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ABSTRACT
Link discovery in heterogeneous graphs, i.e., finding target edges
between existing nodes, is a key task in many real-world appli-
cations. Since some path types between node pairs are related to
target edges, the meta-path is widely used to represent these path
types. However, the complexity of meta-path sampling grows ex-
ponentially with hop count, making long meta-paths impractical to
sample on billion-scale graphs. Bidirectional search offers a natural
way to split a long meta-path into two shorter meta-paths, each
starting from one of its endpoints. However, different meta-paths
have different structures, making it difficult to parallelize bidirec-
tional meta-path sampling with uniform operations. Furthermore,
existing models are not designed to jointly leverage the meta-path
instances from bidirectional sampling. To address these challenges,
we first introduce bidirectional meta-path, a unified path schema
for bidirectional paths connecting node pairs. Based on this, we
present BiLink, a framework for link discovery in billion-scale het-
erogeneous graphs. Specifically, BiLink represents all meta-paths
in a unified table format and implements bidirectional meta-path
sampling in distributed systems with uniform table operations. It
also includes BiPathNN, a model that represents path instances as
embedding sequences and jointly encodes them via the Transformer
encoder for link prediction. Experiments show that bidirectional
meta-path sampling is over 13 times faster than traditional meta-
path sampling, while BiPathNN improves average precision by
over 6% compared to state-of-the-art baselines. Moreover, BiLink
has been deployed to discover companies’ key personnel from 1.8
billion candidate pairs, increasing contact success rate by 86%.
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Figure 1: Problem of finding unknown key personnel.
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1 INTRODUCTION
Many real-world scenarios involve multiple types of entities con-
nected by diverse relations, which are naturally represented as
heterogeneous graphs [55, 77]. Link discovery [49, 63, 79] in hetero-
geneous graphs, i.e., finding target edges between existing nodes,
has become increasingly important [16, 57, 67] and has been ap-
plied in areas such as social networks [24, 72, 85] and knowledge
graph completion [7, 32, 65]. In this paper, we primarily focus on
link discovery in billion-scale heterogeneous graphs and its
application to discovering companies’ key personnel. As illustrated
in Figure 1, identifying key personnel enables service providers to
contact the right people for product promotion. Moreover, our solu-
tion can be applied to other link discovery tasks, such as discovering
authors’ new references and coauthors.

Since unknown target edges cannot be directly queried from the
graph, Heterogeneous Graph Neural Networks (HGNNs) [26, 63]
are widely adopted to predict them by aggregating neighborhood
information of node pairs. When applied to large-scale graphs [35,
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Figure 2: Bidirectional search reduces the complexity of
sampling meta-path instances between a node pair.

37, 48], most HGNNs require subgraph sampling to control com-
putational costs. The sampling approaches can be broadly catego-
rized into k-hop sampling and meta-path sampling. K-hop sam-
pling [23, 34] collects all neighbors within 𝑘 hops of each node.
HGNNs based on this approach, such as R-GCNs [53] and HGT [29],
typically aggregate neighborhood information hop by hop. How-
ever, due to the neighbor explosion problem [66], 𝑘 is typically
limited to 2 for large-scale graphs [5], so these methods struggle
to capture long-range structural information. To address this lim-
itation, meta-path sampling was introduced. A meta-path [56] is
a path schema defined by a sequence of node and edge types. For
example, “Company→ Account→ Person” represents a meta-path
for the graph in Figure 1. Given a meta-path, meta-path sampling
starts from a seed node and samples paths following the meta-
path. HGNNs based on this approach, such as MAGNN [19] and
SeHGNN [71], typically aggregate neighborhood information along
each meta-path. However, since the number of sampled paths still
grows exponentially with path length, sampling long meta-paths
remains time-consuming for large-scale graphs.

When sampling meta-paths between node pairs for link dis-
covery, bidirectional search [54] provides a natural way to reduce
complexity. In a graph with average degree 𝑑 , the number of sam-
pled paths in meta-path sampling grows by a factor of 𝑑 at each
hop, resulting in a complexity of 𝑂 (𝑑𝑘 ) for a 𝑘-hop meta-path. As
illustrated in Figure 2, instead of sampling from a single node, bidi-
rectional meta-path sampling starts from both nodes of the pair. As
each node only needs to sample a 𝑘

2 -hop meta-path, this reduces
complexity to 𝑂 (𝑑 𝑘

2 ). Therefore, bidirectional meta-path sampling
makes it feasible to sample long meta-paths between node pairs for
large-scale link discovery.

However, applying this approach faces two key challenges:
• (i) Bidirectional Sampling in Distributed Systems. Running

bidirectional meta-path sampling on billion-scale graphs requires
implementation in distributed systems [2, 21, 74], which should
leverage uniform operations [73] to process data in parallel. How-
ever, different meta-paths have different structures, making it
challenging to implement bidirectional meta-path sampling with
uniform operations.

• (ii) Link Prediction with Bidirectional Meta-paths. Bidirec-
tional meta-path sampling first samples meta-paths from each
node and then intersects them. This produces both meta-paths

around each node and meta-paths connecting the node pair.
However, most existing meta-path-based models [64, 71] are
not designed to jointly leverage these meta-paths, requiring a
specialized model for effective link prediction.
To address these challenges, we first propose bidirectional meta-

path, a unified path schema for bidirectional paths connecting node
pairs. Based on this, we present BiLink, a novel framework for
link discovery in billion-scale heterogeneous graphs. Specifically,
BiLink represents all meta-paths as rows in a unified table format
and implements bidirectional meta-path sampling in distributed
systems through uniform table operations. Moreover, it includes a
model named Bidirectional Meta-path Neural Network (BiPathNN),
which represents all path instances of each node pair as embedding
sequences and jointly encodes them via the Transformer encoder
for link prediction. Based on these methods, BiLink first uses bidi-
rectional meta-path sampling to select candidate node pairs and
sample corresponding meta-path instances. Then, BiLink trains Bi-
PathNN on known target edges and applies it to discover unknown
target edges among all candidate node pairs.

In summary, this paper makes the following contributions.
• To the best of our knowledge, we are the first to propose bidirec-

tional meta-path, a unified path schema that enables leveraging
longer meta-paths for link discovery on billion-scale heteroge-
neous graphs.

• We introduce a novel framework, BiLink, which designs a bidirec-
tional meta-path sampling algorithm specifically for distributed
systems and includes BiPathNN, an effective model that jointly
leverages the sampling results for link prediction.

• Extensive experiments on three real-world tasks demonstrate
that bidirectional meta-path sampling is over 13 times faster than
traditional meta-path sampling, while BiPathNN improves aver-
age precision by over 6% compared to state-of-the-art baselines.

• We deploy BiLink to discover companies’ key personnel from 1.8
billion candidate pairs, increasing contact success rate by 86%.We
also apply it to discover authors’ new references and coauthors,
recalling over 31% of them within the top 1% of predicted pairs.

2 PRELIMINARY
2.1 Heterogeneous Graph
Although traditional Labeled Property Graphs (LPGs) [3, 18] in
graph databases [11] can represent different node and edge types
with diverse properties, heterogeneous graphs [39, 55] offer a more
uniform structure compatible with Graph Neural Networks (GNNs):

Definition 2.1. Heterogeneous Graph (HG). A heterogeneous
graph 𝐻𝐺 = (𝑉 , 𝐸) is a graph consisting of different types of nodes
(i.e., entities) and/or different types of edges (i.e., relations), each
type having a fixed feature format (i.e., properties):
• Each node 𝑣 ∈ 𝑉 is associated with a node type 𝑜 ∈ 𝑂 and a

feature vector f𝑣 ∈ R𝑑𝑜 , where 𝑑𝑜 is the feature dimension.
• Each edge 𝑒 ∈ 𝐸 is associated with an edge type 𝑙 ∈ 𝐿 and a

feature vector f𝑒 ∈ R𝑑𝑙 , where 𝑑𝑙 is the feature dimension.
• Multiple node types or edge types exist: |𝑂 | > 1 or |𝐿 | > 1.

When applying GNNs to large-scale heterogeneous graphs, sub-
graph sampling is essential to control computational costs. A com-
mon approach is k-hop sampling, which collects neighbors within
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𝑘 hops from a seed node. However, the number of sampled nodes
grows exponentially with the hop count, making it impractical for
large hop counts [66]. Another approach is meta-path sampling [56],
which samples paths following a predefined meta-path:

Definition 2.2. Meta-path. A meta-path 𝑝 is a path schema on

a heterogeneous graph 𝐻𝐺 denoted in the sequential form 𝑜0
𝑙0−→

𝑜1
𝑙1−→ · · ·

𝑙𝑘−1−−−→ 𝑜𝑘 , where 𝑜𝑖 is the type of the 𝑖-th node, 𝑙𝑖 is the
type of the 𝑖-th edge, and 𝑘 is the hop count.

