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Abstract. To find k£ neighbor users on social networks, the efficient
approximate nearest neighbor search (ANNS) is useful. Existing graph
index methods have shown attractive performance, but suffer from inac-
curacy w.r.t. unindexed queries. To achieve both indexed and unindexed
queries for graph-index methods, we propose an incremental graph index
based method for ANNS on social networks. First, graph convolutional
network based on attention mechanism is adopted to embed the social
network into low-dimensional vector space, on which the graph index is
constructed efficiently. To add the unindexed queries to the graph index
incrementally, we propose Bayesian network (BN) learned from social
interactions to represent dependency relations of unindexed queries and
their neighbors, and perform probabilistic inferences in BN to infer the
closest neighbors of unindexed queries. Extensive experiments show that
our proposed method outperforms the state-of-the-art methods on both
execution time and precision.

Keywords: Social network - Similarity search - Incremental graph
index - Bayesian network - Probabilistic inference

1 Introduction

Millions of people use various social networks to connect with friends and family,
and share private information. A key issue in social network is to find out the
prospective friends of users so as to extend the users’ social cycles. For example,
Facebook has a friend finding page that suggests people you may know based
on factors like mutual friends, shared workplaces or similar social interactions.
Approximate nearest neighbor search (ANNS), as a similarity search method, is
more widely utilized to find k neighbors of users by constructing efficient index
on large-scale and high-dimensional social networks, striking a better trade-off
between accuracy and efficiency [24]. As shown in Fig.1 (a), ANNS starts with
a navigating node and takes a greedy routing strategy to find the query’s k
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(k = 3) neighbors by calculating the similarity based on Euclidean distance
among nodes.

Graph-index ANNS [7,8,23] methods show attractive performance for
indexed queries (queries in graph index). However, these methods do not sup-
port unindexed queries (queries not in graph index) that lead to the curse of
inaccurate search results. For example, although indexed query is closer to unin-
dexed query than other indexed nodes, indexed query’s neighbors do not include
unindexed query in Fig. 1 (a). When unindexed query is added into graph index,
it becomes indexed query’s neighbor in Fig. 1 (b) that improves the accuracy of
search results. Besides, graph-index ANNS cannot be directly fulfilled on social
network but feature vectors [18], where the feature vectors, i.e. node embeddings
of a social network, are commonly used to construct graph index. To this end,
we will address the following problems to update unindexed queries into graph
index: 1) how to map social network to obtain node embeddings and construct
graph index on node embeddings; 2) how to describe the dependency relations
of nodes by making fully use of social interactions; 3) how to add the edges of
unindexed queries and their neighbors efficiently and accurately.

Unindexed

qlary Neighbor Neighbor _ Neighbor

Neighbor
Navigating Indexed Navigating Indexed
node Query  Neighbor node Query  Neighbor
(a) ANNS on Graph index (b) ANNS on Incremental graph index

Fig. 1. Search results of the indexed query on graph index vs incremental graph index.
(a) the search results (green circles) of indexed query do not include the unindexed
query. (b) the search results of indexed query include the unindexed query. (Color
figure online)

To address the aforementioned problems and improve the performance of
ANNS, our Probabilistic Inference based Incremental Graph Index (PI-IGI) for
similarity search on Social Networks is proposed. The graph index could be con-
structed efficiently on node embeddings rather than the social network itself. To
map the social network into vector space while preserving network structure,
an two-layer graph convolutional network (GCN) is proposed to generate node
embeddings by adding a masked graph attention mechanism. Based on the simi-
larity calculation of node embeddings, the initial graph index, also named KNNG,
could be easily constructed. To keep the neighbors distributed around the nodes
of KNNG, we prune the edges by constraining the angles of edges. A depth-first-
search (DFS) tree is also built to keep the connectivity of graph index.

