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RELEVANCE PREDICTION BASED ON HETEROGENEOUS GRAPH LEARNING

BACKGROUND

With the development of network technology and the growth of network information,
recommendation systems are playing an increasingly important role in many online services.
Based on different recommended content, there are different recommendation systems, e.g.,
product recommendation system, news recommendation system, video recommendation system,
book recommendation system, etc. These recommendation systems may usually perform
personalized recommendations for users. For example, a recommendation system usually predicts
content that a user is interested in based on a query from the user and recommends the content to
the user.

SUMMARY

This Summary is provided to introduce a selection of concepts that are further described below in
the Detailed Description. It is not intended to identify key features or essential features of the
claimed subject matter, nor is it intended to be used to limit the scope of the claimed subject matter.
Embodiments of the present disclosure propose a method, apparatus and computer program
products for relevance prediction based on heterogeneous graph learning. A query and a keyword
may be received. A heterogeneous graph corresponding to the query and the keyword may be
generated. Query graph structure information for the query may be inferred according to the
heterogeneous graph. A query representation of the query may be generated based on the query
graph structure information. Keyword graph structure information for the keyword may be
inferred according to the heterogeneous graph. A keyword representation of the keyword may be
generated based on the keyword graph structure information. A relevance between the query and
the keyword may be predicted based on the query representation and the keyword representation.
It should be noted that the above one or more aspects comprise the features hereinafter fully
described and particularly pointed out in the claims. The following description and the drawings
set forth in detail certain illustrative features of the one or more aspects. These features are only
indicative of the various ways in which the principles of various aspects may be employed, and
this disclosure is intended to include all such aspects and their equivalents.

BRIEF DESCRIPTION OF THE DRAWINGS

The disclosed aspects will hereinafter be described in connection with the appended drawings that
are provided to illustrate and not to limit the disclosed aspects.

FIG.1 illustrates an exemplary heterogeneous graph according to an embodiment of the present
disclosure.

FIG.2 illustrates an exemplary process for generating a heterogeneous graph according to an
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embodiment of the present disclosure.

FI1G.3 illustrates an exemplary process for constructing an original heterogeneous graph according
to an embodiment of the present disclosure.

FIG.4 illustrates an exemplary process for generating an augmented heterogeneous graph
according to an embodiment of the present disclosure.

FIG.5 illustrates an exemplary process for pruning an augmented heterogeneous graph according
to an embodiment of the present disclosure.

FIG.6 illustrates an exemplary process for relevance prediction based on heterogeneous graph
learning according to an embodiment of the present disclosure.

FI1G.7 illustrates an exemplary process for inferring query graph structure information for a query
according to an embodiment of the present disclosure.

FIG 8 illustrates an exemplary process for generating a query representation of a query according
to an embodiment of the present disclosure.

FIG.9 illustrates an exemplary process for performing a graph encoding operation according to an
embodiment of the present disclosure.

FIG.10 illustrates an exemplary process for generating a query representation based on an
embedding sequence according to an embodiment of the present disclosure.

FIG.11 illustrates an exemplary process for performing relevance prediction through a lightweight
relevance prediction model according to an embodiment of the present disclosure.

FIG.12 is a flowchart of an exemplary method for relevance prediction based on heterogeneous
graph learning according to an embodiment of the present disclosure.

FIG.13 illustrates an exemplary apparatus for relevance prediction based on heterogeneous graph
learning according to an embodiment of the present disclosure.

FIG.14 illustrates an exemplary apparatus for relevance prediction based on heterogeneous graph
learning according to an embodiment of the present disclosure.

DETAILED DESCRIPTION

The present disclosure will now be discussed with reference to several example implementations.
It is to be understood that these implementations are discussed only for enabling those skilled in
the art to better understand and thus implement the embodiments of the present disclosure, rather
than suggesting any limitations on the scope of the present disclosure.

A relevance between a query from a user and a keyword for a candidate content item may be
predicted through a machine learning model, and a content item to be recommended to the user
may be determined based on the predicted relevance. Herein, a content item refers to an individual
item with specific content. For example, a piece of news, a movie, a video, a product, etc., may

be referred to as a content item. A query may be a search query from a user, which may reflect
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user intent. A keyword may be a keyword for a candidate content item to be recommended to a
user. Through predicting the relevance between the query and the keyword, it may be determined
whether the corresponding candidate content item matches the user intent. Herein, a machine
learning model used to predict a relevance between a query and a keyword is referred to as a
relevance prediction model. The relevance prediction model may first generate a query
representation of the query and a keyword representation of the keyword, respectively, and predict
the relevance between the query and the keyword based on the generated query representation and
the keyword representation. The query or the keyword often contains only a small number of
words or phrases, thus they contain only limited semantic information. Historical click behaviors
of users may be used as supplementary information to enrich the query representation and the
keyword representation. Currently, the historical click behaviors include click behaviors between
the query and the keyword. For example, for a given query, a plurality of content items may be
presented, each content item having a corresponding keyword. When a content item has been
clicked by the user, it is considered that there exists a click relation between the query and the
keyword of the content item. A homogenous graph may be constructed based on such click
relation. For example, a query and a keyword may be set as a query node and a keyword node,
respectively. When there exists a click relation between the query and the keyword, an edge may
exist between the corresponding query node and the corresponding keyword node. Existing
relevance prediction models may model a homogeneous graph. For example, neighbor nodes of a
query node and a keyword node may be identified from a homogeneous graph, and a query
representation of the query and a keyword representation of the keyword may be generated
accordingly with information from the neighbor nodes. When modeling a homogeneous graph, an
existing relevance prediction model treat nodes in the homogeneous graph as nodes with the same
attributes, and only consider one relation type. This approach has limited improvement on the
relevance prediction task.

Embodiments of the present disclosure propose relevance prediction based on heterogeneous
graph learning. A query and a keyword may be received. The query may be a search query from
a user. The keyword may be a keyword for a candidate content item to be recommended to the
user. A heterogeneous graph corresponding to the received query and keyword may be generated.
Different from a homogeneous graph used in a traditional relevance prediction task, a
heterogeneous graph according to the embodiments of the present disclosure may contain a node
set with a plurality of node types and an edge set with a plurality of relation types. The node type
may include, e.g., a query node, a keyword node, a title node, an entity node, etc. The relation
type may include, e.g., query-keyword click relation, query-title click relation, query-entity

extraction relation, keyword-entity extraction relation, and keyword-keyword co-occurrence
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relation, etc. Compared with a homogeneous graph, a heterogeneous graph may contain more
comprehensive information and richer semantics, which can more effectively improve the
performance of a relevance prediction task. Query graph structure information for the query and
keyword graph structure information for the keyword may be inferred according to the
heterogeneous graph. A query representation of the query and a keyword representation of the
keyword may be generated based on the query graph structure information and the keyword graph
structure information, respectively. The generated query representation and keyword
representation may be used to predict a relevance between the query and the keyword.

The embodiments of the present disclosure propose to construct a heterogeneous graph based on
a search log, a knowledge graph, etc. The heterogeneous graph may be constructed with various
types of historical click behaviors of users extracted from the search log, various types of entities
extracted from the knowledge graph, etc. The constructed original heterogeneous graph can
contain more comprehensive information and richer semantics, which helps to alleviate the graph
sparsity issue. However, historical click behaviors are usually random and capricious. For
example, users may generally click on some hot, popular content items, while less popular content
items are rarely clicked. Such a behavior produces some long-tailed nodes with only a few graph
connections, which makes the sparsity issue still exist. The embodiments of the present disclosure
propose to perform a graph augmenting operation on a heterogeneous graph. The graph
augmenting operation intends to generate edges related to the relevance prediction task through
mining complex associations among node semantic information and a graph topology, so that the
sparsity of the heterogeneous graph can be further alleviated. Additionally, users may mistakenly
click on some unexpected content items. Such a behavior produces redundant graph connections
that are not related to the relevance prediction task, leading to a noisy graph topology. The
embodiments of the present disclosure propose to perform a graph pruning operation on the
heterogeneous graph. The graph pruning operation intends to prune the heterogeneous graph based
on the importance of neighbor nodes relative to a center node. This approach can remove edges
that are not related to the relevance prediction task, while preserving useful edges. The process
described above employs a coarse-to-fine strategy to learn task-related graph connections, in
which edges related to the relevance prediction task are generated in a coarse way, and then edges
that are not related to the relevance prediction task are removed from the graph in a fine way. The
approach described above utilizes the semantic information and the topology of the node set of
the heterogeneous graph, which can significantly alleviate the sparsity issue and the noise issue of
the heterogeneous graph.

In order to reveal a diverse topology in a heterogeneous graph, the embodiments of the present

disclosure define a meta-path. Herein, a path for connecting two nodes is referred to as a meta-
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path. According to types of the connected nodes, there may be a plurality of meta-path types, e.g.,
a query-keyword type, a query-entity type, a query-title type, a query-title-query type, a query-
keyword-query type, a keyword-keyword type, a keyword-entity type, a keyword-query-keyword
type, etc.

