOD. The edges labeled OOD are added
to enhance the search performance for OOD queries. Details will
be provided in this section later. It is important to note that the
graph 𝐺 does not need to be stored, as the ID and ¬ID edges in 𝐺+
are precisely the proximity graph 𝐺 constructed on 𝑋 .
Query Vector Issue: To address this issue, we introduce a prior-
free method that operates without prior knowledge of the OOD
query vectors, which processes incoming OOD queries and aug-
ments the graph iteratively. For an OOD query, we obtain its 𝑘-ANN
results with the parameter𝜙 , and then employ these results to adjust
the graph𝐺+ for enhanced OOD query support. The parameter 𝜙 is
used in the second phase as a lower bound on the number of nodes
whose distances to the query must have been evaluated before
the search is allowed to terminate. Thus, a larger 𝜙 forces a more
extensive search and generally produces higher-quality results for
augmenting the graph. Since the processed OOD queries contribute
their results to graph augmentation, the searchable regions become
progressively better connected, allowing the subsequent queries to
use a smaller 𝜙 . For instance, as illustrated in Fig. 2(a), we process
the OOD queries 𝑞1, . . . , 𝑞4 sequentially, where the 𝑘-ANN results
from each query are utilized to augment the index for the subse-
quent query, and so forth, resulting in a reduction of 𝜙 required
for each query, i.e., 𝜙1 > 𝜙2 > · · · in Fig. 2. Further details on this
iterative strategy will be presented in Section 6.2.
Index Cost Issue:Weeliminate the separate pre-deployment exact-
kNN stage over a large historical OOD set through the iterative
strategy. It is because it can consistently provide high-quality 𝑘-
ANN results for constructing the index, eliminating the necessity
for obtaining ground-truth 𝑘-NN. Furthermore, we introduce an
efficient method for constructing the augmented proximity graph

to enhance the support for OOD queries, thereby reducing index
construction time.

As analyzed in Section 2, the two issues in the proximity graph
for OOD queries exist in two phases of the beam search: (1) locating
one of the 𝑘-NN of an OOD query 𝑞 from the entry point and (2)
finding all 𝑘-NN of an OOD query 𝑞 from any other 𝑘-NN.

As discussed, NGFix proposes a method based on Escape Hard-
ness to address these issues, aiming to reduce the difficulty of navi-
gating from one 𝑘-NN to another 𝑘-NN by introducing additional
edges. While effective, this approach incurs high costs in comput-
ing the hardness in 𝑂 (𝑘3) and determining which edges to add in
𝑂 (𝑑 · 𝑘2). We propose a direct method to address issues based on
the following fact.

Fact 4.1:Given a query𝑞, let 𝑝1, · · · , 𝑝𝑘 denote its𝑘-NN and 𝑟𝑎𝑛𝑘 (𝑝𝑖 )
be the rank of 𝑝𝑖 for 𝑞, i.e., 𝑟𝑎𝑛𝑘 (𝑝𝑖 ) = 𝑖 . When beam width𝑤 ≥ 𝑘 in
Algorithm 1, 𝑝𝑘 can be found by 𝑝𝑖 if there exists a path [𝑥1, · · · , 𝑥𝜇 ]
from 𝑝𝑖 to 𝑝𝑘 satisfying 𝑥1 = 𝑝𝑖 , 𝑥𝜇 = 𝑝𝑘 and ∀𝑗 ∈ {1, 2, · · · , 𝜇 −
1}, 𝑟𝑎𝑛𝑘 (𝑥 𝑗 ) < 𝑟𝑎𝑛𝑘 (𝑥 𝑗+1).

Based on Fact 4.1, let N(𝑞) = {𝑝1, 𝑝2, · · · , 𝑝𝑘 } represent the set
of 𝑘-NN for a query 𝑞. We can incrementally add edges between
𝑝 𝑗 and 𝑝𝑖 based on the ascending order of 𝑗 value, where 𝑖 < 𝑗 .
In Algorithm 1, when searching 𝑝 𝑗 for 𝑞, we always have 𝑤 ≥ 𝑗 ,
allowing 𝑝 𝑗 to be navigated once any of 𝑝𝑖 (where 𝑖 < 𝑗 ) is found.

Next, we address the first issue, where none of 𝑝𝑖 ∈ N (𝑞) is
found. In this case, we consider adding edges from the currently
found nodes to nodes in N(𝑞). Specifically, let p1 (𝑞) be 1-ANN
obtained from the proximity graph built for 𝑋 in the first phase,
adding edges from p1 (𝑞) to nodes in N(𝑞) will facilitate search in
finding nodes in N(𝑞). For example, referring back to Example 2.1,
we have p1 (𝑞) = 𝑝9 andN(𝑞) = {𝑝11, 𝑝13, 𝑝15, 𝑝18} when the query
is 𝑞2 with the entry point 𝑝9. We add edges from 𝑝9 to 𝑝11 and 𝑝18
to address the first issue, such that the search starting at 𝑝9 can
navigate to nodes inN(𝑞). Next, edges (𝑝11, 𝑝13) and (𝑝18, 𝑝15) will
be added since 𝑟𝑎𝑛𝑘 (𝑝11) < 𝑟𝑎𝑛𝑘 (𝑝13) and 𝑟𝑎𝑛𝑘 (𝑝18) < 𝑟𝑎𝑛𝑘 (𝑝15).
Query-Local Degree Limit 𝐵𝑞 : To prevent edge concentration on
a single node, we introduce a parameter 𝐵𝑞 to restrict the degree of
each node. This parameter is selected according to the capacity of
an ideal three-level bounded-degree tree. With currently 𝑘+1 nodes
(p1 (𝑞) and nodes in N(𝑞)), at most 𝐵𝑞 edges are added from p1 (𝑞)
to nodes in N(𝑞), denoted as N1 (𝑞), hence, |N1 (𝑞) | = 𝐵𝑞 . Nodes
inN1 (𝑞) already have an edge to p1 (𝑞), allowing 𝐵𝑞 (𝐵𝑞 − 1) nodes
to be reached from nodes in N1 (𝑞), denoted as N2 (𝑞), satisfying
|N2 (𝑞) | = 𝐵𝑞 (𝐵𝑞 − 1). Hence, the remaining nodes are expected
to be reachable from N2 (𝑞), designated as N3 (𝑞), with |N3 (𝑞) | =
|N2 (𝑞) | (𝐵𝑞−1). Thus, we can determine𝐵𝑞 as theminimum integer
value such that |N1 (𝑞) | + |N2 (𝑞) | + |N3 (𝑞) | = 𝐵3

𝑞 − 𝐵2
𝑞 + 𝐵𝑞 ≥ 𝑘 .

For instance, setting 𝑘 as 100 needs 𝐵𝑞 = 5.
To ensure a natural addition of edges in the proximity graph, we

prioritize the addition of short-distance edges. In Algorithm 2, the
process begins with the computation of the degree limit 𝐵𝑞 (line 1).
It starts adding edges from p1 (𝑞) by adding p1 (𝑞) to the candidate
set 𝐶 , and the edge set E is initialized as empty (line 2). If p1 (𝑞) is
included in N(𝑞), it is removed from N(𝑞) (line 3). The algorithm
then progresses through each node in N(𝑞) in ascending order of
the rank for 𝑞 (line 4). For every node 𝑢, we add an edge between it
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Algorithm 2: EnhanceConnectivity (𝑞, p1 (𝑞),N(𝑞))
Input : OOD query vector 𝑞, p1 (𝑞),N(𝑞) for 𝑞
Output : edge set E to enhance connectivity
𝐵𝑞 ← min{𝐵𝑞 ∈ Z+ | 𝐵3