As shown in Fig. 1 (b), the increment graph index could improve the accu-
racy of search results. To update the unindexed queries into graph index, a
candidate selection method is proposed to generate enough candidate neighbors
to connect with unindexed queries. The Bayesian network (BN), including a



460 T. Lu et al.

directed acyclic graph (DAG) and conditional probability tables (CPTs), is used
to qualitatively and quantitatively describe the dependency relations of ran-
dom variables [16,22]. To describe the dependency relations between unindexed
queries and their candidate neighbors based on social interactions, we propose
the concept of query neighbor based Bayesian network (QNBN) and learn the
DAG and CPTs of QNBN by rule-based method. The nodes of QNBN corre-
spond to unindexed queries and their candidate neighbors, and edges correspond
to the dependency relations of unindexed queries and their candidate neighbors.
On the learned QNBN, we perform approximate inferences to infer the potential
edges of unindexed queries and their candidate neighbors to be added into the
graph index. Furthermore, a neighbor evaluation function is proposed to esti-
mate which edges are added into the graph index, where the function combines
Fuclidean distance and posterior probabilities of nodes. Finally, the top k£ neigh-
bors of each unindexed query could be obtained by performing ANNS on the
graph index.

The experimental results demonstrate that our PI-IGI improves the search
precision by at least 5% and the search speed by at least 10% compared with
the state-of-the-art methods.

The rest of this paper is organized as follows: Sect. 2 shows the related work.
Section 3 presents our method PI-IGI. Section 4 provides the experimental results
of PI-IGI compared to state-of-the-art methods. We give the conclusion and
future work in Sect. 5.

2 Related Work

Non-graph-index ANNS. The non-graph-index methods mainly include tree-
based, permutation-based, and hashing-based methods in Fig.2. Tree-based
methods partition data by their dimensions, including KD-tree [3], PM-tree [30],
and NV-tree [15]. Hashing-based methods divide the data by hash functions and
map the divided data into hyper-surfaces, including locality-sensitive hashing [4],
spectral hashing [11] and minwise hashing [17]. Permutation-based methods use
codebooks to encode data that could reduce memory consumption, including
variance-aware quantization [20] and product quantization [19]. However, non-
graph-index methods are much less efficient than graph-index ones when per-
forming ANNS on large-scale social networks, due to traversing more nodes
than graph-index methods. Therefore, we need to propose a graph-index ANNS
method to improve the search efficiency.

Graph-index ANNS. Graph-index methods in Fig.2 are more efficient and
effective than non-graph-index methods for ANNS [24]. The state-of-art meth-
ods [7,8,18,23] improve the performance of ANNS by using different edge-select
strategies. HCNNG [18] uses a hierarchical clustering algorithm to build graph
index with a balanced tree structure, decreasing the memory consumption of
graph index. NSG [8] builds a monotonic graph index to shorten the search path
and obtains better performance of ANNS compared to HCNNG. GI-DSNE [23]
is constructed by pruning edges on pre-built KNNG [21] and employs depth-
first-search (DFS) trees to keep the connectivity of index, but suffers the curse
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of search precision of unindexed queries. NSSG [7] constrains the edges between
two nodes to adjust the sparsity of index to guarantee the monotonicity of the
search path of unindexed queries. However, these graph-index methods ignore
the incremental updates of graph index.

(a) Tree index (b) Permutating index  (c) Hashing index (d) Graph index

Fig. 2. Different base indexes on the identical dataset. The red circle represents query
node, while dark green, light green and blue circles represent the nearest neighbors,
checked and unchecked nodes, respectively. (Color figure online)

3 Methodology

In this section, we introduce our proposed method PI-IGI in Fig. 3 that includes
graph index construction, QNBN learning, incremental graph index construction,
and ANNS on graph index.

3.1 Graph Index Construction of Social Network

The formal definitions of social network, social network embedding and graph
index are presented at first.

Definition 1. A social network is denoted as G = (V, E), where V = {v;}}
is a set of nodes representing users, £ = {eij}ﬁjzl is a collection of edges. A =
{ai;j}i ;=1 is an adjacency matrix of G, where a;; = 1 if and only if there is an
edge e;; between v; and vj, vice versa, a;; = 0.

Definition 2. The embedding Y = {y;}", of G is a mapping f: v; to y; € R4,
where d << n and the function f preserves the structure of G.

Definition 3. A index G!(V!, E!,§) is built on Y by graph-index methods,
where VI = {v/}7_, is a set of nodes, E = {e[;}}",_; is a set of edges, and
d;; € 0 is the similarity function based on the Euclidean distance (I> norm)
between viI and v]I» in Eq. 1.