Given a meta-path, meta-path sampling collects corresponding
path instances from a seed node:

Definition 2.3. Meta-path Sampling. In a heterogeneous graph
𝐻𝐺 = (𝑉 , 𝐸), given a seed node 𝑣0 and a meta-path 𝑝 , meta-path
sampling identifies sequences of nodes and edges 𝑣0

𝑒0−→ 𝑣1
𝑒1−→

· · ·
𝑒𝑘−1−−−→ 𝑣𝑘 starting from 𝑣0 that follow 𝑝 . These sequences are

called meta-path instances.

2.2 Bidirectional Meta-path
As Figure 2 shows, bidirectional search can significantly reduce the
cost of sampling meta-paths between node pairs. Although it is
widely used in directed graphs [54], applying it to heterogeneous
graphs requires a path schema for bidirectional paths connecting
node pairs. Therefore, we propose the following definition:

Definition 2.4. Bidirectional Meta-path. A bidirectional meta-
path 𝑝bi is a path schema on a heterogeneous graph 𝐻𝐺 denoted in

the bidirectional sequential form 𝑜0
𝑙0−→ · · · 𝑙𝑚−1−−−−→ 𝑜𝑚

𝑙𝑚←−− · · ·
𝑙𝑘−1←−−−

𝑜𝑘 . Specifically, for each bidirectional meta-path:

• The forward path 𝑜0
𝑙0−→ · · · 𝑙𝑚−1−−−−→ 𝑜𝑚 is referred to as the forward

meta-path, denoted as 𝑝fwd.

• The backward path 𝑜𝑘
𝑙𝑘−1−−−→ · · · 𝑙𝑚−−→ 𝑜𝑚 is referred to as the

backward meta-path, denoted as 𝑝bwd.
• 𝑜𝑚 is the type of the join node, which connects the forward and

backward meta-paths.

Given a bidirectional meta-path, bidirectional meta-path sam-
pling collects corresponding path instances from a seed node pair:

Definition 2.5. Bidirectional Meta-path Sampling. In a het-
erogeneous graph 𝐻𝐺 = (𝑉 , 𝐸), given a seed node pair (𝑣𝑎, 𝑣𝑏 )
and a bidirectional meta-path 𝑝bi = (𝑝fwd, 𝑜𝑚, 𝑝bwd), bidirectional
meta-path sampling first identifies:

• Forward meta-path instances 𝑣𝑎
𝑒0−→ · · · 𝑒𝑚−1−−−−→ 𝑣𝑚 starting from

𝑣𝑎 that follow 𝑝fwd.
• Backward meta-path instances 𝑣𝑏

𝑒𝑘−1−−−→ · · · 𝑒𝑚−−→ 𝑣𝑚 starting from
𝑣𝑏 that follow 𝑝bwd.

Then, by joining forward and backward instances sharing the same
join node 𝑣𝑚 , it obtains bidirectional meta-path instances following
the sequential form of 𝑝bi: 𝑣𝑎

𝑒0−→ · · · 𝑒𝑚−1−−−−→ 𝑣𝑚
𝑒𝑚←−− · · ·

𝑒𝑘−1←−−− 𝑣𝑏 .

Figure 3 illustrates an example of bidirectional meta-path sam-
pling for a 2-hop bidirectional meta-path. Specifically, the bidi-
rectional meta-path “Type 1 node→ Type 2 node← Type 3 node”
consists of a forward meta-path “Type 1 node→ Type 2 node” and
a backward meta-path “Type 3 node → Type 2 node”. Sampling

Forward Meta-path Join Node Backward Meta-path

Heterogeneous Graph for Bidirectional Meta-path Sampling

Type 2 NodeC

BA

D

Type 1 Node

Type 3 Node

C Seed Node PairB

E

Bidirectional Meta-path

Forward Meta-path Instances
Backward Meta-path Instances

C

B

Join at Join Node:      

Bidirectional Meta-path Instances C BE

E

E

E

Figure 3: Example of bidirectional meta-path sampling.

from the seed node pair (𝐶, 𝐵) yields 1 forward and 1 backward
meta-path instance. By joining them at join node 𝐸, we obtain 1
bidirectional meta-path instance.

2.3 Problem Definition
In this paper, we focus on link discovery in billion-scale hetero-
geneous graphs, i.e., using known target edges to find unknown
target edges between candidate nodes. Formally, given:
• A heterogeneous graph 𝐻𝐺 = (𝑉 , 𝐸).
• A target edge type 𝑙 tgt connecting node types 𝑜 tgt𝑎 and 𝑜 tgt

𝑏
, with

known edge set 𝐸tgtkn .
• Candidate node sets𝑉 cand

𝑎 and𝑉 cand
𝑏

of types 𝑜 tgt𝑎 and 𝑜 tgt
𝑏

respec-
tively, containing nodes that can be connected by target edges
of type 𝑙 tgt.
We aim to discover the unknown target edge set 𝐸tgtunk between

candidate node sets 𝑉 cand
𝑎 and 𝑉 cand

𝑏
.

3 DATA FORMULATION
3.1 Graph Construction
Traditional graph neural network platforms like PyG [17] and
DGL [62] require loading the entire graph into memory, making
them unsuitable for graphs that exceed memory limits [12, 61]. To
handle such large-scale graphs, industrial platforms like Graph-
Learn [87] and AGL [78] adopt distributed systems to store and
process graph data. Following these platforms, we store and process
our billion-scale graph 𝐻𝐺 = (𝑉 , 𝐸) in distributed systems as two
types of tables:
• Node Table: Node table V stores all nodes in three columns: V.𝑜

for the node type 𝑜 ∈ 𝑂 , V.𝑣 for the node identifier, and V.f for
the 𝑑𝑜 -dimensional feature vector.

• Edge Table: Edge table E stores all edges in four columns: E.𝑙 for
the edge type 𝑙 ∈ 𝐿, connecting nodes of types 𝑜𝑎 and 𝑜𝑏 , E.𝑣𝑎
and E.𝑣𝑏 for the identifiers of the two connected nodes, and E.f
for the 𝑑𝑙 -dimensional feature vector.
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Table 1: Example meta-path instance table.

P.𝑘 P.𝑂 P.𝐿 P.𝐸𝑎 P.𝐸𝑏 P.𝑉
2 [Company, Account, Person] [Company-Account, Person-Account] [0, 2] [1, 1] [Company A, Account A, Person A]

Table 2: Example subgraph table, with each row shown in two parts.

S.𝑣𝑎 S.𝑣𝑏 S.P.𝑛𝑝 S.P.𝑡 S.P.𝑘 S.P.𝑂 S.P.𝐿 S.P.𝐸𝑎 S.P.𝐸𝑏 S.P.𝑉

Company A Person A 200
[forward,
bidirectional, . . . ]

[1,
1, . . . ]

[[Account],
[], . . . ]

[[Company-Account],
[Person-Company], . . . ]

[[0],
[1], . . . ]

[[1],
[0], . . . ]

[[Account A],
[], . . . ]

S.V.𝑛𝑣 S.V.𝑜 S.V.𝑣 S.V.f S.E.𝑛𝑒 S.E.𝑙 S.E.𝑣𝑎 S.E.𝑣𝑏 S.E.f
500 [Company, . . . ] [Company A, . . . ] [[0.3, . . . ], . . . ] 300 [Company-Account, . . . ] [Company A, . . . ] [Account A, . . . ] [[0.4, . . . ], . . . ]

For link discovery tasks, we additionally define two types of
tables for known target edges and candidate nodes:
• Known Target Edge Table: Known target edge table Etgtkn stores

all known edges of target edge type 𝑙 tgt in two columns: Etgtkn .𝑣𝑎

and Etgtkn .𝑣𝑏 for the identifiers of the two connected nodes.
• Candidate Node Tables: Candidate node tables Vcand

𝑎 and Vcand
𝑏

store candidate nodes of types 𝑜 tgt𝑎 and 𝑜
tgt
𝑏

respectively. Each
table has one column: Vcand

𝑎 .𝑣 or Vcand
𝑏

.𝑣 for the node identifier.

