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Approximate Nearest Neighbor Search (ANNS) is a critical problem in vector databases. Cluster-based index is
utilized to narrow the search scope of ANNS, thereby accelerating the search process. Due to its scalability,
it is widely employed in real-world vector search systems. However, existing cluster-based indexes often
suffer from coarse granularity, requiring query vectors to compute distances with vectors of varying quality,
thus increasing query complexity. Existing work aim to represent vectors with minimal cost, such as using
product quantization (PQ) or linear transformations, to speed up ANNS. However, these approaches do not
address the coarse granularity inherent in cluster-based index. In this paper, we present an efficient vector data
query engine to enhance the granularity of cluster-based index by carefully subdividing clusters using diverse
distance metrics. Building on this refined index, we introduce techniques that leverage triangle inequalities to
develop highly optimized and distinct search strategies for clusters and vectors of varying qualities, thereby
reducing the overhead of ANNS. Extensive experiments demonstrate that our method significantly outperforms
existing in-memory cluster-based indexing algorithms, achieving up to an impressive 10× speedup and a
pruning ratio exceeding 99.4%.
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1 Introduction
Recent vector databases achieve efficient search through Approximate Nearest Neighbor Search
(ANNS) [23]. As cluster-based index exhibits excellent query precision and provides relatively
straightforward support for vector updates1 [74], it is widely adopted in practical systems [8, 17,
26, 65, 70]. However, cluster-based methods exhibit a significant increase in time consumption
during high-precision ANNS. Previous work has analyzed that computing the distance between
vectors in cluster-based index consumes most of the ANNS time [21]. Therefore, efficiently pruning
the distance calculation process becomes an important issue to speed up the in-memory ANNS.
We find that triangle inequalities are commonly used to estimate distances in R2 and are utilized
in many studies due to their accuracy and robustness [14, 68, 69]. Additionally, some pioneering
works [51, 67] were the first to explore incorporating triangle inequalities into ANNS. However, due
to coarse granularity of existing cluster-based index and the curse of dimensionality [4, 22, 55, 57],
there is a need to improve pruning effectiveness from two perspectives: refining the granularity of
the cluster-based index and applying triangle inequalities with multiple metrics, such as angles and
distances. Therefore, our work focuses primarily on proposing a finer-grained index and utilizing
diverse pruning strategies.

Pruning the vector search process using triangle inequalities yields three compelling advantages.
First, previous work has shown that computing the distances between the vectors takes up the
vast majority of the time in ANNS. In our experiments, the vector distance computation accounts
for 99.7% of the time when performing searches with 99% precision on the msong dataset, and
optimizing this time overhead will greatly speed up ANNS. Second, due to the wide distribution of
vectors, the neighborhood of a query vector usually contains only a small number of vectors. Using
triangle inequalities to perform plausible vector pruning does not affect the accuracy of the final
result. Third, many existing works focus on quickly locating the neighbors of vectors [18, 21, 37, 45]
or on combining with hardware for faster distance computation [43, 53], but do not focus on
pruning low-quality distance computation. Due to the simplicity of the triangle inequalities logic,
we can integrate it with these works. For example, we combine our pruning well with Faiss [17],
one of the best open-source in-memory vector search libraries, and obtain up to 10× speedup.

There are many cluster-based index works. Today’s cluster-based indexes [3, 5, 8, 17, 17, 21, 31–
33, 74, 77] first compute the distance between the query vector and the center of each cluster. They
then select a number of clusters whose centers are closest to the query vector and compute the
distance between the vectors in these clusters and the query vector, maintaining the results in a
max heap. We refer to this method as full clustering search. The time complexity of full clustering
search is𝑂 (𝐷 ·|𝐶𝑛𝑢𝑚 |·|𝐶 |), where 𝐷 is the dimension of the vector, |𝐶𝑛𝑢𝑚 | is the number of selected
clusters, and |𝐶 | is the average number of vectors in each cluster. While cluster-based index vector
databases can reduce the number of vectors queried during searches, they face two main problems.
First, the granularity of existing cluster-based indexes is too coarse; they cannot further differentiate
and filter elements within the same cluster. Second, the conditions for pruning cannot be efficiently
updated. As search results are continuously optimized during vector computation, it becomes
increasingly difficult for new vectors to replace existing results. However, in today’s cluster-based
searching, each selected vector retains the same status throughout the search process.

Utilizing the triangle inequality to accelerate ANNS presents two key challenges. First, due to the
“curse of dimensionality” (discussed in Section 3.2), the distribution of vectors in high-dimensional
spaces is much sparser compared to low-dimensional spaces, which affects the pruning effectiveness
of the triangle inequalities. Second, since the triangle inequalities introduce computational overhead,
and many ANNS methods support hardware acceleration of distance calculations, this overhead is

1In contrast, graph-based index may need to reconstruct the graph.

Proc. ACM Manag. Data, Vol. 3, No. 1 (SIGMOD), Article 82. Publication date: February 2025.



Tribase: A Vector DataQuery Engine for Reliable and Lossless Pruning Compression using Triangle Inequalities 82:3

further amplified. Therefore, the challenge lies in how to leverage the triangle inequality property
for ANNS pruning with minimum additional computational cost.

We have made two key observations. First, for a specified query vector, vectors located in different
clusters should have different search statuses. Vectors in clusters closer to the query point are more
likely to be part of the final search result. Even vectors within the same cluster will have different
pruning conditions due to their varying positions within the cluster. However, the granularity of
the current cluster-based index is too coarse. Each vector in the selected clusters is treated with
equal status to the query vector, regardless of the cluster they belong to or their position within the
cluster. Second, for vector queries, regardless of the vector’s dimension, triangle inequalities can be
derived based on both distance and angle. From a distance perspective, the distance from𝐴 to vector
𝐵 is never greater than the distance from vector 𝐴 to 𝐶 plus the distance from vector 𝐶 to 𝐵. From
an angle perspective, the three vectors

−−→
𝑂𝐴,
−→
𝑂𝐵, and

−−→
𝑂𝐶 and their angles in the high-dimensional

space always satisfy ∠𝐴𝑂𝐵 + ∠𝐵𝑂𝐶 < ∠𝐴𝑂𝐶 .
Based on these two observations, we have designed Tribase, a new vector data query engine for

lossless pruning based on triangle inequalities. Tribase introduces three main innovations. First,
Tribase leverages the similarity of vectors within a single cluster to perform fine-grained, multi-
level partitioning of the vectors. Compared to simply dividing vectors by clusters, this approach
obtains more information that helps characterize the vector distribution. Second, Tribase is capable
of leveraging angle-based triangle inequalities in vector queries. This capability introduces new
opportunities for exploring triangle inequality pruning based on the proposed fine-grained index,
further enhancing the efficiency of vector search. Third, Tribase can meet different indexing costs
and pruning effects, thanks to the flexible combination of fine-grained pruning we provide and the
scaling of the triangle inequalities to adjust the pruning intensity.
We evaluate Tribase against the state-of-the-art (SOTA) solution Faiss [17] using ten datasets

generated from various types of real data. Additionally, we have integrated the pruning modules
of Tribase into Faiss [17] and compared it with the SOTA pruning solution ADSampling [21] to
validate the scalability of Tribase. Experiments show that Tribase can prune vectors in ANNS by
up to 99.4% and achieve a speedup of up to 10× compared to Faiss.

We summarize the major contributions of this paper as follows:
• We identified that the coarse granularity of current cluster-based indexes results in unnecessary
distance computations. To address this, we propose a novel method for fine-grained indexing
construction, which improves pruning efficiency by reducing the granularity of cluster-based
indexes and optimizing distance computations.
• We design and implement Tribase, an efficient vector query engine to utilize both distance- and
angle-based triangle inequalities in a fine-grained index for ANNS pruning. We also integrate
the pruning modules of Tribase into Faiss.
• We conduct comprehensive experiments demonstrating that, in comparison to the open-source
system Faiss, Tribase reduces computations by up to 99.4%, achieving average and maximum
speed-ups of 3.11× and 10×, respectively.

2 Background and related work
2.1 Vector database systems
With the development of deep learning, vectors are now utilized in nearly all applications, such as
search engines [8, 9, 25, 35, 40, 73], e-commerce platforms [39], recommendation systems [34, 38,
41, 72] and natural language processing tasks [47, 54]. Vectors are employed to represent a wide
variety of data, including videos, texts, images, and audio. Efficient vector search is essential for
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Fig. 1. An example of search in cluster-based index.

enhancing the performance of these applications, necessitating the construction of efficient vector
databases [19, 45, 53, 74–76].

Recent vector database systems face significant challenges. On one hand, the scale of vector data
is rapidly increasing. For instance, during Alibaba’s shopping festival, 500PB of data is generated
daily [20], while YouTube receives over 500 hours of content every minute [2]. At the same time,
each vector may have hundreds of dimensions [46, 52, 58]. For instance, GPT-3 utilizes a 12288-
dimensional embedding layer [7]. Additionally, according to the UCI Machine Learning Repository,
a well-known source for machine learning datasets [1], there are over 100 open-source datasets with
dimensions exceeding 100. On the other hand, the “online” nature of these services [12, 24, 29, 50]
necessitates vector searches be completed within milliseconds. This strict latency requirement
conflicts with the exact search algorithms used by relational databases [10], as almost all vectors
need to be scanned if stored in these databases.