The relevance between the query and the keyword may be predicted through a heterogeneous
graph learning-based relevance prediction model according to the embodiments of the present
disclosure. The heterogeneous graph learning-based relevance prediction model includes a graph
encoder. A graph encoder can learn a heterogeneous graph through mining complex associations
among node semantic information and a graph topology, and can encode the learned text semantics
and structure characteristics into a query representation and a keyword representation, thereby
generating an augmented query representation and an augmented keyword representation. The
graph encoder may aggregate information of neighbor nodes around a node into a representation
of that node based on a topology of a heterogeneous graph. The graph encoder may include an
intra-meta-path encoder, an inter-meta-path encoder, a node encoder, ctc. The intra-meta-path
encoder enables to convey information between nodes belonging to the same meta-path. The inter-
meta-path encoder enables to convey information between nodes across different meta-paths. The
node encoder can aggregate information from a same meta-path and information from different
meta-paths into a representation of a corresponding node, e.g., into a query representation of a
query node or a keyword representation of a keyword node, thereby generating an augmented
query representation or an augmented keyword representation. Predicting the relevance between
the query and the keyword with the query representation and the keyword representation generated
in such manner can significantly improve the relevance prediction result.

A heterogeneous graph G may be denoted as G = (V, £), where V is a node set, and € is an edge
set. The heterogeneous graph G may be defined through two mapping functions, e.g., a node type
mapping function ¢: V — A and a link type mapping function y: € — R, where A is a node type
set, and R is a relation type set.

The node type set A may include, e.g., a query node @, a keyword node K, atitle node T, an entity
node E, etc. The query node, the keyword node, and the title node are set based on, e.g.,
components extracted from a search log. The search log may be a log associated with a search
engine for recording search behaviors of a user. The query, the keyword, the title, etc., may be
extracted from the search log. The query may be a search query from a user. The keyword may be
a keyword for a content item. The content item may include news, video, movie, book, music,
webpage, product information, etc. The title may be a title of a webpage searched for the query.
The extracted query, keyword, and title may be set as a query node, a keyword node, and a title

node, respectively. An entity node is set based on, e.g., a component extracted from the knowledge
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graph. A knowledge graph is a structured semantic knowledge base that describes concepts and
their interrelationships in the physical world in symbolic form. The knowledge graph contains a
large number of entities and relations between them. An entity associated with a query or an entity
associated with a keyword may be extracted from the knowledge graph. An extracted entity may
be set as an entity node. An exemplary process for setting nodes will be described later in
conjunction with FIG 3.

A relation type is also known as an edge type. A relation type set R may include e.g., query-
keyword click relation Ry, query-title click relation Ry;, query-entity extraction relation R,
keyword-entity extraction relation Ry,, keyword-keyword co-occurrence relation Ry, etc.

The query-keyword click relation is used to describe a relation between a query and a keyword.
A plurality of queries and a plurality of clicked keywords for each query may be obtained from a
search log. Herein, a clicked keyword of a query refers to a keyword of a content item in a plurality
of content items presented to the query that has been clicked by a user. The plurality of clicked
keywords of the query may be ranked based on click frequencies. There may be a query-keyword
click relation between the query and a predetermined number of top-ranked, e.g., top 5, clicked
keywords.

The query-title click relation is used to describe a relation between a query and a title. A plurality
of queries and a plurality of clicked titles for each query may be obtained from a search log.
Herein, a clicked title of a query refers to a title of a webpage in a plurality of webpages searched
for the query that has been clicked by a user. The plurality of clicked titles of the query may be
ranked based on click frequencies. There may be a query-title click relation between the query
and a predetermined number of top-ranked, e.g., top 5, clicked titles.

The query-entity extraction relation is used to describe a relation between a query and an entity.
A plurality of entities associated with each query may be extracted from a knowledge graph. Each
entity has a corresponding confidence score. The plurality of entities of the query may be ranked
based on confidence scores. There may be a query-entity extraction relation between the query
and a predetermined number of top-ranked, e.g., top 3, entities.

The keyword-entity extraction relation is used to describe a relation between a keyword and an
entity. A plurality of entities associated with each keyword may be extracted from a knowledge
graph. Each keyword has a corresponding confidence score. The plurality of entities of the
keyword may be ranked based on confidence scores. There may be a keyword-entity extraction
relation between the keyword and a predetermined number of top-ranked, e.g., top 3, entities.
The keyword-keyword co-occurrence relation is used to describe a relation between a keyword
and a keyword. A content item provider typically indicates a set of keywords. Co-occurrence of

two keywords may mean that the two keywords are similar. For a keyword, its co-occurrencing
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keywords may be ranked based on co-occurrence frequencies. There may be a keyword-keyword
co-occurrence relation between the keyword and a predetermined number of top-ranked, e.g., top
5, keywords.

In order to reveal a diverse topology in a heterogeneous graph, the embodiments of the present

R R, R
disclosure define a meta-path. A meta-path may be defined as a path 4, —1A2 = ...—£A1+1

(abbreviated as A; 4, ... 4;41), which describes a composite relation R = R;°R,° ... R; between a
node A4; and a node 4;,,, where ° is a composition operator on relations. According to types of
the connected nodes, there may be a plurality of meta-path types, e g., a query-keyword QK type,
a query-entity QE type, a query-title QT type, a query-title-query QT Q type, a query-keyword-
query QKQ type, a keyword-keyword KK type, a keyword-entity KE type, a keyword-query-
keyword KQK type, etc.

FIG.1 illustrates an exemplary heterogeneous graph 100 according to an embodiment of the
present disclosure.

The heterogeneous graph 100 contains 4 node types, e.g., query node @, keyword node K, title
node T, entity node E, etc. For example, a node 102 is a query node @, nodes 104, 112 and 114
are keyword nodes K, anode 106 is a title node T, nodes 108 and 110 are entity nodes E, etc.
Additionally, the heterogeneous graph 100 contains five relation types, e.g., query-keyword click

relation Rgy, query-title click relation Ry, query-entity extraction relation Ry, keyword-entity

qge-
extraction relation Ry, and keyword-keyword co-occurrence relation Ry, . For example, the

relation type between the node 102 and the node 104 is the query-keyword click relation Ry, the
relation type between the node 102 and the node 106 is the query-title click relation Ry, the
relation type between the node 102 and the node 108 is the query-entity extraction relation R,
the relation type between the node 104 and the node 110 is the keyword-entity extraction relation
Ry., and the relation type between the node 112 and the node 114 is the keyword-keyword co-
occurrence relation Ry, etc.

An exemplary process for generating a heterogeneous graph will be illustrated later in conjunction
with FIG.2 to FIG.5. It should be appreciated that the heterogeneous 100 shown in FIG.1 is merely
an example of the heterogeneous graph. Depending on actual application requirements, the
heterogeneous graph may have any other structure and may include more or fewer elements.
FIG.2 illustrates an exemplary process 200 for generating a heterogeneous graph according to an
embodiment of the present disclosure. In the process 200, a heterogeneous graph 212 may be
generated based on a search log 202 and/or a knowledge graph 204 through a heterogeneous graph
generating module 210.

The heterogeneous graph generating module 210 includes a graph constructing unit 220. The
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graph constructing unit 220 intends to incorporate various types of nodes and edges into a graph.
An original heterogeneous graph 222 may be constructed based on the search log 202 and/or the
knowledge graph 204 through the graph constructing unit 220. FIG.3 illustrates an exemplary
process 300 for constructing an original heterogeneous graph according to an embodiment of the
present disclosure. The process 300 may be performed by the graph constructing unit 220 in FIG.2.
At 302, a component set may be extracted from a search log and/or a knowledge graph. The
component set may include a historical query set, a historical keyword set and a historical title set,
etc., extracted from the search log. These component sets may be extracted from various types of
historical click behaviors of users contained in the search log. Preferably, the component set may
further include an entity set corresponding to the historical query set, an entity set corresponding
to the historical keyword set, etc., extracted from the knowledge graph.

At 304, the component set may be set as a node set. For example, a historical query may be set as
a query node, a historical keyword may be set as a keyword node, and a historical title may be set
as a title node, an entity may be set as a physical node, etc. Subsequently, an edge set among the
node set may be determined.

At 306, for every two nodes in the node set, it may be determined whether a relation exists between
two components corresponding to the two nodes. The relation may include e.g., query-keyword
click relation, query-title click relation, query-entity extraction relation, keyword-entity extraction
relation, and keyword-keyword co-occurrence relation, etc.

At 308, in response to determining that a relation exists between the two components, it may be
determined that an edge exists between the two nodes. An edge type of an edge between two nodes
may correspond to a relation type of the relation between two components corresponding to the
two nodes.

The step 306 and the step 308 may be performed for every two nodes in the node set, thereby at
310, an edge set among the node set may be obtained.

