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Abstract—Vector search has recently attracted massive at-
tention in both academia and industry due to its widespread
applications in various fields, such as multimedia search and
large language models (LLMs). However, existing vector search
systems often overlook the specific characteristics of similar query
vector scenarios. That is, in real-world applications, many queries
exhibit similarity, typically returning highly overlapping results.
Inspired by that, to fully leverage the unique characteristics
of similar query vectors, we propose QBase, a vector search
system designed to enhance query accuracy and performance.
QBase is optimized for query vectors and automatically identifies
and processes similar queries. It incorporates the AV-tree index,
which is specifically designed for query vectors, allowing it to
exploit their similarities fully. Building on the AV-tree index, we
further introduce the A3V-tree index, which includes numerous
optimizations to support efficient multi-vector searches. QBase
supports up to six types of vector queries and four query plans,
utilizing a cost-estimation approach to select the most efficient
query plan for optimal performance. Extensive evaluations across
various vector datasets demonstrate that QBase outperforms the
state-of-the-art vector systems, improving query accuracy by 3%
to 30% and query efficiency up to 90%.

Index Terms—Vector search, vector databases, hybrid search,
approximate nearest neighbor search

I. INTRODUCTION

With the proliferation of IoT devices, multimedia sys-
tems, and mobile applications, there is a significant growth
in unstructured data such as high-definition videos, digital
images, and text. Handling and analyzing unstructured data
necessitates advanced processing techniques. With the success
of deep learning models, it has become common practice
to transform these unstructured data into high-dimensional
vectors [1]-[3]. High-dimensional vector similarity search has
been playing a crucial role in many fields, including large
language models (LLMs) [4]-[7], scientific computing [8],
[9], information retrieval [10], [11], databases [12], [13],
recommendation systems [14], [15], etc.

Due to the curse of dimensionality [16], many traditional
metric indexes such as M-Tree [17], SPB-Tree [18], and R-
Tree [19] fail to function effectively and degrade to brute-
force search for accurate vector search, which can be highly
time-consuming and impractical for applications requiring
millisecond-scale latency [20]-[22]. Therefore, a more effi-
cient and practical alternative is to perform an approximate
vector search, which is extensively implemented in indus-
trial systems [23]-[26] and widely studied in the academic
community [20], [27], [28]. And therefore, graph-based [13],
[29]-[33] or partition-based [20], [29], [34], [35] indexes are
primarily adopted as they achieve a state-of-the-art balance
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between search accuracy and efficiency in various applica-
tion scenarios [21], [22], [36]-[39]. The basic idea is to
strategically visit a subset of the complete vector dataset to
obtain query results, significantly reducing redundant distance
computations with a slight accuracy loss [23], [26], [29], [40]-
[43]. Overall, existing vector search studies aim to balance
query latency and recall rate of query results [40], [44].

From an application perspective, vector search involves two
cases. i) Multi-Vector Search. It refers to scenarios where
each object is associated with multiple vector representations.
For example, in e-commerce applications, products are rep-
resented using both image and text vectors. Systems such as
Milvus [23], VBase [27], and Qdrant [24](however, Qdrant
just supports tensor) support this. ii) “Vector + Filter” Search.
It involves not only vector data but also non-vector data
(referred to as “Filter”), such as GPS coordinates. Milvus [23],
VBase [27], Weaviate [25], and AnalyticDB-V [26] support
such queries.

However, we notice that many issued queries usually re-
turn highly overlapped results [45], [46]. For example, in
the knowledge graph field, the query points in a batch are
relatively similar to each other [47]. This phenomenon widely
exists in real-world applications. In recommendation systems
[48], users’ queries (e.g., vectors based on user past pref-
erences) often cluster around similar items. This is because
similar users may have similar interests in items. Similarly,
during the occurrence of hot events such as major news or
celebrity updates, a large number of similar queries tend to
be triggered. Fig. 1 illustrates three real-world examples. In
Fig. 1(a), a community of Taylor Swift enthusiasts is likely to
search for content related to their idol. In Fig. 1(c), individuals
interested in learning about machine learning are likely to seek
information on the topic. In Fig. 1(b), photography enthusiasts
search for sunset-related information, including both textual
descriptions and images. Users can specify attributes of the
sunset, such as its color or whether it occurs by the seaside. In
these multimodal scenarios, users refine their semantic queries
by incorporating multiple modalities, thereby obtaining more
relevant results. Consequently, queries from these user groups
tend to return highly similar search results.

When reviewing existing vector similarity search studies,
we have identified three unaddressed challenges below.

Challenge I: how to jointly improve query efficiency
and accuracy by leveraging users’ queries? Existing studies
tend to sacrifice either query accuracy or query efficiency.
To improve efficiency, existing systems such as Milvus [23]
leverage caching optimizations. When they find a hash value
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in the result cache, they will select the corresponding top-1
result as the starting point for the vector index to improve
efficiency. However, if the initial query result is inaccurate,
this approach continuously propagates errors to subsequent
queries, keeping them in a problematic state. For instance,
in e-commerce searches, when users search for keywords of
popular products, Milvus may lead to a disordered ranking of
search results due to inaccurate cached results, thus affecting
users’ purchasing decisions. To improve accuracy, existing
systems like VBase [27] use a more “brute force” way
by leveraging underlying indexing mechanisms to execute
queries. Although the indexing can guarantee high accuracy, it
does not utilize the similarity characteristics of query vectors,
resulting in decreased efficiency. For instance, when VBase
processes complex queries, the search time may be excessively
long, leading to an increase in user churn rate.

Overall, how to jointly improve the query accuracy and
efficiency is challenging. To fill this gap, we leverage the
characteristics of query vector similarity for optimization, i.e.,
we utilize query vectors for index construction. Inspired by
AV-tree index [49] that use query vectors for index construc-
tion, we fully exploit the features of similar query vectors to
improve its performance, including i) utilizing query vectors
similar to each other for index construction, making the index
more compact and effective; and ii) given multiple tree indexes
built on different sets of query vectors, choosing the tree index
(built on query vectors that are most similar to the current
query vector) for search. Compared to naively storing prior
query vectors, an index can both control the memory explosion
due to query vectors and exploit its characteristics to further
filter, enhancing query efficiency. Additionally, we implement
top-k-based optimization method, by adaptively estimating the
k-th nearest neighbor distance, irrelevant result vectors can be
quickly filtered out to further improve the query efficiency
while minimally sacrificing query accuracy.

Challenge II: how to correctly and appropriately determine
whether two query vectors are “similar”? User queries are
often continuous, and the similarity between vectors cannot
be predetermined. Matching a new query vector solely with
the current nearest query vector may result in a concentration
of errors, as they may actually be distant in terms of distance
value. If two query vectors are incorrectly identified as sim-
ilar, it can lead to suboptimal query results. This essentially
involves how to perform effective clustering. Using existing
methods such as LSH [21], [50], [51] or k-means [52], [53]