𝑞 − 𝐵2
𝑞 + 𝐵𝑞 ≥ |N(𝑞) | };1

E ← ∅;𝐶 ← {p1 (𝑞) };2

Remove p1 (𝑞) from N(𝑞) if p1 (𝑞) ∈ N(𝑞) ;3

for each 𝑢 ∈ N(𝑞) with ascending order of 𝑟𝑎𝑛𝑘 (𝑢 ) do4

𝑣 ← the node in𝐶 with smallest distance 𝛿 (𝑢, 𝑣) ;5

E ← E ∪ { (𝑢, 𝑣), (𝑣,𝑢 ) };6

if 𝑣 has been added 𝐵𝑞 edges then𝐶 ← 𝐶 \ {𝑣};7

𝐶 ← 𝐶 ∪ {𝑢};8

return E;9

and the node 𝑣 with a lower rank that exhibits the smallest distance
between 𝑢 and 𝑣 (lines 5-6). If the out-degree of 𝑣 reaches the limit
𝐵𝑞 , we eliminate it from the candidate set𝐶 (line 7), and next include
𝑢 in the candidate set 𝐶 for future edge additions (line 8). Notably,
in Algorithm 2, if p1 (𝑞) ∈ N (𝑞), this process remains viable as it
becomes part of our goal to address the second issue.
Time Complexity: Note that line 5 can be implemented in two
ways. A direct scan over 𝐶 exactly evaluates all candidates and
requires 𝑂 (𝑑 |𝐶 |) = 𝑂 (𝑑𝑘) time per iteration, resulting in 𝑂 (𝑑𝑘2)
time. Alternatively, when 𝑘 is set to a large value to involve more
neighbors and improve graph-augmentation quality, we can build
an HNSW. Specifically, for each 𝑢 at line 4, we obtain its 1-ANN
via 𝑘-ANN search on HNSW built for 𝐶 and next add it and edges
between it and its 𝑘-ANN to HNSW at line 8. In line 7, we do not
remove 𝑣 from HNSW; instead, we flag it and exclude it from the
search results. Hence, the overall complexity of Algorithm 2 is
approximately 𝑂 (𝑑 · 𝑘 ln𝑘), when assuming the search on HNSW
is empirically 𝑂 (𝑑 · ln𝑘) [35, 43].

The acquisition of p1 (𝑞) and N(𝑞) will be detailed in Section 6,
a process facilitated during our two-phase search algorithm.

Next, we can present the process of building an augmented prox-
imity graph, augmenting the proximity graph by each OOD query
𝑞. As shown in Algorithm 3, for each OOD query 𝑞, Algorithm 2
is initially invoked to generate a candidate edge set (line 1). Next,
each edge is considered for addition (line 2). If an edge is already
labeled as ID or OOD, it is skipped (line 3). If it is labeled ¬ID, it is
relabeled as ID for future pruning (line 4). If the edge is not included
in the proximity graph, it is labeled as OOD (line 5). In cases where
the number of OOD edges surpasses𝑀 (line 6), the RNG pruning
strategy is employed to ensure the OOD edges do not exceed this
limit (line 7). Alternatively, if the number of OOD edges is within
the limit but the total number of edges labeled OOD or ID exceed
𝑀 (line 8), an ID edge is selected using the RNG pruning strategy,
and its label is set to ¬ID (line 9). For instance, in Fig. 1, the OOD
edges are colored in red. When 𝑀 = 3, the edges (𝑝11, 𝑝12) and
(𝑝9, 𝑝10) will be labeled as ¬ID through the utilization of the RNG
pruning strategy, represented as dashed lines in Fig. 1.

5 OOD Queries Distinguishment
In this section, we focus on developing a lightweight method to
distinguish OOD queries for addressing the in-distribution issue.
Here, we do not intend to identify the semantic modality or provide

Algorithm 3: AugmentPG (𝐺+, 𝑞, p1 (𝑞),N(𝑞), 𝑀)
Input : augmented PG𝐺+, OOD query vector 𝑞, p1 (𝑞),N(𝑞) for 𝑞,

and out-degree limit𝑀
Output : a new augmented PG𝐺+

E ←EnhanceConnectivity (𝑞, p1 (𝑞),N(𝑞));1

for each edge (𝑢, 𝑣) ∈ E do2

if (𝑢, 𝑣) ∈ 𝐺+ with label ID or OOD then continue;3

else if (𝑢, 𝑣) ∈ 𝐺+ with label ¬ID then label edge (𝑢, 𝑣) ID;4

else add edge (𝑢, 𝑣) to𝐺+ with label OOD;5

if 𝑀 < the number of edges from 𝑢 labeled OOD then6

Remove an edge from 𝑢 labeled OOD by RNG pruning7

strategy as defined in Section 2;
else if 𝑀 < the number of edges from 𝑢 labeled OOD or ID then8

Select an edge from 𝑢 labeled ID by RNG pruning strategy as9

defined in Section 2, and relabel this edge ¬ID;

return𝐺+;10

a universal statistical test for OOD detection. Instead, we estimate
whether a query is likely to be difficult for the proximity graph
constructed on the base dataset 𝑋 . Queries that appear sufficiently
close to dense, well-connected base-data regions continue searching
on the original graph, whereas queries that appear to lie in sparse
or weakly connected regions use the OOD-oriented graph view.

Existing approaches [4, 14, 18] employMahalanobis distance [30]
to discern whether the query vector is OOD with respect to the
dataset vectors. For a dataset 𝑋 = {𝑥1, · · · , 𝑥𝑛}, let 𝜇𝑋 = 1

𝑛

∑𝑛
𝑖=1 𝑥𝑖

be the mean vector and 𝜎𝑋 = 1
𝑛−1

∑𝑛
𝑖=1 (𝑥𝑖 − 𝜇𝑋 ) (𝑥𝑖 − 𝜇𝑋 )𝑇 be

the covariance matrix. Mahalanobis distance between a query 𝑞
and dataset 𝑋 is defined as 𝐷𝑀 (𝑞,𝑋 ) =

√︃
(𝑞 − 𝜇𝑋 )𝑇𝜎−1

𝑋
(𝑞 − 𝜇𝑋 ).

Computation of 𝜇𝑋 , 𝜎𝑋 , and 𝜎−1
𝑋

entails 𝑂 (𝑛𝑑2 + 𝑑3) time, with
an additional 𝑂 (𝑑2) time for each query to calculate Mahalanobis
distance. However, an issue arises. According to studies [9, 31, 35,
43], the 𝑘-ANN searches on a proximity graph empirically need
𝑂 (𝑑 · ln𝑛), while the Mahalanobis distance computation needs
𝑂 (𝑑2) time. The time for Mahalanobis distance is approaching or
even surpassing the time needed for the entire search. Moreover,
the preprocessing necessary for the Mahalanobis distance is akin
to the time taken for proximity graph index construction, which
approximates 𝑂 (𝑛𝑑 ln𝑛). This underscores the need for a more
lightweight approach to distinguish if a query vector is OOD.

Here, we introduce a simple yet effective strategy for distinguish-
ing OOD queries, followed by a theoretical analysis.
𝑘-NN Normalized Distance: For every nonzero vector 𝑥 , let 𝑥 =

𝑥/∥𝑥 ∥2 denote its 𝐿2-normalized representation. For a query 𝑞,
the 𝑘-NN normalized distance refers to the normalized distance
between the query vector 𝑞 and its 𝑘-NN in𝑋 . Formally, for a query
vector𝑞, its𝑘-NN in𝑋 is denoted as p𝑘 (𝑞), and the distance between
the normalized query vector 𝑞 and the normalized vector p̄𝑘 (𝑞) is
represented as 𝛿 (p𝑘 (𝑞), 𝑞) = 𝛿 (𝑞, p̄𝑘 (𝑞)). Since Euclidean distance,
cosine distance, and inner-product similarity are equivalent up to
monotonic transformations for unit-normalized vectors, we use
𝛿 (p𝑘 (𝑞), 𝑞) = −𝑞⊤p̄𝑘 (𝑞) as the 𝑘-NN normalized distance.