-1 3
8ij = 6(v],vj) = (Z(Ui[l - Ufz)2> (1)

=0
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Fig. 3. Overview of our proposed PI-IGI. (a) the graph index is constructed on social
network embedding. (b) the QNBN is learned on selected candidate neighbors of unin-
dexed queries (red circles) and edges of incremental graph index are added by perform-
ing probabilistic inferences in QNBN. The cyan, pink and yellow circles represent the
nearest candidate neighbors of unindexed queries, one-hop and two-hop neighbors of
cyan circles, respectively. (c) the search results (green circles) of unindexed queries and
indexed queries is obtained by ANNS on graph index. (Color figure online)

Definition 4. Social interactions characterizing a set of node pairs 2 = {<
v, v; > |v;,v; € V,i # j}is denoted as an adjacency matrix M, where < v;,v; >
denotes an social interaction between v; and v;.

To construct graph index for ANNS on low-dimensional vector space, graph
convolutional network (GCN) based on attention mechanism is proposed to map
social network to generate node embeddings. In order to preserve the structure
of social network effectively, the social network is transformed to a node degree
matrix D and adjacency matrix A as inputs of two-layer GCN. In real social
network, the neighbors of a node should be assigned to different weights because
of different relationship strengths among nodes. To ensure important neighbors
obtain large weights, the masked graph attention mechanism [29] concatenated
to GCN aims to allocate weight to different neighbors. The node embedding y; is
generated by averaging aggregated features from each attention head as follows

> By W -z 2)

JEN;

where Z = GCN(D, A), z; € Z denotes the initial node embedding, W =
GCN(M, A), W denotes weight matrix, A; denotes the neighbor set of z;, and
Bi; denotes attention coefficient between z; and z;.
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To speed up the construction of graph index, we construct a graph index
based on KNNG. Considering that the KNNG has plenty of edges that give rise
to detours in the search path and memory consumption. In order to improve the
efficiency of ANNS and guarantee the monotonicity of search path, we prune the
edges of KNNG, cut long edges and control the angles among edges from 0° to
60° by ANNS starting from navigating nodes that is the centroid of data. To
ensure the connectivity of graph index, DFS tree is spanned to merge possible
connected indexes.

3.2 QNBN Learning on Social Interactions

To add unindexed queries into graph index efficiently, the enough candidate
neighbors of unindexed queries are first obtained from graph index. Then, QNBN
is learned from frequent itemset based on social interactions to describe the
dependency relations of unindexed queries and their candidate neighbors. The
frequent itemset and QNBN are defined as

Definition 5. The frequent itemset F' consists of items in social interactions
and satisfies the following condition

Support(F) = P(F; Q) > minsupport (3)

where {2 is a set of social interactions, P(F; {2) denotes the frequency of F
occurred in {2, and mingsypport denotes the threshold of minimum support.

Definition 6. B = (G, ) represents a QNBN with a directed acyclic graph G
and conditional probability parameters 6, where

e G = (V&) is aDAG, V = {X;}%, is a collection of nodes of DAG, & =
{rij }i5-1(i # j) is a set of edges of DAG, X represents a node or a conjuction
of nodes and X; takes the values of 0 or 1.

e @ is a collection of probability parameters of nodes V.

Candidate Neighbor Selection of Unindexed Queries. To generate the
candidate neighbors of unindexed query v,, we propose a candidate neighbor
selection method based on NN-Descent [5]. The node vII) having the minimum
Euclidean distance with v, is first obtained by traversing the nodes in graph
index and the one-hop and two-hop neighbors (orange nodes and yellow nodes
in Fig.3 (b)) of v} are considered as candidate neighbors of vy, that is, the
neighbors’ neighbors of 1111, are also its neighbors, defined as

Vi (vp) = {ol o] € GT A d(vy,v]) <= max(8(vy, v]))}, vy € Vi (vy).  (4)

where V! denotes a set of candidate neighbors of vé, §(v!, v!) represents the

p Vi
Euclidean distance between of pair node, max(§(vf,v})) denotes the maximum

Euclidean distance of node vé and its one-hop neighbor.
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The number of candidate neighbors of v, is further reduced by clustering its
candidate neighbors to improve the efficiency of the update of graph index. To
cluster candidate neighbors efficiently, k-means+-+ algorithm is adopted due to
its better convergence and possessing a more intelligent initialization strategy
for centroid placement [6].