may pose challenges. For LSH, it’s difficult to control the
number of partitions to ensure proper differentiation of query
vectors. Similarly, k-means requires determining the number
of clusters in advance, which can lead to misclassification of
query vectors that originally do not belong to the same group.
Therefore, we design a new method to address this chal-
lenge. We observe that in high-dimensional vector spaces, de-
termining the similarity of query vectors cannot rely solely on
the query vectors themselves. Due to the curse of dimension-
ality, traditional distance-based methods often fail to capture
similarity accurately. In high-dimensional datasets, vectors are
typically sparsely distributed, making the relations between
them more complex. Therefore, we propose determining the
similarity of query vectors based on the overall distribution of
the vector dataset being searched. To achieve this, we exploit
the property of uniform distribution of distances among high-
dimensional vectors. By randomly sampling vectors from the
dataset, we calculate the distances between these sampled
vectors, and the average of these distances is defined as the
“uniform distance”. This uniform distance serves as a measure
of the typical separation between vectors in the dataset. We
then establish a threshold by reducing this uniform distance
by a specific ratio, with the ratio being determined by the
distribution characteristics of the dataset itself. For datasets
with a more concentrated distribution, a smaller ratio is used to
enforce a stricter similarity criterion. Conversely, for datasets
with a more dispersed distribution, a larger ratio is adopted to
capture a sufficient number of similar query vectors.
Challenge III: how to support a diverse range of vector
search types to satisfy practical scenarios? Most existing
well-known vector systems, including Vearch [43], Faiss [29],
and AnalyticDB-V [26], do not effectively support both Multi-
Vector and Vector + Filter query cases simultaneously.
Although VBase and Milvus have already supported them,
a more detailed examination reveals that these systems are
still not comprehensive enough. In this paper, we further
divide these two major categories into six specific query
types. S1: Single-Vector Top-k involves simply retrieving
the top-k results from a single-vector dataset. It is widely
used in information retrieval [54] and advertising [55], [56].
S2: Single-Vector Top-k plus scalar attribute filter is
based on Single-Vector Top-k. It further filters the results via
additional attributes associated with the vectors. For instance,
Milvus [23], AnalyticDB-V [26] and VBase [27] belong
to this category. S3: Multi-Vector Top-k is similar to S1,
but instead of retrieving single-vector, multi-vector is jointly
searched. S4: Multi-Vector Top-k plus scalar attribute filter
is similar to S2, but instead of retrieving single-vector, multi-
vector is jointly searched. S5: Vector Range Filter. For
a single-vector, it finds all results within a certain distance
range from the query point. S6: Multi-Vector Range Filter
further extends support for Multi-Vector Search based on
SS. This is a typical scenario in the multimodal domain [57],
[58]. Both Milvus and VBase only support S3, S4, and S§
types. Existing systems, when handling Multi-Vector Search,
essentially perform separate searches using multiple single-



vector indexes and then merge the results, which method fails
to simultaneously consider other vector columns during the
search process, leading to suboptimal efficiency. To address
this issue, we implemented the A3V-tree index based on
the AV-tree index. This index supports multi-vector search
within a single-vector index, which significantly enhances
both efficiency and accuracy. To ensure system robustness and
enhance compatibility with general vector query scenarios, as
well as to address the inefficiency of the A3V-tree index during
startup, we design a hybrid indexing scheme, that deeply
integrates the A3V-tree index with mainstream vector indexes.

To address the above challenges, we design the QBase
system, i.e., a query-aware vector search system. It i) fully
leverages the similarity characteristics of query vectors to
enhance the accuracy and efficiency of vector search; ii)
employs a hybrid index that combines existing state-of-the-
art vector index HNSW and our optimized A3V-tree index to
ensure high query efficiency and accuracy in all cases; iii)
supports more comprehensive complex vector query search
capabilities; and iv) designs a cost model to select the best
query plan. Overall, this paper makes key contributions as
follows.

o Inspired by real-world queries that typically return simi-
lar query results, we propose the first query-aware vector
search system QBase, which significantly enhances query
accuracy and efficiency. Besides, QBase supports various
vector search types, offering a more comprehensive solution
than state-of-the-art systems.

« We construct the index based on query vectors to address
scenarios involving similar query vectors. Inspired by the
AV-tree index, we extend it to support multi-vectors and
leverage the similar characteristics of query vectors to en-
hance the vector search performance. Utilizing the uniform
distance characteristics of high-dimensional vector datasets,
we effectively derive a threshold to determine whether query
vectors are similar to each other.

« QBase supports a comprehensive coverage of vector search
types and provides various query plans. It implements a
hybrid index consisting of state-of-the-art vector index and
our designed index, and utilizes a cost model to select the
best query plan with proper index structure to achieve high
query accuracy and efficiency over all cases.

« Extensive experiments using real-life datasets show that
QBase significantly outperforms competitors in terms of
efficiency, accuracy, and scalability.

Our source code at https://github.com/ZJU-DAILY/QBase
is available for further studies.

II. PRELIMINARIES
A. Vector Space

A vector space is defined as a pair {V?, dy}, where V¥
denotes the vector domain, while dy, denotes the distance
function. The form of a multi-vector is {v1,va, ..., vp}, which
consists D single vector(s) v; (1 < i < D). Given two multi-
vectors V7 and Vo, dw (V1,Va) = Zil d(v1[i], va[i]) * w;,

TABLE I: Symbols and Descriptions

Notation| Description

d(-,-) Distance function for two single-vectors.

dw (+,-) | Weighted distance function for two multi-vectors.
di.0(+,-)| Special case of dyy where each vector has weight 1.0.
[} Threshold for constructing a new A3v-tree index.

D Number of single-vectors in a multi-vector.

RP Vector dataset with cardinality n.

vD Multi-vectors, each with D single-vectors.

w; Weight of i-th single vector for multi-vector.

q Query vector that can be weighted as a multi/single-vector.
€ Query radius for range query.

k Number of result vectors for k nearest neighbor search.

where w; denotes the corresponding weight. The commonly

used distance function d() is the Ly-norm (or any vector dis-

tance function that satisfies the following four characteristics).

Generally, dy satisfies the following four properties:

« Identity. The distance to itself is 0, dy (V1, V1) = 0.

« Non-negativity. The distance between two distinct vectors
is positive; if V; # V, then dy (V7, V) > 0.

o Symmetry. The distance from V; to V5 is the same as that
from V5 to V7, dw(Vl,VQ) = dw(VQ,Vl)

o Triangle Inequality. For any three vectors V7, V5, and Vs,
if Vi # Vo # Vi, then dw(V1,V3) < dw(Vi,Va) +
dw (V2, V3).

B. Similarity Queries

Definition 1. k Nearest Neighbor Search kNNS(q, k). Given
a positive integer k (k > 0), a query vector q and the vector
dataset RP, kNNS(q, k) finds a result vector dataset composed
of k vectors Vi, = {v1,va, ..., v3 } from RP that are closest to
q, i.e., for any v; € Vi, and v; € RP\Vy, d(v;, q) < d(vj, q).

Definition 2. Range Search RS(q,¢€). Given a query radius
€ a query vector q and the vector dataset RP, RS(q, €) finds
a result vector dataset 'V r¢y from RP that contains vectors v;
satisfying d(v;,q) < e.

Definition 3. Multi-Vector Search. Specifically, for the above-
mentioned RS and kNNS, when D is greater than 1, we
collectively refer to it as Multi-Vector Search.

C. AV-tree Index

To support efficient accurate queries on high-dimensional
vectors, AV-tree index [49] is designed. It constructs the AV-
tree index using the query data, and thus, the tree construction
(or insert) based on query vectors and query processing are
not distinct. Fig. 2 presents the running example of AV-tree
index and corresponding similarity queries, while Algorithm
1 provides the pseudocode of AV-tree index construction and
corresponding queries. Here, we use 10 2D vectors as data
points (stored in the initial data array), and use Ly-norm
distance as the metric for illustration.

(i) Initially, in Fig. 2(a), we start with an empty tree, which
only contains an initial root node e that stores an index range
(0, 9). Note that, the index nodes do not store the detailed data
(the detailed data is stored in the data array), but maintain
index ranges.

(ii) Next, a range search with a radius € = 4.6 and a query
vector ¢ = [2, 3] is performed on the index in Fig. 2(a),
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Fig. 2: AV-tree Index Build and Search Example

while the index is updated after the search as depicted in
Fig. 2(b). Search-and-crack algorithm first checks the root
node ey whether it contains any query vector (line 1). If
it contains a query vector, this node is a non-leaf node;
otherwise, it is a leaf node. In the initial case, the root node is
a leaf node. Then it verifies whether each data vector p in this
node is the final result (lines 4-9). Specifically, if d(p, ¢) <,
p is the range query result according to Definition 2 (line 8).
In our example, a linear scanning is performed to find the
result, i.e., we compute the distance between each data vector
and the query vector and resort the data array in ascending
order of the computed distances. Thus, data vectors with the
index range (0,4) are the final results. Next, the algorithm
calls the CrackInTwo function to update the index. As shown
in Fig. 2(b), the range query information is inserted into the
root node, while subnodes e; (to store data vectors with the
index range (0,4) whose distances to ¢ no larger than €) and
ey (to store data vectors with the index range (5, 9) whose
distance to ¢ larger than €) are created.