The 𝑘-NN normalized distance measures the radius of the local
base-data neighbor required to contain𝑘 vectors. A small𝛿 (p𝑘 (𝑞), 𝑞)
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Figure 8: 𝑘-NN Normalized Distances 𝛿 (p𝑘 (𝑞), 𝑞) = −𝑞⊤p̄𝑘 (𝑞)

indicates that 𝑞 lies in a dense base-data region, where the original
proximity graph is likely to provide sufficient local connectivity. A
large 𝛿 (p𝑘 (𝑞), 𝑞) indicates that 𝑞 lies in a relatively sparse base-data
region, where the original graph is more likely to exhibit the OOD
search issues discussed in Section 3. If an OOD query nevertheless
lies in a dense and well-connected base-data region, 𝛿 (p𝑘 (𝑞), 𝑞) can
remain small. Such a query may be routed as ID, but this does not
create a significant problem: the original graph is already suitable
for processing it. Therefore, we employ a threshold-based criterion
to distinguish between ID and OOD queries. Specifically, we classify
a query 𝑞 as an OOD query if 𝛿 (p𝑘 (𝑞), 𝑞) ≥ 𝜏 , where 𝜏 is set to
max𝑥𝑖 ∈𝑋 (𝛿 (p𝑘 (𝑥𝑖 ), 𝑥𝑖 )). Given our assumption of a single modular
dataset in 𝑋 , all representing in-distribution vectors. Fig. 8 illus-
trates the 𝑘-NN normalized distances of both ID and OOD queries.
The results show a clear distinction, with significantly higher 𝑘-
NN normalized distances for OOD queries compared to ID queries,
showcasing a distinct boundary that simplifies the differentiation
between the two.

One issue remains: obtaining the exact p𝑘 (𝑞) is expensive. No-
tably, the proximity graph built on 𝑋 may not adequately support
OOD queries, so the 𝑘-ANN results returned in the first phase can
be of lower quality than those for ID queries. Thus, instead of us-
ing the exact 𝑘-NN distance, we use the first-phase result, denoted
by p𝑘 (𝑞), for distinction. In this case, 𝛿 (p𝑘 (𝑞), 𝑞) ≥ 𝛿 (p𝑘 (𝑞), 𝑞)
holds, and due to the lower quality of results, potentially magni-
fying the gap. Hence, utilizing 𝛿 (p𝑘 (𝑞), 𝑞) for OOD query classi-
fication may be further easier. To further avoid computing exact
𝑘-NN for threshold selection, we define the default threshold as
𝜏0 = max𝑥𝑖 ∈𝑋 𝛿 (p′𝑘 (𝑥𝑖 ), 𝑥𝑖 ), where p

′
𝑘
(𝑥𝑖 ) denotes the 𝑘-th nearest

out-neighbor of 𝑥𝑖 in the proximity graph, which is a high-quality
𝑘-ANN of 𝑥𝑖 . Since all 𝑥𝑖 ∈ 𝑋 are ID vectors, 𝜏0 serves as an empiri-
cal upper bound of the normalized 𝑘-NN distance for ID queries.
As shown in Fig. 8, the normalized 𝑘-NN distance yields a clear
separation between ID and OOD queries; on our current datasets,
we observe 100% distinction accuracy when 𝜏 = 𝜏0, and we further
study the sensitivity to this threshold in Section 7 (Exp. 8).

For the following theoretical analysis, we distinguish the geo-
metric 𝑘-NN radius from the inner-product score used before. Let
p̄𝑘,𝑛 (𝑞) denote the exact 𝑘-th nearest neighbor of 𝑞 in the normal-
ized base dataset 𝑋𝑛 = {𝑥1, . . . , 𝑥𝑛}, under the ambient Euclidean
distance, and define 𝑅𝑘,𝑛 (𝑞) =



𝑞 − p̄𝑘,𝑛 (𝑞)

2 . For unit-normalized
vectors, this radius is monotonically equivalent to the exact inner-
product score, since 𝑅𝑘,𝑛 (𝑞)2 = 2 − 2𝑞⊤p̄𝑘,𝑛 (𝑞).

Theorem 5.1: LetM ⊆ S𝑑−1 be a 𝐶2 smooth𝑚-dimensional man-
ifold embedded in R𝑑 , and let 𝑞 ∈ M be a fixed interior point. Let
𝑋𝑛 = {𝑥1, . . . , 𝑥𝑛} ⊆ M consist of vectors drawn independently from
a probability density 𝑓in with respect to the volume measure onM.
Assume that 𝑓in (𝑞) > 0 and that 𝑓in is locally Lipschitz-continuous

in a neighbor of 𝑞. Let 𝑘 = 𝑘 (𝑛) satisfy 𝑘 → ∞ and 𝑘
𝑛 → 0 as

𝑛 →∞. Then E
[
𝑅𝑘,𝑛 (𝑞)

]
=

(
𝑘

𝑛𝑉𝑚 𝑓in (𝑞)

)1/𝑚
(1 + 𝑜 (1)), where 𝑉𝑚 is

the volume of the𝑚-dimensional unit ball. Therefore, the expected
normalized-space 𝑘-NN radius is asymptotically inversely propor-
tional to 𝑓in (𝑞)1/𝑚 .

Proof Sketch: Let 𝐹𝑞 (𝑟 ) = Pr(∥𝑥 − 𝑞∥2 ≤ 𝑟 ) =∫
M∩𝐵

R𝑑
(𝑞,𝑟 ) 𝑓in (𝑥) 𝑑 volM (𝑥), where 𝑥 is drawn from 𝑓in.

Because M is a smooth 𝑚-dimensional manifold and 𝑞 is
an interior point, volM

(
M ∩ 𝐵R𝑑 (𝑞, 𝑟 )

)
= 𝑉𝑚𝑟

𝑚 (1 + 𝑜 (1))
as 𝑟 → 0. Together with the local Lipschitz continuity of
𝑓in, this gives 𝐹𝑞 (𝑟 ) = 𝑉𝑚 𝑓in (𝑞)𝑟𝑚 (1 + 𝑜 (1)) . Therefore,

𝐹−1
𝑞 (𝑢) =

(
𝑢

𝑉𝑚 𝑓in (𝑞)

)1/𝑚
(1 + 𝑜 (1)) as 𝑢 → 0. For each

𝑥𝑖 ∈ 𝑋𝑛 , let 𝐷𝑖 = ∥𝑥𝑖 − 𝑞∥2 and 𝑈𝑖 = 𝐹𝑞 (𝐷𝑖 ) . By
the probability integral transform, the 𝑈𝑖 are independently
uniform on [0, 1]. If 𝑈 (𝑘 ) denotes their 𝑘-th order statis-

tic, then 𝑅𝑘,𝑛 (𝑞) = 𝐹−1
𝑞

(
𝑈 (𝑘 )

)
, 𝑈 (𝑘 ) ∼ Beta(𝑘, 𝑛 − 𝑘 + 1) .

Under 𝑘 → ∞ and 𝑘/𝑛 → 0, we have 𝑈 (𝑘 ) → 0, and

hence E
[
𝑅𝑘,𝑛 (𝑞)

]
=

(
1

𝑉𝑚 𝑓in (𝑞)

)1/𝑚
E
[
𝑈

1/𝑚
(𝑘 )

]
(1 + 𝑜 (1)) .

Using the moment formula of the Beta distribution,

E
[
𝑈

1/𝑚
(𝑘 )

]
=

Γ(𝑘+ 1
𝑚 )Γ (𝑛+1)

Γ (𝑘 )Γ(𝑛+1+ 1
𝑚 )

=

(
𝑘
𝑛

)1/𝑚
(1 + 𝑜 (1)). □

Theorem 5.1 provides a monotonic local-density interpreta-
tion of the normalized-space 𝑘-NN radius. In particular, for two
points 𝑞1, 𝑞2 satisfying the theorem assumptions, E[𝑅𝑘,𝑛 (𝑞1 ) ]

E[𝑅𝑘,𝑛 (𝑞2 ) ] =(
𝑓in (𝑞2 )
𝑓in (𝑞1 )

)1/𝑚
(1+𝑜 (1)). Thus, a lower local base density corresponds

to a larger expected radius, but the exponent 1/𝑚 compresses den-
sity differences as the intrinsic dimension 𝑚 increases. The nu-
merical strength of the separation therefore depends jointly on
the intrinsic dimension and the local-density ratio. Therefore, this
distance can serve as a lightweight indicator of whether a query
receives weak local support from the base distribution, i.e., the
queries that cannot be effectively supported by the base index.

6 Search-Augmentation Strategy
In this section, we introduce an iterative search strategy together
with the index augmentation method in Section 4. For consecutive
queries, the search algorithm is adjusted dynamically. Initially, OOD
queries may incur high search cost because the index is not yet
optimized for them; as the index is progressively augmented, we
aim to reduce this cost while preserving search quality.

To achieve this, we first propose a two-phase search algorithm
with a parameter that controls search cost. We then introduce an
iterative method to adjust this parameter dynamically, ensuring
high-quality results throughout the augmentation process.