Social interactions imply the dependency relations of unindexed queries and
their neighbors, which are used to obtain query neighbor rules (QNRs) to learn
the structure of QNBN. The QNBN learning includes structure learning and
parameter learning, where the QNR needs to satisfy two properties:

1) The more frequently between two nodes of G interact, the stronger the
dependency relations between nodes are, i.e., the more frequent interactions

< w/,v] > between v/ and v] are, the more possibly QNR v/ — v between
them is occurred.

2) The shorter hop between two nodes of G' are, the more possibly QNR v} — v]I-
between them is occurred, i.e., if there exists v! — ’UJI- and v — vlg — ’U]I-, the
more possibly QNR v! — UJI» exists.

Structure Learning. To generate QNRs to learn the structure of QNBN; a set

of frequent itemsets F is first obtained by Eq. 3, where each QNR Iy — (I —Iy)

extracted from F satisfies S422ort(l).
support(ls)

confidence of QNR. The confidence of a QNR v} — 11]1- could be formulated as

> «, and « is the threshold of the minimum

support(v] Uvy)

(5)

confidence(vl — vl) = P(vl|v]) =
fidenee(u! = uf) = P(u]Juf) = “ 0
where support (vl U UJI» ) is number of social interactions of v{ or UJI. , support(vl)
is the number of social interactions of v} .
Further, each QNR between unindexed query v, and its candidate neighbors
is viewed as
vl AV AL AL =, (6)
On the basis of logical implication, QNR vf AvIA...Avl — v, is equivalently
transformed into Horn clause v{ Vo3 V..o,  vol Avd A ... AvlVa,. Once all Horn

clauses are transformed into DAGs, we merge DAGs to generate the ultimate
DAG of QNBN.

Parameter Learning. To calculate the dependency relations between unin-
dexed queries and their candidate neighbors quantitatively, we learn the CPT's
of each node in DAG. If the nodes have no parents, their prior probabilities are
evaluated by normalizing the number of frequent nodes in social interactions. If
the nodes have parents, we employ logical constraints represented by Boolean
expressions to evaluate their conditional probability

1, K'=bV..Vb,

0, otherwise

P(X; = K'7m(X;)) = (b1 ..., b)) = fxin(x:) = { (7)
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where 7(X;) denotes the parents of X;, k%, b; € {0,1}(1 <14, j < 2).

3.3 Probabilistic Inferences for Incremental Graph Index

To connect unindexed query with its candidate neighbors in the graph index
efficiently, approximate inference based on random sampling [22] is employed
to calculate posterior probability to quantitatively describe their dependence

relations. The posterior probability P(X;;i|X ) is formulated as
4(X, = K

where k% € (0, 1) is the set of possible values of X; and n, represents the sample
size. X;p: corresponds to v! of G! or unindexed query, if a node v} is in the
graph index, then the value k% of X; is 1, i.e., X; = 1.

To add the unindexed query into graph index accurately, a nearest neigh-
bor evaluation is proposed to measure the similarity of unindexed query and
its nearest neighbors of graph index. The nearest neighbor evaluation A/(vi] ,Vgq)
includes evaluations of structural similarity and conditional probability of unin-
dexed query and its nearest neighbors, formulated as

AWl W) =0 vg) + W 9)
where W is the penalty term defined as

P(X,=1X,r =160, v
W:— ( q |vf )(z q) (10)

n,1
’Ui’Uq

where the numerator part of the penalty term consists of posterior probability
and Euclidean distance among nodes, n,1, denotes the number of social inter-

actions of v} or vy, and P(X, = 1|X,1 = 1) denotes the probability of unindexed
query X, =1 given X, 1= 1.