(iii) Next, a range search with a radius ¢ = 4.2 and a query
vector ¢ = [1, 2] is performed in the index in Fig. 2(b), while
the index is updated after the search as depicted in Fig. 2(c).
In this case, the root node e( contains a query vector, and two
pruning rules and one validation rule are used. Specifically, 1)
if d(q, e.q)>e+e.r, then the leaf sub-tree can be pruned (lines
11-13); 2) if d(g, e.q)>e.r — ¢, then the right sub-tree can be
pruned (lines 20-23); and 3) if d(q, e.q) < € — e.r, then data
vectors in the leaf sub-tree are the final result without any
verification (lines 15-18). In our example, we cannot prune
or validate any sub-tree, and thus, we further search the final
result in e; and es and also use the range query information
to crack e; and es.

III. A3V-TREE INDEX
A. A3V-tree Index Structure

As A3V-tree index extends AV-tree to support multi-vectors,
the query vector (stored in non-leaf nodes) and data vector
(stored in the data array) needs to be extended to store multi-
vectors. The A3V-tree is very similar to AV-tree (as depicted in
Fig. 2). Each non-leaf node e = (g, r, O) stores the query vec-
tor ¢, a radius r, and a data index range O (i.e., the data vectors
stored in the subtree of e). For each vector data v € e.left (i.e.,
each vector data in the left sub-tree of ¢e), d1.0(g,v) < r, while
for each vector data v € e.right (i.e., each vector data in the
right sub-tree of e), di o(g,v) > r. To ensure the correctness

Fig. 3: A3V-tree Index

Algorithm 1: Distance-Range Search

Input: data array RP, query g, radius €, node e, result R
Output: updated result set R
1 Function search-and-crack (RP, q € e R):

2 if e.q is null // leaf node
3 then

4 foreach v in e // v is a data point
5 do

6 dist « d(q,v)

7 if dist < € then

8 L result.push(v)

9 CrackInTwo(e.le ft, e.right, q, €, RP)

else
if d(q,e.q) > e+ er
then

L search—-and-crack (RD, q, € e.right, R)

// disjoint query ranges

else
ifd(qg,e.q) <e—er
then
Insert all data vectors of left sub-tree e.left in R
L search-and-crack (RP, q, € e.right, R)
else

search—-and-crack (]RD, q, €e.left, R)
if d(g,e.q) >er—e // q not entirely in e.q
then

L searchfandfcrack(]RD, q, € e.right, R)

// e.q entirely in q

of similarity query results after extending to support multi-
vectors, the radius of each non-leaf entry is calculated based on
d1 .9, while the distance calculations between the query vector
and the data vectors are based on dyy. Here, d; o is a special
case of dyy, i.e., dio(Vi,Va) = Y12 | d(vy]i], vali]) * w; with
w; = 1(1 < ¢ < D). In addition, in our A3V-tree index, we
use the median distance value of d; g(e.q,V)(V € e.0O) as
the radius of e to construct a balanced A3V-tree index.

1) Range Search: To ensure RS’s correctness, apply the
pruning and validation lemmas as follows.

Lemma 1. Given a non-leaf node e, a query vector q, and a
query radius €, if dy (e.q,q) > e.r + €, we can prune the left
sub-tree of e.

Proof. According to the construction phase of A3V-tree index,
for all data vectors v in the left sub-tree of ¢ (i.e., VV € O)),
d1.0(V,e.q) < e.r. According to the definition of dy,, we get
dw(V,e.q) < d1o(V,e.q) < e.r. Thus, if dy (e.q,q) > e.r+e,
then dy (e.q.q) > dw (V, e.q) + €. According to the triangle
inequality, we can get dy (v,q) > dw(e.q.q) —dw (V,e.q) > e.
Thus, V cannot be the range search result via its definition, and
the proof completes. O



Algorithm 2: kNNS

Input: data array RP, query vector g, k
Output: the k£ nearest neighbors
1 Procedure KNNSearch (RD, q k):
searchPQ <— PriorityQueue(dist, node) // small heap, guide search
resultPQ <— PriorityQueue(dist, pid) // big heap
searchPQ.push([0, root])
while !searchPQ.empty() and (result PQ.size() < k or
searchPQ.top().dist < resultPQ.top().dist) do
6 e < searchPQ.top().deheap()
7 if e is a leaf node then
8
9

[ NI RS

foreach data vector V in e do
if dw (V, q) < resultPQ.top().dist then
10 resultPQ.push([dw (V, q), V1) // update result
11 if resultPQ.size() > k then
12 L resultPQ.pop()
13 compute median distance mq;st of d1.o(V,q) (VV € €)
14 CrackInTwo(e.left, e.right, q, Mgis, ]RD)
15 else
16 leftMinDist < max(0, dw (e.q, q) — e.€) // lemmad
17 if leftMinDist < resultPQ.top().dist then
18 L searchPQ.push(leftMinDist, e.left)
19 rightMinDist <— max (0, min, X e.r —dw (e.q,q)) //
lemma5

20 if rightMinDist < resultPQ.top().dist then
21 L searchPQ.push(rightMinDist, e.right)

Lemma 2. Given a non-leaf node e, a query vector g, and a
query radius ¢, if dy(e.q,q) < € — e.r, data vectors in the left
subtree of e can be validated to the range search result.
Proof. According to the construction phase of A3V-tree index,
for all data vectors V in the left sub-tree of e (i.e., VV €
e.left), di o(V,e.q) < e.r, and then we can get dy (V, e.q) <
dio(V, eq) < r. If dy(eqq) < € — er, according to the
triangle inequality, dw (V,q) < dw(q, e.q) + dw(V, e.q) <
dw(q, e.q) +e.r < e Thus, V is the query result by definition
without further verification, and the proof is completed. [
Lemma 3. Given a non-leaf node e, a query vector q, and a
query radius ¢, if miny *e.r —dw(q, e.q) > ¢, then the right
sub-tree of e can be pruned, where miny, = min2 w;.
Proof. According to the construction phase of A3V-tree in-
dex, for all data vectors V in the right sub-tree of e (i.e.,
YV € e.right), di.o(V,e.q) > er, and thus, dy (V,e.q) >
minw xdy o(V, e.q) > miny *xe.r. According to the triangle
inequality, dw (¢, V) > dw (V, e.q) — dw(q,e.q) > minw *
e.r —dw(q, e.q). If miny x e.r — dw(q,e.q) > €, then we
can get dy (g, V) > ¢, and thus, v cannot be the range search
result. The proof completes. O

The range search algorithm on A3V-tree index is similar to
that on AV-tree index (depicted in Algorithm 1), and thus, is
omitted here. The only difference is that, we use Lemma 1 in
line 11, Lemma 2 in line 15, and Lemma 3 in line 21.

2) k Nearest Neighbor Search: To ensure the correctness

of ENNS, two pruning lemmas are present below.
Lemma 4. Given a non-leaf node e and a query vector g,
assume NNDy. is the current k-th nearest neighbor distance
to q, if dw(q,e.q) — e.r > NNDy, then the left sub-tree of e
can be pruned.

Proof. According to the construction phase of A3V-tree index,
for all data vectors V' in the left sub-tree of e (i.e., VV € e.left),

dyo(V,e.q) < e.r, and thus, dw (V,e.q) < dy.o(v,e.q) < e.r.
If dw(q,e.q) — e.r > NNDy, then we can get dy (V,e.q) >
NNDy, and thus, V' cannot be the kNNS result. The proof
completes. O
Lemma 5. Given a non-leaf node e and a query vector g,
assume NNDy, is the current k-th nearest neighbor distance
to q and min,, = min2 |\ W;, if minw * e.r — dyw (g, e.q) >
NNDy,, then the right sub-tree of e can be pruned.