3.2 Meta-path Representation
To implement bidirectional meta-path sampling in distributed sys-
tems, we store meta-paths and bidirectional meta-paths in a unified
tabular format. Their instances are obtained by traversing edges in
the edge table E, where each edge of type 𝑙𝑖 connects nodes of types
𝑜𝑎 and 𝑜𝑏 . Since such an edge can be traversed in either direction,

each hop 𝑜𝑖
𝑙𝑖−→ 𝑜𝑖+1 may correspond to either 𝑜𝑎

𝑙𝑖−→ 𝑜𝑏 or 𝑜𝑏
𝑙𝑖−→ 𝑜𝑎 .

Accordingly, we define the following table:
• Meta-path Table:Meta-path tableM stores meta-paths and bidi-

rectional meta-paths as their node type and edge type sequences.
Each row stores one path schema with the following columns:
– M.𝑘 stores the hop count 𝑘 of the path schema.
– M.𝑂 stores the node types along the path schema as a (𝑘 + 1)-

length array [𝑜0, 𝑜1, . . . , 𝑜𝑘 ].
– M.𝐿 stores the edge types along the path schema as a 𝑘-length

array [𝑙0, 𝑙1, . . . , 𝑙𝑘−1].
– M.𝐸𝑎 andM.𝐸𝑏 are 𝑘-length arrays. For the 𝑖-th edge of type

𝑙𝑖 connecting node types 𝑜𝑎 and 𝑜𝑏 , M.𝑂 [𝐸𝑎 [𝑖]] = 𝑜𝑎 and
M.𝑂 [𝐸𝑏 [𝑖]] = 𝑜𝑏 .

Based on the meta-path table, we define another table to store
path instances:
• Meta-path Instance Table:Meta-path instance table P contains

instances of both meta-paths and bidirectional meta-paths. Each
row stores a path instance and its corresponding path schema
with the following columns:
– P.𝑘 , P.𝑂 , P.𝐿, P.𝐸𝑎 , and P.𝐸𝑏 store the path schema for each

instance, where each column corresponds to the same column
in the Meta-path Table.

– P.𝑉 stores the node identifiers along the path instance as a
(𝑘 + 1)-length array [𝑣0, 𝑣1, . . . , 𝑣𝑘 ]. Moreover, P.𝑉 [𝐸𝑎 [𝑖]] and
P.𝑉 [𝐸𝑏 [𝑖]] store the node identifiers of 𝑣𝑎 and 𝑣𝑏 connected
by the 𝑖-th edge 𝑒𝑖 .

Table 1 shows a meta-path instance table with one meta-path
instance "Company A→ Account A→ Person A" of the meta-path
"Company→ Account→ Person".

Moreover, as defined in Definition 2.5, bidirectional meta-path
sampling starts from seed node pairs. Seed node pairs can be stored
as a seed node pair table Eseed, where each row contains a node pair
(𝑣𝑎, 𝑣𝑏 ) with their node types (𝑜𝑎, 𝑜𝑏 ); or as two seed node tables
Vseed
𝑎 and Vseed

𝑏
, representing all pairs in Vseed

𝑎 × Vseed
𝑏

.

3.3 Subgraph Representation
For link prediction using bidirectional meta-path sampling, each
node pair requires a subgraph of its sampled paths and the feature
vectors of the nodes and edges along them. However, these paths
and feature vectors are stored in separate rows across the Node,
Edge, and Meta-path Instance tables. Reading these rows individ-
ually requires many separate reads, which is slow in distributed
systems. We therefore store each node pair’s subgraph in a single
row, defined as follows:

• Subgraph Table: Subgraph table S stores the subgraph formed
by paths sampled for each node pair. Each row stores a node
pair with its corresponding paths and feature vectors with the
following columns:
– S.𝑣𝑎 and S.𝑣𝑏 store the identifiers of the two nodes.
– S.P stores all corresponding path instances:
∗ S.P.𝑛𝑝 stores the number of path instances.
∗ S.P.𝑡 is an 𝑛𝑝 -length array marking each path instance as
“forward”, “backward”, or “bidirectional”.
∗ S.P.𝑘 , S.P.𝑂 , S.P.𝐿, S.P.𝐸𝑎 , S.P.𝐸𝑏 , and S.P.𝑉 are 𝑛𝑝 -length

arrays collected from the same columns in the Meta-path
Instance Table. Moreover, S.P.𝑂 and S.P.𝑉 omit the nodes
already known from S.𝑣𝑎 , S.𝑣𝑏 , and S.P.𝑡 .

– S.V stores all unique nodes appearing in the subgraph:
∗ S.V.𝑛𝑣 stores the number of nodes.
∗ S.V.𝑜 , S.V.𝑣 , and S.V.f are 𝑛𝑣-length arrays storing the type,

identifier, and feature vector of each node.
– S.E stores all unique edges appearing in the subgraph:
∗ S.E.𝑛𝑒 stores the number of edges.
∗ S.E.𝑙 , S.E.𝑣𝑎 , S.E.𝑣𝑏 , and S.E.f are 𝑛𝑒 -length arrays storing

the type, the identifiers of the two connected nodes, and
the feature vector of each edge.

Table 2 shows a subgraph table with one subgraph for node pair
(Company A, Person A).
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Figure 4: The overall structure of our BiLink framework.

Table 3: Notation used in this section.

Symbol Meaning
𝑘bi Max hop count for considered bidirectional meta-paths
𝑛sample Max sampled path instances per meta-path for each node pair
𝑛cand, 𝑛sub # top-ranked bidirectional meta-paths used for candidate node pair

selection / subgraph construction
𝑛layer, 𝑛head # Transformer encoder layers / self-attention heads
𝑛neg # negative samples per positive sample
𝑚group Max number of elements per path group
𝑚pair Max number of path groups per node pair
𝑑model Hidden dimension of our link prediction model
V, E Node and edge tables defined in Section 3.1
Vcand
𝑎 ,Vcand

𝑏
, Etgtkn Candidate node and known target edge tables defined in Section 3.1

M, P Meta-path and meta-path instance tables defined in Section 3.2
Pfwd, Pbwd, Pbi Tables of forward / backward / bidirectional meta-path instances
Mmatch Bidirectional meta-paths ranked by match ratio
Ecand Candidate node pair table for link discovery
S Subgraph table (defined in Section 3.3) for candidate node pairs
Slabel, Spred Subgraph tables for model training / link discovery
Ylabel Binary labels of candidate node pairs selected for model training
Ytrain, Ypred Predicted probabilities for model training / link discovery
IP→X, IP→pos Feature / position indices for each path group element
Ipair→P Path group indices for each node pair
X Dictionary mapping each node / edge type to its feature matrix

4 METHODOLOGY
In this section, we introduce BiLink, our framework for link dis-
covery in billion-scale heterogeneous graphs. Following existing
link discovery methods [26, 32], BiLink first selects candidate node
pairs to reduce the search space, then performs link prediction on
them. As shown in Figure 4, BiLink consists of three stages: (1)
select candidate node pairs and construct a subgraph for each pair;
(2) train our link prediction model BiPathNN using candidate pairs
labeled by known target edges; (3) apply the trained BiPathNN to
discover unknown target edges. Table 3 summarizes the notation.

4.1 Stage 1: Pair Selection and Subgraph
Construction

Motivation. Given candidate node sets𝑉 cand
𝑎 and𝑉 cand

𝑏
, the search

space for unknown target edges is 𝑉 cand
𝑎 × 𝑉 cand

𝑏
. This results in

𝑂 (𝑁 2) possible pairs, where 𝑁 is the candidate set size. In our tasks,
𝑁 exceeds 108, making exhaustive link prediction infeasible. To
reduce the search space, most existing methods [6] select candidate
pairs more likely to be connected by target edges for link prediction.