6.1 Two-Phase Search Algorithm
In this section, we propose a two-phase search algorithm designed
to support both ID and OOD queries effectively. The two phases
have the same goal as the two phases in beam search, as discussed
in Section 4, but with different search strategies. ➊ In the first phase,
we aim to move towards the region containing one of the 𝑘-NN of
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Algorithm 4: TwoPhaseSearch (𝐺,𝑞, 𝑘,𝑤, 𝜙)
Input : augmented PG𝐺+, query vector 𝑞, 𝑘 for top-𝑘 , beam width

𝑤, and a parameter 𝜙
Output : 𝑘-ANN of 𝑞
𝑉 ← {the entry node of𝐺 };𝐶 ← 𝑉 ;1

while | {𝑣 ∈ 𝑉 | ∀𝑢 ∈ 𝐶,𝛿 (𝑣, 𝑞) < 𝛿 (𝑢,𝑞) } | < 𝑘 do2

𝑣 ← the node in𝐶 with smallest distance to 𝑞;𝐶 ← 𝐶 \ {𝑣};3

for each edge (𝑣,𝑢 ) ∈ 𝐺+ labeled ID or ¬ID do4

if 𝑢 ∉ 𝑉 then𝐶 ← 𝐶 ∪ {𝑢},𝑉 ← 𝑉 ∪ {𝑢};5

¤𝜏 ← 𝛿 (𝑞, p𝑘 (𝑞) ) , where p𝑘 (𝑞) is the 𝑘-NN of 𝑞 in𝑉 ;6

while𝐶 ≠ ∅ do7

𝑣 ← the node in𝐶 with smallest distance to 𝑞;𝐶 ← 𝐶 \ {𝑣};8

if ¤𝜏 ≤ 𝜏 then9

for each edge (𝑣,𝑢 ) ∈ 𝐺+ labeled ID or ¬ID do10

if 𝑢 ∉ 𝑉 then𝐶 ← 𝐶 ∪ {𝑢},𝑉 ← 𝑉 ∪ {𝑢};11

if | {𝑣 ∈ 𝑉 | ∀𝑢 ∈ 𝐶,𝛿 (𝑣,𝑞) < 𝛿 (𝑢,𝑞) } | ≥ 𝑤 then break;12

else13

for each edge (𝑣,𝑢 ) ∈ 𝐺+ labeled ID or OOD do14

if 𝑢 ∉ 𝑉 then𝐶 ← 𝐶 ∪ {𝑢},𝑉 ← 𝑉 ∪ {𝑢};15

if | {𝑣 ∈ 𝑉 | ∀𝑢 ∈ 𝐶,𝛿 (𝑣,𝑞) < 𝛿 (𝑢,𝑞) } | ≥ 𝑤 and |𝑉 | ≥ 𝜙16

then break;

return the top-𝑘 nearest nodes to 𝑞 in𝑉 ;17

a query 𝑞. In this phase, we leverage the proximity graphs built for
𝑋 , i.e., the edges labeled ID and ¬ID from the augmented proximity
graph built, such that we do not need to consider adding edges for
OOD queries, hence minimizing index cost. ➋ Based on the result
from the first phase, we can distinguish the OOD and ID queries for
later different search strategies in the second phase. ➌ In the second
phase, for ID queries, we use the beam search with beam width𝑤
to search, while for OOD queries, we introduce another parameter
𝜙 to regulate the cost by restricting the traversal of nodes in the
proximity graph, i.e., limiting the number of distance computations.

To seamlessly transition from the first phase to the second with-
out restarting the search process, we redesign the 𝑆 used in beam
search in Algorithm 1. We maintain two separate sets to record
the current search results: the current visited node set 𝑉 and the
candidate set 𝐶 . Nodes in 𝑉 are all visited nodes, while nodes in 𝐶
have their distances computed from the query vector, but have not
yet explored their neighbors.

Below, we give the details shown in Algorithm 4.
In the first phase, similar to that in the beam search on the

proximity graph, we start the search at the entry point (line 1). At
each step, we select a node with the smallest distance to 𝑞 in 𝐶
for expansion (line 3), considering only the edges labeled ID and
¬ID (lines 4-5), akin to beam search. Notably, in this first phase,
we eliminate the need for the beam width parameter𝑤 required in
beam search. The search concludes when there are at least 𝑘 nodes
in 𝑉 with distances to 𝑞 that are smaller than all nodes in 𝐶 .

Leveraging the results from the first phase, we can apply the
method introduced in Section 5 to distinguish whether the query is
an OOD or ID query by comparing the distance between the query
vector and its current 𝑘-ANN, i.e., 𝑘-NN of vectors in 𝑉 , with the
precomputed value 𝜏 during the index construction (line 6).

Next, the search comes to the second phase. If the query is iden-
tified as OOD, we introduce another parameter 𝜙 , which will be
discussed in the subsequent section. This parameter is utilized to
regulate the cost by limiting the traversal of nodes in the proximity
graph, thereby restricting the number of distance computations
(line 16). Note that OOD queries cannot terminate earlier than ID
queries; therefore, the termination condition for ID queries (line 12)
is also a necessary condition for terminating OOD search (line 16).
For OOD queries, the second phase traverses edges labeled ID and
OOD on the augmented proximity graph (lines 13-15). If the query
is identified as ID, we implement the same beam search strategy
using the beam width𝑤 . The search terminates when there are at
least𝑤 nodes in 𝑉 whose distances to 𝑞 are smaller than those of
all nodes in𝐶 . In this case, the second phase traverses edges labeled
ID and ¬ID (lines 9-11), which together represent the original index
built on 𝑋 . Finally, when the search terminates, the top-𝑘 nodes in
𝑉 with the smallest distances to 𝑞 are returned (line 17).

As follows, we demonstrate that Algorithm 4 yields identical
results for ID queries as Algorithm 1.

Theorem 6.1: Given the same input 𝑞, 𝑘 , and𝑤 (≥ 𝑘), Algorithm 4
on the augmented graph𝐺+ returns the same result as Algorithm 1
on the proximity graph 𝐺 if ¤𝜏 ≤ 𝜏 holds at line 9 of Algorithm 4.

Proof Sketch: If ¤𝜏 ≤ 𝜏 , the first while-loop stops when {𝑣 ∈ 𝑉 |
∀𝑢 ∈ 𝐶, 𝛿 (𝑣, 𝑞) < 𝛿 (𝑢, 𝑞)} ≥ 𝑘 , and the second while-loop stops
when this quantity reaches 𝑤 . Since 𝑤 ≥ 𝑘 , the two while-loops
can be viewed as a single loop that terminates when {𝑣 ∈ 𝑉 |
∀𝑢 ∈ 𝐶, 𝛿 (𝑣, 𝑞) < 𝛿 (𝑢, 𝑞)} ≥ 𝑤 . Now consider any node 𝑢 ∈ 𝑉
whose distance to 𝑞 can never be within the top-𝑤 . Then at least𝑤
nodes in𝑉 are closer to 𝑞 than 𝑢. As a node inserted into𝑉 are also
inserted into 𝐶 , 𝑢 will never be explored, as the condition {𝑣 ∈ 𝑉 |
∀𝑢 ∈ 𝐶, 𝛿 (𝑣, 𝑞) < 𝛿 (𝑢, 𝑞)} ≥ 𝑤 must be satisfied before expanding
𝑢. Thus, whenever |𝑉 | > 𝑤 , the farthest nodes in𝑉 can be removed
without affecting the result, so 𝑉 can be regarded as a beam of size
at most 𝑤 . Under this view, 𝐶 is unnecessary: nodes in 𝑉 can be
marked visited directly upon expansion, making𝑉 equivalent to the
set 𝑆 in Algorithm 1. For the termination condition of the while loop,
as 𝐶 comprises unvisited nodes in 𝑉 and 𝑉 has a maximum size of
𝑤 , the condition {𝑣 ∈ 𝑉 | ∀𝑢 ∈ 𝐶, 𝛿 (𝑣, 𝑞) < 𝛿 (𝑢, 𝑞)} ≥ 𝑤 implies
that all nodes in 𝑉 are visited, mirroring line 2 in Algorithm 1. □

Based on Theorem 6.1, if the top-𝑘 nodes with the smallest dis-
tances to 𝑞 in 𝑉 are directly returned at line 6 in Algorithm 4, the
results are identical to those obtained when setting 𝑤 = 𝑘 in Al-
gorithm 1. Given that in the first phase, where the goal is to reach
the region containing one of the 𝑘-NN of a query 𝑞, a large queue
size is unnecessary, aligning well with the choice of a smaller beam
width in the first phase of our search.