At 312, the node set and the edge set may be combined into an original heterogeneous graph.
Preferably, a node without any edge may be removed from the original heterogeneous graph.
Through the process 300, the original heterogeneous graph may be constructed with various types
of historical click behaviors of users extracted from the search log, various types of entities
extracted from the knowledge graph, etc. The constructed original heterogeneous graph can
contain more comprehensive information and richer semantics, which helps to alleviate the graph
sparsity issue. However, historical click behaviors are usually random and capricious. For
example, users may generally click on some hot, popular content items, while less popular content
items are rarely clicked. Such a behavior produces some long-tailed nodes with only a few graph

connections, which makes the sparsity issue still exist. The embodiments of the present disclosure
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propose to perform a graph augmenting operation on the original heterogeneous graph.
Referring back to FIG.2, after the original heterogeneous graph 222 is obtained, an augmented
heterogeneous graph 232 may be generated through a graph augmenting unit 230 in the
heterogeneous graph generating module 210. The graph augmenting unit 230 intends to generate
potential edges related to the relevance prediction task through mining complex associations
among node semantic information and a graph topology, so that the sparsity of the heterogeneous
graph can be further alleviated. The augmented heterogeneous graph 232 may be generated based
on the semantic information and/or a topology of a node set of the original heterogencous graph
222 through the graph augmenting unit 230.

FIG .4 illustrates an exemplary process 400 for generating an augmented heterogeneous graph
according to an embodiment of the present disclosure. The process 400 may be performed by the
graph augmenting unit 230 in FIG.2. Different relation types may have their own unique meaning
and amount of information. In view of this, the embodiments of the present disclosure propose an
augmenting strategy based on relation types. An original heterogeneous graph may include a
plurality of original partial graphs corresponding to a plurality of relation types. Herein, an original
partial graph refers to a partial graph for a specific relation type in an original heterogeneous
graph. The original partial graph may contain a node subset corresponding to that relation type.
For example, an original partial graph corresponding to a query-keyword click relation Ry, may
include a node subset consisting of query nodes and keyword nodes. The original partial graph for
the query-keyword click relation Ry, may be denoted as E € RI2XI¥ where |Q| is the number of
query nodes in the node subset, and |K| is the number of keyword nodes in the node subset. In
the process 400, for each relation type of a plurality of relation types, an augmented partial graph
corresponding to the relation type may be generated. Subsequently, a plurality of augmented
partial graphs corresponding to the plurality of relation types may be combined into an augmented
heterogeneous graph. Steps 402 to 406 will take the relation type being the query-keyword click
relation Ry, as an example to illustrate the exemplary process of generating an augmented partial
graph.

At 402, a semantic partial graph corresponding to each relation type may be generated based on
semantic similarity between two nodes in a node subset of an original partial graph corresponding
to the relation type. The semantic partial graph may be denoted as E;. The semantic similarity
between corresponding two nodes may be captured with the semantic partial graph. For example,
the semantic partial graph for the query-keyword click relation R, may capture the semantic
similarity between a query node q and a keyword node k. There may be a connection between a

query node q and a keyword node k with similar semantics. An embedding flq of the query node
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q and an embedding hy, of the keyword node k may be generated first, as shown in the following
equation:
hq =T(q) (D
he = 7(k) (2)
where T may be any pre-learned text encoder. As an example, T may be a TwinBert model fine-
tuned through relevance labels. The embedding ﬁq and the embedding hy are d dimension
embeddings for the query node g and the keyword node k, respectively.
Subsequently, metric learning may be applied to the embedding flq and the embedding by, to
generate a semantic partial graph E; € RI2I¥I corresponding to the query-keyword click relation
R4k, as shown in the following equation:
My(hg hy)  My(hy hy) =€

0 My(hey hy) <€ )

E, [q' k] = {

where € is a hyperparameter used to control the sparsity. M (flq, flk) is a function used to measure

the z head weighted cosine similarity between Eq and hy, as shown in the following equation:

z

1 i i
M, (b, Biy) = ;Z cos(w; ® gy w; O i) (4)

i=1
where © is the Hadamard product, and w; € R? is a learnable vector indicating the importance
of different dimensions.
It should be appreciated that the similarity between flq and hy, may also be measured in other
ways. For example, for an original heterogeneous graph containing a large number of nodes, an
vanilla cosine similarity between ﬁq and hy, may also be measured, which may be efficiently
calculated through an Approximate Nearest Neighbors (ANN) search method.
At 404, a propagation partial graph corresponding to the relation type may be generated based on
semantic similarity between two nodes of the same type in the node subset and a topology of the
original partial graph. Similar nodes with similar semantics may have similar neighbor nodes.
Associations between nodes and the topology may be captured through the propagation partial
graph. The following takes a query node as an example to illustrate an exemplary process for
generating a query propagation partial graph. First, a semantic matrix Sq € NI2IX19l between query
nodes may be calculated, as shown in the following equation:

{Mq(ﬁql'ﬁqz) Mq(hq, hy,) = €

~ 5
0 Mq(hq, hg,) <€ ®

Sqlg1, 921 =

where the form of M is consistent with the equation (4), but has different w;. Alternatively, My

may also be an vanilla cosine similarity measure function.
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Subsequently, a query propagation graph Eg € RI2IXIXI may be obtained, as shown in the
following equation:

Eq=S4E (6)
The original partial graph E may reflect original connections between nodes which are based on
historical behaviors of users. Through the query propagation graph, the semantic similarity
between query nodes may be propagated between nodes through such original connections.
A keyword propagation partial graph E, € RI2IXI¥l may be generated in a manner similar to the
manner in which the query propagation graph Eq is generated described above.
At 406, an augmented partial graph corresponding to the relation type may be generated based on
the original partial graph E, the semantic partial graph E, and the propagation partial graphs Eq
and Ey. Continuing to take the relation type being the query-keyword click relation Ry as an
example, generating the augmented partial graph E; corresponding to the relation type may be as
shown in the following equation:

E; = Y(E E, Eg, Ey) (7
where Y is a combination function. As an example, Y may be an efficient summation operation.
The step 402 to the step 406 may be performed for other relation types, such that at 408, a plurality
of augmented partial graphs corresponding to the plurality of relation types may be obtained.

At 410, the plurality of augmented partial graphs may be combined into an augmented
heterogeneous graph.

Through the process 400, the sparse original heterogeneous graph may be augmented to obtain a
dense augmented heterogeneous graph, which can further alleviate the sparsity of the
heterogeneous graph. However, there may be some noise in this dense augmented heterogeneous
graph. For example, users may mistakenly click on some unexpected content items. Such a
behavior produces redundant edges that are not related to the relevance prediction task, leading to
a noisy graph topology. According to an embodiment of the present disclosure, the augmented
heterogeneous graph may be pruned. The graph pruning operation intends to prune the augmented
heterogeneous graphs based on the importance of neighbor nodes relative to a center node. This
approach can remove edges that are not related to the relevance prediction task, while preserving
useful edges.

Referring back to FIG.2, after the augmented heterogeneous graph 232 is generated through the
graph augmenting unit 230, the augmented heterogeneous graph 232 may be pruned through the
graph pruning unit 240 in the heterogeneous graph generating module 210, to obtain the
heterogeneous graph 212. The augmented heterogeneous graph 232 may be pruned based on

semantic information and/or a topology of a node set of the augmented heterogeneous graph 232.
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The graph pruning unit 240 intends to remove noisy edges that are not related to the relevance
prediction task from the graph, while preserving useful edges. The augmented heterogeneous
graph 232 may be pruned based on the importance of neighbor nodes in the node set of the
augmented heterogeneous graph 232 relative to a center node through the graph pruning unit 240.
In order to reveal a diverse topology in a heterogeneous graph, the embodiments of the present
disclosure define a neighbor node set based on a meta-path. For example, given a node i and a
meta-path type ®, a neighbor node set V;® based on the meta-path type ® of the node i refers to
a node set connected to the node i through meta-paths of the meta-path type ®. At this point, the
node i may also be referred to as a center node. A node set of an augmented heterogeneous graph
may include a plurality of center nodes. Each center node may have a plurality of neighbor node
sets {V;®} corresponding to a plurality of meta-path types {®}. Noisy or redundant neighbor
nodes may be removed from respective neighbor node sets through a pruning operation. FIG.5
illustrates an exemplary process 500 for pruning an augmented heterogeneous graph according to
an embodiment of the present disclosure.

At 502, a neighbor node subset that are most important to a center node may be identified from a
neighbor node set of the center node that are based on a meta-path type. The following description
takes the center node being a query node g and the meta-path type being query-keyword @K as

an example for illustration. A neighbor node set of a query node q that are based on the meta-path

type QK may be denoted as ququ . The importance of a keyword node k in the neighbor node set

Nq(DQK relative to the center node, i.e., the query node g, may be calculated through the following

equation:
Mg = [(hg, hy, Ee[q, k]) ®)
exp (Mgq.x)
Sqk = Yy o qu (mge) ©)
CEN, oK p a.e

q

where the function I' may be implemented as a multi-layer feed-forward network with an output
dimension as 1.