To quickly retrieve the vectors satisfying the requirements, vector database systems use indexes
to obtain the addresses of the corresponding vectors. There are mainly two types of indexes used:
graph-based indexes and partition-based indexes (which include cluster-based [3, 5, 8, 17, 31–
33, 74, 77], hash-based [11, 28, 56, 66, 71], and high-dimensional tree-based [6, 42, 49, 64] methods).
Graph-based index methods [13, 16, 19, 20, 27, 45, 61–63, 76] construct a graph based on the
distances between vectors, where the query process is equivalent to a breadth-first search on the
constructed graph. Partition-based indexes, on the other hand, divide the vectors into partitions
according to specific criteria. For example, cluster-based index methods build clusters based on
the distances between vectors. The query process first identifies the nearest clusters and then
examines the vectors within each cluster. There are other works that accelerate ANNS from a
hardware perspective, such as CPU-centric [19, 21], RAM-centric [8], and disk-centric [8, 30], which
is orthogonal to building high-quality indices.

2.2 Triangle inequalities in high dimensions
Triangle inequalities are a property used in machine learning and similarity search for optimizing
algorithms and reducing computation [15, 51, 59, 67]. Due to their simple form and universally
valid conclusion, triangle inequalities have a wide range of applications [14, 68, 69]. Interestingly,
we find that they can also be applied to the vector search problem, providing lossless distance
and angle pruning during the search process. For example, as shown in Figure 1, in the triangle
formed by the query point, 𝐵2, and 𝐵4, the distance from 𝐵2 to the query point 𝑄 always satisfies
the property ∥−−→𝑄𝐵4 −

−−−→
𝐵2𝐵4∥𝑝 ≤ ∥

−−→
𝑄𝐵2∥𝑝 ≤ ∥

−−→
𝑄𝐵4 +

−−−→
𝐵2𝐵4∥𝑝 . This means, if ∥−−→𝑄𝐵4 −

−−−→
𝐵2𝐵4∥𝑝 is longer
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than any element currently in the top-K set during the search, we can safely prune out 𝐵4 and
reduce the query time. Due to the high dimensionality of vector data, we first provide the proof of
triangle inequalities for distance and angle in R𝑃 for 𝑃 ≥ 2.

Triangle inequalities for distance. The distance-based triangle inequalities can be expressed
as ∥𝑥 + 𝑦∥𝑝 ≤ ∥𝑥 ∥𝑝 + ∥𝑦∥𝑝 , where x and y are two vectors. The proof is in Appendix B.

Triangle inequality for angle. The angle-based triangle inequalities can be defined as follows:
let 𝑂 , 𝐴, 𝐵, 𝐶 be four points in a vector space, and we have ∠𝐴𝑂𝐶 ≤ ∠𝐴𝑂𝐵 + ∠𝐵𝑂𝐶 . The proof is
in Appendix C.

3 Motivation and challenges
3.1 Motivation
Motivation1: Coarse granularity of existing cluster-based index. Cluster-based index vector
systems partition vectors into clusters and determine whether to compute the distance between
the query vector and each vector in a cluster based on the distance between the query vector and
the center of the cluster at query time. There are two optimization opportunities for cluster-based
indexing.
First, the current cluster-based index employs only two classifications for clusters: “accept” or

“reject”. However, based on the distance from the cluster center to the query point, we can set
different acceptance levels for these clusters. Figure 1 illustrates a query vector and three nearest
clusters requiring distance computation. For this query vector, the center of cluster 𝐵 is farther
from the query vector than the center of cluster 𝐴, so the acceptance level of cluster 𝐴 is higher
than that of cluster 𝐵.
Second, even points within the same cluster should have different acceptance levels due to

varying directions and distances from the cluster center. As shown in Figure 1, when calculating the
distances from the vectors in cluster 𝐴 to the query point, vector 𝐴1 has a higher acceptance level
because it is in a part of the cluster that is closer to the query point compared to vector𝐴4. Therefore,
the large clustering granularity of current cluster-based index and the lack of additional description
fields lead to the introduction of too many query vectors that do not need to be processed during
the query. This paper addresses and improves upon this deficiency.

Motivation 2: Potential of triangle inequalities onANNSpruning.Obtaining high-precision
topK (typically a small integer less than 1000) nearest neighbors for the query vector requires
distance calculations between millions or even billions of vectors. This process consumes almost
all of the ANNS time. In our experiments, for most datasets, the distance calculations took over
98% of the time when searching with an accuracy exceeding 99%. This aligns with the experiments
conducted by [21]. Among the existing systems designed to reduce the overhead of distance
computations [17, 21, 76], dimension reduction methods such as PQ [17, 33] or LSH [11, 35, 48, 60]
cannot ensure lossless compression. Methods based on early termination, such as VBASE [76],
cannot guarantee the accuracy of the results at the end of the search. Sampling-based methods [21,
36], such as ADSampling [21], cannot ensure the precision of pruning, leading to an inability to
achieve lossless pruning. Therefore, efficient pruning that guarantees lossless results remains an
unresolved challenge. The triangle inequalities, due to their lossless nature and controllable pruning
strength, have become an important method for addressing this challenge.

3.2 Challenges
Although the triangle inequalities property has the potential to reduce ANNS latency, it is not
trivial to design pruning techniques based on this property due to the following reasons.
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Challenge 1: Curse of dimensionality. The term “curse of dimensionality” [4, 22, 55, 57]
describes the fact that, when the dimension of data increases, the volume of solution space grows
exponentially, leading to data sparsity and making data analysis increasingly difficult. When talking
about ANNS, the curse of dimensionality has two types of impact when comparing high-dimensional
vectors.
• Impact on distance calculation.Most of the points in a sphere in R𝑃 are distributed on the shell in
high-dimensional spaces.
• Impact on angle calculation. Two random vectors in high dimensional spaces are almost always
perpendicular.

The examples of these two impacts are in Appendix D.
Challenge 2: Combination of triangle inequalities and fast ANNS. With the rapid ad-

vancement of hardware, the time required to compute the distance between two vectors in high-
dimensional space is decreasing [53, 75]. However, the use of triangle inequalities introduces
additional distance computations that are otherwise unnecessary in traditional ANNS calculations.
For example, in order to prune distance calculation using triangle inequalities, we have to calculate
fields related to triangle inequalities, which requires more than 10× (detailed in Section 4.2) addi-
tional computation time at runtime. Thus, the challenge lies in modifying existing index structures
to incorporate these additional distances quickly and with minimal overhead, thereby mitigating
the negative impact of the triangle inequalities on ANNS.

4 System design
4.1 Overview
To address the current shortcomings of cluster-based index and avoid the curse of dimensionality,
we develop Tribase, a vector search engine that efficiently reduces the time of ANNS in high-
dimensional spaces by utilizing triangle inequalities shown in Figure 2. Like other search engines [8,
17, 30], Tribase has the independent capability to indexing and perform approximate searches on
vectors. However, different from other ANNS engines [8, 17], Tribase leverages the information in
the cluster-based index to accelerate the query process.
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Fig. 2. Tribase overview.

Solution to challenges. Tribase strives from three aspects to address the above mentioned
challenges.
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First, to address the curse of dimensionality on distance calculation, Tribase proposes to pinpoint
as many small pruning spaces as possible in clusters to improve the efficacy of pruning. Specifically,
in addition to pruning based on the cluster center, we explore the option of pruning vectors at
the cluster edges by examining their neighboring points, thereby alleviating the issue of requiring
extremely large pruning radius.
Second, to address the curse of dimensionality on angle calculation, Tribase represents vectors

within clusters as their residuals from the cluster center. This approach ensures vector direction
diversity while using the cosine rule to reduce the computational cost of angle calculations, thereby
mitigating the issue of dimensionality in angle computations.

Third, to minimize the additional computational overhead introduced by the new fields required
by triangle inequalities, Tribase designs a fine-grained indexing method that allows precomputation
of subsequent pruning fields within user-controllable time and space overheads, providing different
levels of index quality based on the granularity of the precomputation. This can effectively mitigate
the issue of introducing unnecessary additional field calculations during the query phase.

Modules. Tribase contains three main modules to incorporate the above mentioned techniques,
as shown in Figure 2. Specifically, the multi-granularity training module trains the raw vectors
at different granularity levels to obtain the distances and angles required for triangle inequality
pruning. This is done offline time, in order to save the additional computation cost of triangle
inequalities during the query phase. Tribase uses the other two modules, namely the center distance-
based pruning module and subNN pruning module, to implement the pruning logic based on triangle
inequalities. The center distance-based pruning module performs coarse-grained pruning at query
time based on the distances between query vectors, cluster centers, and vectors within clusters. The
subNN pruning module, which includes subNN distance-based pruning and subNN angle-based
pruning, further performs fine-grained pruning on the vectors that have undergone coarse pruning.

Novelties. Tribase introduces several novel aspects. First, Tribase enhances the training process,
demonstrating that additional useful information can be obtained during training, beyond simply
dividing the vectors according to their distribution. Second, Tribase performs pruning based on both
distance- and angle-based triangle inequalities during vector queries, ensuring the correctness of
these inequalities through theoretical proof, which guarantees the reliability of the pruning process.
To the best of our knowledge, no previous work applies both the angle-based and multi-grained
distance-based triangle inequalities to ANNS pruning. Finally, by indexing and pruning the index
of Tribase with different modules and intensities, Tribase can meet different indexing and pruning
effects.