Proof. According to the construction phase of A3V-tree index,
for all data vectors V in the right subtree of e (i.e., YV €
e.right), d1.0(V, e.q) > e.r, and then we can get dw (V, e.q) >
minw *dy.0(V, e.q) > miny *e.r. According to the triangle
inequality, dw (q,V) > dw(V,e.q) — dw(q,e.q) > minw *
e.r —dw(q, e.q). If minw x e.r — dw(q, e.q) > NNDy, then
dw(q,V) > NNDj, and thus, V cannot be the kNNS result.
The proof completes. O

Algorithm 2 present the pseudo-code of KNNS and A3V-tree
index construction. It initializes two priority queues searchPQ
and resultPQ to store the A3V-tree nodes and the candidate
results respectively (lines 2-3), and then inserts the root node
into searchPQ (line 4). After that, a while loop is conducted
(lines 5-20) until searchPQ is empty or NN results are found.
For each loop, the top node e in searchPQ is popped and
visited. If e is a leaf node, we compute the distance between
each data point V' and the query vector, and update the KNN
result set if dy (V, q) < resultPQ.top().dist (lines 7-11). In
addition, the CrackInTwo function uses the query vector ¢ to
split e into two subnodes. If e is a non-leaf node, Lemmas 4
and 5 are used to prune the leaf and right sub-tree of e. If
the sub-tree cannot be pruned, they are inserted into searchPQ
(lines 16-21).

Complexity Analysis. We assume that a crack will not
occur if the data size in any leaf node does not exceed 0,
the sum of all dimensions for multi-vectors is M, and the
total number of data vectors is n. Our improvements do not
change the time and space complexity of the original AV-tree
index [49]. Therefore, the worst time complexity is O(n) for a
query. However, after sufficient query request adjustments, the
time complexity of a single query converges to that of using a
fully built VP-tree [59](which partitions data around a selected
point to efficiently perform nearest neighbor searches), i.e.,
O(141og(n/8)). The space cost O(M xn+ M xn /@), where it
takes O(M *n) to store the data vectors and takes O(M *n/6)
to store the tree nodes.

Discussion. In the current design, we haven’t detailed index
modification of vector dataset (not query vectors). A feasible
way is treating new data as index delta data. After sufficient
data, do a regular rebuild. For deletions, use lazy marking and
periodically rebuild. Merging during search. Updates can be
seen as a combination of deletions and inserts.

B. Optimizations of A3V-tree Index

1) Threshold A3V-tree Index: A3V-tree index constructs the
indexes according to the query vectors. However, it ignores the
characteristics of similar query vector scenarios, and thus, its
pruning ability degrades rapidly especially in high dimensional



space. To fully exploit the similar characteristics of query
vectors, we consider two aspects: i) constructing the A3V-
tree index based on similar query vectors and ii) performing
similarity search on a A3V-tree constructed using similar
query vectors. Fig. 3 provides A3V-tree examples to illustrate
two scenarios. More specifically, only the ball regions (i.e.,
centered of e.q with the radius e.r) of left sub-tree nodes e
are illustrated for simplification. As shown in Fig. 3, if we
construct the A3V-tree index using similar query vectors (i.e.,
q1, g2 and g3 in Fig. 3(a)), we can get more compact ball
regions for index nodes compared to the A3V-tree index built
on random query vectors (i.e., q1, g4 and g5 in Fig. 3(b)). For
a new query vector ¢, if we use the A3V-tree built on query
vectors similar to g (cf. Fig. 3(a)), the pruning ability becomes
stronger than using the A3V-tree built on query vectors based
on query vectors dissimilar to g (cf. Fig. 3(b)).

Motivated by these, we construct a threshold A3V-tree
index. Given a threshold §, when a new query vector ¢ arrives,
if the distance dw (g, e.q) between ¢ and the current A3V-
tree root node query vector e.q exceeds the threshold, a new
A3V-tree is constructed. Thus, in a threshold A3V-tree index,
multiple A3V-trees exist. If dy (g, e.q) does not exceed the
threshold, we find a nearest A3V-tree (i.e., the A3V-tree having
the smallest distance between its root node query vector to the
query vector), and use q to perform the search and crack this
nearest A3V-tree. To accelerate the search of the nearest A3V-
tree, a meta HNSW [32] index is built on query vectors of root
nodes of all the A3V-trees.

6 Computation. It is crucial to determine the threshold
0. During the index construction, we randomly sample ¢ (In
fact, we recommend setting the value to 100. Based on our
experiments across diverse datasets and scales, this choice
consistently achieves good efficiency, suggesting its suitability
for uniform distance calculation.) data vectors. Thus, the
threshold § is computed as the average distance between the
sample data vectors and multiplied by a parameter o:

1 c—=1 ¢
S=0%7 > > dw(Vi,Vj) (1)
(2) i=1 j=i+1

2) Top-k-based Lower Bound Optimization: Despite the ef-
fectiveness of the threshold A3V-tree index (improved by con-
sidering similar query vectors), its performance still degrades
rapidly in high dimensional space, especially for kNN queries,
due to the curse of dimensionality. To address it, we adopt
a top-k-based adaptive optimization strategy. Consequently,
when the dimensionality becomes excessively high, we can
sacrifice the precision to enhance the performance. The A3V-
tree index could be further optimized for KNNS. In fact, we
found that O is not always the best choice for lower bound
distance estimation and filtering in line 17 of Algorithm 2.
Instead, we adopt a fop-k based optimization method, i.e., the

lower bound distance is calculated as:
N,

distadaptive = 0’ * Z distancern(qi)/ Ny, 2)

i=1
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Algorithm 3: HybridIndexAlgorithm

Input: data array RP ,query vector q,k
Output: the k nearest neighbors
1 Procedure HybridIndexSearch (data array RP qk):
Find the nearest Av-Tree t to g
if ¢ is none or distance is overhead then
create a new tree using g
AsyncHnsw(q,k)
return SyncHnsw(gq,k)

7 S RN

7 else

8 if ¢’s build points are not enough then
9 L AsyncHnsw(q,k)

10

return SyncHnsw(q,k)
11 return KNNSearch(]RD,q,k)

where N, is the number of queries, distancey.,(g;) denoting
the k-th distance of the i-th ANN query, and 6’ is the
hyperparameter. Thus, line 18 of Algorithm 2 is replaced:

right MinDist = max(distadaptive, 1€ — d(e.q,q)). (3)
However, this estimation leads to approximate KNNS. In our
paper, we enable this optimization when the dimensionality
reaches a certain upper limit (i.e., 1024).

We conduct 1000 queries on the Recipe table for multi-
vector top-k and the Deeps table for single-vector top-k (the
dataset descriptions can be found in §V-A2), and vary k value
from 100 to 500. Fig. 4 reports the average recall of 1000
queries. As observed, the recall of kNNS is above 99% for
single-vector top-k and above 96% for multi-vector fop-k, and
thus, the loss of precision of this optimization is minimal.

C. Hybrid Index Implementation

Although the two optimizations above can improve the
A3V-tree index performance, the efficiency of A3V-tree in-
dex during the initial construction phase is nearly equivalent
to linear scanning. Motivated by it, QBase implements a
hybrid index combining HNSW [27] and A3V-tree index.
For simplify, we adopt the strategies in VBase [27] when
implementing HNSW for similarity queries on vectors. Fig. 5
presents the hybrid index architecture of our QBase system,
which consists of (I) index metadata and shared vector data,
@ HNSW index, and ) A3V-tree index. Finally, the hybrid
index can be stored in persistent storage.