The approach described above intends to learn important neighbor nodes through incorporating
the semantic information and the topology of nodes. A predetermined number, e.g., t, of neighbor

nodes that are most important to the query node g may be sampled from the neighbor node set

Qo .
Nq e with Sq,k'

Preferably, in order to make the sampling process differentiable, Gumbel-Softmax technique may

be introduced to generate discrete samples, as shown in the following equation:
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exp ((log(s4.) +9)/T)
X, eox exp ((log(sq.e) + 9)/0)

Zq,k = (10)
where T is the temperature used to control the closeness of the T-softmax function to the discrete

categorical distribution. At this point, a predetermined number, e.g., t, of neighbor nodes that are
. . @ .
most important to the query node g may be sampled from the neighbor node set V; K with Zg k-

The sampled t neighbor nodes may be combined into a neighbor node subset that are most
important to the center node. At 504, neighbor nodes in the neighbor node set that are outside the
neighbor node subset may be determined. Subsequently, at 506, edges between the determined
neighbor nodes and the center node may be removed. A graph with edges being removed may be
referred to as a subgraph.

The graph pruning operation described above intends to prune heterogeneous graphs based on the
importance of neighbor nodes relative to the center node. This approach can remove edges that
are not related to the relevance prediction task, while preserving useful edges. The process
described above employs a coarse-to-fine strategy to learn task-related graph connections, in
which edges related to the relevance prediction task are generated in a coarse way, and then edges
that are not related to the relevance prediction task are removed from the graph in a fine way. The
approach described above utilizes the semantic information and the topology of the node set of
the heterogeneous graph, which can significantly alleviate the sparsity issue and the noise issue of
the heterogeneous graph.

It should be appreciated that the process for generating the heterogeneous graph described above
in conjunction with FIG.2 to FIG.5 is merely exemplary. Depending on actual application
requirements, the steps in the process for generating the heterogeneous graph may be replaced or
modified in any manner, and the process may include more or fewer steps. For example, although
in the process 200, both the search log 202 and the knowledge graph 204 are shown, in some
embodiments, it is possible to construct the original heterogeneous graph 222 based only on the
search log 202. Additionally, although in the process 200, the heterogeneous graph generating
module 210 includes the graph constructing unit 220, the graph augmenting unit 230, and the
graph pruning unit 240, in some embodiments, the heterogeneous graph generating module 210
may not include the graph augmenting unit 230 or the graph pruning unit 240. When the
heterogeneous graph generating module 210 does not include the graph augmenting unit 230, the
graph pruning unit 240 may prune the original heterogeneous graph 222 constructed by the graph
constructing unit 210, to obtain the final heterogeneous graph 212. When the heterogeneous graph
generating module 210 does not include the graph pruning unit 240, the augmented heterogeneous

graph 232 generated by the graph augmenting unit 230 may be directly used as the final



10

15

20

25

30

35

WO 2024/035518 PCT/US2023/027745
14

heterogeneous graph 212. Additionally, the specific order or hierarchy of the steps in the process
200 to the process 500 is only exemplary, and the process for generating the heterogeneous graph
may be performed in an order different from the described order.

FIG.6 illustrates an exemplary process 600 for relevance prediction based on heterogeneous graph
learning according to an embodiment of the present disclosure. In the process 600, a query 602
and a keyword 604 may be received. The keyword 604 is a keyword for a candidate content item.
The candidate content item may be a content item from a set of candidate content items that may
be recommended to a user. The candidate content item may include news, video, movie, book,
music, webpage, product information, etc. A relevance 612 between the query 602 and the
keyword 604 may be predicted through a heterogeneous graph learning-based relevance
prediction model 610.

A heterogeneous graph 622 corresponding to the query 602 and the keyword 604 may be generated
first. For example, the heterogeneous graph 622 may be generated based on the search log 606
and/or the knowledge graph 608 through a heterogeneous graph generating module 620 in the
heterogeneous graph learning-based relevance prediction model 610. The heterogeneous graph
generating module 620 may correspond to the heterogeneous graph generating module 210 in
FIG.2.

Subsequently, graph structure information 632 for the query 602 may be inferred according to the
heterogeneous graph 622 through a graph structure inferring module 630 in the heterogeneous
graph learning-based relevance prediction model 610. FIG.7 illustrates an exemplary process 700
for inferring query graph structure information for a query according to an embodiment of the
present disclosure. The process 700 may be performed by the graph structure inferring module
630 in FIG.6. At 702, a meta-path to which a query node corresponding to a query belongs may
be inferred according to a heterogeneous graph. The query node may belong to one or more meta-
paths. For example, meta-paths to which the query node g belongs may be denoted as
{®q, Py, ..., Py}, where O > 1 is the number of meta-paths. At 704, a node set which is based on
the meta-path may be inferred according to the heterogeneous graph. When there are one or more
meta-paths, a node set based on each meta-path may be inferred, thereby one or more node sets
may be obtained. A node set based on a meta-path ®, may be denoted as N ®Po =
{nf) °, n;b % n,io}, where k, > 1 is the number of nodes included in the node set. At 706, query
graph structure information may be generated based on the meta-path and the node set. The graph
structure information may be denoted as V' = {N Po, NP1, ;P2 N Po} where N Pe = {g}
represents a center node, i.e., the query node g.

Referring back to F1G.6, after the graph structure information 632 for the query 602 is inferred, a
query representation 646 of the query 602 may be generated based on the graph structure



10

15

20

25

30

35

WO 2024/035518 PCT/US2023/027745
15

information 632. FIG.8 illustrates an exemplary process 800 for generating a query representation
of a query according to an embodiment of the present disclosure. The process 800 may be
performed by a text encoder 640, a graph encoder 642, a pooling module 644, etc, in FIG.6.

At 802, a meta-path to which a query node corresponding to a query belongs and a neighbor node
which is based on the meta-path may be obtained from query graph structure information. The
query node may belong to one or more meta-paths. There may be one or more neighbor nodes on
each meta-path.

At 804, a token sequence corresponding to the meta-path may be generated based on the query
and the neighbor node. Herein, a token refers to a basic language unit that constitutes texts in
different languages. In order to be able to convey information at different levels, the embodiments
of the present disclosure propose two types of special tokens, ¢.g., a local token [TRA] for
conveying information within a same meta-path, and a global token [TER] for conveying
information across different meta-paths, etc. First, a query textual token of a query and a neighbor
textual token of a neighbor node may be obtained through a tokenization operation. Next, a query
local token [TRA] for the query may be added before the query textual token. Similarly, a neighbor
local token [TRA] for the neighbor node may be added before the neighbor textual token.
Additionally, each meta-path may have an associated global token [TER]. The global token of the
meta-path, the query local token, the query textual token, the neighbor local token, and the
neighbor textual token may be combined into a token sequence corresponding to the meta-path.
At 806, an initial embedding sequence corresponding to the meta-path may be generated based on
the token sequence corresponding to the meta-path. For example, an initial embedding sequence
may be generated through a text encoder 640.

At 808, an embedding sequence corresponding to the meta-path may be generated through
iteratively performing a graph encoding operation based on the initial embedding sequence.
Through performing the graph encoding operation, the previous embedding sequence
corresponding to the meta-path may be updated to a current embedding sequence corresponding
to the meta-path. For example, referring to FIG .6, the graph encoding operation may be performed
iteratively through a plurality of, e.g., M (M > 1), graph encoders 642. The plurality of graph
encoders 642 are stacked together. The graph encoder 642 includes an intra-meta-path encoder
642-1, an inter-meta-path encoder 642-2 and a node encoder 642-3, etc. The intra-meta-path
encoder 642-1 can capture shared features of a same meta-path, to convey information between
nodes belonging to a same meta-path. The inter-meta-path encoder 642-2 enables to convey
information between nodes across different meta-paths. The node encoder 642-3 can aggregate
information from a same meta-path and information and from different meta-paths into a

representation of a corresponding node. An exemplary process for performing a graph encoding
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operation will be described later in conjunction with FIG.9.

At 810, a query representation may be generated based on the embedding sequence. For example,
the query representation may be generated based on an embedding sequence through a pooling
module 644. An exemplary process for generating a query representation based on an embedding
sequence will be described later in conjunction with FIG.10.

The process described above may generate the query representation of the query. For example,
referring to FIG.6, a query representation 646 of the query 602 may be generated. A keyword
representation 666 of the keyword 604 may be generated through a process similar to the process
of generating the query representation 646. Keyword graph structure information 652 for the
keyword 604 may be inferred according to the heterogeneous graph 622 through a graph structure
inferring module 650. The structure and function of the graph structure inferring module 650 may
be similar to the structure and function of the graph structure inferring module 630. Subsequently,
a keyword representation 666 of the keyword 604 may be generated based on the keyword graph
structure information 652 through a text encoder 660, M graph encoders 662 and a pooling module
664. The structure and function of the text encoder 660, the structure and function of the graph
encoder 662 and the structure and function of the pooling module 664 may be similar to the
structure and function of the text encoder 640, the structure and function of the graph encoder 642
and the structure and function of the pooling module 644, respectively. The graph encoder 662
includes an intra-meta-path encoder 662-1, an inter-meta-path encoder 662-2, a node encoder 662-
3, etc. The structure and function of the intra-meta-path encoder 662-1, the structure and function
of the inter-meta-path encoder 662-2, and the structure and function of the node encoder 662-3
may be the same as the structure and function of the intra-meta-path encoder 642-1, the structure
and function of the inter-meta-path encoder 642-2, and the structure and function of the node
encoder 642-3, respectively.