4.2 Multi-granularity training module
We next introduce the multi-granularity training module of Tribase.

Design. The primary purpose of this module is to pre-compute the lengths and angles used in
the triangle inequalities. Without knowing the query vectors, we can only pre-save the distances
between each vector and the center of its cluster, as well as the distances between each vector and
its nearest neighbor in terms of angle and distance. To compute the necessary fields for subsequent
pruning with minimal overhead, Tribase retains useful information from the original indexing
process and adds a new search module to capture information not available from the initial clusters.
Tribase allows users to make trade-offs between preprocessing overhead and pruning effectiveness.
High-quality fields require higher preprocessing costs but offer better pruning performance.
Example. We show an example of Tribase’s multi-granularity training module in Figure 3.

The first step in this module is to divide the vectors into clusters, similar to normal cluster-based
training. However, while assigning each vector to the nearest cluster center, Tribase also records
the distance of each vector to its cluster center as the first field after dividing the clusters (labeled

Proc. ACM Manag. Data, Vol. 3, No. 1 (SIGMOD), Article 82. Publication date: February 2025.



82:8 Qian Xu et al.

Distance
Based

SubNN

Angle
Based

SubNN

Cluster

①

③

②

(a)Clustering and preserving dis2center. (b)SubNN searching and preserve subNN L2 and cos.

SubNN L2_id

SubNN L2_dis

SubNN COS_id

SubNN COS_dis

Dis2center

Fig. 3. An example of Tribase’s training module.
in blue in Figure 3 (a)). Next, Tribase performs a subNN search for the vectors inside each cluster
to obtain the K-nearest neighbors of each vector in the same cluster based on angle and distance
(labeled in green, yellow, and grey in Figure 3 (b)). These fields are then stored along with the
previously computed distances between the vector and its cluster center, as well as the vectors
themselves.

Advantages. Performing an additional subNN search offers three advantages over the traditional
training process. First, by using the subNN search, Tribase successfully segments the widely
distributed spherical shell in high-dimensional space into many smaller regions. Second, given that
the vectors themselves are high-dimensional and occupy a larger portion of the space, Tribase’s
subNN search incurs minimal additional space overhead by controlling the value of 𝐾 . Third, since
the subNN search is conducted during the training phase, it does not increase the computational
overhead during queries.
Time complexity. The total time complexity of Tribase consists of two parts: 1) clustering all

nodes and computing the distance between each vector and its clustering center, and 2) performing
subNN queries for vectors in each cluster. Both Tribase and the state-of-the-art Faiss [17] use
K-means as the clustering method in large-scale experiments.
The first step involves clustering all nodes and computing the distance between each vector

and all clusters. Like Faiss, Tribase samples a portion of the vectors and performs K-means on
these sampled vectors to determine the clustering centers. The time complexity of this step is
𝑂 (𝐼 ·𝑆 ·𝐾 ·𝑑), where 𝐼 is the number of iterations, 𝑆 is the number of sampled vectors,𝐾 is the number
of clustering centers, and 𝑑 is the dimension of the vectors. After obtaining all the clustering centers,
both Tribase and Faiss assign all vectors to the nearest clustering centers, which requires calculating
the distance between all vectors and each clustering center. The complexity of this step is𝑂 (𝑁 ·𝐾 ·𝑑),
where 𝑁 is the total number of vectors. Since the distance between each vector and its clustering
center is naturally available at this step, we just need to save it directly, incurring no additional
time overhead.
In Tribase’s subNN search process, to get the K-nearest neighbors in the same cluster based

on angle and distance, Tribase performs an intra-cluster global search to find the top-K nearest
neighbors within each cluster. The complexity of this intra-cluster search is𝑂 (𝐾 ·(𝑁 /𝐾)2·𝑑), and the
complexity of maintaining the optimal 𝑠𝑢𝑏𝐾 results is𝑂 (𝐾 ·(𝑁 /𝐾)·𝑙𝑜𝑔(𝑠𝑢𝑏𝐾)). Thus, the complexity
of this step is 𝑂 ((𝑁 2/𝐾)·𝑑 + 𝑁 ·𝑙𝑜𝑔(𝑠𝑢𝑏𝐾)).

In summary, the total time complexity of Tribase is𝑂 ((𝐼 ·𝑆 +𝑁 )·𝐾 ·𝑑 + (𝑁 2/𝐾)·𝑑 +𝑁 ·𝑙𝑜𝑔(𝑠𝑢𝑏𝐾)).
Compared to Faiss, Tribase requires an additional expenditure of 𝑂 ((𝑁 2/𝐾)·𝑑 + 𝑁 ·𝑙𝑜𝑔(𝑠𝑢𝑏𝐾)).
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Taking 𝐼=20, 𝑆=10000, 𝑁=1000000, 𝐾=1000, 𝑠𝑢𝑏𝐾=10, 𝑑=200, we estimate that the time cost of the
indexing phase of Tribase is about 2.19 times that of Faiss. Note that opting for slightly lower-quality
indexes can significantly reduce the training phase’s time overhead, with minimal impact on search
performance. Please refer to the experiments in Sections 6.4.2 and 6.4.3.
It is worth mentioning that performing SubNN search in advance can greatly reduce the time

of subsequent ANNS. For example, suppose we need to query the nearest neighbors for |Q| = 103
query points. The dataset consists of K = 103 clusters containing a total of N = 106 vectors. If we
aim to perform distance computations for 1/10 of the points, this results in 𝑁 /10·|𝑄 | = 108 distance
calculations. In Tribase, calculating the distance or angle for each point within the relevant clusters
requires 𝑁 ·(𝑁 /𝐾) = 109 distance calculations. This is 10× the original KNN query.

Space complexity. The space can be divided into two parts: the space required for storing the
nodes themselves, which is 𝑁 ·𝑑 , and the additional space introduced by the SubNN index, which is
𝑁 ·𝑑 ·𝑠𝑢𝑏𝐾 . Since high-dimensional vectors themselves require a large amount of storage space, the
additional attributes stored by Tribase are relatively small in comparison. For example, assuming
a vector dimension 𝑑=200, storing the fields required for pruning in the center distance-based
pruning module would increase the space by just 0.49%. If 𝑠𝑢𝑏𝐾=5, storing the fields required for
the subNN distance-based pruning module would increase the space by 4.98%, while storing the
fields required for the subNN angle-based pruning module would increase the space by 9.95%. We
present experimental results demonstrating the space overhead introduced by the SubNN index in
Section 6.5.1.

Table 1. Sign and description.

Sign Description
𝑄 Query vector
𝐶𝑖 𝑖th centorid
𝑅𝐶𝑖

max𝑥∈𝐶𝑖
∥𝑥 − 𝑐𝑖 ∥

𝐷 𝑗𝑖 ∥v𝑗 − c𝑖 ∥
𝑃 Current select vector
𝐶 [𝑃 ] c𝑖 = centroid(𝐶𝑖 ) where P ∈ 𝐶𝑖
𝑇𝑜𝑝𝐾_𝑊 Worst result in the current TopK set
𝐵(𝐴, 𝐷) {𝑥 ∈ R𝑛 : ∥𝑥 −𝐴∥ < 𝐷}

Compatibility with update. Existing research has already demonstrated the inherent advan-
tages of cluster-based index during updates [74], which only require reclustering the vectors within
the affected clusters. Tribase introduces two additional fields that need updating during this process.
The first is the distance of each vector to its cluster center, which is naturally updated during the
reclustering. The second is the subNN index can perform a localized search within the new clusters
after reclustering. Since this process essentially involves partially reconstructing the cluster-based
index, the proportion of time subNN spends on updates is comparable to the time spent during the
initial index construction.

4.3 Center distance-based pruning module
Next, we introduce the center distance-based pruning module and the subNN pruning module
of Tribase. We show the pruning modules of Tribase in Algorithm 1. The center distance-based
pruning module is responsible for coarse-grained pruning, while the subNN pruning module
handles fine-grained pruning based on the results from the center distance-based pruning module.
The symbols and their descriptions used in this context are defined in Table 1. For a query vector𝑄
and a set of cluster centers𝐶1,𝐶2...𝐶𝑛 , similar to other cluster-based indexes, Tribase first calculates
the distance between𝑄 and𝐶1,𝐶2...𝐶𝑛 and then selects the optimal 𝑛𝑝𝑟𝑜𝑏𝑒 clusters specified by the
user for further searching.
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Algorithm 1: Tribase Pruning
1 Function TriPruning(𝑄 , Centroids𝐶 , 𝐾):
2 𝑇 ← create_heap(𝐾 )
3 for𝐶𝑝 ∈ 𝐶 do
4 𝐼𝑝 ← bitmap( |𝐶𝑝 | ) // Initialize a bitmap for the condition if pruned

5 for 𝑃 ∈ 𝐶𝑝 do
6 if 𝐼𝑝 [𝑃 ] and not CenterDistPrune(𝐶𝑝 ,𝑄 , 𝑃) then
7 𝐷𝑝𝑞 ← dist(𝑃,𝑄 )
8 𝑁𝑛𝑑 ← NN𝑑 (𝑃 ), 𝑁𝑛𝑐 ← NN𝑎 (𝑃 )
9 𝐼𝑝 ← update SubNNDistPrune(𝑁𝑛𝑑 , 𝐷𝑝𝑞),