Following this strategy, we use bidirectional meta-path sampling
to identify candidate node pairs and construct a subgraph for each
pair. As shown in Figure 4, this stage has three steps: (1) identify
bidirectional meta-paths connecting the two target node types
and rank them by relevance; (2) use the top-ranked meta-paths
to select candidate node pairs; (3) sample path instances around
candidate pairs to construct subgraphs. Since all three steps rely on
bidirectional meta-path sampling on distributed systems, we first
introduce its implementation, then describe each step in detail.
Bidirectional Meta-path Sampling. Our implementation of bidi-
rectional meta-path sampling (BiPathSampling) is based on the
tables defined in Section 3 and uses only table operations (e.g., join,
filter, union), enabling efficient execution on distributed systems.
Algorithm 1 shows the pseudo-code of BiPathSampling, with the
input and output defined as:

Pfwd, Pbwd, Pbi = BiPathSampling

(︄{︄
Eseed

(Vseed
𝑎 ,Vseed

𝑏
)
, E, 𝑘max, Mbi

)︄
(1)

where the first input defines the seed node pairs, specified as a
seed node pair table Eseed or seed node tables (Vseed

𝑎 ,Vseed
𝑏
) (see

Section 3.2).Mbi specifies which bidirectional meta-paths to sample;
if omitted, BiPathSampling enumerates bidirectional meta-paths of
up to𝑘max hops. Moreover, we limit each node pair to at most𝑛sample
sampled path instances per meta-path and bidirectional meta-path.

Algorithm 1 has two blocks: Block 1 (Lines 1–13) iteratively
samples forward and backward meta-path instances of up to ⌈𝑘max

2 ⌉
hops, and Block 2 (Lines 14–22) joins them at shared join nodes to
form bidirectional meta-path instances.
Step 1: Relevant Bidirectional Meta-path Discovery. For iden-
tifying bidirectional meta-paths relevant to target edges, we first
enumerate bidirectional meta-paths of up to 𝑘bi hops. To rank them
efficiently in parallel, we use each meta-path’s match ratio against
known target edges Etgtkn . First, we sample two seed node sets to
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Algorithm 1 Bidirectional Meta-path Sampling (BiPathSampling).
Input: Seed node pairs, specified as seed node pair table Eseed or seed node tables

(Vseed
𝑎 , Vseed

𝑏
); edge table E; max hop𝑘max ; meta-path tableMbi of specified

bidirectional meta-paths (optional).
Output: Path tables Pfwd , Pbwd , and Pbi of sampled forward, backward, and bidi-

rectional meta-path instances, respectively.
//===== Block 1: Unidirectional Path Sampling =====//

1: Etrav ← GetTraversalEdges(E)
2: if Mbi is provided then
3: Mfwd,Mbwd ← SplitPathSchema(Mbi )
4: if Eseed is provided then
5: Vseed

𝑎 ,Vseed
𝑏
← ExtractSeedNodes(Eseed )

6: P ← {0 : SeedNodeToPath(Vseed
𝑎 ,Vseed

𝑏
) }

7: for 𝑘 ← 1 to ⌈ 𝑘max
2 ⌉ do

8: Pprev ← P[𝑘 − 1]
9: if Mbi is provided then
10: M𝑘

fwd ← GetFirstKHops(Mfwd, 𝑘 )
11: M𝑘

bwd ← GetFirstKHops(Mbwd, 𝑘 )
12: Pprev ← AddNextEdgeType(Pprev, M𝑘

fwd, M
𝑘
bwd )

13: P[𝑘 ] ← JoinNextEdge(Pprev, Etrav )
//===== Block 2: Bidirectional Path Construction =====//

14: Pall ← Union
(︁
{ P[𝑘 ] | 𝑘 ∈ [0, ⌈ 𝑘max

2 ⌉ ] }
)︁

15: Pfwd, Pbwd ← SeparatePaths(Pall )
16: if Mbi is provided then
17: Pfwd ← FilterByMetaPath(Pfwd, Mfwd )
18: Pbwd ← FilterByMetaPath(Pbwd, Mbwd )
19: Pfwd ← AddBiPathType(Pfwd, Mbi )
20: if Eseed is provided then
21: Pfwd ← AddPairedSeedNode(Pfwd, Eseed )
22: Pbi ← JoinPaths(Pfwd, Pbwd )
23: return Pfwd , Pbwd , Pbi

enumerate bidirectional meta-paths between them:

Vdisc
𝑎 ,Vdisc

𝑏
= GetDiscoverySeeds(Etgtkn ,V

cand
𝑎 ,Vcand

𝑏
) (2)

where GetDiscoverySeeds randomly samples node pairs from Etgtkn
and individual nodes from Vcand

𝑎 and Vcand
𝑏

to form the two seed
node sets.

Next, we use BiPathSampling to enumerate bidirectional meta-
paths between the sampled seed nodes:

Pdiscfwd, P
disc
bwd, P

disc
bi = BiPathSampling( (Vdisc

𝑎 ,Vdisc
𝑏
), E, 𝑘bi ) (3)

where noMbi is specified, BiPathSampling enumerates bidirectional
meta-paths of up to 𝑘bi hops.

Finally, we rank each enumerated bidirectional meta-path by its
match ratio:

Mmatch = RankByMatchRatio(Pdiscbi , Etgtkn ) (4)

where RankByMatchRatio computes the match ratio of each bidi-
rectional meta-path as the proportion of its connected node pairs
that correspond to known target edges in Etgtkn , and returnsMmatch
sorted by match ratio in descending order.
Step 2: Candidate Node Pair Selection. To select candidate node
pairs for link prediction, we use the most relevant bidirectional
meta-paths identified in the previous step to find node pairs that
are likely connected by target edges. First, we select the top-ranked
bidirectional meta-paths based on match ratio:

Mcand = Head(Mmatch, 𝑛cand ) (5)

where Head returns the top𝑛cand bidirectional meta-paths inMmatch.
Next, we sample path instances of these bidirectional meta-paths

between all candidate nodes:
Pcandfwd , P

cand
bwd , P

cand
bi = BiPathSampling( (Vcand

𝑎 ,Vcand
𝑏
), E, 𝑘bi,Mcand ) (6)

where Mcand restricts BiPathSampling to sample only the specified
bidirectional meta-paths between candidate nodes Vcand

𝑎 and Vcand
𝑏

.
Finally, we extract candidate node pairs from the sampled paths:

Ecand = SelectCandPairs(Pcandbi ) (7)

where SelectCandPairs extracts node pairs connected by bidirec-
tional meta-path instances in Pcandbi .
Step 3: Subgraph Construction. To discover target edges among
candidate node pairs, we first select the top 𝑛sub bidirectional meta-
paths based on match ratio:

Msub = Head(Mmatch, 𝑛sub ) (8)

where 𝑛sub should be large enough for the model to capture inter-
actions among diverse meta-paths.

Next, we sample path instances followingMsub:
Psubfwd, P

sub
bwd, P

sub
bi = BiPathSampling(Ecand, E, 𝑘bi,Msub ) (9)

Finally, we construct the subgraph formed by the sampled path
instances for each pair:

S = ConstructSubgraphForPair(Ecand, Psubfwd, P
sub
bwd, P

sub
bi ,V, E) (10)

where S is the subgraph table as defined in Section 3.3.

4.2 Stage 2: Prediction Model Training
Motivation. We aim to train a link prediction model using known
target edges. However, most existing meta-path-based models [64]
are not designed to jointly leverage the forward, backward, and
bidirectional meta-path instances in our subgraphs: they aggregate
path instances into node-level [19, 71] or pair-level [26] embed-
dings, missing the interactions among them. Therefore, we design
the Bidirectional Meta-path Neural Network (BiPathNN), which
represents each path instance as a sequence of embeddings and
jointly encodes them via the Transformer encoder [60] for effective
link prediction. Since the Transformer encoder’s complexity grows
quadratically with sequence length, we divide path instances into
groups, encoding each group first and then encoding all groups
together. Below, we first introduce BiPathNN’s design, then explain
how we train it using known target edges.
BiPathNN. As shown in Figure 5, BiPathNN consists of four mod-
ules. First, a dataloader divides each node pair’s path instances into
path groups and converts them into matrix format. Second, we
form a sequence of element embeddings for each path group by
combining each element’s feature and position embeddings. Third,
we encode each path group’s element embeddings into a path group
embedding. Finally, we encode each node pair’s path group embed-
dings into a pair embedding for link prediction. The inputs and
outputs of BiPathNN can be expressed as follows:

Y = BiPathNN(S,𝑚group,𝑂, 𝐿) . (11)

where Y ∈ R𝑛pair represents the predicted probabilities for all node
pairs in the subgraph table S, 𝑛pair is the number of node pairs, and
𝑚group is the max path group length. We detail each module below:
(1) BiPathNN Dataloader.Given the subgraph table S, the BiPathNN
Dataloader divides each node pair’s path instances into path groups
and converts them into matrix format. Algorithm 2 shows the
pseudo-code, which consists of three blocks. First (Block 1, Lines 1–
7), it extracts unique node and edge features from the subgraph
table to construct a feature dictionary. Then (Block 2, Lines 8–13),
it divides path instances into path groups and constructs the fea-
ture and position indices for each path group element. Specifically,
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BiPathNN Dataloader