After the query representation 646 and the keyword representation 666 are generated, a relevance
612 between the query 602 and the keyword 604 may be predicted based on the query
representation 646 and the keyword representation 666 through a prediction layer 670. The
relevance 612 may be defined as cosine similarity, which may be further viewed as a probability
score pg . When both the query representation 646 and the keyword representation representation
666 are normalized, the cosine similarity may also be equivalent to the Euclidean distance and
may be efficiently solved through an ANN search method.

A cross-entropy loss function may be selected as an objective function for training the
heterogeneous graph learning-based relevance prediction model 610, as shown in the following

equation:
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£== (7:108(Pg,e) + (1 - ¥ 108(1 = pg,ic) (11)
FIG.9 illustrates an exemplary process 900 for performing a graph encoding operation according
to an embodiment of the present disclosure. The process 900 may be performed by a graph encoder
642 in FIG.6.
In the process 900, a query node belongs to two meta-paths, i.e., a first meta-path and a second
meta-path. As an example, the type of the first meta-path is query-title QT. There is a query node
and a title node on this meta-path. The type of the second meta-path is query-entity QF. There is
a query node and an entity node on this meta-path. It should be appreciated that when the query
node belongs to other types of meta-paths, or belongs to more meta-paths, the graph encoding
operation may be performed through a process similar to the process 900. Through the process
900, a previous embedding sequence 902 corresponding to the first meta-path may be updated to
a current embedding sequence 904 and a previous embedding sequence 906 corresponding to the
second meta-path may be updated to a current embedding sequence 908.

A previous embedding of the jth token of a node i belonging to a meta-path &, can be denoted as

Dy

tl]

. t?;", i.e, when j = a, is a previous embedding of a local token [TRA] of the node { A
previous embedding of a global token [TER] associated with the meta-path &, may be denoted
as t;b ‘.

The previous embedding sequence 902 corresponding to the first meta-path includes previous
embeddings corresponding to the query node on the meta-path, ¢.g., a previous local embedding
910 for the local token [TRA] of the query node and two previous textual embeddings 912 and
914 for two textual tokens of the query node. The previous embedding sequence 902 further
includes a previous global embedding 916 for the global token [TER] associated with the first
meta-path. The previous embedding sequence 902 further includes previous embeddings
corresponding to the title node on the meta-path, e.g., a previous local embedding 918 for the local
token [TRA] of the title node and two previous textual embeddings 920 and 922 for two textual
tokens of the title node.

The previous embedding sequence 906 corresponding to the second meta-path includes previous
embeddings corresponding to the query node on the meta-path, ¢.g., a previous local embedding
924 for the local token [TRA] of the query node and two previous textual embeddings 926 and
928 for two textual tokens of the query node. The previous embedding sequence 906 further
includes a previous global embedding 930 for the global token [TER] associated with the second
meta-path. The previous embedding sequence 906 further includes previous embeddings
corresponding to the entity node on the meta-path, e.g., a previous local embedding 932 for the

local token [TRA] of the entity node and two previous textual embeddings 934 and 936 for two
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textual tokens of the entity node.

An intermediate global embedding of a global token associated with a meta-path and a plurality
of intermediate local embeddings of a plurality of local tokens associated with the meta-path may
be generated, through a self-attention mechanism, based on a previous global embedding of the
global token and a plurality of previous local embeddings of the plurality of local tokens. Given a
meta-path @, and a node set %o belonging to the meta-path &, a previous global embedding
of a global token [TER] associated with the meta-path and a plurality of previous local embeddings
of a plurality of local tokens [TRA] of a plurality of nodes may be collected, to form an intra-

meta-path matrix: Ty ® = [t70, 10, t50, ... ,tg)oaa] € R&%ot1xd wwhere k, is the number of nodes

in V®o_ Then, a multi-head self-attention operation may be employed for the intra-meta-path

matrix T;b ° to convey information between nodes belonging to a same meta-path. For any

attention head, the intra-meta-path information conveying may be defined through the following

equation:
~ PoRPo™ _
T>° = softmax (QT V®o (12)
where
Q — q)OWq)O
R®o T‘DOW‘DO (13)

V':Do — As)ow‘;l)o
where the matrix Wg) ° € R™4 | the matrix WI? ° € R4 and the matrix W‘;D ° € R*% are

learnable variables.

,\q>0 '*‘190 ,\qpo

@
SR TN 0] This matrix contains an

The learned matrix may be denoted as Ty = [

intermediate global embedding E;D ¢ of the global token [TER] corresponding to the meta-path &,

[ t'SDO

and a plurality of intermediate local embeddings {t, 2, t,7, ..., fZ"a} of the plurality of local tokens

[TRA]. f?;“ represents an intermediate local embedding of the local token [TRA] obtained through
an intra-meta-path encoder, which may capture local heterogeneity within a single meta-path. The

intermediate global embedding f;p ¢ of the global token [ TER] corresponding to the meta-path &,
may be regarded as an embedding of the meta-path ®,. Through the self-attention mechanism,
embeddings of other tokens may contain context information centered on different nodes.

For example, for the first meta-path, an intermediate local embedding 940, an intermediate global
embedding 942 and an intermediate local embedding 944 corresponding to the first meta-path
may be generated, through a self-attention-mechanism-based intra-meta-path encoder 938, based

on the previous local embedding 910, the previous global embedding 916 and the previous local
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embedding 918. Similarly, for the second meta-path, an intermediate local embedding 948, an
intermediate global embedding 950 and an intermediate local embedding 952 corresponding to
the second meta-path may be generated, through a self-attention-mechanism-based intra-meta-
path encoder 946, based on the previous local embedding 924, the previous global embedding 930
and the previous local embedding 932. The intra-meta-path encoder 938 and the intra-meta-path
encoder 946 may correspond to the intra-meta-path encoder 642-1 in FIG.6.

Then, a current global embedding of the global token [TER] may be generated based on the

intermediate global embedding of the global token [TER] through the self-attention mechanism.
For each meta-path @, the intermediate global embeddings %ﬁ’ ¢ of the global token [TER] of the
meta-path @, obtained through the intra-meta-path encoder may be collected, to form an inter-
meta-path matrix: T, = [E2, 72, ..., 79T € RO*D*4_ Each row in the inter-meta-path matrix
T, represents an embedding for a corresponding meta-path. A multi-head self-attention operation

may be employed for the inter-meta-path matrix T,., as shown in the following equation:
~ KT L\~
T, = softmax (Qr ~ 4 B) V, (14)

Vd

where B € ROFD*(@+1) g 3 pattern attention proposed by the embodiments of the present
disclosure, which can be used to further reveal association between different meta-paths. The

element B;; represents an edit distance between a pattern of a meta-path ®; and a pattern of a
meta-path ®;. The edit distance may be mapped to a learnable scalar, and used as a bias term in

the self-attention module. Additionally,Q,, K, and V. in the equation described above are as

follows:
Qr = TrWQr
K, = T, Wy, (15)
V, = T.W,,

where the matrix WQr € R¥4 the matrix Wy, € R**? and the matrix W, € R%*? are learnable
variables.

The learned matrix may be denoted as T, = [ff) °, Ef L, f(rb 1T, f‘rb ° represents the current global
embedding of the meta-path &, obtained through the inter-meta-path encoder. Through the inter-
meta-path encoder, information may be conveyed across different meta-paths, enabling the
encoding of global heterogeneity across different meta-paths.

For example, a current global embedding 956 and a current global embedding 958 may be
generated based on the intermediate global embedding 942 and the intermediate global embedding
952 through a self-attention-mechanism-based inter-meta-path encoder 954.

Subsequently, for each node in a meta-path, a current local embedding and a current textual
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embedding of the node may be generated, through a self-attention mechanism, based on a current

global embedding corresponding to the meta-path, an intermediate local embedding and a previous

textual embedding of the node. Given a node nfbo, a current global embedding E;D ° corresponding
to a meta-path ®,, an intermediate local embedding f?;“ and a previous textual embedding

{tq)o t(DO

@ D . . oD
i1t et} of the node n;° may be combined to form a node matrix: T, ° =

2@y 2Py Py Py
[tr A A PR ST

t?;"]T, where v is the number of textual tokens of the node nlfb °.

A multi-head self-attention operation may be employed for the node matrix Ti%. This multi-head
self-attention operation may be similar to Equation 12. The difference is that in order to ensure
that different nodes on the same meta-path can share the same global embedding, the global
embedding may remain unchanged after the multi-head self-attention operation.