10 update SubNNAngPrune(𝑁𝑛𝑐 , 𝐷𝑝𝑞)

11 Function center_distance_pruning(𝐶 [𝑃 ] ,𝑄 ,𝑇𝑜𝑝𝐾_𝑊 ):
12 if 𝑃 in region satisfy triangle inequalities then
13 prune P

14 Function subnn_distance_pruning(𝑄.𝑁𝑁𝑑 , dist(𝑃,𝑄 )):
15 for 𝑝 ∈ 𝑄.𝑁𝑁𝑑 do
16 if 𝑝 in region satisfy triangle inequalities then
17 𝐼𝑝 [𝑃 ] ← false

18 Function subnn_angle_pruning(𝑄.𝑁𝑁𝑎, dist(𝑃,𝑄 )):
19 for 𝑝 ∈ 𝑄.𝑁𝑁𝑎 do
20 if 𝑝 in region satisfy triangle inequalities then
21 𝐼𝑝 [𝑃 ] ← false

For a vector 𝑃 , without performing specific calculations to obtain 𝐷𝑄𝑃 , the only information we
can access are 𝐷𝑄𝐶 [𝑃 ] and 𝐷𝑃𝐶 [𝑃 ] . The first distance is computed during the pre-search phase when
identifying the 𝑛𝑝𝑟𝑜𝑏𝑒𝑠 nearest clustering centers to the query vector, while the second distance is
pre-stored in the multi-granularity training module. Using these two distances, we can determine
that 𝐷𝑄𝑃 lies between 𝐷𝑄𝐶 [𝑃 ]+𝐷𝑃𝐶 [𝑃 ] and 𝐷𝑄𝐶 [𝑃 ] -𝐷𝑃𝐶 [𝑃 ] by applying the triangle inequalities.

Example. Figure 4 shows two cases of pruning using the center distance-based pruning module.
By estimating 𝐷𝑄𝑃 , we can avoid the computation for two types of distributed vectors and show the
regions in R2: 𝐷𝑄𝐶 [𝑃 ] −𝐷𝑃𝐶 [𝑃 ] > 𝑇𝑜𝑝𝐾_𝑊 (shown in Figure 4 (a)) and 𝐷𝑄𝐶 [𝑃 ] +𝐷𝑃𝐶 [𝑃 ] < 𝑇𝑜𝑝𝐾_𝑊
(shown in Figure 4 (b)). We represent the possible locations of vector 𝑃 at distance 𝐷𝑃𝐶 [𝑃 ] from
point 𝐶 [𝑃 ] with blue dashed lines. Regardless of the position of 𝑃 , it does not enter the circular
domain at a distance 𝑇𝑜𝑝𝐾_𝑊 from the point 𝑄 (shown as the black circle). Such a point 𝑃 can be
safely pruned without actually computing the distance from point 𝑄 . In Figure 4 (a), the region
closer to 𝐷 (the blue area) is pruned, while in Figure 4 (b), the farther region is pruned. Although
Figures 4 (a) and (b) illustrate this in R2, we can generalize the same pruning principle to R𝑃 for
𝑃 ≥ 2.

Limitation. Using only the center distance-based pruning module does not yield a good pruning
ratio, as discussed in distance calculation in Section 3.2. As the dimension increases, the volume
occupied by the center of the sphere in high-dimensional space becomes smaller, so Figure 4 (a)
does not yield good pruning rates. Additionally, the number of vectors needed to achieve the same
dataset density grows exponentially. Real datasets often do not provide such a large number of
vectors, meaning that higher dimensions result in sparser clusters. Consequently, the probability
that a query vector and its 𝑇𝑜𝑝𝐾_𝑊 neighborhood fall exactly into a cluster is greatly reduced.
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(a) Pruning cluster center. (b) Pruning cluster edge.

Fig. 4. Two different pruning situations.

Although Figure 4 (b) provides a larger pruning region compared to Figure 4 (a), the occurrence of
the scenario depicted in Figure 4 (b) is much less frequent than that of the scenario in Figure 4 (a).

4.4 SubNN pruning module
From our previous analysis, we find that the triangle inequalities pruning brought by 𝐷𝑄𝐶 [𝑃 ] ,
𝐷𝑃𝐶 [𝑃 ] , and 𝑇𝑜𝑝𝐾_𝑊 alone is not effective in checking all vectors based on distance. Since the
scenario in Figure 4 (b) occurs much less frequently as dimensionality increases, we focus our
further subNN pruning efforts on the scenario depicted in Figure 4 (a). To achieve a better pruning
rate, it is necessary to prune vectors on the spherical shell, and a new pruning module needs to be
introduced.

4.4.1 SubNN distance-based pruning module. We find that points near the spherical shell span
a wide range of distances from 𝑄 due to their broad distribution. A straightforward approach is
that if we encounter a vector 𝑃 that is far from the query vector 𝑄 during computation, then a
vector 𝑃𝑖 that is closer to 𝑃 will also not appear in the neighborhood of 𝑄 . To store each vector’s
neighboring vectors within the clusters, Tribase finds the respective top-K nearest neighbors of
each vector inside each cluster after performing clustering. We call this process subNN search in
the multi-granularity training module.

Example. We show an example of subNN distance-based pruning in Figure 5 (a), where 𝑃1 is a
vector that has already computed the distance to 𝑄 . If the distance between 𝑃1 and 𝑃2 has been
preserved by subNN and if the distance between 𝑃1 and 𝑃2 satisfies 𝐷𝑄𝑃1 − 𝐷𝑃1𝑃2 > 𝑇𝑜𝑝𝐾_𝑊 , then
we can also use triangle inequalities to prune 𝑃2 without loss of precision. We denote the regions
in the neighborhood of 𝑃1 that can be pruned by the subNN distance-based pruning module in blue
in Figure 5 (a). Note that 𝑃1 can be any vector in the sphere. We find that, except for the part of
the intersection between 𝐵(𝑄,𝑇𝑜𝑝𝐾_𝑊 ) −𝐶𝑖 (i.e., space in the cluster that will also be in 𝑇𝑜𝑝 [𝐾]),
everywhere else can be pruned. This solves the problem of not being able to prune the spherical
shell in Figure 4 (a).

Drawback. While it is theoretically possible to prune any part of 𝐵(𝑄,𝑇𝑜𝑝𝐾_𝑊 ) −𝐶𝑖 using the
subNN distance-based pruning module, as we analyzed in Section 3.2, as the dimension increases,
the volume of a sphere in high-dimensional space is concentrated in the spherical shell. This results
in the pruned spherical region occupying only a small fraction of the entire space, which is an
inherent limitation of distance-based pruning. This issue arises because the radius of the pruned
spheres would need to be as large as the clustering radius to be effective, which is not feasible.
Therefore, the current pruning effectiveness shown in Figure 5 (a) still has significant room for
improvement.
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(a) SubNN distance pruning. (b) SubNN angle pruning.

Fig. 5. Example of different kinds of subNN pruning.

4.4.2 SubNN angle-based pruning module. To overcome the limitations of distance-based pruning,
we also consider angle-based pruning. As analyzed in Section 3.2, the angle between two random
vectors in high-dimensional spaces has a high probability of being near 90°, which poses a challenge
for angle-based pruning. This is because the direction of the vectors in a cluster is generally the
same, so if one vector is perpendicular to the query vector, there is a high probability that the other
vectors in the same cluster are also perpendicular to the query vector, reducing the effectiveness of
pruning.
We note, however, that if we represent the vector 𝑃 in the cluster as the residual of 𝑃 and 𝐶 [𝑃 ] ,

filtering the pruned vectors by the residuals will alleviate the problem of uneven distribution of
angles within a single cluster. This is because vectors in the cluster can be viewed as emanating
from the clustering center in all directions, and the angles between these vectors and the query
vector will not be concentrated over a small interval.

Difficulties. There are two main difficulties in angle-based pruning. The first is that we cannot
compute the angle between two vectors 𝑃 and𝑄 and prune them by calculating their inner product
because the inner product computation and the L2 computation share the same complexity, 𝑂 (𝑑),
where 𝑑 is the dimension of the vector. The second difficulty is that once the query vector is
determined, Tribase must quickly identify the vectors within the cluster that meet the angular
conditions to potentially qualify as Top-K candidates. This process is less straightforward than
center distance-based pruning, as it requires more complex calculations.
Solution. To address the first difficulty, we choose to calculate the angle between two vectors

using the cosine theorem. Since the cosine function itself does not satisfy the triangle inequalities,
we need to convert the value of the cosine function into an angle to prune using the triangle
inequalities. To solve the second difficulty, we introduce a benchmark vector by computing the
angle between 𝐵(𝑄,𝑇𝑜𝑝𝐾_𝑊 ) − 𝐶𝑖 and the benchmark vectors, and then classify the vectors
accordingly based on the resulting angles. Specifically, we compute the angles between the 𝑄 and
the random benchmark vector. Similar to center distance-based pruning, we then prune vectors
within the cluster based on the results of these angle calculations. As shown in Figure 5 (b), we
can also retain the nearest neighbors based on each vector’s angle and accordingly prune the
angle-based neighborhood of vectors within the cluster. In practice, we find that the former method
is not very effective due to the influence of the curse of dimensionality, because most of the vectors
are still close to 90° to the randomly specified benchmark vector, leading to poor classification
results. However, the latter angle-based subNN obtains a good range of angular neighborhoods for
each vector.
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Example. We present an example of the subNN angle-based pruning module in Figure 5 (b). We
take
−−−−−→
𝑄𝐶 [𝑃1 ] as the benchmark vector because 𝐷𝑄𝐶 [𝑃1 ] has been pre-computed in the assignment

of the nearest 𝑛𝑝𝑟𝑜𝑏𝑒 clustering centers. Next, we calculate the range of angles, denoted as 𝜃2,
formed by 𝐵(𝑄,𝑇𝑜𝑝𝐾_𝑊 ) − 𝐵(𝐶 [𝑃1 ], 𝐷𝐶 [𝑃1 ] ) and the benchmark vector, using the cosine theorem
as follows:

cos(𝜃2) =
𝐷2
𝑄𝐶 [𝑃1 ]

+ 𝐷2
𝐴𝐶 [𝑃1 ]

− 𝐷2
𝑄𝐴

2 · 𝐷𝑄𝐶 [𝑃1 ] · 𝐷𝐴𝐶 [𝑃1 ]
,

where different cases of 𝜃2 can be found in Appendix A.
After determining 𝜃2, we can prune the region where the angle with vector

−−−−−→
𝑄𝐶 [𝑃1 ] exceeds 𝜃2.