According to Eq. 8, P(X = 1|X,r = 1) could be rewritten as w and
k? is set to 1, the neighbor evaluation function is formulated as

#(Xy = 1)o(v],vg)

Ns " Ny,

A'(vf vg) = 8(vf,0g) + W = (0] vy) -

(11)

The neighbor relationships between unindexed queries and their candidate
neighbors are calculated by Eq. 11. The top k neighbors of each unindexed query
could be obtained via the calculation results. Thus, the incremental graph index
is built by adding edges between unindexed queries and their top k neighbors.
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3.4 ANNS on Graph Index

For indexed queries, their k nearest neighbors are obtained by performing ANNS
on the graph index. For unindexed queries, we incrementally connect them into
the graph index and perform ANNS to find their k& nearest neighbors. The ideas
of PI-IGI are presented in Algorithm 1.

Algorithm 1. ANNS on incremental graph iIldex(GIw{,,vq,H)

Input: Graph index GT = (V! E',§), navigating node vé, query node vq, social inter-
actions set H,;
Output: k nearest neighbors of vy;
1: traverse the nodes to judge whether v, is an unindexed query or not.
2: if v, is an unindexed query then
3: o] « the node of index has nearest neighborhood relationship with v,.
4:  obtain candidate neighbor set C! of v,.
5:  learn QNBN on CI.
6 perform probability inferences on QNBN to obtain the nodes set S having depen-
dency relations with vg.
7:  for all each node v} in S do

8: if A/(vq,vf) < A,,.. then

9: add edge eq; into GI.

10: A;na,c — A (vg,v]).

11: if the number of v!’s neighbors > [ then

12: remove the node that has the minimum similarity with v;.
13: end if

14: end if

15:  end for

16: end if

17: return k nearest neighbors by performing ANNS over graph index.

The time complexity of steps 3 ~ 4, steps 5 ~ 6, steps 7 ~ 16 and step
17 is O(n) + O(k) + O(k3d + Tyk3d), O(] Y. ]) + O(]S]), O(]S]) and O(logn) ,
respectively. 77 is the number of iterations of k-means++ algorithm, | | is the
number of QNRs. The complexity of Algorithm 1 is O(|n|).

4 Experiments

In this section, our approach PI-IGI is compared with existing non-graph-index
and graph-index methods. Two sets of experiments are conducted on social net-
works: 1) the efficiency of social network embedding and graph index updating;
2) the effectiveness and efficiency of ANNS on PI-IGI. Each experiment was
repeated for five times, we exhibit the average evaluations of social network
embedding, graph index updating and ANNS.
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4.1 Experimental Setting

Datasets. Real-world social networks such as Facebook!, soc-Reddithyperlink
(Soc)?, Twitter® and Weibo* are employed and all network datasets contain
social interactions. Facebook describes communication among people over time.
Soc is generated by extracting available Reddit data. Twitter and Weibo contain
lots of social interactions among users, such as comments and retweeted posts.
Table 1 provides more details, where #(Interaction) represents the number of
social interactions, #(FEdge) represents the number of edges and #(Query) rep-
resents the number of unindexed queries.

Table 1. Details of social networks.

Dataset | #(Interaction) | #(Fdge) | #(Query)
FaceBook | 33,720 7089 10
Soc 2,712,512 858,490 700
Twitter |4,012,396 1,003,564 | 1000
WeiBo 4,178,974 1,054,196 | 1000

Comparison Methods. Our method PI-IGI was compiled by using C++14
to compare with existing graph-index methods and non-graph-index methods.
GI-DSNE has an extra step to embed social network into low-dimensional vector
space, while other comparative methods construct indexes on low-dimensional
vectors directly. We performed the experiments on a machine running the
Ubuntu operating system, equipped with a ten-core Intel Core 19-10900X CPU
operating at 3.7 GHz and 128GB of main memory.

¢ GI-DSNE [23] embeds social network into low dimensional vector space,
constructs the graph index on node embeddings, and cuts redundant edges
of graph index to improve the construction time of graph and precision of
ANNS.

e NSSG?® [7] prunes the edges via constraining angle between two edges and
guarantees search path being monotonic.

e NSGF [8] constructs a monotonic graph index based on MRNG and regards
the global centroid of the graph index as the navigating node.

e FANNG [10] selects more discretely distributed neighbors from more than
k nearest vertices based on RNG.

! https://nrvis.com/download /data/dynamic/.

2 https://snap.stanford.edu/data/soc-RedditHyperlinks.html.
3 https://www.aminer.cn/data-sna# Twitter-Dynamic-Net.