For example, for the query node in the first meta-path, a current local embedding 962 and a current
textual embeddings 964 and 966 of the query node may be generated, through a self-attention-
mechanism-based node encoder 960, based on the intermediate local embedding 940, the previous
textual embeddings 926 and 928 and the current global embedding 956. To ensure that different
nodes on the same meta-path can share the same global embedding, the global embedding may
remain unchanged after passing through the node encoder. Similarly, a current local embedding
970 and a current textual embeddings 972 and 974 of the title node may be generated through the
self-attention-mechanism-based node encoder 968. Additionally, for the query node in the second
meta-path, a current local embedding 978 and a current textual embeddings 980 and 982 of the
query node may be generated through a self-attention-mechanism-based node encoder 976. A
current local embedding 984 and a current textual embeddings 986 and 988 of the entity node may
be generated through a self-attention-mechanism-based node encoder 982. The node encoder 960,
the node encoder 968, the node encoder 976 and the node encoder 982 may correspond to the node
encoder 642-3 in FIG 6.

Finally, a current global embedding corresponding to a meta-path and a plurality of current local
embeddings and a plurality of current textual embeddings corresponding to a plurality of nodes in
the meta-path may be combined into a current embedding sequence corresponding to the meta-
path. For example, for the first meta path, the current global embedding 956, the current local
embedding 962 and the current textual embeddings 964 and 966 corresponding to the query node,
and the current local embedding 970 and the current textual embeddings 972 and 974
corresponding to the title node are combined into a current embedding sequence 904.

In the process described above, each token can pay attention to other tokens in the same meta-
path via a local token [TRA], thereby implementing local heterogeneity. Additionally, each token
can pay attention to other tokens in other meta-paths via a global token [TER], thereby
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implementing global heterogeneity. Through the proposed local token [TRA] and global token
[TER] according to the embodiments of the present disclosure, information within a same meta-
path and information across different meta-paths may be fused together. In such way, hierarchical
heterogeneity can be deeply integrated into semantic representations of nodes. Additionally, each
textual token only needs to pay attention to other tokens within the same node. This may
significantly reduce the number of learnable parameters and accelerate model training,

A current embedding sequence corresponding to each meta-path obtained through the last graph
encoding operation may be regarded as an embedding sequence corresponding to the meta-path.
A query representation of the query may be generated based on the embedding sequence. For
example, a local embedding for the local token [TRA] of the query may be extracted from the
embedding sequence. A query representation may be generated based on the extracted local
embedding. When the query node belongs to only one meta-path, one embedding sequence
corresponding to the meta-path may be obtained. The local embedding for the local token [TRA]
extracted from this embedding sequence may be regarded as the query representation of the query.
When the query node belongs to a plurality of meta-paths, a plurality of embedding sequences
corresponding to the plurality of meta-paths may be obtained. A local embedding for the local
token [TRA] may be extracted from each embedding sequence, thereby obtaining a plurality of
local embeddings. The query representation may be generated based on the plurality of local
embeddings.

FIG.10 illustrates an exemplary process 1000 for generating a query representation based on an
embedding sequence according to an embodiment of the present disclosure. The process 1000
may be performed by the pooling module 644 in FIG.6. In the process 1000, a query node belongs
to two meta-paths, 1.e., a first meta-path and a second meta-path. As an example, the type of the
first meta-path is query-title QT. There is a query node and a title node on this meta-path. The
type of the second meta-path is query-entity QF. There is a query node and an entity node on this
meta-path. It should be appreciated that when the query node belongs to other types of meta-paths,
or belongs to more meta-paths, a query representation may be generated through a process similar
to the process 1000.

An embedding sequence 1002 and an embedding sequence 1004 correspond to the first meta-path
and the second meta-path, respectively. The embedding sequence 1002 and the embedding
sequence 1004 may be obtained through the last graph encoder 642 in FIG.6. In other words, the
embedding sequence 1002 and the embedding sequence 1004 may be obtained through
performing the process 900 in FIG.9 for the last time. A local embedding 1006 for a local token
[TRA] of the query node may be extracted from the embedding sequence 1002. Similarly, a local
embedding 1008 for a local token [TRA] of the query node may be extracted from the embedding
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sequence 1004. Thelocal embedding 1006 and the local embedding 1008 are provided to a pooling
module 1010. The pooling module 1010 may correspond to the pooling module 644 in FIG.6. A
query representation 1012 may be generated by performing a pooling operation on the local
embedding 1006 and the local embedding 1008 through the pooling module 1010. It should be
appreciated that generating the query representation through the pooling operation is only an
example of generating the query representation, and the query representation may also be
generated through other operations. A keyword representation may be generated through a process
similar to the process for generating the query representation.

Referring back to FIG.6, the heterogeneous graph learning-based relevance prediction model 610
described above can predict the relevance 612 between the query 602 and the keyword 604. The
heterogeneous graph learning-based relevance prediction model 610 includes the graph encoders
642 and 662. The graph encoders 642 or 662 can learn the heterogeneous graph 622 through
mining complex associations among node semantic information and a graph topology, and can
encode the learned text semantics and structure characteristics into the query representation 646
or the keyword representation 666, thereby generating the augmented query representation 646 or
the augmented keyword representation 666. The graph encoders 642 and 662 may aggregate
information about neighbor nodes around a node into a representation of that node based on the
topology of the heterogeneous graph 622. Each graph encoder may include an intra-meta-path
encoder, an inter-meta-path encoder, a node encoder, etc. The intra-meta-path encoder enables to
convey information between nodes belonging to the same meta-path. The inter-meta-path encoder
enables to convey information between nodes across different meta-paths. The node encoder can
aggregate information from a same meta-path and information from different meta-paths into a
representation of a corresponding node, e.g., into the query representation 646 of the query node
or the keyword representation 666 of the keyword node, thereby generating the augmented query
representation or the augmented keyword representation. Predicting the relevance between the
query 602 and the keyword 604 with the query representation 646 and the keyword representation
666 generated in such manner can significantly improve the relevance prediction result.

It should be appreciated that the process for relevance prediction based on heterogeneous graph
learning described above in conjunction with FIG.6 to FIG.10 is merely exemplary. Depending
on actual application requirements, the steps in the process for relevance prediction based on
heterogeneous graph learning may be replaced or modified in any manner, and the process may
include more or fewer steps. Additionally, the specific order or hierarchy of the steps in the process
600 to process 1000 is only exemplary, and the process for relevance prediction based on
heterogeneous graph learning may be performed in an order different from the described order.

Additionally, the heterogeneous graph learning-based relevance prediction model 610 shown in
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FIG.6 is only an example of the heterogeneous graph learning-based relevance prediction model.
Depending on actual application requirements, the heterogeneous graph learning-based relevance
prediction model may have any other structure and may include more or fewer layers.

A heterogeneous graph learning-based relevance prediction model according to the embodiments
of the present disclosure, e.g., the heterogeneous graph learning-based relevance prediction model
610 in FIG.6, may generate a query representation and a keyword representation through fusing
rich context information related to a query and a keyword. Since the heterogeneous graph learning-
based relevance prediction model includes multiple layers of graph encoders, there may be large
prediction latency when performing relevance prediction, especially for a new query. A
Knowledge Distillation strategy may be employed to treat the heterogeneous graph learning-based
relevance prediction model as a teacher model, and learn, through the teacher model, a student
model, e.g., a lightweight relevance prediction model. A large number of query-keyword pairs
may be sampled from a search log and fed to the teacher model. Each query-keyword pair includes
a query and a keyword. The teacher model may predict a relevance between the query and the
keyword. The predicted relevance may be used as pseudo-label, which may be used with
corresponding query and keyword to generate a training sample for training the lightweight
relevance prediction model. The trained lightweight relevance prediction model may be deployed
to perform the relevance prediction task online.

FIG.11 illustrates an exemplary process 1100 for performing relevance prediction through a
lightweight relevance prediction model according to an embodiment of the present disclosure. In
the process 1100, arelevance 1112 between a query 1102 and a keyword 1104 is predicted through
a lightweight relevance prediction model 1110. The lightweight relevance prediction model 1110
includes an embedding layer 1120 and N (N > 1) transformer layers 1130 for the query 1102, an
embedding layer 1140 and N transformer layers 1150 for the keyword 1104, and a prediction layer
1160. It should be appreciated that the lightweight relevance prediction model 1110 shown in
FIG.11 is only an example of the lightweight relevance prediction model that can be deployed to
perform a relevance prediction task online. Depending on actual application requirements, the
lightweight relevance prediction model may have any other structure and may include more or
fewer layers.

FIG.12 is a flowchart of an exemplary method 1200 for relevance prediction based on
heterogeneous graph learning according to an embodiment of the present disclosure.

At 1210, a query and a keyword may be received.

At 1220, a heterogeneous graph corresponding to the query and the keyword may be generated.
At 1230, query graph structure information for the query may be inferred according to the

heterogeneous graph.
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At 1240, a query representation of the query may be generated based on the query graph structure
information.