Candidate Node Pairs Subgraphs formed by Path Instances

Forward Paths: Backward Paths:

Bidirectional Paths: A

B C

B

CA
A B

C

Feature 
Dictionary

Path Group to 
Feature Indices

Path Group to
Position Indices

Pair to 
Path Group Indices

Path Group Element Embedding

Type 3 Node: B

Type 1 Node: A Type 2 Node: C

Path Group to
Element Embeddings

Path Group Encoder

Pair to Path
Group Embeddings

Link Predictor

Candidate Node Pairs Target Edge Existence Probability

p ∈ (0,1)A B

fwd A A-C C

Position format: (path, node, u node of edge, v node of edge)

pair 1 2 3

0,0,0,0 0,1,0,0 1,0,1,2 1,2,0,0

fwd A A-C C

bwd B C-B C

bi A B A-C C C-B

pair 1 2 3

Figure 5: An illustration of BiPathNN.

each path group contains only forward, backward, or bidirectional
meta-path instances, with at most𝑚group elements. Finally (Block 3,
Lines 14–16), it constructs the mapping from node pairs to their
path groups.
(2) Path Group Element Embedding. To represent each path group
as a sequence of element embeddings, we construct each element
embedding from a feature embedding and a position embedding.
First, we construct feature embeddings for nodes and edges. For
each type 𝑥 in the feature dictionary X, we use a dedicated MLP
to project its features into a 𝑑model-dimensional space and stack all
projected feature embeddings together:

Hproj = Stack(MLP𝑥 (X[𝑥 ] ) |𝑥 ∈ X) . (12)

where Hproj ∈ R𝑛feat×𝑑model contains the projected feature embed-
dings for all 𝑛feat unique nodes and edges in X.

Besides nodes and edges, path groups contain an element for
padding and three elements denoting path groups containing for-
ward, backward, and bidirectional meta-path instances, respectively.
Since these elements have no raw features, we create learnable fea-
ture embeddings for them and stack the embeddings with Hproj to
form the complete feature embedding matrix:

HX = Stack(ℎpad
X , ℎfwd

X , ℎbwd
X , ℎbi

X ,Hproj ) (13)

where ℎpadX , ℎfwdX , ℎbwdX , ℎbiX ∈ R
1×𝑑model are learnable embeddings.

Algorithm 2 BiPathNN Dataloader.
Input: Subgraph table S for candidate node pairs, max path group length𝑚group ,

node types𝑂 and edge types 𝐿 of the graph.
Output: Feature dictionary X mapping each node/edge type to feature vectors;

path group to feature indices IP→X mapping path group elements to fea-
ture indices; path group to position indices IP→pos mapping path group
elements to position indices; pair to path group indices Ipair→P mapping
node pairs to path group indices.
//===== Block 1: Feature Dictionary Construction =====//

1: X ← {}, IX ← {}
2: for each 𝑜 ∈ 𝑂 do
3: V𝑜 ← UniqueNodesByType(S.V, 𝑜 )
4: X[𝑜 ] ← V𝑜 .f, IX [𝑜 ] ← V𝑜 .𝑣

5: for each 𝑙 ∈ 𝐿 do
6: E𝑙 ← UniqueEdgesByType(S.E, 𝑙 )
7: X[𝑙 ] ← E𝑙 .f, IX [𝑙 ] ← Stack(E𝑙 .𝑣𝑎, E𝑙 .𝑣𝑏 )

//===== Block 2: Path Group Construction =====//
8: PS ← ExpandPaths(S.P)
9: PS, 𝑛group ← AssignPathsToGroups(PS,𝑚group )
10: IP→X ← Zeros(𝑛group,𝑚group )
11: IP→X ← FillFeatureIndices(IP→X, PS, S.𝑣𝑎, S.𝑣𝑏 , IX )
12: IP→pos ← Zeros(𝑛group,𝑚group, 4)
13: IP→pos ← FillPositionIndices(IP→pos, PS )

//===== Block 3: Pair to Path Group Mapping =====//
14: 𝑛pair ← Count(S) ,𝑚pair ← MaxGroupsPerPair(PS ) + 1
15: Ipair→P ← Zeros(𝑛pair,𝑚pair )
16: Ipair→P ← FillPathGroupIndices(Ipair→P, PS )
17: return X, IP→X , IP→pos , Ipair→P

Next, we use the path group to feature indices IP→X to retrieve
the feature embeddings for each path group from HX, and add
position embeddings to construct the element embeddings for each
path group:

HX
P = HX [IP→X ] + PositionEmbed(IP→pos ) . (14)

whereHX
P ∈ R

𝑛group×𝑚group×𝑑model represents the element embedding
sequences for all path groups, and PositionEmbed transforms the
4-dimensional position indices into position embeddings [60]. For
elements corresponding to nodes or edges in path instances, the
four dimensions represent the path index within the group, the
node index within the path, and the edge’s two connected node
indices within the path.
(3) Path Group Encoder. Next, we encode each path group’s element
embedding sequence into a path group embedding via the Trans-
former encoder. First, we create a mask to exclude padding positions
from encoding:

Mmask
P = IsZero(IP→X ) (15)

where Mmask
P ∈ {0, 1}𝑛group×𝑚group , and Mmask

P [𝑖, 𝑗] = 1 if the 𝑗-th
position in the 𝑖-th path group is a padding position, otherwise
Mmask

P [𝑖, 𝑗] = 0.
Then, we apply 𝑛layer Transformer encoder layers with 𝑛head-

head self-attention to encode all element embeddings of each path
group. For each layer ℓ ∈ {1, . . . , 𝑛layer}, we compute:

H(ℓ )attn = SelfAttn(H(ℓ−1)P ,Mmask
P ) + H(ℓ−1)P

H(ℓ )P = FFN(H(ℓ )attn ) + H
(ℓ )
attn

(16)

where H(0)P = HX
P , SelfAttn denotes a self-attention layer, and FFN

denotes a feed-forward network.
Following common practice, we extract the embedding at posi-

tion 0 as the path group embedding:

Henc
P = H

(𝑛layer )
P [:, 0, :] . (17)
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(4) Link Predictor. Next, we construct a sequence for each pair to
encode its path group embeddings into a pair embedding via the
Transformer encoder. Besides path group embeddings, each pair’s
sequence also includes an embedding for pair encoding and a
padding embedding. We stack them with Henc

P :

HP = Stack(ℎpad
P , ℎ

pair
P ,Henc

P ) (18)

where ℎpadP and ℎpairP ∈ R1×𝑑model are learnable embeddings.
Then, we use the pair to path group indices Ipair→P to retrieve

the path group embeddings for each pair from HP:

HP
pair = HP [Ipair→P ] . (19)

where HP
pair ∈ R

𝑛pair×𝑚pair×𝑑model represents the path group embed-
ding sequences for all node pairs.

Next, we similarly create a mask to exclude padding positions
from encoding:

Mmask
pair = IsZero(Ipair→P ) (20)

Then, we apply another 𝑛layer Transformer encoder layers with
𝑛head-head self-attention to encode all path group embeddings of
each node pair, following the same approach as Equation 16:

H(ℓ )attn = SelfAttn(H(ℓ−1)pair ,Mmask
pair ) + H

(ℓ−1)
pair

H(ℓ )pair = FFN(H(ℓ )attn ) + H
(ℓ )
attn

(21)

where H(0)pair = HP
pair.

Finally, we extract the embedding at position 0 as the pair em-
bedding and use an MLP to obtain the link prediction result:

Ypair =MLPpair (H
(𝑛layer )
pair [:, 0, :] ) . (22)

Training Node Pair Selection. To train our BiPathNN, we label a
subset of candidate node pairs using known target edges:

Slabel, Ylabel = LabeledPairs(S, Etgtkn , 𝑛neg ) . (23)

where Slabel ⊆ S, and Ylabel ∈ {0, 1}𝑛label are the corresponding
labels. Ylabel [𝑖] = 1 if the 𝑖-th node pair exists in Etgtkn , otherwise 0.
For each positive sample, we include 𝑛neg negative samples.
BiPathNN Training. Then, we apply BiPathNN to obtain the
predicted probabilities for labeled node pairs:

Ytrain = BiPathNN(Slabel,𝑚group,𝑂, 𝐿) . (24)

Finally, we train BiPathNN by minimizing the binary cross-
entropy (BCE) loss between predictions and ground-truth labels:

L = BCE(Ytrain, Ylabel ) . (25)

4.3 Stage 3: Target Edge Discovery
Prediction Node Pair Selection. We first filter out node pairs
that are already connected by known target edges:

Spred = UnknownPairs(S, Etgtkn ), (26)

where Spred ⊆ S contains only node pairs not present in Etgtkn .
Unknown Target Edge Prediction. We then apply the trained
BiPathNN to predict unknown target edges:

Ypred = BiPathNN(Spred,𝑚group,𝑂, 𝐿), (27)

where Ypred ∈ R𝑛pred represents the predicted probabilities for 𝑛pred
node pairs in Spred.