4 https://aminer.org/Influencelocality.

® https://github.com/ZJULearning/SSG.

5 https://github.com/ZJULearning/nsg.

7 https://github.com/ZJULearning/efannagraph.
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e HCNNGS? [18] constructs graph index based on MST and its navigating
node is obtained on building KD-tree.

e FAISSY [12] is a non-graph index based permutation, which has both CPU
and GPU versions, with the CPU version being employed.

e FALCONN!? [1] based on locality-sensitive hashing (LSH) has excellent
search performance on low-dimensional datasets.

e ANNOY!! [2] is a tree-based index built by constructing an elegant binary
space partition (BSP) tree.

Evaluation Metrics. We used ¢ to evaluate the efficiency of network embed-
ding. The parameters d, o and m were varied to evaluate the update time of PI-
IGI. The search performance of PI-IGI was evaluated by calculating the queries
per second (QPS) and the search precision of ANNS. Precision is defined as
precision = UTS‘G‘, where R denotes query result set and G denotes the real

result set.

4.2 Experimental Results

Efficiency of Social Network Embedding and Graph Index Updating.
We recorded the execution time of social network embedding and graph index
updating on different datasets by varying the dimension d of embeddings and
the confidence threshold a of QNRs selection, respectively, to evaluate their
efficiency.

Ezxp-1.1 Impacts of d on the execution time of social network embedding. PI-IGI
is compared with GI-DSNE because of these methods including extra embed-
ding step. To estimate the execution time of embedding on different datasets in
Table 1, d was varied from 128 to 512. Table2 shows the results of embedding
execution time. For each dataset, we found that the larger the dimension is, the
longer the time of embedding is, such as d = 512 taking about 0.48 times more
embedding time than that of d = 128 on Facebook, since the more the dimen-
sion of embeddings, the longer the time of embedding computation. Besides,
the larger the dataset is , the more time the embedding takes, such as Soc tak-
ing about 150 times more embedding time than that of FaceBook on the same
dimension d = 128. Moreover, our embedding method is more efficient than GI-
DSNE under the same condition. This is because the masked graph attention
mechanism incorporates linear transformations of features to map the original
high-dimensional features to a lower-dimensional space, learning to reduce the
computational complexity of embedding.

To demonstrate the efficiency of graph index updating on all datasets in
Table 1, we evaluated the impacts of different confidences o of QNR selection
and various embedding dimensions d of datasets on the update time of PI-IGI.

8 https://github.com/jalvarm /henng.

9 https://github.com/facebookresearch /faiss.
19 https://github.com/FALCONN-LIB/FALCONN.
1 https://github.com/spotify /annoy.
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Table 2. Impacts of data size and date dimension on the execution time of graph
embedding methods.

Dataset Embedding time(s)

d=128 |d=192 d=256 |d=320 |d=384 |d=448 |d=b12
Facebook(GI-DSNE) | 17.0637 |33.63 54.25 68.94 92.31 103.23 115.48
Facebook(PI-IGI) 2.49 2.66 2.79 3.04 3.24 3.58 3.71
Soc(GI-DSNE) 9264.246 | 10581.97 | 15962.47 | 27994.11 | 33427.21 | 40892.55 | 52911.96
Soc(PI-IGI) 347.95 |369.60 |403.90 ' 429.00 |462.77 |502.63 | 549.70
Twitter(GI-DSNE) | 13278.47 | 20742.23 | 26117.31 | 37945.17 | 50720.07 | 59429.64 | 72145.37
Twitter(PI-IGI) 1180.26 | 1297.54 | 1387.17 | 1483.39 | 1561.77 | 1683.47 | 1767.71
WeiBo(GI-DSNE) 13496.97 | 22717.90 | 29047.47 | 38125.68 | 51990.84 | 61294.23 | 74001.23
WeiBo(PI-IGI) 1206.19  1305.00 | 1415.49 | 1492.68 | 1574.51 | 1694.82 | 1789.40

@ Facebook "'Soc 9 Twitter WeiBo
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Fig. 4. Impacts of a and d on the execution time of graph index updating.