6.2 Iterative Batch Index Augmentation
In this section, we discuss how to set 𝜙 so that OOD queries can
consistently obtain high-quality 𝑘-ANN results.

At a high level, OOD queries are grouped into batches for sched-
uling index augmentation. Let 𝛽 denote the batch size, i.e., the
number of OOD queries grouped into each index-augmentation
batch. All OOD queries in the same batch are searched on the same
snapshot of the augmented proximity graph. After their search
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Figure 9: An Example of Batch Index Augmentation

results are obtained, we use them to augment the graph by Algo-
rithm 3, and the updated graph is then used by the next batch. In
this way, early OOD queries improve the graph for later ones, allow-
ing 𝜙 to decrease over time. Compared with a sequential scheme
that updates the graph after every OOD query, batching avoids
blocking between consecutive queries. For example, as illustrated
in Fig. 2, with 𝛽 = 2, 𝑞2 can be searched on the same graph snapshot
as 𝑞1 without waiting for the augmentation triggered by 𝑞1. Thus,
𝜙 is controlled batch-wise rather than query-wise, e.g., 𝑞1 and 𝑞2
have the same 𝜙 in Fig. 2, improving efficiency while preserving
high-quality results.

We next discuss the details of 𝜙 . In our algorithm, 𝜙 is not an ex-
plicitly tuned parameter; rather, it is determined implicitly through
the hyperparameter 𝛽 , i.e., the batch size. For the first batch of 𝛽
OOD queries, we set 𝜙 = 𝑛 to acquire their 𝑘-ANN (effectively 𝑘-
NN) by traversing all nodes in the proximity graph𝐺 . These results
are then used to augment the proximity graph. After this first batch,
the augmented graph can already guide a new OOD query toward
the region of its nearest processed OOD query. For example, in
Fig. 9(a), the small circles represent ID vectors in dataset 𝑋 , and
𝑞1, . . . , 𝑞4 are processed OOD queries. The new edges introduced
by these queries make their nearby regions easier to reach from the
entry point. For a new OOD query such as 𝑞5, the search can first
navigate to the region of its nearest processed OOD query, e.g., 𝑞4.
However, connectivity within that region, especially near 𝑞5 itself,
may still be insufficient. It is because the region is divided by pro-
cessed OOD queries; within the region, no node OOD queries are
involved in augmenting the index. Thus, the second phase requires
a 𝜙 to explore nodes inside that region for high-quality results.

Given that one beam search on the proximity graph typically
takes empirically 𝑂 (𝑑 ln𝑛) time [9, 31, 35, 43], for simplicity in the
subsequent analysis, we assume that beam search with any beam
width on the proximity graph requires 𝑂 (𝑑 ln𝑛) time.

It remains an open problem how to model the distribution of
OOD queries in general. Here, we adopt a uniform assumption
only for analysis, following common theoretical treatments in prior
vector search work [9, 35, 43]. Importantly, this case is conserva-
tive: when OOD queries are clustered, the augmentation needed
is more localized, and many intermediate regions need not be tra-
versed. This intuition is illustrated in Fig. 9(c), where processed
OOD queries form two clusters near 𝑞1, 𝑞2 and 𝑞3, 𝑞4. In this case,
many vectors in the intermediate region, such as the green nodes,
need not be traversed, since later OOD queries remain concentrated
near one of the two clusters, e.g., 𝑞5. By contrast, under a uniform
OOD distribution, augmentation is spread more broadly across the
index, since every region may contain OOD queries and require
traversal. Separately, the arrival order of OOD queries may affect
our approach. For example, OOD queries may arrive in a skewed
order, such as cluster by cluster, rather than in a random order.

Algorithm 5: BatchAugment (𝐺,𝑄, 𝑘,𝑤, 𝛽)
Input : PG𝐺 , query set𝑄 = {𝑞1, · · · , 𝑞𝑚 }, 𝑘 for top-𝑘 , beam

width 𝑤, and batch size 𝛽
Output : augmented PG𝐺+

𝐵𝑐𝑎𝑝 ← 𝛽 ; 𝐵𝐼𝐷 ← 0; 𝜙 = 𝑛;1

𝐺+0 ← 𝐺 ;𝐺+1 ← 𝐺 ;𝑀 ← the out-degree limit of𝐺 ;2

for each 𝑞 ∈ 𝑄 do3

N(𝑞) ←TwoPhaseSearch (𝐺+
𝐵𝐼𝐷

, 𝑞, 𝑘, 𝑤,𝜙);4

if ¤𝜏 > 𝜏 in line 8 when calling Algorithm 4 then5

p1 (𝑞) ←top-1 nearest node to 𝑞 in𝑉 at line 7 in Algorithm 4;6

𝐺+
𝐵𝐼𝐷+1 ←AugmentPG (𝐺+

𝐵𝐼𝐷+1, 𝑞, p1 (𝑞),N(𝑞), 𝑀);7

𝐵𝑐𝑎𝑝 ← 𝐵𝑐𝑎𝑝 − 1;8

if 𝐵𝑐𝑎𝑝 ≤ 0 then9

𝐵𝑐𝑎𝑝 ← 𝛽 ; 𝐵𝐼𝐷 ← 𝐵𝐼𝐷 + 1;10

𝜙 ← min(𝑛, ⌈ln𝑛 + 𝑛/𝛽/𝐵𝐼𝐷 ⌉ ) ;𝐺+
𝐵𝐼𝐷+1 ← 𝐺+

𝐵𝐼𝐷
;

return𝐺+
𝐵𝐼𝐷+1;11

Although our analysis assumes a uniform distribution, PFIndex
remains effective under such skewed workloads by varying the 𝛽
value. Empirical evaluation is provided in Section 7 (Exp. 4), where
OOD queries arrive cluster by cluster in a skewed order.

Under uniform assumption, after 𝛽 OOD queries have been pro-
cessed, the dataset 𝑋 can be viewed as divided into 𝛽 regions, each
containing about 𝑛/𝛽 nodes. To ensure high-quality 𝑘-ANN results
for a new OOD query, we set 𝜙 to traverse all nodes in one such
region in the second phase. Since the first phase is beam search
with beam width 𝑘 , which is assumed to traverse𝑂 (ln𝑛) nodes, we
set 𝜙 = ln𝑛 + 𝑛/𝛽 for a new OOD query. Upon completing the pro-
cessing of the second batch of queries, we can utilize 𝑘-ANN results
to enhance the proximity graph further. For example, in Fig. 9(b),
incorporating more processed OOD queries improves connectivity
among the 𝑘-ANN sets of OOD queries and reduces the size of each
region, i.e., containing 𝑛/(2𝛽) nodes, enabling a decrease in the 𝜙
value in subsequent batches. Specifically, after the (𝑖 − 1)-th batch,
each region contains about 𝑛/((𝑖 − 1)𝛽) nodes. Accordingly, for the
𝑖-th batch of 𝛽 OOD queries, we set 𝜙 = ln𝑛 + 𝑛

(𝑖−1)𝛽 . Note that for
later incoming queries, 𝜙 may not be effective, as the termination
condition at line 9 in Algorithm 4 could be more stringent than 𝜙 .
This is expected: as more OOD queries are incorporated into the
index, OOD search becomes increasingly similar to ID search.

Based on the above analysis, Algorithm 5 summarizes our it-
erative batch augmentation procedure. We initialize the current
batch capacity 𝐵𝑐𝑎𝑝 as 𝛽 , the batch ID 𝐵𝐼𝐷 as 0, and set 𝜙 = 𝑛

for the first batch of OOD queries (line 1). We also initialize the
augmented proximity graph𝐺+0 for batch 0 and𝐺+1 for batch 1 as𝐺
with all edges labeled ID, and obtain the out-degree limit𝑀 from
𝐺 (line 2). Then, for each query 𝑞 ∈ 𝑄 , we invoke TwoPhaseSearch
on 𝐺+ with parameter 𝜙 (lines 3-4). If 𝑞 is identified as an OOD
query, i.e., ¤𝜏 > 𝜏 at line 8 of Algorithm 4, we obtain p1 (𝑞) from the
search result, decrease 𝐵𝑐𝑎𝑝 , and use the returned 𝑘-ANN result
to augment 𝐺+

𝐵𝐼𝐷+1 for the next batch via Algorithm 3 (lines 5-10).
When the current batch is exhausted, we move to the next batch by
resetting 𝐵𝑐𝑎𝑝 , increasing 𝐵𝐼𝐷 , updating 𝜙 accordingly (line 10).