Finally, we rank node pairs by their predicted probabilities and
select top-k pairs as the discovered unknown target edges Etgtunk.

Table 4: Heterogeneous Graphs for Link Discovery Tasks.

Task Node/Edge Type # Node/Edge Feature Dim.

Companies’
Key Personnel

Person Node > 108 288
Company Node > 108 120
Account Node > 108 476

Sub-Region Node > 106 2,160
Region Node > 104 576
Industry Node > 103 0

Person - Company > 108 88
Person - Account > 108 240

Person - Sub-Region > 109 204
Company - Account > 106 150
Company - Company > 107 8
Company - Sub-Region > 108 0
Company - Industry > 108 0
Sub-Region - Region > 106 0

Authors’ New
References and
Coauthors

Author Node 8.2 × 107 330
Paper Node 2.1 × 108 53

Institution Node 9.7 × 104 330
Venue Node 2.1 × 105 360
Topic Node 4.5 × 103 270

Author - Paper 5.2 × 108 4
Author - Institution 8.5 × 107 60

Paper - Paper 1.8 × 109 0
Paper - Institution 1.4 × 108 4
Paper - Venue 1.6 × 108 12
Paper - Topic 4.1 × 108 3

Table 5: Time periods of known target edges for each task.

Companies’ Key
Personnel

Authors’ New
References

Authors’ New
Coauthors

Training
Set

01/01/2024 -
08/31/2024

01/01/2021 -
12/31/2022

01/01/2021 -
12/31/2022

Validation
Set

09/01/2024 -
10/31/2024

01/01/2023 -
06/30/2023

01/01/2023 -
06/30/2023

Test
Set

11/01/2024 -
12/31/2024

07/01/2023 -
12/31/2023

07/01/2023 -
12/31/2023

5 EXPERIMENT
Our experiments aim to answer the following research questions:
• RQ1: Is our model more effective than other baselines?
• RQ2: How much more efficient is bidirectional meta-path sam-

pling compared to traditional meta-path sampling?
• RQ3:What is the quality of discovered target edges?
• RQ4: How does each component of our model contribute to link

prediction performance?
• RQ5: How do bidirectional meta-paths relate to target edges?
• RQ6: How do hyperparameters influence model performance?
• RQ7: Does our framework generalize to other applications?

5.1 Experimental Setup
Tasks and Datasets. We evaluate our approach on three link dis-
covery tasks. As described in Section 2.3, each task requires a het-
erogeneous graph, known target edges, and candidate node sets.
• Companies’ Key Personnel: This task aims to discover key per-

sonnel of potential customer companies. For known target edges,
we use key personnel of existing customer companies. Candidate
companies are those with potential demands, and candidate key
personnel are those with available contact information.

• Authors’ New References: This task aims to discover papers
that authors will cite for the first time in future work. The graph
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Table 6: Performance on link prediction.

Model Companies’ Key Personnel Authors’ New References Authors’ New Coauthors
AP P@10k P@20k P@50k AP P@10k P@20k P@50k AP P@10k P@20k P@50k

R-GCNs 0.712 93.85% 89.13% 78.96% 0.545 81.78% 79.23% 65.27% 0.537 77.14% 73.94% 64.79%
HAN 0.639 83.09% 80.48% 72.24% 0.519 79.43% 74.53% 63.73% 0.528 76.05% 73.23% 63.98%
MAGNN 0.650 85.71% 80.94% 72.58% 0.541 81.48% 77.57% 65.53% 0.546 77.24% 74.19% 65.65%
HGT 0.718 91.07% 89.32% 79.16% 0.553 82.69% 78.94% 67.15% 0.565 78.72% 75.68% 67.86%
Simple-HGN 0.681 90.78% 85.25% 75.46% 0.578 83.08% 80.10% 69.12% 0.588 82.53% 79.31% 69.18%
SeHGNN 0.686 90.53% 84.76% 76.05% 0.547 82.14% 77.73% 66.74% 0.556 78.87% 75.21% 65.78%
Paths2Pair 0.734 94.73% 89.96% 79.89% 0.582 85.42% 81.45% 69.48% 0.595 83.80% 79.88% 70.08%
BiPathNN 0.779 97.06% 91.95% 82.19% 0.621 87.48% 83.56% 72.82% 0.637 86.15% 82.36% 73.31%

comes from OpenAlex [51], an open academic dataset with over
200 million publications. For known target edges, we use each
author’s first citation to each paper. Candidate authors are those
with publications in the past five years, and candidate papers
include all historical papers.

• Authors’ New Coauthors: This task aims to discover new coau-
thors for authors in future work. It uses the same graph as the
authors’ new references task. For known target edges, we use
each author’s first collaboration with each coauthor. Candidate
authors and coauthors are those with publications in the past
five years.

Detailed statistics of the graphs used in these tasks are presented
in Table 4. All edges can be traversed in both directions.

To prevent data leakage, each known target edge corresponds to
the graph constructed with data available before its discovery time.
Specifically, we use data before the discovery month for companies’
key personnel and before the discovery year for authors’ new ref-
erences and coauthors. Based on chronological splitting of known
target edges, we divide each task’s dataset into training, validation,
and test sets. Table 5 shows the specific time periods for each set.
We randomly sample 300k, 100k, and 100k known target edges for
the training, validation, and test sets respectively.
Execution Pipeline. First, we execute Stage 1 on a Spark cluster to
select candidate node pairs and construct the subgraph table from
our billion-scale heterogeneous graphs. Since these graphs have
high-dimensional features, processing them requires TB-scale mem-
ory. To ensure each executor has sufficient memory for its allocated
data while avoiding frequent inter-executor communication, we
use 300 executors, each with 4 cores and 32 GB of memory. Beyond
the graph data itself, bidirectional meta-path sampling produces
large intermediate path tables, so each run samples paths for at
most 200 million pairs. Then, we execute Stage 2 on a server with
32 CPUs, 180 GB of memory, and 4 A100 GPUs to train our model.
Finally, we execute Stage 3 on the same server to predict target
edge existence probabilities for all candidate node pairs.
Baselines.We compare our approach with seven representative
HGNNs: R-GCNs [53], HAN [64], MAGNN [19], HGT [29], Simple-
HGN [42], SeHGNN [71], and Paths2Pair [26].

These HGNNs fall into two categories: models based on k-hop
sampling (R-GCNs, HGT, Simple-HGN) and models based on meta-
path sampling (HAN, MAGNN, SeHGNN, Paths2Pair). For models
based on k-hop sampling, we set 𝑘 = 2 and limit each node to
at most 20 sampled neighbors per edge type [23] due to memory
constraints. For models based on meta-path sampling, we use the
same path instances as our BiPathNN.

Evaluation Metrics. Following existing studies [19, 26], we eval-
uate the performance of all models using Average Precision (AP),
Precision at Top 10k (P@10k), Precision at Top 20k (P@20k), and
Precision at Top 50k (P@50k).
Parameter Configuration. For candidate pair selection and sub-
graph construction, we set different parameters for each task. For
the companies’ key personnel task: 𝑘bi = 6, 𝑛cand = 10, 𝑛sub = 100.
For the authors’ new references task: 𝑘bi = 6, 𝑛cand = 5, 𝑛sub = 80.
For the authors’ new coauthors task: 𝑘bi = 6, 𝑛cand = 5, 𝑛sub = 60.
For model evaluation, we set 𝑛neg = 10 for the validation and test
sets. Based on our computational resources, we set𝑚group = 64. The
other hyperparameters of BiPathNN for each task are determined
by the analysis in Section 5.7.
Skew Mitigation. Our bidirectional meta-path sampling (Algo-
rithm 1) contains two joins (Lines 13 and 22) sensitive to data skew.
This is because rows with the same join key value are shuffled to
the same partition, so frequent values cause imbalanced data distri-
bution across executors. Since we limit each pair to at most 𝑛sample
path instances per meta-path, we sample each join’s right table
to at most 𝑛sample rows per join key value. This enables applying
salted join to each frequent key value in three steps:

1. Rows of the key value in the left table are assigned a bucket id,
with at most 10K rows per bucket id.

2. Rows of the key value in the right table are then replicated once
per bucket id, with each copy containing its bucket id.