Ezxp-1.2 Impacts of confidence a of QNR selection on the update time of graph
index. The confidence a of QNR selection affects the update time of graph index.
We find in Fig. 4 (a) that the time will be longer when o becomes smaller. This
implies that the smaller the confidence threshold « is, the more QNRs are utilized
to learn QNBN.

Ezxp-1.3 Impacts of embedding dimension d on the update time of graph indez.
To discover the impact of different dimensions of datasets on the update time
of graph index, d was varied from 128 to 512. The results show that the larger
the dimension is, the more time the update of graph index costs in Fig.4 (b).
This is because the higher the dimension of embeddings is, the longer time the
PI-IGI takes to train GCN and masked graph attention mechanism.

Effectiveness and Efficiency of ANNS. To demonstrate the effectiveness
and efficiency of ANNS on PI-IGI, we adopted QPS vs search precision to com-
pare PI-IGI with five graph-index methods and three non-graph-index methods.



470 T. Lu et al.

“@-PI-IGI -‘-NSG #NSSG 4FFANNG “+HCNNG 4ED 4GI-DSNE “FAISS -e-ANNOY $¢FALCONN

1.3x10% - . 1200

= 3L ]
P 9% 10 800
o
3L ]
5% 10 400
I T A A Hataa () [t AN
090 092 094 096 098 1.00 090 092 094 096 098 1.00
(a) Precision@10 (Facebook) (b) Precision@10 (Soc)
2400} ¢
1600
1800
= 1200
e 1200
%)
8 800
600 T 400 F
U Snisainnsans R oo O e e
090 092 094 096 098 1.00 090 092 094 096 098 1.00
(c) Precision@10 (Twitter) (d) Precision@10 (WeiBo)

Fig. 5. QPS Vs Precision.

Exp-2.1 Queries Per Second vs Search Precision. For PI-IGI, NSG and NSSG,
the quality and the size of graph indexes were set to 100 and 50, respectively.
Meanwhile, the angles between two edges were set to 50 and the maximum
candidate pool size was set to 100. For all compared methods, the dimension
of datasets, the quality of search results and the number of neighbors were set
to 256, 20 and 15, respectively. The QPS vs search precision of each indexing
method is reported in Fig. 5. The results are as follows:

1) The search efficiency of PI-IGI is higher than that of other methods. For
instance, the QPS of PI-IGI is higher by about 20% than that of GI-DSNE
on Twitter when the precision attains 0.90. This is because that PI-IGI is an
incremental graph index, the search path of unindexed queries’ k neighbors
becomes shorter.

2) Given same QPS and dataset, the precision of PI-IGI is higher than that of
other methods. For example, the precision of PI-IGI is about 5% higher than
that of GI-DSNE on Facebook by fixing the QPS as 500, since unindexed
queries could be found in search results.

3) It is not difficult to find that graph-index methods achieve much better ANNS
performance than non-graph-index methods.
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Exp-2.2 Ablation Experiment. To verify the effectiveness and efficiency of PI-IGI,
we conducted incremental graph index method based on Euclidean distance (ED)
to compare with PI-IGI. As shown in Fig. 5, the QPS of PI-IGI is higher than
that of ED at the same precision, such that the QPS of PI-IGI is approximately
10% higher than that of ED on WeiBo when the search precision attains 0.98.
This implies that PI-IGI takes shorter path to search neighbors of unindexed
queries. Moreover, the search precision of PI-IGI is higher than that of ED at
the same QPS, such that the precision of PI-IGI is approximately 3% higher
than that of ED on WeiBo by fixing the QPS as 1200. This is because that
PI-IGI obtains more accurate neighbors by calculating the dependency relations
of unindexed queries and their candidate neighbors.

5 Conclusion and Future Work

We present a probabilistic inference based incremental graph index for ANNS,
which improves search precision by at least 5% and search efficiency by 10%
compared to the state-of-the-art methods. The improvements are due to the
addition of unindexed queries into the graph index. Besides, we propose QNBN to
describe the dependency relations between unindexed queries and their candidate
neighbors and perform approximate inference in QNBN to infer the potential
edges of graph index. Theoretical analysis and extensive experiments manifest
the advantages of our method. In the future, we will propose a novel method
based on Bayesian neural network to obtain accurate dependency relations of
nodes to improve the precision of ANNS on PI-IGI.
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