At 1250, keyword graph structure information for the keyword may be inferred according to the
heterogeneous graph.

At 1260, a keyword representation of the keyword may be generated based on the keyword graph
structure information.

At 1270, a relevance between the query and the keyword may be predicted based on the query
representation and the keyword representation.

In an implementation, the keyword may be a keyword for a candidate content item. The candidate
content item may include at least one of news, video, movie, book, music, web page, and product
information.

In an implementation, the generating a heterogeneous graph may comprise: constructing an
original heterogeneous graph based on a search log and/or a knowledge graph; generating an
augmented heterogeneous graph based on semantic information and/or a topology of a node set
of the original heterogeneous graph; and pruning the augmented heterogeneous graph based on
semantic information and/or a topology of a node set of the augmented heterogeneous graph, to
obtain the heterogeneous graph.

In an implementation, the constructing an original heterogeneous graph may comprise: extracting
a component set from the search log and/or the knowledge graph; setting the component set as a
node set; determining an edge set among the node set; and combining the node set and the edge
set into the original heterogeneous graph.

The component set may include: at least one of a historical query set, a historical keyword set and
a historical title set extracted from the search log; and/or an entity set corresponding to the
historical query set and/or an entity set corresponding to the historical keyword set extracted from
the knowledge graph.

The determining an edge set may comprise, for every two nodes in the node set: determining
whether a relation exists between two components corresponding to the two nodes; and in
response to determining that a relation exists between the two components, determining that an
edge exists between the two nodes.

The relation may comprise at least one of: query-keyword click relation, query-title click relation,
query-entity extraction relation, keyword-entity extraction relation, and keyword-keyword co-
occurrence relation.

The original heterogeneous graph may comprise a plurality of original partial graphs
corresponding to a plurality of relation types. The generating an augmented heterogeneous graph

may comprise: for an original partial graph corresponding to each relation type, generating an
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augmented partial graph corresponding to the relation type based on semantic information and/or
topology of a node subset of the original partial graph; and combining a plurality of augmented
partial graphs corresponding to the plurality of relation types into the augmented heterogeneous
graph.

The generating an augmented partial graph may comprise: generating a semantic partial graph
corresponding to the relation type based on semantic similarity between two nodes in the node
subset; generating a propagation partial graph corresponding to the relation type based on semantic
similarity between two nodes of the same type in the node subset and a topology of the original
partial graph; and generating the augmented partial graph corresponding to the relation type based
on the original partial graph, the semantic partial graph, and the propagation partial graph.

A node set of the augmented heterogeneous graph may include a plurality of center nodes. Each
center node has a plurality of neighbor node sets based on a plurality of meta-path types. The
pruning the augmented heterogeneous graph may comprise, for each neighbor node set in the
plurality of neighbor node sets: identifying a neighbor node subset that are most important to the
center node from the neighbor node set; determining neighbor nodes in the neighbor node set that
are outside the neighbor node subset; and removing edges between the determined neighbor nodes
and the center node.

In an implementation, the inferring query graph structure information may comprise: inferring,
according to the heterogeneous graph, a meta-path to which a query node corresponding to the
query belongs; inferring, according to the heterogeneous graph, a node set which is based on the
meta-path; and generating the query graph structure information based on the meta-path and the
node set.

In an implementation, the generating a query representation may comprise: obtaining, from the
query graph structure information, a meta-path to which a query node corresponding to the query
belongs and a neighbor node which is based on the meta-path; generating a token sequence
corresponding to the meta-path based on the query and the neighbor node; generating an initial
embedding sequence corresponding to the meta-path based on the token sequence; generating,
based on the initial embedding sequence, an embedding sequence corresponding to the meta-path
through iteratively performing a graph encoding operation; and generating the query
representation based on the embedding sequence.

The generating a token sequence may comprise: obtaining a query textual token of the query and
a neighbor textual token of the neighbor node through a tokenization operation; adding a query
local token for the query before the query textual token; adding a neighbor local token for the
neighbor node before the neighbor textual token; and combining a global token of the meta-path,

the query local token, the query textual token, the neighbor local token, and the neighbor textual
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token into the token sequence corresponding to the meta-path.

The graph encoding operation may comprise: generating, through a self-attention mechanism, an
intermediate global embedding of a global token associated with the meta-path and a plurality of
intermediate local embeddings of a plurality of local tokens associated with the meta-path based
on a previous global embedding of the global token and a plurality of previous local embeddings
of the plurality of local tokens; generating, through a self-attention mechanism, a current global
embedding based on the intermediate global embedding; for each node in the meta-path,
generating, through a self-attention mechanism, a current local embedding and a current textual
embedding of the node based on the current global embedding and an intermediate local
embedding and a previous textual embedding of the node; and combining the current global
embedding and a plurality of current local embeddings and a plurality of current textual
embeddings of a plurality of nodes in the meta-path into a current embedding sequence
corresponding to the meta-path.

The generating the query representation based on the embedding sequence may comprise:
extracting a local embedding of the query from the embedding sequence; and generating the query
representation based on the local embedding.

In an implementation, the method 1200 may further comprise: generating a training sample for
training a lightweight relevance prediction model based on the query, the keyword, and the
relevance.

It should be appreciated that the method 1200 may further comprise any step/process for relevance
prediction based on heterogeneous graph learning according to the embodiments of the present
disclosure as mentioned above.

FI1G.13 illustrates an exemplary apparatus 1300 for relevance prediction based on heterogeneous
graph learning according to an embodiment of the present disclosure.

The apparatus 1300 may comprise: a query and keyword receiving module 1310, for receiving a
query and a keyword; a heterogeneous graph generating module 1320, for generating a
heterogeneous graph corresponding to the query and the keyword; a query graph structure
information inferring module 1330, for inferring query graph structure information for the query
according to the heterogeneous graph; a query representation generating module 1340, for
generating a query representation of the query based on the query graph structure information; a
keyword graph structure information inferring module 1350, for inferring keyword graph structure
information for the keyword according to the heterogeneous graph; a keyword representation
generating module 1360, for generating a keyword representation of the keyword based on the
keyword graph structure information; and a relevance predicting module 1370, for predicting a

relevance between the query and the keyword based on the query representation and the keyword
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representation. Moreover, the apparatus 1300 may further comprise any other modules configured
for relevance prediction based on heterogeneous graph learning according to the embodiments of
the present disclosure as mentioned above.

FIG.14 illustrates an exemplary apparatus 1400 for relevance prediction based on heterogeneous
graph learning according to an embodiment of the present disclosure.

The apparatus 1400 may comprise a processor 1410; and a memory 1420 storing computer-
executable instructions. The computer-executable instructions, when executed, may cause the
processor 1410 to: receive a query and a keyword, generate a heterogeneous graph corresponding
to the query and the keyword, infer query graph structure information for the query according to
the heterogeneous graph, generate a query representation of the query based on the query graph
structure information, infer keyword graph structure information for the keyword according to the
heterogeneous graph, generate a keyword representation of the keyword based on the keyword
graph structure information, and predict a relevance between the query and the keyword based on
the query representation and the keyword representation.

In an implementation, the generating a heterogeneous graph may comprise: constructing an
original heterogeneous graph based on a search log and/or a knowledge graph; generating an
augmented heterogeneous graph based on semantic information and/or a topology of a node set
of the original heterogeneous graph; and pruning the augmented heterogeneous graph based on
semantic information and/or a topology of a node set of the augmented heterogeneous graph, to
obtain the heterogeneous graph.

In an implementation, the generating a query representation may comprise: obtaining, from the
query graph structure information, a meta-path to which a query node corresponding to the query
belongs and a neighbor node which is based on the meta-path; generating a token sequence
corresponding to the meta-path based on the query and the neighbor node; generating an initial
embedding sequence corresponding to the meta-path based on the token sequence; generating,
based on the initial embedding sequence, an embedding sequence corresponding to the meta-path
through iteratively performing a graph encoding operation; and generating the query
representation based on the embedding sequence.

It should be appreciated that the processor 1410 may further perform any other step/process for
relevance prediction based on heterogeneous graph learning according to the embodiments of the
present disclosure as mentioned above.

The embodiments of the present disclosure propose a computer program product for relevance
prediction based on heterogeneous graph learning, comprising a computer program that is
executed by at least one processor for: receiving a query and a keyword; generating a

heterogeneous graph corresponding to the query and the keyword; inferring query graph structure
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information for the query according to the heterogeneous graph; generating a query representation
of the query based on the query graph structure information; inferring keyword graph structure
information for the keyword according to the heterogeneous graph; generating a keyword
representation of the keyword based on the keyword graph structure information; and predicting
a relevance between the query and the keyword based on the query representation and the keyword
representation. Additionally, the computer program may further be performed for implementing
any other steps/processes for relevance prediction based on heterogeneous graph learning
according to the embodiments of the present disclosure as mentioned above.

The embodiments of the present disclosure may be embodied in a non-transitory computer-
readable medium. The non-transitory computer readable medium may comprise instructions that,
when executed, cause one or more processors to perform any operation of the method for
relevance prediction based on heterogeneous graph learning according to the embodiments of the
present disclosure as mentioned above.