Metalndex and Shared Vector Data. The Metalndex is
primarily used to maintain some mapping metadata, including
the location information for index persistence and the storage
location information for vector data. The Shared Vector Data
stores data vectors, which are shared between the HNSW index
and the A3V-tree index. We use columnar storage to store
shared vector data V' = {v;|1 <4 < D}. Therefore, following
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Fig. 5: The Hybrid Index Architecture in QBase

VBase [27], a HNSW index is constructed for single-vectors
Vv, € V. However, for the MetaHNSW index, when deal-
ing with multi-vectors, we use VectorRecord (a combination
composed of one or more vectors) in row-major format, i.e., D
single vectors are stored in a VectorRecord. Existing systems
such as Milvus [23], LanceDB, and Cassandra [60] support
adopt the columnar storage [61], as they primarily support
queries using indexes that only support single-vector. Note
that, a columnar storage format is more suitable for single-
vectors. However, considering that our index is designed for
multi-vectors, we use row storage for query vectors in the
non-leaf nodes, while using the column storage for shared
data vectors when visiting leaf node data. Although we use
a row-based approach to store multiple vectors, single vector
queries require constructing an index specific to the single
vector rather than using the multi-vector index to ensure query
efficiency.

HNSW and A3V-tree Indexes. HNSW index is created
on the vector dataset in advance, while the A3V-tree index
is created during the query processing. Note that, the query
processing on HNSW is same as that of VBase [27], and thus,
is omitted. During the initial phase of A3V-tree, the similarity
search degrades to the linear search, and thus, HNSW index is
used to accelerate the search while constructing the A3V-tree
index asynchronously. A cost model is designed (to be detailed
in Section IV-B1) to select a proper index for each query
vector. In addition, we also design a IndexNode Allocator,
which is responsible for the recycling and allocation of nodes.
For the continuous allocation of new nodes, we utilize atomic
variables. During the index search, we employ index-level
write locks to ensure the data consistency. When a large
number of A3V-trees are generated, the IndexNode Allocator
triggers the recycling mechanism for A3V-trees, which selects
the A3V-tree with the least number of hits for recycling.

Although we use the HNSW index to accelerate the vector
search for the low initialization efficiency of A3V-tree, the
construction cost of A3V-tree initial crack is still high. In other
words, when the search is finished via the HNSW index, the
asynchronous A3V-tree crack cannot be finished at the same
time. Thus, when a new search arrives, A3 V-tree is unavailable
for query processing, which degrades the search efficiency.
To address it, in the initial phase, we asynchronously use the

existing HNSW to perform separate searches. In asynchronous
tasks, we increase the ef_search parameter of HNSW to
obtain more search results. It reduces the query efficiency, but
yields better result quality. Meanwhile, these results provide
sufficient data to assist in the initialization of the A3V-tree
index crack, i.e., the query result vectors are assigned to
the left sub-tree, while the remaining vectors are assigned to
the right sub-tree. However, this feature isn’t always on. It
is only selectively activated when the dataset scale is large,
as the initialization of the A3V-tree is computationally time-
consuming. This feature can be optionally enabled.

For Lemmas 1-4 on A3V-tree, we use di o to calculate
the node radius e.r for pruning and validation. Thus, when
the weight ratios for multi-vectors are balanced, the pruning
and validation lemmas work well. Motivated by this, when
the weight ratios are unbalanced, we opt for HNSW by using
the weighted—round—robin search strategy. Assume that a
multi-vector V' contains two single vectors v; and wve with
assigned weights w; and wy respectively. Unlike the traditional
round-robin approach, where each HNSW index is iterated
sequentially, the weighted—round—robin method retrieves
the first index for w; results before moving to the second
index, and then retrieves the second index for wsy results
before switching back to the first index. This process continues
iteratively until the search is complete. This method can be
adapted to mutli-vectors with more than two single vectors.

Disk Storage. We mainly store three types of files, i.e.,
WAL, Meta, and Data in disk. Since we primarily use in-
memory index, the system persists the corresponding metadata
and indexes when it shuts down, enabling normal operation
upon the next startup. In the event of a system crash, we
use WAL logs for recording. Specifically, for the A3V-tree
index’s peculiarity, it involves write operations during queries,
thus requiring writing to WAL logs. Writing Meta data can be
viewed as different Meta serving as snapshots. During system
recovery, Meta information is used for recovery, and then
WAL logs are replayed to restore the complete system. These
processes adopt asynchronous batch execution to minimize the
performance degradation. Additionally, we regularly clean up
obsolete logs and Meta data. Note that, Data mainly stores
index structure data and original vector data.

IV. QBASE IMPLEMENTATION
A. Supported Queries

According to the two above search types, a general vector
database system typically supports five categories of queries
[27]:

« S1: Single-Vector Top-k: The query involves simply retriev-
ing the Top-k results from a single-vector dataset.

o S2: Single-Vector Top-k plus scalar attribute filter: Based
on Single-Vector Top-k, we need to further filter the results
via additional attribute fields associated with the vectors,
resulting in the final Top-k results.

o S3: Multi-Vector Top-k: Similar to S1, but instead of
retrieving single-vectors, multi-vectors are jointly searched.
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o S4: Multi-Vector Top-k plus scalar attribute filter: Similar
to S2, but instead of retrieving single-vectors, multi-vectors
are jointly searched.

« S5: Vector Range Filter: The query finds all vector results
within a certain distance range from the query vector.
Furthermore, we elect to extend S5 to accommodate S6:

Multi-Vector Range Filter, which is useful in real-life ana-

Iytics scenarios. For example, in multimodal search [62]-[65],

a variety of data types (such as images, text, and audio) need

to be searched based on their features within the specified

range. Specifically, an e-commerce website might allow users
to search for products by uploading images and entering text
descriptions. These different modal features can be weightedly
combined to find products that match all given features. To
sum up, our system supports all the above six types of queries.

B. Query Optimizer

To ensure the high efficiency of QBase in query execution,
we design a query optimizer that guarantees the selection of
the most efficient execution method. We have developed four
distinct query plans and provided a cost model to evaluate their
overhead, enabling the dynamic selection of the optimal solu-
tion. Unlike traditional query schemes, our approach adopts a
hybrid auxiliary index evaluation method. In our query plans,
A3V-tree index combines existing vector index, considering
factors of vector computation, query selectivity and candidate
indexes during cost estimation and query plan selection.

1) Query Plan: QBase provides a cost-based query plan
selection method for vector search queries, allowing us to
select the most cost-effective query plan for retrieval during
vector retrieval. In Fig. 6, we present four query plans for
vector retrieval (The VectorIndex is, in fact, a hybrid index.
It can incorporate any mainstream vector indexing method,
with the A3V-tree index serving as an auxiliary component for
enhanced combination and functionality). But for now, QBase
supports only HNSW. Note that, the brute-force search scheme
is not illustrated, which doesn’t need any index.

PlanA (Vector Index Scan With Filter). When executing
S2 and S4, PlanA serves as a candidate, which uses a hybrid
index consisting of HNSW and A3V-tree index. When the

TABLE II: Schema of Deeps Table

Column Name Data Type Example
id integer 10
number integer 300
1_comment text p furiously special ...
deep vector(96) float32 | [0.10090, ..., 0.04333]

hybrid index hits the HNSW index, the iterative optimization
strategy of VBase [27] is used. When it hits the A3V-tree
index, the value of k is expanded to k/selectivity to ensure
high result quality after the attribute filtering, where the
attribute selectivity can be easily obtained via the database
optimizer. Since the extension of k£ will degrade the query
efficiency, when selectivity is relatively small, HNSW is a
better solution. For PlanA, the result is not accurate.

PlanB (Vector Brute-force Scan With Filter). When
executing S2 and S4, PlanB is also a candidate option. When
the attribute selectivity is very low, an efficient strategy is to
first carry out attribute filtering with Btreelndex to get the
candidates and then acquire the final fop-k result. PlanB can
yield accurate results.

PlanC (Vector Index Scan). For S1, S3, S5, and S6, a
hybrid vector index is used. If A3V-tree index is hit, return
accurate results; otherwise, return approximate results.

PlanD (Vector&Btree Index BitmapPushdown Scan). For
S2 and S4, a pre-filtering method uses BtreeIndex for attribute
filtering to get bitmap, then pushes it down to vector index.
Bitmap shows which data vector meets attribute filtering.
PlanD is used only when hitting A3V-tree index possible.
Unlike PlanA’s k extension, PlanD combines bitmap and A3V-
tree index for high query efficiency.