Note that the index augmentation process can be performed asyn-
chronously with the search. Let𝐺 (𝑖−1) denote the latest completed
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Table 2: Statistics of Datasets

Dataset Dim. #Base #Train #Test Vector type
ID OOD ID OOD

WebVid [2] 512 2,505,000 2,505,000 10,000 10,000 Video Text
Text-to-Image [1] 200 10,000,000 10,000,000 10,000 10,000 Image Text
LAION [36] 512 10,004,480 10,004,480 10,000 10,000 Image Text

augmented graph before the 𝑖-th batch. All queries in this batch are
processed using 𝐺 (𝑖−1) , while their search results are submitted to
background workers to construct updates for subsequent batches.
Thus, a query does not wait for the augmentation triggered by other
queries in the same batch. The augmentation process copies only
the adjacency lists affected by the newly selected edges. For each
affected vertex, edge insertion, label adjustment, and pruning are
performed on a private copy of its neighbor list. The completed list
is then published as a new version for later query batches, while
queries that have already started continue accessing the previous
version. Thus, synchronization is needed only when publishing the
completed list version, and this publication does not block queries
that are already reading the previous snapshot.
Value Choice of 𝛽: Consider that beam search empirically takes
𝑂 (𝑑 ln𝑛) time [9, 31, 35, 43], while the second phase with parameter
𝜙 takes𝑂 (𝑑𝜙) time since 𝜙 > ln𝑛 and directly limits the number of
traversed nodes. In the worst case, all𝑚 queries are OOD queries.
Then the total search time is𝑂 (𝑑 · (𝛽 ·𝑛 + 𝛽 · (ln𝑛 +𝑛/𝛽) + · · · + 𝛽 ·
(ln𝑛+𝑛/((⌈𝑚/𝛽⌉ − 1)𝛽)))) = 𝑂 (𝑑 · (𝛽 ·𝑛+𝑚 ln𝑛+𝑛 log(⌈𝑚/𝛽⌉))).
In contrast, in the best case where all queries are ID queries, the
total search time is𝑂 (𝑑 ·𝑚 ln𝑛). The same complexity also applies
when we already have a proximity graph constructed for OOD
queries [4, 14], since OOD search then becomes similar to ID search.
To keep the worst-case complexity aligned with these optimal cases,
we set 𝛽 = ln𝑛, assuming 𝑂 (𝑛) = 𝑂 (𝑚).
Time Complexity: Setting 𝛽 = ln𝑛 and assuming 𝑂 (𝑛) = 𝑂 (𝑚),
the total search time becomes𝑂 (𝑑 · (𝛽 ·𝑛 +𝑚 ln𝑛 +𝑛 log(𝑚/𝛽))) =
𝑂 (𝑑 · 𝑛 ln𝑛). For the augmentations, the cost arises from Algo-
rithm 2, where the time required for lines 2-10 in Algorithm 3 is
𝑂 ( |𝑁𝑞 |). Since 𝑁𝑞 is obtained from the search, this cost is smaller
than 𝑂 (ln𝑛) empirically. Algorithm 2 requires up to 𝑂 ( |𝑁𝑞 |2𝑑) ≤
𝑂 (𝑑 ·ln𝑛2) time. Hence, the total time needed is𝑂 (𝑑 ·𝑛 ln𝑛2). Under
a multi-core execution model with Θ(ln𝑛) background workers,
the augmentation work can be parallelized to an𝑂 (𝑑 ·𝑛 ln𝑛) critical-
path cost and largely overlapped with query processing. Therefore,
the parallel wall-clock cost of answering the queries and augment-
ing the index remains approximately 𝑂 (𝑑 · 𝑛 ln𝑛), matching the
asymptotic cost of query processing alone in the optimal case.

7 Experiments
Datasets: We utilize three large-scale cross-modal datasets with as-
sociated queries, following prior OOD vector search work [4, 14, 18].
The datasets are summarized in Table 2, where Dim. denotes the
vector dimensionality, #Base is the number of base vectors, #Train is
the number of OOD queries used for index construction, and #Test
(ID/OOD) is the number of evaluation queries. We deduplicate the
OOD queries so that the test OOD queries are disjoint from the
train OOD queries, and the test ID queries are also disjoint from
the base ID vectors. In Text-to-Image dataset, the base data and ID
queries are image vectors generated by SE-ResNeXt-101 [13], while
OOD queries are text vectors generated by a variant of DSSM [15];

the two modalities are mapped into a shared space via contrastive
learning. In LAION dataset, the base data and ID queries are image
embeddings, while the OOD queries are text embeddings. All em-
beddings are generated by CLIP-ViT-B/32 [36]. InWebVid dataset,
the base data vectors are video embeddings and the query vectors
are text embeddings, both generated by CLIP-ViT-B/32 [36]. Fol-
lowing prior OOD vector search work [4, 14, 18], we use the same
released datasets, where the vectors are already normalized. Thus,
we use inner product as distance metric in all experiments.
Algorithms: We compare PFIndex with three state-of-the-art ap-
proaches, including HNSW, one of the state-of-the-art approaches
for ID query vectors, and RoarGraph and NGFix, two existing ap-
proaches proposed for OOD query vectors as discussed in Sec-
tion 3. We exclude the comparison with RobustVamana, as prior
research has already demonstrated its inferior performance [4]. For
each method, we employ a grid search (set recommended parame-
ters if provided as starting points) to tune the parameters on each
dataset for a Pareto-optimal recall-QPS curve. (1) NGFix [14], we
set 𝑀𝐸𝑋 = 48 to limit the out-degree of each node. To construct
its index, we first build an HNSW with 𝑀 = 32 and 𝑒 𝑓 𝐶 = 1000,
and following [14], only the bottom layer of HNSW is used as the
base graph. Then, we use OOD queries to construct the new index.
Following [14], we call NGFix twice: first with 𝑁𝑞 = 100, 𝐾ℎ = 100,
and𝑀𝑎𝑥𝑆 ≤ 500, and then with 𝑁𝑞 = 10, 𝐾ℎ = 10, and𝑀𝑎𝑥𝑆 ≤ 50.
For each OOD query, we set 𝑁𝑞 = 10 to call RFix. The 𝑘-NN of each
query used in index construction is computed by brute force using
an A100 GPU. (2) RoarGraph [4], following [4, 14], we set 𝑁𝑞 = 100
to control bipartite graph connections. For neighbor-aware projec-
tion and connectivity enhancement, we set 𝑀 = 35 and 𝐿 = 2000
to ensure high-quality neighbors. For fair comparison, we use an
equivalent number of the entire OOD query vector set for index
construction. The 𝑘-NN of each query used in index construction
is computed by brute force using an A100 GPU. (3) HNSW [31],
we set 𝑀 = 32 and 𝑒 𝑓 𝐶 = 1000 to build a high-quality proximity
graph for comparison. (4) PFIndex, our approach. We set 𝛽 = 32,
𝑘 = 100, and 𝑤 = 1000 by default. The batch mechanism is used
only for scheduling index augmentation: all OOD queries in the
same batch are searched on the same index snapshot, and the aug-
mentation produced by that batch is applied only to subsequent
batches. Each query is searched by a single thread, while back-
ground worker threads are used for index augmentation. To ensure
fair comparison, the underlying proximity graph of PFIndex uses
the same HNSW parameters as those used in NGFix, i.e., 𝑀 = 32
and 𝑒 𝑓 𝐶 = 1000.
Performance Metrics: Following existing works [4, 14, 18], we
employ QPS (queries per second) and NDC (number of distance
calculations) to measure efficiency, and use Recall and Rderr (rel-
ative distance error) to measure effectiveness. QPS is the number
of queries processed per second, and NDC is the total number
of distance calculations during the search. Recall is precisely de-
fined in Section 2, while relative distance error (Rderr) is defined
as 𝑟𝑑𝑒𝑟𝑟@𝑘 = avg𝑘