Specifically, by computing 𝐷𝑄𝑃1 , we can apply the cosine theorem to obtain the angle 𝜃1 between
−−−−−→
𝑄𝐶 [𝑃1 ] and

−−−−−→
𝑃1𝐶 [𝑃1 ] :

cos(𝜃1) =
𝐷2
𝑄𝐶 [𝑃1 ]

+ 𝐷2
𝑃1𝐶 [𝑃1 ]

− 𝐷2
𝑄𝑃1

2 · 𝐷𝑄𝐶 [𝑃1 ] · 𝐷𝑃1𝐶 [𝑃1 ]
For vector 𝑃2, which lies within the angular neighborhood of 𝑃1, two potential pruning regions
may arise:
• If the angle between

−−−−−→
𝑃1𝐶 [𝑃1 ] and

−−−−−→
𝑃2𝐶 [𝑃1 ] satisfies the condition ∠𝑃2𝐶 [𝑃1 ]𝑃1 < 𝜃1 − 𝜃2, then the

angle between 𝑃2 and
−−−−−→
𝑄𝐶 [𝑃1 ] becomes too small, preventing 𝑃2 from being part of𝐵(𝑄,𝑇𝑜𝑝𝐾_𝑊 )

(labled in region 𝜃3). Consequently, 𝑃2 will fall within region 𝜃3, which can be pruned.
• If the angle between

−−−−−→
𝑃1𝐶 [𝑃1 ] and

−−−−−→
𝑃2𝐶 [𝑃1 ] satisfies the condition ∠𝑃2𝐶 [𝑃1 ]𝑃1 > 𝜃1 + 𝜃2, then

the angle between 𝑃2 and
−−−−−→
𝑄𝐶 [𝑃1 ] becomes too lagre, also preventing 𝑃2 from falling into

𝐵(𝑄,𝑇𝑜𝑝𝐾_𝑊 ) (labled in region 𝜃4). Consequently, 𝑃2 will fall within region 𝜃4, which can be
pruned.
These two pruning regions allow Tribase to perform pruning on distance and angle after calcu-

lating the distance between a point 𝑃1 and a query point 𝑄 , significantly improving the pruning
rate.

Limitation.Although the subNN angle-based pruningmodule can provide a dimension-independent
pruning effect guarantee, it introduces a few more floating-point multiplications compared to the
center distance-based pruning module and the subNN distance-based pruning module, since we
need to use the cosine theorem to get the cosine value through the Euclidean distance. Moreover,
existing vector databases usually use SIMD instructions to handle multiple dimensions simultane-
ously, which reduces the overhead of the original distance computation. Therefore, the overhead
of introducing the subNN angle-based pruning module is not as negligible as that of the center
distance-based pruning module and the subNN distance-based pruning module. We recommend
using the subNN angle-based pruning module cautiously for low-dimensional data and refer to our
experiments in Section 6.3.1 for details.

4.5 Analysis of pruning strategies
Design of pruning intensity. Since the equality sign requirement of the triangle inequalities is
very strict in high-dimensional spaces, we can appropriately tighten the pruning ratio in the pruning
condition shown in Figure 2 (b) to achieve stronger pruning. However, doing so will inevitably
filter out some high-quality vectors that originally existed in the results. This approach has two
advantages: First, the original pruning is too conservative, and by tightening the pruning ratio, a
larger amount of pruning can be achieved. Second, the distance between the vectors incorrectly
pruned by this method and the query vectors are usually near the bound of topK, having a minimal
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(a) Robustness and intra/inter-cluster prun-
ing example.

𝑃3
𝑃2

𝑄
𝑄𝑃3 > 𝑄𝑃2 − 𝑃2𝑃3 > 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

𝑃2 𝑃2. 𝑛𝑒𝑖1(𝑃3) 𝑃3. 𝑛𝑒𝑖2(𝑃4) 𝑃3. 𝑛𝑒𝑖𝑠 𝑃4. 𝑛𝑒𝑖𝑠 …

𝐻𝑁𝑆𝑊

𝑇𝑟𝑖 − 𝐻𝑁𝑆𝑊

𝑃4

𝑄𝑃2 − 𝑃2𝑃4 < 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

𝑏𝑜𝑡ℎ 𝐻𝑁𝑆𝑊 𝑎𝑛𝑑 𝑇𝑟𝑖 − 𝐻𝑁𝑆𝑊 𝑛𝑒𝑒𝑑 𝑡𝑜 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒
𝑡ℎ𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑜𝑓 𝑖𝑡𝑠 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟𝑠

𝑂𝑛𝑙𝑦 𝐻𝑁𝑆𝑊 𝑛𝑒𝑒𝑑 𝑡𝑜 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑡ℎ𝑒
𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑜𝑓 𝑖𝑡𝑠 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟𝑠

𝑃2 𝑃2. 𝑛𝑒𝑖1(𝑃3) 𝑃3. 𝑛𝑒𝑖2(𝑃4) 𝑃4. 𝑛𝑒𝑖𝑠 …

(b) Graph pruning example.
Fig. 6. Pruning strategies in various scenarios.

overall impact on the quality of the results. In Section 6.4.1, we show the improvement in the
pruning ratio and the impact on the results using different pruning intensities.
Robustness and correctness. We first prove the correctness of our pruning method, which

is based on the fact that 𝑇𝑜𝑝𝐾_𝑊 gets progressively better during the computation. As shown in
Figure 6 (a), 𝑇𝑜𝑝𝐾_𝑊 decreases from 𝑇𝑜𝑝𝐾_𝑊1 to 𝑇𝑜𝑝𝐾_𝑊2 during the pruning process. We find
that in the distance-based pruning modules, regardless of whether it is the center distance-based
pruning module or the subNN distance-based pruning module, our pruning always follows the
triangle inequality 𝐷𝑃𝐶 [𝑃 ] + 𝑇𝑜𝑝𝐾_𝑊 < 𝐷𝑄𝐶 [𝑃 ] or 𝐷𝑃𝑃.𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟 + 𝑇𝑜𝑝𝐾_𝑊 < 𝐷𝑃𝑄 . The correctness
of both pruning schemes is not affected by the fact that 𝑇𝑜𝑝𝐾_𝑊 gets smaller. In the subNN angle-
based pruning module, we prune the vectors in the region whose angle to

−−−−−→
𝑃1𝐶 [𝑃1 ] is [0, 𝜃1 − 𝜃2]

and [𝜃1 + 𝜃2, 𝜋/2]. As analyzed in Appendix A, the partial derivatives of 𝑇𝑜𝑝𝐾_𝑊 < 0, so when
𝑇𝑜𝑝𝐾_𝑊 becomes smaller, the cosine value of the angle 𝜃2 will become larger, and angle 𝜃2 will
become smaller, ensuring that the triangle inequalities is satisfied.
Intra-cluster and inter-cluster pruning. Although Tribase’s pruning granularity is based

on individual vectors, it does not mean it cannot prune at the cluster granularity level, as shown
in Figure 6 (a). As the search proceeds, when there is no intersection between the newly added
clusters and the 𝑇𝑜𝑝𝐾_𝑊2 neighborhood of the query point 𝑄 , each vector in the clusters where
𝐶 [𝑃 ] is located can be pruned by the triangular inequalities 𝐷𝑃𝐶 [𝑃 ] + 𝑇𝑜𝑝𝐾_𝑊 < 𝐷𝑄𝐶 [𝑃 ] without
distance computation, thus completing the pruning at the cluster granularity level.

4.6 Pruning in graph-based index
Graph-based index has gained significant attention due to its efficient search performance [8, 19,
30, 45]. Hierarchical Navigable Small World (HNSW) [45], a popular algorithm for ANNS, based on
small-world graphs, is widely used for indexing high-dimensional vector spaces. It constructs a
multi-layered graph and leverages small-world network properties to achieve fast convergence
when finding nearest neighbors in high-dimensional spaces.