2) Cost Model: Regarding the cost estimation tp;,s,, for
HNSW, we adopt VBase’s method [27]. Therefore, we only
need to focus on the cost estimation for A3V-tree index.

Vector Distance Computation Cost. By considering the
scalar filtering, the number of results that our index query
should return is N5/« (i.e., where N, is the number of
data points returned without scalar filtering and « is the scalar
attribute filtering rate). As in PlanA, k needs to be expanded
to k/selectivity (selectivity = «). Thus, the cost of distance
calculations during the search is N,..;/a xt, (i.e., where ¢, is
the cost of calculating the distance for a single-vector).

IndexNode Access Cost. Apart from the cost of vector cal-
culations, the main overhead during the index search process
lies in accessing index nodes, the cost is C * t,, (i.e., where
C is the number of index nodes accessed during search).

Finally, considering the cost of selecting the A3V-tree index,
we can obtain the scan cost of using the A3V-tree index as
(here, . is the cost of selecting the optimal A3V-tree index):

COStlan_index = Nres/a * tv + C * tv + ﬁsel- (4)

The above estimation is for the cost of A3V-tree index after
processing a certain number of queries. We observe that the
quality of the index improves significantly when the A3V-
tree index contains at least 2~6 query points. However, in
the early stage, the index performance is nearly equivalent to



linear scanning. Thus, during the initial phase, the query cost
of the A3V tree index degrades to:

003t2a3v_index =n* tv + tsel- (5)

The actual query cost is:
min(COStlaSU_inde:ry thnsw) or min(COSt2a3v_ind6xu thnsw)'
(6)
V. EXPERIMENTS

In this section, we first provide the experimental settings,
and use research questions (RQs) to guide the experiments.

RQ1: How does QBase perform on query recall and effi-
ciency vs. state-of-the-art vector search systems (§V-B)?

RQ2: How sensitive is QBase to parameters k, €, o, and
the distance weight ratio w; (§ V-C)?

RQ3: How scalable is QBase to the size of datasets (§V-D)?

RQ4: How do the Hybrid Index and the query selectivity
impact QBase (§ V-E)?

A. Experimental Settings

We use three datasets for three corresponding tests: (1)
Experiment 1: 4 query types on a real single-vector dataset; (2)
Experiment 2: 4 query types on a real multi-vector dataset;
(3) Experiment 3: 8 query types on synthetic datasets. For
each experiment, we design SQL query examples for the query
types in Section §IV-A. We choose L2-norm for distance cal-
culation. Although other triangle-inequality-satisfying metrics
are supported, we only show L2-norm in experiments. Each
table has a dataset size of 1M.

1) Experiment 1: To validate the effectiveness of QBase
under single-vector queries, we use the ”1_comment” field
from the lineitem table of TPCH [66] as the string attribute;
for numerical type field, we follow the VBase’s approach,
generating random values in the range [1, 10000]; and we
synthesize the Deeps table by combining data from BigAnn-
Benchmark [44]’s Deep dataset.

For single-vector, we set SQL queries for S1, S2, and SS.
Q1-1: Single-Vector Top-k
select id from Deeps order by ${p_deep} <—>
deep limit 50;
Q1-2(a): Single-Vector Top-k + Numeric Filter
select id from Deeps where popularity <= ${
p_popularity} order by ${p_deep} <—> deep
limit 50;
Q1-2(b): Single-Vector Top-k + String Filter
select id from Deeps where 1_comment not like
"%${p_l_comment}%’ order by ${p_deep} <—>
deep limit 50;
Q1-3: Vector Range Filter

select id from Deeps where ${p_deep} <—> deep
< ${D1};

Parameter Settings for Experiment 1. We set the param-
eter k of Top-k to 50 by following VBase. For the numerical
filtering, we randomly set the selection rate for each query
from O to 1; while for the string filtering, the selection rate is
set to around 0.9. The attribute filtering fields are randomly
sampled from the dataset. The radius for Q1-3 is set to 0.6.

TABLE III: Schema of Recipe Table

Column Name Data Type Example
recipe_id identifier 1
images list of strings [“images/0.jpg”, ...]
description text [ingredients] + [...]

vector(1025) float32
vector(1025) float32
integer

[0.0421, ..., 0.0273]
[0.0056, ..., 0.0034]
300

images_emb
description_emb
popularity

2) Experiment 2: To validate the effectiveness of real
multi-vector datasets, we utilize the Recipe Table from
VBase [27], as depicted in Table III. We adopt a SQL query
design approach similar to VBase but focus on multi-vectors.

Q2-1: Multi-Vector Top-k
select id from Recipe order by ${wl} = ${

p_images_embedding} <-> images_embedding +

${w2} % ${p_description_embedding} <—>
description_embedding limit 50;

Q2-2(a): Multi-Vector Top-k + Numberic Filter

select id from Recipe where popularity <= ${
p_popularity} order by ${wl} = ${
p_images_embedding} <—> images_embedding +
${w2} = ${p_description_embedding} <>
description_embedding limit 50;

Q2-2(b): Multi-Vector Top-k + String Filter

select id from Recipe where description <= ${
p_description} order by ${wl} = ${
p_images_embedding} <-> images_embedding +
${w2} =+ ${p_description_embedding} <>
description_embedding limit 50;

Q2-3: Multi-Vector Range Filter

select id from Recipe where ${wl} = ${
p_images_embedding} <-> images_embedding +
${w2} * ${p_description_embedding} <>
description_embedding < ${D2}$;

Parameter Settings for Experiment 2. We directly use
the attribute filter test values from VBase, ensuring the pop-
ularity” column covers the entire range and the “description”
column maintains a filtering rate of 0.9. tmages_embedding
and description_embedding columns are generated via the
AMQ [67] method that can use Lo-norm to measure the
distance between two embeddings. For multi-vectors, each
weight is randomly generated in the range [0.5, 0.7]. The
search radius in Q2-3 (i.e., D2) is set to 1.1.

3) Experiment 3: . We synthesize a new experimental table
called the Composite Table, as depicted in Table V. We obtain
three 1M-scale vector datasets from BigAnn-Benchmark [44].
For the attribute fields, we use the same datasets as in
Experiment 1. The purpose of Experiment 3 is to conduct a
comprehensive experiment on query types S1 to S6 and cover
a more diverse range of datasets.

Q3-1: Single-Vector Top-k
select id from Composite order by ${p_deep}
<—> deep limit 50;




TABLE IV: Schema of Composite Table

Column Name Data Type Example
id integer 10
number integer 300
1_comment text p furiously special ...
bigann vector(128) uint8 [1, 2, 3, ..., 128]
ssnpp vector(256) uint8 [1, 105, ..., 234]
deep | vector(96) float32 |  [0.097, ..., 0.097]
TABEE V7 Schema of Food Table
Column Name Data Type Example
id integer 10
salt float 2600

Plant-based...
[-0.1837,0.1623,...]
[0.2006,0.0751,...]

text
vector(100) float32
vector(96) float32

main_category_string
description_embedding
main_category_embedding

Q3-2(a): Single-Vector Top-k + Numeric Filter

select id from Composite where popularity <= $
{p_popularity} order by ${p_deep} <—> deep
limit 50;

Q3-2(b): Single-Vector Top-k + String Filter

select id from Composite where 1_commnet not
like "%${p_l_comment}%’ order by ${p_deep}
<—> deep limit 50;

Q3-3: Vector Range Filter

select id from Composite where ${p_deep} <>
deep < ${D3};

Q3-4: Multi-Vector Top-k

select id from Composite order by wl = ${
p_bigann} <-> bigann + w2 x ${p_ssnpp} <—>
ssnpp + w3 % ${p_deep} <—> deep limit 50;

Q3-5(a): Multi-Vector Top-k + Numeric Filter

select id from Composite where popularity <= $
{p_popularity} order by wl = ${p_bigann}
<—> bigann + w2 * ${p_ssnpp} <> ssnpp +
w3 x ${p_deep} <—> deep limit 50;

Q3-5(b): Multi-Vector Top-k + String Filter

select id from Composite where 1_comment not
like ’%${p_l_comment}%’ order by wl * ${
p_bigann} <-> bigann + w2 x ${p_ssnpp} <—>
ssnpp + w3 x ${p_deep} <—> deep limit 50;

Q3-6: Multi-Vector Range Filter

select id from Composite where wl = ${p_bigann
} <= bigann + w2 = ${p_ssnpp} <> ssnpp +
w3 % ${p_deep} <> deep < ${D4};
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Parameter Settings for Experiment 3. The weights w;
and wo are set using the same configuration as Experiment
2, while ws is set to 1.0. The attribute query fields were still
generated using the same method as Experiment 1. For top—k
search, k is set to 50. For the range search radius e, it is set
to to 65000 in Q3-3 (i.e., D3 = 65000), while set to 20000 in
Q3-6 (i.e., D4 = 200000).