𝑖=1 (𝛿 (𝑝𝑖 , 𝑞)/𝛿 (𝑝𝑖 , 𝑞) − 1), where 𝑝𝑖 is the 𝑖-NN
of 𝑞 and 𝑝𝑖 is the 𝑖-ANN of 𝑞 returned by algorithms. We compare
the QPS at the same 𝑟𝑒𝑐𝑎𝑙𝑙@𝑘 and the NDC at the same 𝑟𝑑𝑒𝑟𝑟@𝑘 ,
where a higher QPS or lower NDC indicates a better index.
Experimental Environments: The experiments are conducted
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Figure 10: Search Performance on OOD Queries (Exp. 1)

on a CentOS Linux server with an Intel(R) Xeon(R) Silver 4215 CPU
@ 2.50GHz and 128GB memory. All algorithms are implemented
in C++ and compiled with g++ 11.4.1 using -std=c++20, -Ofast,
and -march=native. Following NGFix implementation [14] and
other OOD vector search implementations [4, 18], we use RaBitQ’s
quantization functionality (with –b_bits 8) and SIMD intrinsics,
including AVX512-related instructions as an implementation-level
optimization to accelerate distance computation. For fairness, these
system-level optimizations are applied to all compared methods.

For index construction of HNSW, RoarGraph and NGFix, we
report the index time/size on the same single machine by utiliz-
ing multiple threads. For PFIndex, we perform searches for each
query in a single thread. While for augmenting proximity graphs,
each query is searched by a single thread, while background in-
dex augmentation is executed asynchronously using the remaining
available threads. For vector search on ID and OOD test queries,
we set 𝑘 = 10 and 𝑘 = 100 to evaluate the performance of the
search algorithms using a single thread following the previous
works [4, 14, 18], and incrementally adjust parameters within the
search algorithm to achieve the desired recall.
Exp. 1: Search Performance on OOD Queries. In this experi-
ment, all methods use all available threads to construct/augment
their indexes using the train OOD queries, and their search perfor-
mance is evaluated on the disjoint test queries using a single thread.
As shown in Fig. 10, PFIndex consistently outperforms all baselines
on OOD queries. Specifically, at 𝑟𝑒𝑐𝑎𝑙𝑙@100 = 0.95, QPS of PFIndex
is 1.36 − 1.48x that of NGFix, 1.25 − 1.77x that of RoarGraph, and
1.64 − 4.75x that of HNSW. HNSW, a state-of-the-art approach for
ID queries, exhibits poor support for OOD queries, resulting in the
lowest performance. NGFix usually outperforms RoarGraph, but
is weaker on Text-to-Image when 𝑘 = 100. As shown in Fig. 10(i),
on Text-to-Image with 𝑘 = 100, NGFix achieves much better result
quality than HNSW, but only slightly higher recall, suggesting that
its add-edge strategy may fail to introduce sufficiently high-quality
edges in some OOD scenarios. PFIndex consistently performs the
best, mainly due to its two-phase search algorithm for OOD queries,
which provides finer control through 𝜙 . Its advantage is especially
clear at moderate recall, around 0.9, where most relevant neighbors
can be identified quickly. When recall approaches 1, all methods

Table 3: Index Cost of Different Approaches (Exp. 2)
Algo. HNSW RoarGraph NGFix PFIndex

Dataset Index build time (sec)
WebVid 909 (666+)3,046 (666+)3,984 (909+)1,228

Text-to-Image 2,745 (10,599+)10,710 (10,599+)7,178 (2,745+)4,372
LAION 4,299 (14,288+)16,501 (14,288+)11,792 (4,299+)5,391
Dataset Total index size for joint ID/OOD support (MB)
WebVid 5,174 (5,174+)5,307 (5,174+)5,404 (5,174+)1,523

Text-to-Image 9,109 (9,109+)9,167 (9,109+)9,116 (9,109+)4,933
LAION 20,761 (20,761+)20,589 (20,761+)21,976 (20,761+)7,072
Dataset Index size for OOD-only support (MB)
WebVid 5,174 5,307 5,404 5,219

Text-to-Image 9,109 9,167 9,116 9,113
LAION 20,761 20,589 21,976 20,814

become closer, because achieving very high recall requires large
search parameters and traversal of many nodes in the graph.
Exp. 2: Index Cost of Different Approaches. Following the same
experimental settings in Exp.1, Table 3 reports the index build time
and index size of different approaches.

For build time,HNSW is the fastest because its construction is the
simplest: it only needs to obtain neighbors for each vector and then
apply RNG pruning. For RoarGraph and NGFix, the parenthesized
numbers denote the time for computing the ground-truth 𝑘-NN
of the train OOD queries, using an A100 GPU; the cost would be
much higher on CPU alone. Even excluding this GPU-assisted 𝑘-NN
computation, both RoarGraph and NGFix still require substantially
more time thanHNSW and PFIndex. It is important to note that the
reported time for PFIndex includes both the time taken to respond
to train OOD queries and index augmentation time, where the
times in parentheses represent the HNSW build time. By achieving
a comparable time scale to HNSW, our approach not only delivers
high-quality responses to trained OOD queries (Exp. 3) but also
constructs an augmented proximity graph capable of supporting
both ID and OOD queries (Exps. 1, 4, and 5). We further increase the
HNSW construction budget by setting 𝑒 𝑓 𝐶 = 3000 while keeping
𝑀 = 32. Its construction time increases to 2,367, 7,390, and 9,734
seconds on WebVid, Text-to-Image, and LAION datasets, respec-
tively, larger than the total build time of PFIndex. Nevertheless, at
𝑟𝑒𝑐𝑎𝑙𝑙@10 = 0.95, its QPS improves only from 249.4/804.9/164.1 to
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Figure 11: Performance of Online OOD Queries (Exp. 3)

250.0/805.2/164.3, showing that additional construction effort alone
does not resolve the OOD search issues.

For index size, Table 3 reports two deployment settings. In the
joint ID/OOD setting, RoarGraph and NGFix require an additional
HNSW index to retain competitive performance on ID queries,
since their OOD-oriented indexes degrade ID-query performance,
as shown in Exp. 6. Their total sizes are therefore the sums of the
HNSW index and their respective OOD-oriented indexes. PFIndex
also operates on top of HNSW, and its reported total size includes
this base graph. However, PFIndex reuses the same graph for both
query types and stores only the differential edges labeled ¬ID and
OOD. As a result, PFIndex reduces the total memory by up to
36.7% compared with the two-index deployments. For OOD-only
search, PFIndex does not need to preserve the separate ID-oriented
graph view. We preserve the graph containing the edges labeled
ID or OOD and discard the ¬ID edges. The resulting index sizes
are comparable to RoarGraph and NGFix indexes. Therefore, the
primary storage advantage of PFIndex arises when both ID and
OOD queries must be efficiently supported.
Exp. 3: Performance whenOnline Processing of OODQueries.
We evaluate how search performance evolves as OOD queries con-
tinuously arrive by using the train dataset, as shown in Fig. 11,
where the horizontal axis reports the cumulative number of OOD
queries observed before evaluation. Since RoarGraph and NGFix
are prior-dependent methods, we adapt them to the online setting.
At each checkpoint after the first 𝑡 OOD queries have arrived, we
use only these 𝑡 queries as their prior query set and rebuild the cor-
responding index. The rebuilt index is then evaluated on the next
unseen queries. For Fig. 11(a)–(c), we set the beam width as 1000
for all methods, and set 𝛽 = 32 for PFIndex, while in Fig. 11(d)–(f),
we set the minimal beam width required for different methods to
achieve 𝑟𝑒𝑐𝑎𝑙𝑙@10 = 0.98. PFIndex initially uses a relatively large
dynamically determined 𝜙 to obtain high-quality results for early
queries. Thus, its initial query latency is higher (or initial QPS is
lower), but remains below 0.15, 0.2, and 0.4 seconds on WebVid,
Text-to-Image, and LAION, respectively. As more OOD queries are
processed, the augmented graph becomes increasingly effective,
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Figure 12: Search Performance on ID Queries (Exp. 4)
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Figure 13: Performance on Mixed ID/OOD Queries (Exp. 5)