We observe opportunities for optimization in HNSW by applying triangle inequalities to acceler-
ate graph-based searches. As shown in Figure 6 (b), the current HNSW implementation adds all
neighbors of a vector 𝑃2 to the search queue while calculating the distance between 𝑄 and 𝑃2. This
can lead to inefficiencies when low-quality vectors like 𝑃3 and its neighbors are added to the search
queue, reducing search efficiency.

Proc. ACM Manag. Data, Vol. 3, No. 1 (SIGMOD), Article 82. Publication date: February 2025.



Tribase: A Vector DataQuery Engine for Reliable and Lossless Pruning Compression using Triangle Inequalities 82:15

To address this, we introduce a pruning threshold, applying triangle inequality pruning to 𝑃2’s
neighbors whose distances exceed this threshold. Specifically, if 𝐷𝑄𝑃2 − 𝐷𝑃2𝑃3 > 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 , we can
prevent 𝑃3 and its neighbors from being prematurely added to the queue, accelerating the ANNS
process in graph-based indexing.

We extend HNSW’s original search logic with this triangle inequality pruning approach, resulting
in a new graph-based search method called TriHNSW. In Section 6.2.3, we compare the performance
of TriHNSW with HNSW.
5 Implementation
Tribase is implemented in C++20 and comprises about 6,000 lines of code. It utilizes modern
C++ features, such as compile-time computation and zero-cost abstractions, provided by the new
standard to enhance execution efficiency and code readability. The implementation of Tribase
consists of two phases. In the training phase, Tribase uses the same clustering algorithm and
parameters as the Faiss [17] library to verify the validity of pruning. The difference is that Tribase
simultaneously performs secondary clustering within the clusters at the end of clustering to
compute and retain the relevant subNN fields. In the query phase, Tribase supports commonly used
high-performance mathematical computing libraries, including Eigen and Intel MKL, along with
handwritten instruction sets, to perform rapid geometric calculations such as the cosine theorem
and the judgment of different pruning boundaries. Note that since the pruning in Tribase itself
does not require partial distance calculations between vectors, it is well compatible with the SIMD
instruction set. For fast computation, we support the SIMD instruction set in Tribase and use the
Intel MKL library to optimize parallel operations. We next discuss APIs and indexing parameters.

Parameters. Since Tribase provides a variety of unique parameters, to make it easier for users
to familiarize themselves with and use them, we hide the internal pruning details and present the
same interface as a typical ANNS system [8, 17, 21, 76]. We also offer suggestions on parameter
selection. For indexing-related parameters, we have two key findings: First, while theoretically,
building the subNN index does not significantly increase the indexing time, the quality and time
overhead of the SubNN index can be further controlled through the sub-nprobe-ratio parameter
we provide. In Section 6.4.3, we conducted experiments to analyze this aspect. Second, setting
𝑠𝑢𝑏𝐾 greater than 10 does not significantly improve subsequent pruning. Users can modify the
size of 𝑠𝑢𝑏𝐾 and subNN search intensity sub-nprobe-ratio to achieve different training speeds and
indexing qualities according to their actual needs. We show the effect of subNN indexes of different
quality on subsequent pruning in Section 6.4.2. For search-related parameters, we suggest that
if users want to minimize indexing overhead, enabling only enable Triangle can provide a better
trade-off between training time and pruning effect. If users do not mind the training time, they
can enable all three parameters—enable Triangle, enable SubNNL2, and enable SubNNIP—to achieve
the highest pruning rate. The choice of pruning modules can be referenced from the experiments
in Sections 6.2 and 6.3.1. For the pruning ratio parameter, if the requirement for the final result is
not particularly high (e.g., more than 99.9%), we suggest setting the pruning rate at 0.8 for a better
pruning effect. Otherwise, setting the pruning ratio to 1.0 guarantees completely lossless pruning.
The choice of pruning ratio can be referenced from the experiments in Section 6.4.1.

6 Evaluation
6.1 Experiment setup
Methodology. We primarily compare Tribase against Faiss, the state-of-the-art ANNS library [17]
with SIMD enabled. We compared the performance of Faiss with several configurations of Tribase:
Tribase with only the center distance-based pruning module enabled (abbreviated as Tribase-
Triangle), Tribase with only the SubNN distance-based pruning module enabled (abbreviated as
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Tribase-SUBNNL2), Tribase with only the SubNN angle-based pruning module enabled (abbreviated
as Tribase-SUBNNIP), and Tribase with all pruning modules enabled (abbreviated as Tribase-All).
To fully assess the advantages of our work, Tribase uses the same clustering method and number of
clusters as Faiss. After performing the same clustering operations, we measure the time overhead
of obtaining the same results using Faiss and lossless versions of Tribase, as well as the time
overhead of Faiss and lossy versions of Tribase with the same results. Some works [51, 67] also
utilize the triangle inequality to accelerate ANNS, such as the pruning in VAQ [51], which operates
on clusters of encoded data. We compare the pruning strategy in Tribase with that in VAQ. Another
work, ADSampling [21], accelerates ANNS by partially calculating the distance between two
vectors, allowing for pruning during individual distance calculations. In this paper, we compare
the performance of Faiss, Tribase, and ADSampling with and without SIMD acceleration. Since
high-precision ANNS is the big trend, we mainly focus on the performance difference between
Faiss and Tribase in high-precision scenarios.

Datasets.We use ten open-source datasets of different sizes and dimensions, as shown in Table 2.
These datasets are created by embedding various types of data (image, sound, and text) with
different dimensions, providing both data and query vectors. They have been evaluated by many
ANN systems [8, 76] and algorithms [19, 21, 45].

Platform. We conduct a standard performance evaluation of Tribase on a server equipped with
an Intel(R) Xeon(R) Gold 5318Y CPU, featuring 24 cores and 96 threads. The server has 128GB of
global memory, and the operating system used is CentOS Stream 8.

6.2 Overall performance
6.2.1 Time-accuracy trade-off. In this part, we analyze the trade-off between query per second
(QPS) and recall when comparing Faiss with Tribase. First, we analyze the overall search quality and
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Table 2. Dataset statistics.

Dataset Size D Query Size Data Type

Fashion 60,000 784 10,000 Image
Nuswide 268,643 500 200 Image
Msong 992,272 420 1,000 Audio
Sift1M 1,000,000 128 10,000 Image
Glove25 1,183,514 25 10,000 Text
Hand Outlines 1000 2709 370 Time Series
Star Light Curves 8236 1024 1,000 Time Series
Deep1B 1,000,000,000 96 10,000 Image
SpaceV1B 1,000,000,000 100 10,000 Text
Sift1B 1,000,000,000 128 10,000 Image

throughput on different datasets between Tribase and Faiss, since both Tribase and Faiss allow users
to make a trade-off between search quality and throughput. The experimental results are shown in
Figure 7. We have the following four findings: First, for all datasets, the pruning modules using
center distance-based pruning, subNN distance-based pruning, and subNN angle-based pruning
alone gain clear speedups, with center distance-based pruning alone having the best results. Second,
for the same dataset, the speedup ratio of Tribase compared to Faiss rises with accuracy, reaching a
speedup of 3.11× on average for 𝑟𝑒𝑐𝑎𝑙𝑙=1. This is because as the search targets higher accuracy, the
newly added vectors and their clustering centers inevitably increase their distance from the query
vector, making the pruning of these vectors more effective. Third, since the pruning modules of
Tribase are independent of each other, we can combine some of them to achieve higher speedups.
For example, on the msong dataset, using all the pruning modules simultaneously achieves a
achieve a performance improvement of 19% compared to using center distance-based pruning
alone. Fourth, as the dimensionality of the dataset increases, the pruning effect of Tribase-SubNNL2
and Tribase-SubNNIP becomes more pronounced. This is because higher dimensionality results in
increased complexity for vector distance calculations, which in turn reduces the relative impact of
the additional fixed computations introduced by Tribase.

6.2.2 Time-distance trade-off. In this part, we analyze the time-distance trade-off. As mentioned
in Section 4.5, Tribase can achieve significant speedup ratios at the expense of a small amount
of accuracy by adjusting the pruning strength of the pruning modules. We further analyze the
relationship between the speedup ratios and the quality of the results by setting different pruning
intensities for each dataset. The experimental results are shown in Figure 8. We have the following
three findings: First, for different datasets, both Tribase and Faiss can achieve more than 10×
speedup by sacrificing a small amount of precision. However, compared to Faiss, Tribase not only
controls the precision by modifying the number of clusters in the query but also adjusts the pruning
strength, which allows for controllable sub-optimal results. Second, adjusting the pruning strength
of Tribase and changing the number of search clusters can lead to higher query speeds than simply
changing the number of search clusters for the same query results in Faiss. Third, Tribase provides
a higher speedup ratio compared to Faiss when offering higher search quality. This is because
achieving higher search quality requires querying more low-quality clusters, whereas Tribase can
efficiently prune vectors in low-quality clusters. Due to space limits, we present the experimental
results for only the first five datasets. The others can be find in Appendix G.

6.2.3 Comparation with graph-based index. In Section 4.6, we introduced the application of triangle
inequality in graph-based indexing and applied this concept to the mainstream HNSW search
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engine, hnswlib [44], resulting in TriHNSW. Next, we compare the search performance of TriHNSW
and HNSW, and the experimental results are shown in Figure 9.