Query Generation. For each type of query SQL, we
execute 10,000 queries. First, we randomly select 10 data
points, and then for each point, we randomly generate 1000
similar vector query points. Each batch of query vector points
ensures that the result intersection is from 70% to 90%. Fig. 7
displays the distribution of overlap for adjacent query results
in Q1-1. Here, overlap = |s1 Nsa| *2/(|s1] + |s2|), where s;
and so denote the result set for two different queries.

Evaluation Metrics. To evaluate the efficiency, the average,
medidan and p99 query latency of 10000 queries are used.
Here, p99 is the 99th percentile latency from the execution
results. To evaluate the quality of query results, recall is used.
Here, recall = |ry N ra|/|ra|, where 1 denoting the query
result and 7o denoting the ground-truth query result.

Baselines. To verify the performance of our proposed sys-
tem QBase, we compare it against (i) two exsiting state-of-
the-art vector database systems VBase [27] and Milvus [23],
and (ii) Postgres [68] with the brute-force search solution.

All experiments were conducted on a machine equipped
with one Intel(R) Xeon(R) CPU ES5-2650v4 @ 2.20GHz
processor, featuring 12 cores, and 128GB of RAM. The index
used for experimental testing is HNSW [32] which is sup-
ported by both Milvus and VBase. We adopt the same HNSW
parameter settings as VBase (M = 16,efc = 200,efs = 64).

B. Overall Performance

1) Experiment 1: Single-Vector Search.: Table VI presents
the results in all performance metrics of QBase, PostgreSQL,
VBase, and Milvus, while Fig. 8 presents the query latency of
each query of 10000 queries. As observed, QBase outperforms
all baseline systems in terms of both efficiency and accuracy
in all cases. This is because, QBase uses similar query vectors
to construct more compact index, and selects a A3 V-tree index
with similar root node query vector to achieve better pruning
ability and higher query accuracy. Note that, Milvus struggles
particularly in Q1-2(b) (i.e., top-k query with string filter), as
it generates bitmaps for attribute values and then performs
search, which consumes a significant amount of time for
strings. However, there are performance fluctuations of QBase
every 1000 queries. Because we generate 1000 similar queries
for each sampled data vector, performance fluctuation occurs
when a new dissimilar query arrives, further highlighting
QBase’s superior performance for similar query vectors. Note
that, fluctuations also exist for Milvus. Milvus caches top-
1 result set from previous queries and uses cached hit data
point as starting search point for vector index. However, this
approach doesn’t always yield benefits.

2) Experiment2: Multi-Vector Search.: Table VII presents
the results in all performance metrics of QBase, PostgreSQL,



TABLE VI: Results of Q1-1 to Q1-3 on Experimentl (Latency: ms)

Ql-1 QI1-2(a) QI1-2(b) QI1-3
Latency (ms) Latency (ms) Latency (ms) Latency (ms)
System Recall Avg. Med. 99th | Recall Ayg. Med. 99th | Recall Avg. Med. 99th Recall "Avg. Med. 99th
PostgreSQL 1 612.5 611.3 653.7 1 416.5 4054 625.6 1 643.2 644.2 699.9 1 1541 1536 1610
Milvus 0.90 258 258 32 0.94 16.43 15.71 36.56 0.89 2502 2490 2721 093 46 255 2524
VBase 095 094 085 1.53 094 145 059 21.06 095 1.01 093 1.69 0.975 1.01 048 6.77
QBase 098 039 031 0.8 097 076 045 8.16 098 0.61 056 1.17 098 0.63 033 2.73
Qdrant 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
pgvector 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
TABLE VII: Results of Q2-1 to Q2-3 on Experiment2 (Latency: ms)
Q2-1 Q2-2(a) Q2-2(b) Q2-3
Latency (ms) Latency (ms) Latency (ms) Latency (ms)
System Recall ‘Avg. Med. 99th | Recall Avg Med. 99th | Recall ‘Avg. Med. 99th | Recall Avg. Med. 99th
PostgreSQL 1 6050 6086 7548 1 3179 3003 7497 1 6029 6091 7544 1 6260 6165 8042
Milvus 0.54 2027 1999 2485 0.09 2573 2533 3238 0.20 2573 2533 3241 - - - -
VBase 0.63 150.0 143.6 275.9 0.71 1645 173.2 387.1 0.63 169.2 162.5 3094 - - - -
QBase 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
Qdrant 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
pgvector 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
TABLE VIII: Results of Q3-1 to Q3-6 on Experiment3 (Latency: ms)
Q3-1 Q3-2(a) Q3-2(b) Q3-3
Latency (ms) Latency (ms) Latency (ms) Latency (ms)
System Recall Avg. Med. 99th Recall "Avg. Med.  99th Recall Avg. Med. 99th | Recall Avg. Med. 99th
PostgreSQL 1 1101 9455 2256 1 903.8 846.9 19574 1 1177 978 2348 1 1424 1410 1663
Milvus 094 247 246 327 094 1699 165 37.28 0.89 1341 1336 1465 0.82 58.67 59.96 69.25
VBase 096 0.60 056 0.96 094 290 0.74 5571 096 0.69 0.65 1.17 093 135 038 2.63
QBase 097 0.58 039 0.85 095 1.66 0.69 5.04 098 0.61 0.53 1.08 096 0.83 035 2.07
Qdrant 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
pgvector 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
Q3-4 Q3-5(a) Q3-5(b) Q3-6
Latency (ms) Latency (ms) Latency (ms) Latency (ms)
System Recall Avg. Med. 99th | Recall Avg” Med. 99th | Recall Avg. Med. 99th | Recall Avg. Med. 99th
PostgreSQL 1 2159 2158 2220 1 1837 1923 2455 1 1966 1988 2509 1 1063 1068 1121
Milvus 0.69 9245 92301 10336 0.02 8616 8606 9436 0.05 8613 8617 9389 - - - -
VBase 0.87 47.92 47.78 85.02 0.88 99.59 51.90 759.4 0.92 2894 26.37 63.22 - - - -
QBase 094 2.03 0.79 13.01 099 14.13 7.31 863 097 9.28 2.47 20.14 0.98 18.58 3.73 166.1
Qdrant 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
pgvector 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
TABLE IX: Results of Q4-1 to Q4-6 on Experiment4 (Latency: ms)
Q4-1 Q4-2(a) Q4-2(b) Q4-3
Latency (ms) Latency (ms) Latency (ms) Latency (ms)
System Recall Avg. Med. 99th | Recall Avg™ Med. 99th | Recall Avg. Med. 99th | Recall Avg. Med. 99th
PostgreSQL 1 1101 9455 2256 1 903.8 846.9 1957.4 1 1177 978 2348 1 1424 1410 1663
Milvus 0.94 247 246 327 094 1699 165 37.28 0.89 1341 1336 1465 0.82 58.67 59.96 69.25
VBase 096 0.60 056 0.96 094 290 0.74 5571 096 0.69 0.65 1.17 093 1.35 038 2.63
QBase 097 0.58 039 0.85 095 1.66 0.69 5.04 098 0.61 0.53 1.08 096 0.83 035 2.07
Qdrant 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
pgvector 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
Q4-4 Q4-5(a) Q4-5(b) Q4-6
Latency (ms) Latency (ms) Latency (ms) Latency (ms)
System Recall Avg. Med. 99th | Recall Avg. Med. 99th | Recall Avg. Med. 99th | Recall Avg. Med. 99th
PostgreSQL 1 2159 2158 2220 1 1837 1923 2455 1 1966 1988 2509 1 1063 1068 1121
Milvus 0.69 9245 92301 10336 0.02 8616 8606 9436 0.05 8613 8617 9389 - - - -
VBase 0.87 4792 47.78 85.02 0.88 99.59 51.90 759.4 0.92 2894 26.37 63.22 - - - -
QBase 094 2.03 0.79 13.01 099 14.13 7.31 863 097 9.28 2.47 20.14 098 18.58 3.73 166.1
Qdrant 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
pgvector 091 7.62 221 8242 0.92 80.18 57.91 190.2 091 46.11 44.20 85.23 0.97 31.56 25.41 127.29
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VBase, and Milvus. Additionally, Fig. 9 illustrates the query
latency of each query of 10000 queries. Note that, results on
Q2-3 of VBase and Milvus are omitted, as they only support
5 types of query while QBase supports 6 types (to be dis-
cussed in §VI). In addition, we observe that Milvus performs
poorly in multi-vector searches. This is because Milvus uses
columnar storage and searches each vector individually. For
a multi-vector (i.e., a row with multi-columns), only when
all columns are returned by each individual vector index, it
will be considered as a candidate of search result [69]. For
multi-vector search, Only QBase attains a recall rate above
90% and surpasses Milvus and VBase in efficiency, with
an improvement of up to 72.45% against VBase, owing to