3. The two tables are then joined on the join key augmented with
the bucket id, so rows of each frequent key value are now shuffled
evenly across different partitions.

5.2 Overall Performance (RQ1)
To answer RQ1, we evaluate BiPathNN against seven baseline
HGNNs across all three datasets. As shown in Table 6, BiPathNN
consistently achieves the best performance across all datasets and
metrics. Specifically, BiPathNN outperforms the strongest baseline
based on k-hop sampling by 7.4% to 8.5% in AP across all datasets,
which demonstrates that long-range bidirectional meta-paths be-
tween candidate node pairs are beneficial for link prediction. More-
over, BiPathNN outperforms the strongest baseline based on meta-
path sampling by 6.1% to 7.1% in AP. Since BiPathNN uses the same
path instances as these baselines but jointly encodes them to model
the interactions among forward, backward, and bidirectional path
instances, this improvement demonstrates the effectiveness of our
model design. Furthermore, the decreasing precision from P@10k
to P@50k shows that higher predicted probabilities correspond to
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Table 7: Efficiency analysis.

Meta-path
Sampling

Bidirectional
Meta-path
Sampling

BiPathNN
Prediction

Theoretical
Complexity 𝑂 (𝑛meta · 𝑑𝑘 ) 𝑂 (𝑛meta ·𝑑

𝑘
2 +𝑛join ) —

Companies’ Key
Personnel 23h 48m ± 2h 1h 46m ± 13m 8h 23m ± 18m

Authors’ New
References 46h 27m ± 4h 2h 51m ± 32m 16h 7m ± 41m

Authors’ New
Coauthors 32h 12m ± 3h 2h 25m ± 24m 11h 40m ± 27m
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Figure 6: Three-phase real-world deployment results.

higher likelihood of true target edges. This validates our selection
of top-k pairs as discovered target edges.

5.3 Efficiency Analysis (RQ2)
To answerRQ2, we conduct both theoretical and experimental anal-
ysis of bidirectional meta-path sampling versus traditional meta-
path sampling. The results are presented in Table 7.
Theoretical analysis. Consider sampling path instances along
𝑛meta 𝑘-hop meta-paths for a node pair in a graph with average
degree 𝑑 per edge type. Traditional meta-path sampling starts from
one node, and the number of sampled paths grows by a factor of𝑑 at
each hop, resulting in a complexity of𝑂 (𝑛meta ·𝑑𝑘 ). The exponential
growth with 𝑘 makes sampling long meta-paths impractical for
large-scale graphs.

Instead of sampling 𝑘-hop meta-path instances from one node,
bidirectional meta-path sampling only requires sampling 𝑘

2 -hop
meta-path instances from each node of the pair. The complexity of
sampling these 𝑘

2 -hopmeta-paths is only𝑂 (𝑛meta ·𝑑
𝑘
2 ). The sampled

𝑘
2 -hop meta-path instances from both nodes are then joined at
the join node to obtain 𝑘-hop bidirectional meta-path instances.
The complexity of the join operation is 𝑂 (𝑛join), where 𝑛join is the
number of bidirectional meta-path instances between the node pair.
Therefore, the total complexity of bidirectional meta-path sampling
is 𝑂 (𝑛meta · 𝑑

𝑘
2 + 𝑛join). In the worst case, 𝑛join can reach 𝑛meta · 𝑑𝑘

when every pair of sampled path instances can be joined at the
join node. However, most pairs of sampled path instances do not
share the same join node in practice, so 𝑛join ≪ 𝑛meta · 𝑑

𝑘
2 . Thus,

bidirectional meta-path sampling effectively reduces the complexity
from 𝑂 (𝑑𝑘 ) to 𝑂 (𝑑 𝑘

2 ) in practice.

Table 8: Real-world A/B test results.

Method Total Contacts Successful Contacts Success Rate
Previous 20,116 460 2.29%
BiLink 20,312 868 4.27%

Previous method

700K candidate node pairs

Limited coverage, lower precision

Candidate selection with direct 
relationships:                     

Target edge prediction with manual
rules on tens of features

Our BiLink

9M candidate node pairs

Broader coverage, higher precision

Target edge prediction with a learned
model on thousands of features

Candidate selection with 10 bidirectional
meta-paths:                                          

1 million candidate companies:

Figure 7: How BiLink improves deployment performance.

Empirical analysis. We measure the runtime of different sam-
pling methods when sampling path instances for our model. Both
methods are implemented on the same Spark cluster. For each task,
we test on 5 groups of 200 million randomly selected node pairs. As
shown in Table 7, bidirectional meta-path sampling achieves a 13
to 16 times speedup over traditional meta-path sampling. These re-
sults validate that bidirectional meta-path sampling can effectively
reduce the complexity from𝑂 (𝑑𝑘 ) to𝑂 (𝑑 𝑘

2 ), making sampling long
meta-paths practical for large-scale graphs.

Moreover, we measured the BiPathNN prediction time on the
same test groups. As shown in Table 7, traditional meta-path sam-
pling is significantly slower than BiPathNN prediction. Therefore,
bidirectional meta-path sampling is essential to address the bottle-
neck of billion-scale link prediction.

5.4 Quality of Discovered Target Edges (RQ3)
To answer RQ3, we evaluate the quality of target edges discovered
by BiLink on three tasks.
Companies’ Key Personnel. We used the discovered key per-
sonnel for real-world customer expansion [14]. Specifically, the
discovered key personnel and their predicted probabilities are pre-
computed and stored in a table. We then contact them in descending
order of probability for product promotion. As shown in Figure
6, from April 2025 to June 2025, we continuously made calls and
scaled up each week.

Our deployment consisted of three phases. In Phase 1, we com-
pared BiLink with the previously deployed method designed by
domain experts. For each method, we randomly selected 1 mil-
lion candidate companies and applied the method to identify their
most likely key personnel to contact. As shown in Table 8, BiLink
achieved an 86% improvement in success rate. Figure 7 illustrates
how BiLink achieves this improvement. For instance, key personnel
who frequently use candidate companies’ accounts are missed by
the previous method. However, through the bidirectional meta-path
“Company→ Account← Person”, BiLink selects them as candidate
node pairs and discovers the actual key personnel using thousands
of features from the relevant paths.
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Table 9: Ablation study.

Variant Companies’ Key Personnel Authors’ New References Authors’ New Coauthors
AP P@10k P@20k P@50k AP P@10k P@20k P@50k AP P@10k P@20k P@50k

BiPathNN 0.779 97.06% 91.95% 82.19% 0.621 87.48% 83.56% 72.82% 0.637 86.15% 82.36% 73.31%
w/o forward meta-paths 0.742 95.06% 89.59% 79.94% 0.605 86.71% 82.46% 71.55% 0.590 83.98% 79.56% 69.41%
w/o backward meta-paths 0.749 95.89% 90.07% 80.15% 0.602 85.96% 81.86% 70.83% 0.596 83.04% 80.01% 69.89%
w/o bidirectional meta-paths 0.730 94.48% 89.19% 79.20% 0.576 85.09% 80.40% 68.38% 0.592 81.93% 78.28% 68.27%
Bi-LSTM encoder 0.758 96.09% 90.82% 80.78% 0.608 86.07% 82.13% 71.39% 0.622 85.37% 81.56% 71.81%

We then scaled up the deployment. In Phase 2, we expanded to
10 million candidate companies. The success rate remained consis-
tently high. In Phase 3, we proceeded with full-scale deployment
across all 200 million candidate companies. BiLink identified 1.8
billion candidate key personnel relationships and predicted their
corresponding probabilities in approximately 4 days. By June 15,
2025, we had contacted 795,021 key personnel discovered by BiLink.
Authors’ New References. We predicted papers that authors
would cite for the first time in 2024–2025, using data before 2024.
BiLink selected 1.6 billion candidate pairs and ranked them by
predicted probability. Among the top 0.1%, 1%, and 10% ranked
pairs, BiLink recalled 7.87%, 31.6%, and 75.8% of the 2.2M actual
new references.
Authors’ New Coauthors.We predicted new collaborations be-
tween authors in 2024–2025, using data before 2024. BiLink selected
1.4 billion candidate pairs and ranked them by predicted probability.
Among the top 0.1%, 1%, and 10% ranked pairs, BiLink recalled
9.26%, 34.9%, and 79.9% of the 1.5M actual new collaborations.