It should be appreciated that all the operations in the methods described above are merely
exemplary, and the present disclosure is not limited to any operations in the methods or sequence
orders of these operations, and should cover all other equivalents under the same or similar
concepts. In addition, the articles “a” and “an” as used in this specification and the appended
claims should generally be construed to mean “one” or “one or more” unless specified otherwise
or clear from the context to be directed to a singular form.

It should also be appreciated that all the modules in the apparatuses described above may be
implemented in various approaches. These modules may be implemented as hardware, software,
or a combination thereof. Moreover, any of these modules may be further functionally divided
into sub-modules or combined together.

Processors have been described in connection with various apparatuses and methods. These
processors may be implemented using electronic hardware, computer software, or any
combination thereof. Whether such processors are implemented as hardware or software will
depend upon the particular application and overall design constraints imposed on the system. By
way of example, a processor, any portion of a processor, or any combination of processors
presented in the present disclosure may be implemented with a microprocessor, microcontroller,
digital signal processor (DSP), a field-programmable gate array (FPGA), a programmable logic
device (PLD), a state machine, gated logic, discrete hardware circuits, and other suitable
processing components configured for performing the various functions described throughout the
present disclosure. The functionality of a processor, any portion of a processor, or any combination
of processors presented in the present disclosure may be implemented with software being

executed by a microprocessor, microcontroller, DSP, or other suitable platform.
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Software shall be construed broadly to mean instructions, instruction sets, code, code segments,
program code, programs, subprograms, software modules, applications, software applications,
software packages, routines, subroutines, objects, threads of execution, procedures, functions, etc.
The software may reside on a computer-readable medium. A computer-readable medium may
include, by way of example, memory such as a magnetic storage device (e.g., hard disk, floppy
disk, magnetic strip), an optical disk, a smart card, a flash memory device, random access memory
(RAM), read only memory (ROM), programmable ROM (PROM), erasable PROM (EPROM),
electrically erasable PROM (EEPROM), a register, or a removable disk. Although memory is
shown separate from the processors in the various aspects presented throughout the present
disclosure, the memory may be internal to the processors, e.g., cache or register.

The previous description is provided to enable any person skilled in the art to practice the various
aspects described herein. Various modifications to these aspects will be readily apparent to those
skilled in the art, and the generic principles defined herein may be applied to other aspects. Thus,
the claims are not intended to be limited to the aspects shown herein. All structural and functional
equivalents to the elements of the various aspects described throughout the present disclosure that
are known or later come to be known to those of ordinary skilled in the art are expressly

incorporated herein and intended to be encompassed by the claims.
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CLAIMS

1. A method for relevance prediction based on heterogeneous graph learning, comprising:

receiving a query and a keyword,

generating a heterogeneous graph corresponding to the query and the keyword,

inferring query graph structure information for the query according to the heterogeneous
graph,

generating a query representation of the query based on the query graph structure
information;

inferring keyword graph structure information for the keyword according to the
heterogeneous graph;

generating a keyword representation of the keyword based on the keyword graph structure
information; and

predicting a relevance between the query and the keyword based on the query representation
and the keyword representation.

2. The method of claim 1, wherein the generating a heterogeneous graph comprises:

constructing an original heterogeneous graph based on a search log and/or a knowledge
graph;

generating an augmented heterogeneous graph based on semantic information and/or a
topology of a node set of the original heterogeneous graph; and

pruning the augmented heterogeneous graph based on semantic information and/or a
topology of a node set of the augmented heterogeneous graph, to obtain the heterogeneous graph.

3. The method of claim 2, wherein the constructing an original heterogeneous graph
comprises:

extracting a component set from the search log and/or the knowledge graph;

setting the component set as a node set;

determining an edge set among the node set; and

combining the node set and the edge set into the original heterogeneous graph.

4. The method of claim 3, wherein the determining an edge set comprises, for every two
nodes in the node set:

determining whether a relation exists between two components corresponding to the two
nodes; and

in response to determining that a relation exists between the two components, determining
that an edge exists between the two nodes.

5. The method of claim 4, wherein the relation comprises at least one of: query-keyword

click relation, query-title click relation, query-entity extraction relation, keyword-entity extraction
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relation, and keyword-keyword co-occurrence relation.

6. The method of claim 2, wherein the original heterogeneous graph comprises a plurality
of original partial graphs corresponding to a plurality of relation types, and the generating an
augmented heterogeneous graph comprises:

for an original partial graph corresponding to each relation type, generating an augmented
partial graph corresponding to the relation type based on semantic information and/or topology of
a node subset of the original partial graph; and

combining a plurality of augmented partial graphs corresponding to the plurality of relation
types into the augmented heterogeneous graph.

7. The method of claim 6, wherein the generating an augmented partial graph comprises:

generating a semantic partial graph corresponding to the relation type based on semantic
similarity between two nodes in the node subset;

generating a propagation partial graph corresponding to the relation type based on semantic
similarity between two nodes of the same type in the node subset and a topology of the original
partial graph; and

generating the augmented partial graph corresponding to the relation type based on the
original partial graph, the semantic partial graph, and the propagation partial graph.

8. The method of claim 2, wherein a node set of the augmented heterogeneous graph
includes a plurality of center nodes, each center node having a plurality of neighbor node sets
based on a plurality of meta-path types, and the pruning the augmented heterogeneous graph
comprises, for each neighbor node set in the plurality of neighbor node sets:

identifying a neighbor node subset that are most important to the center node from the
neighbor node set;

determining neighbor nodes in the neighbor node set that are outside the neighbor node
subset; and

removing edges between the determined neighbor nodes and the center node.

9. The method of claim 1, wherein the inferring query graph structure information comprises:

inferring, according to the heterogeneous graph, a meta-path to which a query node
corresponding to the query belongs;

inferring, according to the heterogeneous graph, a node set which is based on the meta-path;
and

generating the query graph structure information based on the meta-path and the node set.

10. The method of claim 1, wherein the generating a query representation comprises:

obtaining, from the query graph structure information, a meta-path to which a query node

corresponding to the query belongs and a neighbor node which is based on the meta-path;
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generating a token sequence corresponding to the meta-path based on the query and the
neighbor node;

generating an initial embedding sequence corresponding to the meta-path based on the token
sequence;

generating, based on the initial embedding sequence, an embedding sequence corresponding
to the meta-path through iteratively performing a graph encoding operation; and

generating the query representation based on the embedding sequence.

11. The method of claim 10, wherein the generating a token sequence comprises:

obtaining a query textual token of the query and a neighbor textual token of the neighbor
node through a tokenization operation;

adding a query local token for the query before the query textual token;

adding a neighbor local token for the neighbor node before the neighbor textual token; and

combining a global token of the meta-path, the query local token, the query textual token,
the neighbor local token, and the neighbor textual token into the token sequence corresponding to
the meta-path.

12. The method of claim 10, wherein the graph encoding operation comprises:

generating, through a self-attention mechanism, an intermediate global embedding of a
global token associated with the meta-path and a plurality of intermediate local embeddings of a
plurality of local tokens associated with the meta-path based on a previous global embedding of
the global token and a plurality of previous local embeddings of the plurality of local tokens;

generating, through a self-attention mechanism, a current global embedding based on the
intermediate global embedding;

for each node in the meta-path, generating, through a self-attention mechanism, a current
local embedding and a current textual embedding of the node based on the current global
embedding and an intermediate local embedding and a previous textual embedding of the node;
and

combining the current global embedding and a plurality of current local embeddings and a
plurality of current textual embeddings of a plurality of nodes in the meta-path into a current
embedding sequence corresponding to the meta-path.

13. The method of claim 10, wherein the generating the query representation based on the
embedding sequence comprises:

extracting a local embedding of the query from the embedding sequence; and

generating the query representation based on the local embedding.

14. An apparatus for relevance prediction based on heterogeneous graph learning,

comprising:
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a processor; and
a memory storing computer-executable instructions that, when executed, cause the
processor to:
receive a query and a keyword,
generate a heterogeneous graph corresponding to the query and the keyword,
infer query graph structure information for the query according to the heterogeneous
graph,
generate a query representation of the query based on the query graph structure
information,
infer keyword graph structure information for the keyword according to the
heterogeneous graph,
generate a keyword representation of the keyword based on the keyword graph
structure information, and
predict a relevance between the query and the keyword based on the query
representation and the keyword representation.
15. A computer program product for relevance prediction based on heterogeneous graph
learning, comprising a computer program that is executed by a processor for:
receiving a query and a keyword;
generating a heterogeneous graph corresponding to the query and the keyword,
inferring query graph structure information for the query according to the heterogeneous
graph;
generating a query representation of the query based on the query graph structure
information;
inferring keyword graph structure information for the keyword according to the
heterogeneous graph;
generating a keyword representation of the keyword based on the keyword graph structure
information; and
predicting a relevance between the query and the keyword based on the query representation and

the keyword representation.
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