QBase’s multi-vector indexing advantage.

3) Experiment3: Comprehensive Vector Search.: Table IX
provides the comprehensive results on all query types Q3-
1 to Q3-6 As observed, QBase consistently demonstrates
outstanding advantages in both accuracy and performance.
Compared to VBase, for query types S1-S5 (i.e., Q3-1 to Q3-
5(b)), our QBase’s performance can be improved by up to
91.02%. For query type S6 (i.e., Q3-6), Qbase achieves 98%
recall with 98.25% performance gain over PostgreSQL.

C. Parameter Study

Effect of e. We use Q1-3 and Q2-3 to evaluate the impact
of ¢ on the performance of QBase. Fig. 10(a) presents the p99
and recall by varying the search radius €, where the number
on th The search radius ranges of QI-3 are [0.45, 0.5, 0.55,
0.6, 0.65] , while the search radius ranges of Q2-3 are [0.9,

I Q1+ [ Q24 [ 3-1 [ 3-3 [ Q3-5 [ Q3-7

& k
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‘Weight
(a) Effect of w;

1, 1.1, 1.2, 1.3]. As observed, the p99 (i.e., the query latency)
increases while the recall slightly fluctuates with the growth
of € due to larger search space.

Effect of k. We use Q3-1, Q3-2(b), Q3-4, and Q3-6(b)
to evaluate the impact of k£ on the performance of QBase,
respectively. Fig. 10(b) presents the p99 and recall by varying
k from 1 to 100. As observed, the p99 (i.e., the query latency)
increases while the recall slightly drops with the growth of &
due to larger search space.

Effect of 0. We use Q2-1 and Q3-4 to validate the impact
of o on the performance of QBase. Note that, o is used to
estimate of 0 when constructing threshold A3V-tree index.
Fig. 11 presents the recall and p99 by varying o from 0.4
to 0.9. As observed, the best performance is achieved when o
values are in the range of 0.6 to 0.7. Thus, in our experiments,
o is set to the range of 0.6 to 0.7.

Effect of weight ratio w;. We use Q2-1 to validate the
impact of different weight ratios on the performance of QBase.
Fig. 12(a) depicts p99 and recall of QBase by setting two
weight ratios to 1:1, 1:1.25 (i.e.,, 0.8: 1), 1:2 (i.e., 0.5:1),
1:5 (i.e., 0.2:1), and 1:10 (i.e., 0.1:1). As observed, QBase
outperforms VBase in all cases. In addition, the query latency
decreases when the difference between two weights increases.
This is because, when the difference between two weights
increases, QBase utilizes weighted-round-robin search strategy
as discussed in Section III-C to achieve better search perfor-
mance.

D. Scalablity of Data Size

Due to the space limitation, we only use Q1-1 to evaluate
of scalability of Qbase by varying the Deep [44] dataset size
from 1M, 2M, 4M, 8M. Note that, the dataset size is default
as 1M in our previous experiments. Fig. 12(b) depicts the p99
and recall results. As observed, our QBase outperforms VBase
and Milvus by varying the dataset size, and the query latency
linearly increases with the growth of dataset size.
E. Hybrid Index and Selectivity Effect

For hybrid index effect, we chose Q3-1 and Q3-4 to test
the advantages of the Hybrid Index in addressing the cold-
start problem. We ensured that recall remained above 95%,
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and Fig. 13 demonstrates the advantage of the Hybrid Index
in addressing the cold-start issue at the initial stage of querying
when it is enabled. As to selectivity effect, we chose to use
Q3-5(a) to demonstrate QBase’s adaptability to query filtering
rates by fixing the filtering rate of scalar column. We chose to
fix the six filtering rates at 0.2, 0.4, 0.6, 0.7, 0.8, and 0.9. It
can be seen from the Fig. 14 that QBase is generally superior
to Milvus and VBase, indicating QBase has good adaptability
to filtering rates and achieves excellent effect.

VI. RELATED WORK

Vector Search Methods. To improve the efficiency of vec-
tor search, various indexes such as M-Tree [17], R-Tree [19],
and KD-Tree [70] are developed. However, they are designed
for exactly similar searches, which are unable to meet the
efficiency requirements for extensive high-dimensional vector
search. Consequently, many proprietary vector indexes for
Approximate Nearest Neighbor Search are developed, which
sacrifice accuracy to meet efficiency demands. These indexes
typically fall into four major categories: partition-based vector
indexes [20], [29], [34], [35], graph-based vector indexes [13],
[29]-[33], hash-based vector indexes [21], [50], [51], [71], and
tree-based vector indexes [72]. Recently, the AV-tree index
constructed via the query vectors is proposed [49] to further
improve the query efficiency. Based on similar query vectors,
we construct a more compact index with better pruning and
propose the optimized A3V-tree.

Vector Database Systems. Many vector database systems
have emerged in academia and industry. Table X presents ex-

TABLE X: Vector Database Systems
S1

AnalyticDB-V [26]
Pase [42]
ElasticSearch [73]
VBase [27]
Milvus [23]
pgvector [74]
QBase
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isting mainstream vector database systems and their supported
query types, excluding linear scanning methods, AnalyticDB-
V [26], Pase [42], ElasticSearch [73], VBase [27], Milvus
[23], pgvector [74]. As seen, only QBase can support all six
query types simultaneously in query vector similar scenarios,
while VBase and Milvus can support five. For queries with
a combination of vector and scalar data (S2), there are two
main methods. The pre-filter method filters scalar data first
and then does vector search (like in Weaviate [75]). The post-
filter method does vector search first and then scalar filtering
(such as in Vearch [41]). Milvus [23] and HQI [47] optimize
these by partitioning scalar columns and using pre-filter for
quick filtering before vector search. AnalyticDB-V [26] uses
a cost-based approach to choose between the two. VBase [27]
optimizes the post-filter method by dynamically increasing &
for vector search and then doing scalar filtering. To achieve
high query performance, QBase adopts a cost model to select
the optimal query plan for all six query types.

VII. CONCLUSION

We develop QBase, a vector search database system on
PostgreSQL. It’s the first query-aware system using similar
query vector traits. QBase covers many vector search types,
has query plans with a cost model for the best choice and
good performance. Comprehensive evaluations using various
vector datasets verify that QBase achieves state-of-the-art
performance across all datasets compared to the state-of-the-
art vector search systems. We’ll add more hybrid indexes later.
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