Overall, these results across three tasks demonstrate BiLink’s
effectiveness in discovering target edges at billion scale.

5.5 Ablation Study (RQ4)
To answer RQ4, we conduct two ablation studies on BiPathNN’s
inputs and encoder.
Input Meta-paths. We separately remove forward, backward, and
bidirectional meta-paths from BiPathNN’s input. As shown in Ta-
ble 9, removing any type of meta-path consistently decreases per-
formance across all tasks, validating the necessity of all three types
for effective link prediction. Moreover, the relative importance of
different meta-paths varies across tasks. For the companies’ key
personnel and authors’ new references tasks, removing bidirec-
tional meta-paths causes the largest performance drop, indicating
that meta-paths directly connecting the node pair provide the most
valuable information. For the authors’ new coauthors task, remov-
ing each type leads to a similar performance drop, indicating that
each type provides similarly valuable information.
Transformer Encoder.We replace BiPathNN’s Transformer en-
coder (Equations 16 and 21) with a Bi-LSTM encoder using the same
hyperparameters. As shown in Table 9, this replacement consis-
tently decreases performance across all tasks, demonstrating that
the Transformer encoder better captures the interactions among
path elements and path groups.

5.6 Relevant Path Analysis (RQ5)
To answer RQ5, we focus on relevant bidirectional meta-paths,
which connect the two node types of the target edge. Figure 8 shows
how they relate to target edges as hop count increases. Specifically,
it plots four metrics across the three tasks: the numbers of relevant
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Figure 8: Analysis of relevant bidirectional meta-paths for
three tasks: (a)–(d) companies’ key personnel, (e)–(h) authors’
new references, and (i)–(l) authors’ new coauthors.

bidirectional meta-paths, matched target edges, connected node
pairs, and meta-path instances connecting target edges. The path
count and target edge count in Figure 8 both grow rapidly with hop
count, indicating that longer bidirectional meta-paths capture more
types of relevant paths and cover more target edges. Meanwhile, the
pair count grows much faster than the target edge count, indicating
that the ratio of target edges among connected pairs decreases
rapidly with hop count. Therefore, we only select candidate node
pairs with the top-𝑛cand relevant bidirectional meta-paths to control
the search space. The meta-path instance count also grows much
faster, indicating that the number ofmeta-path instances connecting
each target edge increases rapidly. Specifically, the average number
of meta-path instances connecting each target edge exceeds 100
by hop count 6 across all three tasks, approaching the limit of
our computational resources. Given that the computational cost of
sampling longer meta-paths grows exponentially while these paths
have lower match ratios to target edges, we set the maximum hop
count 𝑘bi of bidirectional meta-paths to 6 for all three tasks.

5.7 Hyperparameter Analysis (RQ6)
To answerRQ6, we analyze the impact of four key hyperparameters
on BiPathNN performance across all tasks.
Hidden Dimension. Figures 9a, 9e and 9i show that performance
improves consistently as𝑑model increases from 32 to 256 for all tasks,
achieving the best results at 𝑑model = 256.
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Figure 9: Hyperparameter analysis for three tasks: (a)–(d)
companies’ key personnel, (e)–(h) authors’ new references,
and (i)–(l) authors’ new coauthors.

Layer Count. Figures 9b, 9f and 9j show that BiPathNN achieves
optimal performance with 𝑛layer = 2 for the companies’ key per-
sonnel task and 𝑛layer = 3 for the authors’ new references and
coauthors tasks.
Attention Heads. Figures 9c, 9g and 9k show that all tasks achieve
optimal performance with 𝑛head = 4.
Max Samples. Figures 9d, 9h and 9l show diminishing performance
gains as𝑛sample increases. As our link prediction model’s complexity
grows quadratically with 𝑛sample, we set 𝑛sample = 20.

5.8 Generalization Analysis (RQ7)
To answerRQ7, we evaluate BiLink on two additional link discovery
tasks to validate its generalization to other applications.
Users’ New Items. The task aims to predict which items users will
newly visit on an e-commerce platform. The corresponding graph
is constructed from the Avito dataset [4] with 150M nodes across
5 types and 500M edges across 10 types. Using this graph, BiLink
ranks 13.13% / 36.30% / 52.29% of 22K target edges in the top 1% /
5% / 10% of 57M candidate node pairs.
Conditions’ New Interventions. The task aims to predict which
interventions will be newly used to treat conditions in clinical
trials. The corresponding graph is constructed from the AACT
database [58] with 1M nodes across 5 types and 5M edges across 7
types. Using this graph, BiLink ranks 24.66% / 57.53% / 74.07% of 2K
target edges in the top 1% / 5% / 10% of 2M candidate node pairs.

6 RELATEDWORK
6.1 Link Discovery in Heterogeneous Graphs
Graphs are widely used to model the relational data generated
in real-world applications, such as urban transportation [68, 69]
and last-mile delivery [43–45]. Link discovery in heterogeneous
graphs [80, 82, 84] aims to find hidden target edges in graphs
with multiple node and edge types. This task has extensive ap-
plications in recommendation systems [1, 8, 13], social network
analysis [10, 85], and knowledge graph completion [20, 81]. For

large-scale graphs [30, 47, 52], existing heterogeneous graph neu-
ral networks (HGNNs) [15, 25, 31, 46] primarily rely on subgraph
sampling to control computational costs.

Current sampling strategies fall into two main categories: k-
hop sampling and meta-path sampling. K-hop sampling [29, 53]
collects all neighbors within k hops of each node. HGNNs based on
this strategy aggregate neighborhood information hop by hop. For
instance, R-GCNs [53] employs relation-specific transformations
to aggregate neighbors from different edge types. However, the
number of sampled neighbors grows exponentially with the hop
count [66], making k-hop sampling impractical for large hop counts.

To address this limitation, meta-path sampling was introduced,
which restricts sampling to paths following predefined meta-paths.
HGNNs based on meta-path sampling [64, 71] aggregate neighbor-
hood information along each meta-path. For example, HAN [64]
employs hierarchical attention mechanisms to learn semantic infor-
mation from different meta-paths. However, the number of sampled
paths still grows exponentially with path length, making long meta-
path sampling time-consuming for large-scale graphs.

6.2 Bidirectional Search
Bidirectional search [28, 54] efficiently finds paths between two
nodes by searching from both sides simultaneously. When applied
to path sampling between node pairs, it reduces the complexity from
𝑂 (𝑑𝑘 ) to 𝑂 (𝑑 𝑘

2 ), where 𝑑 is the average node degree and 𝑘 is the
path length. It has been applied to directed graph search [40, 50, 83],
keyword search [33], path enumeration [27, 75, 76], and bipartite
similarity computation [9, 38, 41, 70]. However, applying bidirec-
tional search to meta-path sampling in billion-scale heterogeneous
graphs has not been fully explored. Billion-scale graphs are typi-
cally processed in distributed systems [22, 36, 59, 86], which require
operations to be parallelizable and stateless. Zhu et al. [88] proposed
a bidirectional search method for discovering top-k important meta-
paths, but their design does not consider these constraints. There-
fore, to meet these requirements, we represent all meta-paths as
rows in a unified table format and implement bidirectional meta-
path sampling through uniform table operations.

7 CONCLUSION
In this paper, we proposed BiLink, a novel framework for link
discovery in billion-scale heterogeneous graphs. Specifically, we
first introduced bidirectional meta-path, a unified path schema for
bidirectional paths connecting node pairs. Based on this, we imple-
mented bidirectional meta-path sampling in distributed systems to
efficiently select candidate node pairs and sample path instances
between them. Then we proposed BiPathNN, a specialized model
that jointly leverages these sampled path instances for effective
link prediction. Experiments on three real-world tasks demonstrate
that bidirectional meta-path sampling is over 13 times faster than
traditional meta-path sampling, while BiPathNN improves average
precision by over 6% compared to state-of-the-art baselines. In real-
world deployment, BiLink discovered companies’ key personnel
from 1.8 billion candidate pairs, increasing contact success rate by
86%. Moreover, BiLink has been applied to discover authors’ new
references and coauthors, achieving over 31% recall using only the
top 1% predicted pairs from billion-scale candidates.
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