allowing 𝜙 to decrease and improving query efficiency while main-
taining high recall. Although the search performance of RoarGraph
and NGFix also improves when more arrived queries are used as
prior information, their prefix-trained indexes remain less effective
when the query volume is insufficient. This result demonstrates that
simply rebuilding a prior-dependent index from the limited queries
observed so far cannot provide the same online effectiveness as the
progressive augmentation of PFIndex. Moreover, their latency is
much higher than PFIndex, since their online processing includes
the index rebuilding cost; the repeated construction cost needs to
be amortized over the newly served queries.
Exp. 4: Search Performance on ID Queries. We use the base
dataset to build indices and evaluate the search performance on
disjoint test ID queries. We additionally include Vamana [19] as
an ID-oriented baseline. Fig. 12 shows the results onWebVid and
Text-to-Image, while the results on LAION are reported in Fig. 6.
PFIndex achieves the same search performance as HNSW because
it preserves the full HNSW graph structure for ID search, i.e.,
the edges labeled ID and ¬ID in the augmented graph. Therefore,
like HNSW, PFIndex consistently performs the best on ID queries.
Both RoarGraph and NGFix perform worse on ID queries, with
RoarGraph slightly weaker than NGFix. This difference mainly
arises because NGFix modifies the bottom-layer HNSW graph and
thus still benefits from the original ID-oriented structure, whereas
RoarGraph is constructed mainly for OOD support and only later
improves connectivity using dataset vectors.
Exp. 5: Search Performance on Mixed ID/OOD Queries.We
use the train dataset to build indices and evaluate mixed ID/OOD
workloads using multiple random shuffles with different seeds on
the test dataset and report the average results. As shown in Fig. 13,
PFIndex accurately distinguishes ID and OOD queries with 100%
precision on all datasets, leading to stable performance close to that
on pure OOD workloads while also benefiting from the relative
ease of ID queries. HNSW performs better than in the pure-OOD
setting because it is strong on ID queries. In contrast, RoarGraph
and NGFix do not distinguish between ID and OOD queries, but

12



0 5 10 15 20 25
#Queries (×106)

0.925

0.950

0.975

1.000

Re
ca

ll@
10

0

PFIndex Recall ( = 32)
PFIndex Recall ( = 128)

HNSW Recall
PFIndex Latency ( = 32)

PFIndex Latency ( = 128)
HNSW Latency

0.0

0.1

0.2

Av
er

ag
e 

La
te

nc
y 

(s
)

0 5 10 15 20 25
#Queries (×106)

0.925

0.950

0.975

1.000

Re
ca

ll@
10

0

0.0

0.1

0.2

Av
er

ag
e 

La
te

nc
y 

(s
)

(a) WebVid Dataset

0 2 4 6 8 10
#Queries (×106)

0.96

0.98

1.00

Re
ca

ll@
10

0

0.0

0.1

0.2

0.3

Av
er

ag
e 

La
te

nc
y 

(s
)

(b) Text-to-Image Dataset

0 2 4 6 8 10
#Queries (×106)

0.94

0.96

0.98

1.00

Re
ca

ll@
10

0

0.0

0.2

0.4

0.6

Av
er

ag
e 

La
te

nc
y 

(s
)

(c) LAION Dataset

Figure 14: Performance on Skewed Distribution (Exp. 6)
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Figure 15: Effect of Different Parameters (Exp. 7)
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Figure 16: Effect of Different Parameters on Index (Exp. 7)

handle all queries using the same index and search strategy, which
leads to inferior performance under mixed workloads.
Exp. 6: Performance under SkewedOnline Processing of OOD
Queries. In this experiment, we further evaluate a less favorable on-
line setting by using the train dataset, where OOD queries are first
clustered, and queries from the same cluster arrive consecutively
before moving to the next cluster, thereby forming a skewed arrival
order. Compared with the random order in Exp. 3, this setting is
less friendly to PFIndex, since index augmentation is driven by
recently processed queries, while the query distribution may shift
significantly when the stream moves from one cluster to another.
The results on three datasets are shown in Fig. 14. PFIndex remains
effective under this skewed ordering, and the hyperparameter 𝛽
plays a key role in handling this harder case. Specifically, a larger
𝛽 allows more OOD queries to scan more vectors in the early stage,
which improves the cumulative recall during online processing
and provides stronger augmentation for subsequent queries after
the stream shifts to new clusters. This benefit comes at the cost of
slightly higher processing overhead, and thus higher latency.
Exp. 7: Effect of Different Parameters.We vary two parameters,
𝛽 and 𝑤 in index augmentation (Algorithm 5), to evaluate their
effects on search performance. In Fig. 15, we use the train dataset
as an online stream for evaluation. In Fig. 16, we first construct the
index using the train dataset and then evaluate it on the disjoint test
queries. Fig. 15 shows their effect on online OOD processing for

Table 4: Sensitivity of ID/OOD Distinction (Exp. 8)
Dataset 𝜏 value 0.9𝜏0 0.95𝜏0 𝜏0 1.05𝜏0 1.1𝜏0

WebVid
false-ID 1.26% 0.16% 0% 0% 0%
false-OOD 0% 0% 0% 0% 0%

Text-to-Image
false-ID 0.42% 0.08% 0% 0% 0%
false-OOD 0% 0% 0% 0% 0%

LAION
false-ID 1.85% 0.23% 0% 0% 0%
false-OOD 0% 0% 0% 0% 0.02%

the train OOD queries, where recall is reported cumulatively over
all processed OOD queries. A larger 𝛽 causes more node traversal
for early queries and thus yields slightly higher recall, while𝑤 has
a much larger effect because it directly controls the quality of the
returned 𝑘-ANN results during online processing. When𝑤 is fixed,
the recall curves under different 𝛽 values gradually become similar
as more OOD queries are processed, because the augmented graph
becomes sufficiently strong and the effect of batch size diminishes.
Moreover, PFIndex consistently achieves higher recall than directly
usingHNSW to serve OOD queries. Fig. 16 shows the effect of 𝛽 and
𝑤 on the quality of the augmented graph, evaluated using test OOD
queries. The results indicate that𝑤 is the dominant factor, since it
directly determines the quality of the online 𝑘-ANN results used
for augmentation. Higher-quality 𝑘-ANN results from the train
OOD queries lead to a stronger augmented graph and thus better
performance on the test OOD queries. In contrast, 𝛽 affects only a
small fraction of the train OOD queries, mainly the early ones, and
therefore has only a minor impact on the final index quality.
Exp. 8: Sensitivity to the Threshold 𝜏 .We vary the threshold 𝜏 in
{0.9𝜏0, 0.95𝜏0, 𝜏0, 1.05𝜏0, 1.1𝜏0} to show its effect on distinguishing
ID and OOD queries, where 𝜏0 is computed by the base dataset,
and evaluation is on the disjoint test dataset. Table 4 reports the
false-ID and false-OOD rates on three datasets. When 𝜏 = 𝜏0, both
false-ID and false-OOD rates are zero on all datasets, indicating
that 𝜏0 is an effective default choice. When 𝜏 is smaller than 𝜏0, the
false-ID rate increases slightly because a stricter threshold causes a
few ID queries to be classified as OOD, while the false-OOD rate
remains zero. When 𝜏 is larger than 𝜏0, the false-ID rate remains
zero, and the false-OOD rate is also zero except for a negligible
value of 0.02% on LAION at 1.1𝜏0.

8 Conclusion
In this paper, we present a prior-free index for cross-modal vector
search on both ID and OOD queries. Our extensive experiments
demonstrate the superiority of our approach in terms of accuracy
and efficiency. We achieve the best search performance for OOD
queries while maintaining comparable performance for ID queries
compared to state-of-the-art methods for OOD and ID, respectively.
For index cost, PFIndex achieves up to 3.18x faster index construc-
tion and up to 36.7% lower total index memory when jointly sup-
porting ID and OOD queries, while maintaining an OOD-only index
size comparable to those of the existing OOD-oriented approaches.

Important directions for future work include automatically de-
tecting workload skewness or distribution drift and adaptively
tuning 𝛽 to adjust 𝜙 , as well as extending PFIndex to multi-vector
late-interaction retrieval and investigating whether index-relative
OOD persists in modern models such as ColQwen [7].
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