We have three findings. First, while both TriHNSW and HNSW exhibit performance fluctuations
across different datasets, TriHNSW shows smaller fluctuations due to its proactive elimination
of low-quality vectors and their neighbors. Second, overall, TriHNSW achieves a clear speedup
over HNSW, with a 25% performance improvement at recall=95. Third, the performance and
stability of graph-based algorithms vary across different datasets, which is consistent with previous
experiments [19, 44, 45].
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Fig. 9. Performance between HNSW and TriHNSW.

6.3 Performance ablation study
6.3.1 Pruning ratio breakdown. We analyze the effect of each pruningmodule and the time overhead
it brings in Tribase in this section. We measure the various pruning modules of Tribase when they
work individually and together on each dataset losslessly with 𝑟𝑒𝑐𝑎𝑙=1 (noting that lossy pruning
results in a larger pruning rate), as shown in Figure 10. For each pruning module on each dataset,
we use red bars to denote the percent of lossless pruning vectors divided by the total number for
that module, and blue bars to denote the additional time overhead associated with that pruning
module. For example, for the pruning method of Tribase-Triangle in the msong dataset, which
increases the time overhead by 3.24% while achieving a 63.31% pruning ratio, the speedup ratio is

1
1−63.31%+3.24% = 2.50.
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We have the following findings. First, when obtaining the same or similar pruning results, the
additional overhead introduced by the center distance-based pruning module is less than that
of the subNN distance-based pruning and subNN angle-based pruning modules. This is because,
although Tribase precomputes and stores some of the fields required for pruning in the training
module, the subNN distance-based and subNN angle-based pruning modules still introduce several
multiplicative computations compared to the center distance-based pruning module. Second, since
different datasets are derived from different embeddingmethods and have different distributions, the
most effective pruning methods vary across datasets. This further justifies our introduction of the
subNN distance-based and subNN angle-based pruning modules based on the center distance-based
pruning module. Third, the combined pruning ratio of introducing center distance-based pruning,
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subNN distance-based pruning, and subNN angle-based pruning modules simultaneously is smaller
than the sum of the pruning ratios obtained by introducing these three modules separately. This is
because the three pruning modules will prune some of the same vectors repeatedly.
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Fig. 11. Impact of pruning effectiveness of various modules on the search phase.

6.3.2 Relationship between pruning ratio and search probes. Due to the different strategies of
various pruning modules, the pruning effect of each module changes as the search proceeds. Next,
we analyze the pruning rate of each module at different stages of the search, so users can determine
whether to use pruning at a particular stage. We show the corresponding pruning ratios for each
module at different stages of the search in Figure 11. The horizontal axis indicates the search stage,
while the vertical axis indicates the effect of pruning. For example, (0.2, 80) means that the pruning
rate is 80% when searching from 0.1×lists to 0.2×lists clusters.

We have the following three findings. First, as the search proceeds, the pruning effect of the center
distance-based pruning module improves more significantly compared to the subNN distance-based
and subNN angle-based pruning modules. This is because the pruning effect of the center distance-
based pruning module is positively correlated with the distance between the clustering center
and the query point. As the search proceeds, the newly searched clusters become increasingly
distant from the query point. Second, when enabling all three modules simultaneously, most of the
data reach a 50% pruning rate before completing 30% of the search and an 80% pruning rate when
50% of the search is complete. This implies that if all the pruning modules of Tribase are enabled,
unnecessary vector distance calculations can be effectively reduced in high-precision searches,
greatly saving query time, as shown in the experimental results of Section 6.2. Third, although
the pruning effect of the subNN distance-based and subNN angle-based pruning modules does
not increase as the search proceeds, they provide a better pruning effect in the early stages of the
search compared to the center distance-based pruning module.
6.3.3 Impact of dataset size and dimensionality on pruning effectiveness. We examine the impact of
dimensionality and dataset size on Tribase’s pruning effectiveness. To eliminate the influence of
different data distributions on the pruning strategy, we create datasets with uniform distribution
but differing dimensionalities, all maintaining the same density, to validate the impact of data
dimensionality on pruning effectiveness. Additionally, we build two datasets with different densities
for dimensions 4 and 8 to test the impact of dataset size on pruning effectiveness. The datasets and
their corresponding pruning results are shown in Table 3, where "i d j s" represents an i-dimensional
dataset containing j vectors.

Table 3. Impact of dimensionality and size on pruning effectiveness.

Size/Dimention 8d256s 8d65536s 16d65536s 20d1048576s

pruning_ratio (%) 61.99 96.39 68.67 75.16

We have the following two observations. First, as data dimensionality increases while maintaining
the same density, the pruning effect of Tribase increases. For example, in dataset 8d256s, Tribase
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achieves a pruning ratio of 61.99%, whereas in dataset 20d1048546s, with the same density, the
pruning ratio rises to 75.16%. This is because Tribase prunes regions outside of the overlapping TopK
neighborhoods, and due to the curse of dimensionality, the overlapping region occupies a smaller
proportion of the total cluster area. Second, as the density of data with the same dimensionality
increases, the pruning effect of Tribase also increases. For instance, in dataset 8d256s, Tribase
achieves a pruning ratio of 61.99%, while in dataset 8d65536s with the same dimensionality, the
pruning ratio increases to 96.39%. This is because denser data distributions within a cluster allow
Tribase to construct more effective subNN indices. These results demonstrate Tribase’s potential
for handling large, high-dimensional datasets.

6.4 Results of parameter study
6.4.1 Trade-off between pruning intensity and accuracy. Since Tribase can trade-off between the
quality of the search results and the speed of the search by varying the intensity of the pruning
in addition to the number of clusters searched, we discuss the effect of using different pruning
intensities on all pruning modules in Tribase on the msong dataset, as the three pruning modules
in this dataset have similar pruning ratios. The experimental results are shown in Figure 12 (a). We
have the following three findings:

First, using a lower intensity of lossy pruning can be done with little or no impact on the quality
of the results, but as the intensity of lossy pruning rises, the quality of the final results will show
a significant decrease. Second, if the same intensity of pruning is applied to all three pruning
modules, the quality of the final results will be worse than applying the same intensity to any
single pruning module. Third, the center distance-based pruning module reduces accuracy less
than the subNN distance-based pruning module and subNN angle-based pruning module when
using low-intensity lossy pruning. However, as the intensity of pruning increases, the results of
the center distance-based pruning module decline more than those of the subNN distance-based
pruning and subNN angle-based pruning modules.
Based on these findings, we can adopt different intensity pruning strategies at different stages

of the query. For high-quality clusters searched at the beginning of the search, cautious lossy or
lossless pruning should be used. For low-quality clusters, aggressive pruning strategies can be
employed based on the need for the results. The intensity of the pruning should guide the selection
of the pruning method that minimizes the impact on the results.

6.4.2 Trade-off between build time and query time. As discussed in Section 4.2, when the subNN
pruning module is enabled, the subNN search for each vector in its cluster can provide either a fine
or coarse subNN index. A fine subNN index requires longer training time but offers better indexing
and reduces the time spent on ANN search. To balance different pre-training times and query times,
Tribase supports adjustable subNN index construction parameters in the multi-granularity training
module. The results of subNN indexing with different parameters in terms of pre-training time and
query effectiveness are shown in Figure 12 (b).
We find that coarse subNN indexes have little impact on the query compared to fine indexes,

and even accelerating the subNN process by 1.8× only impacts the query speed by less than 2%.
This is because, on one hand, the pruning acceleration provided by the subNN pruning modules is
limited, and on the other hand, since the build of subNN indexes is also a TopK query, executing a
suboptimal TopK query has a small impact on the results compared to the optimal subNN indexes.
However, we still recommend that users build the optimal subNN index without prioritizing training
time to achieve the best query performance.
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Fig. 12. Impact of pruning effectiveness and indexing parameters on search performance.

6.4.3 Indexing time usage with different parameters. As discussed in Section 5, we can control the
search scope when building the subNN index by adjusting the sub-nprobe-ratio parameter. This
allows for either a full search or ANNS within the cluster.
We compare the time required for Faiss, Tribase-Triangle, and two SubNN indexing scenarios:

one with sub-nprobe-ratio=1, which performs a full subNN neighbor search, and the other with
sub-nprobe-ratio=0.5, which performs a high-accuracy approximate subNN neighbor search. Our
results are shown in Table 4. Since the update process mirrors the steps of index construction, they
have the same time overhead.

Table 4. Indexing time comparison.

Dataset Fashion Nuswide Msong Sift Glove

Faiss 2.06 4.66 13.59 7.63 6.90
Triangle 2.08 4.67 13.65 7.67 6.93
SubNNL2 ratio 0.5 3.14 14.38 37.23 25.19 23.46
SubNNIP ratio 0.5 3.30 19.15 55.98 22.98 21.23
All ratio 0.5 5.34 28.27 81.84 45.90 43.72
SubNNL2 ratio 1 3.61 17.07 46.62 30.02 28.79
SubNNIP ratio 1 4.04 24.49 70.72 27.13 25.38
All ratio 1 7.09 35.57 101.43 53.55 52.46
HNSWlib & TriHNSW 5.09 36.78 123.49 63.55 59.66

We have four key observations. First, enabling only Tribase-Triangle does not result in a sig-
nificant difference in indexing time compared to Faiss, as the fields required by Tribase-Triangle
can be naturally derived from Faiss’s clustering. Second, different sub-nprobe-ratio parameters
lead to varying indexing times; on average, using sub-nprobe-ratio=1 takes 1.93 times longer than
using sub-nprobe-ratio=0.5, which corresponds to the search overhead of their respective subNN
indexes. Third, under the same parameters, the indexing time for Tribase-All can approximately be
seen as the sum of the times for Tribase-subNNL2 and Tribase-subNNIP, as Tribase-All requires
both angle and distance-based searches. Fourth, both HNSW and TriHNSW have the same time
overhead, as TriHNSW does not require additional precomputations on top of the HNSW index.
Furthermore, graph-based indexes like HNSW have certain advantages over cluster-based indexes
like Faiss on smaller datasets. However, as the dataset size increases, the index construction time
for graph-based indexes grows faster compared to that of cluster-based indexes.
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6.5 Memory usage
6.5.1 Index memory usage. As discussed in Section 4.2, Tribase requires additional space to store
the subNN fields in order to perform SubNN distance-based and SubNN angle-based pruning. We
conduct experiments to evaluate the impact of SubNN index parameters on index size, with the
results present in Table 5.

We have four key findings. First, the space overhead introduced by the SubNN index is minimal
compared to the size of the vectors themselves. For example, in the msong dataset, when the
𝑆𝑢𝑏𝐾 parameter is set to 7, Tribase-SubNNL2 index requires only 5.1% additional space beyond the
original vectors. Second, Tribase-SubNNIP index consumes more space than the Tribase-SubNNL2
index. For instance, in the msong dataset, with the 𝑆𝑢𝑏𝐾 parameter set to 7, Tribase-SubNNIP index
requires 4.6% more space than the Tribase-SubNNL2 index. Third, the space occupied by the SubNN
index of Tribase is related only to the number of vectors and is independent of the dimensionality.
For example, in the sift1m and msong datasets, since the number of vectors in these two datasets
are similar, the index overhead with the same SubNN parameters is also comparable. Specifically,
building Tribase-SubNNIP index of both datasets requires approximately 160MB more space than
Faiss. However, due to the higher dimensionality of the msong dataset, this overhead is relatively
smaller compared to the storage cost of the index itself. This demonstrates the potential of Tribase
in high-dimensional datasets for deployment in space-constrained scenarios. Fourth, the space
overhead of using the HNSW index is roughly between those of SubNNL2 and SubNNIP. The space
overhead for TriHNSW is approximately twice that of HNSW. This is because TriHNSW requires
pre-storing a distance on each edge in HNSW, effectively doubling the storage cost for each edge.

Table 5. Index memory comparison.

Dataset Fashion Nuswide Msong Sift Glove

Faiss 181MB 517MB 1.57GB 501MB 127MB
Triangle 182MB 519MB 1.57GB 508MB 136MB
SubNNL2 192MB 538MB 1.65GB 581MB 222MB
SubNNIP 202MB 562MB 1.73GB 669MB 326MB
All 213MB 584MB 1.81GB 749MB 421MB
HNSW 188MB 550MB 1.69GB 630MB 281MB
TriHNSW 375MB 1.07GB 2.40GB 1.22GB 551MB

6.5.2 Peak memory usage. Since Tribase saves more distance and angle fields for subsequent
pruningwhen constructing the index compared to Faiss, the peakmemory required during the entire
process of indexing and querying may exceed that of Faiss. We perform end-to-end comparisons of
the whole process from constructing the index to completing the query using the different pruning
modules of Tribase and Faiss, respectively. The experimental results are shown in Table 6.
We have the following three findings. First, overall, Faiss and Tribase-Triangle possess lower

peak memory usage. Tribase-SubNNL2 is the next highest, with 1.29 times the peak memory of
Faiss on average, and Tribase-SubNNIP and Tribase-All have the highest peak memory, with 1.76
times the peak memory of Faiss on average. Second, we find that the peak memory of all methods is
proportional to the size of the dataset itself. Relatively speaking, Tribase adds a smaller percentage
of peak memory on high-dimensional vectors than on low-dimensional vectors. This is because
the field added by Tribase possesses a fixed size, and the higher the dimension of the data itself,
the lower the share of this part of the data, demonstrating the potential of Tribase in processing
high-dimensional data. Finally, from a memory footprint perspective, we do not recommend using
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only the subNN angle-based pruning module, as enabling the remaining two pruning modules
simultaneously does not result in significant additional memory overhead. It is worth noting that
all modules in Tribase generate some intermediate results, which introduce an additional overhead
on top of the original indexing cost. However, since each module also contributes a certain pruning
rate, it reduces some of the intermediate results inherent in ANNS. For example, in the Fashion
dataset, the peak memory usage of Tribase-All is lower than that of Tribase-SubNNIP. This is
because the Tribase-Triangle and Tribase-SubNNL2 modules in Tribase-All eliminate a significant
amount of unnecessary computation, outweighing the additional overhead introduced by these
two modules.

Table 6. Peak memory comparison.

Dataset Faiss Triangle SubNNL2 SubNNIP All

Fashion 469MB 458MB 556MB 717MB 716MB
Nuswide 1.06GB 1.06GB 1.36GB 1.73GB 1.75GB
Msong 3.32GB 3.33GB 3.89GB 4.66GB 4.73GB
Sift 1.17GB 1.19GB 1.37GB 1.66GB 1.79GB
Glove 396MB 403MB 648MB 865MB 1.07GB

6.6 Additional discussion
6.6.1 Integration with Faiss. To verify the scalability of the pruning logic in Tribase, we integrate
the pruning modules of Tribase into Faiss. We modify the training and querying process of the
original Faiss indexes of type IVFFlat, and, as in Tribase, we pre-save the fields required by the center
distance-based pruning module, subNN distance-based pruning module, and subNN angle-based
pruning module during training. We obtain similar results as in Section 6.2. This is because, in
cluster-based indexing, 99.21% of the time in an ANNS is spent on calculating the distance between
two vectors. Due to the superior optimization of Tribase and Faiss in this aspect, direct ANNS
searches on Tribase and Faiss take almost the same time. Therefore, the time reduced by the pruning
and the overhead incurred is similar to the results in Tribase.

It is important to note that we only add pruning to nodes of type Faiss-IVFFlat, not Faiss-IVFPQ.
On the one hand, since IVFPQ reduces the dimension of the original vectors and involves lossy
compression, the triangle inequalities that are satisfied after compression may not be satisfied before
compression. On the other hand, since the dimensions of the vectors are reduced, less computation
is required to compute the distance between two vectors. However, the additional computation
required for pruning itself is fixed and more suitable for dealing with high-dimensional vectors,
as verified in our experiments in Section 6.2. Thus, it is not appropriate to apply the pruning of
Tribase on Faiss-IVFPQ index.

6.6.2 Comparison with ADSampling. ADSampling is the state-of-the-art in transformation-based
work.

We compare the performance of Tribase, Faiss, and ADSampling with and without SIMD accelera-
tion in Figure 13. We observed that when SIMD is not utilized, both Tribase and ADSampling outper-
form Faiss. They achieve acceleration ratios exceeding 2×, indicating the benefit of their respective
pruning strategies. Tribase’s performance falls between ADSampling-IVF++ and ADSampling-IVF+.
This can be attributed to Tribase’s strong pruning efficiency, while ADSampling-IVF++ is specifi-
cally optimized with a cache-friendly data structure. Second, when SIMD is enabled, both Tribase
and Faiss achieve a speed up exceeding 2×, while ADSampling shows an average acceleration of
1.3×. This is because Tribase and Faiss perform full vector distance searches, whereas ADSampling
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Fig. 13. Performance comparison of Faiss, Tribase, and ADSampling.

interrupts the process to check pruning conditions during the search, resulting in a slightly lower
overall speedup.
Additionally, we compare the indexing time of Tribase, FAISS, and ADSampling. ADSampling

requires nearly 10× more indexing time than Tribase-Triangle and FAISS due to the need to rotate
vectors using a set of standard orthogonal bases.

6.6.3 Compare with other works using triangle inequalities. Several works have attempted to
accelerate ANNS using triangle inequalities [51, 67]. Among them, VAQ [51] leverages distance-
based triangle inequality pruning for cluster-based indexes. We compare the pruning and speedup
ratio between Tribase-All and VAQ. We find that Tribase achieves a higher pruning ratio than VAQ
due to its ability to perform multidimensional pruning based on both angular and distance metrics
and further subdividing the clusters. During the search with 0.5 probe/lists, Tribase achieves 41%
more pruning rate than VAQ on average, leading to a 36% increase in speedup. Additionally, Tribase
offers controllable pruning intensity, allowing further acceleration of ANNS at the cost of slightly
reducing accuracy. When achieving the same quality as VAQ, Tribase achieves over 50% speedup.

7 Conclusion
This paper introduces Tribase, an efficient method for lossless pruning of vector topK queries
using triangle inequalities. By analyzing high-dimensional triangle inequalities, the curse of di-
mensionality, and vector index structures, we design three different pruning modules to capture
low-quality vectors located at different positions within the clusters. These modules can provide
more than 10× speedup and 99.4% pruning ratios during computation, with no more than 1.76 times
the original memory overhead on average. Additionally, Tribase demonstrates strong potential
for vector pruning in high-dimensional spaces due to its fixed index size and pruning overhead.
Experimental results validate the promising utility of Tribase.
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