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Abstract—The heterogeneity of today’s Web sources requires information retrieval (IR) systems to handle multi-modal queries. Such
queries define a user’s information needs by different data modalities, such as keywords, hashtags, user profiles, and other media.
Recent IR systems answer such a multi-modal query by considering it as a set of separate uni-modal queries. However, depending on
the chosen operationalisation, such an approach is inefficient or ineffective. It either requires multiple passes over the data or leads to
inaccuracies since the relations between data modalities are neglected in the relevance assessment. To mitigate these challenges, we
present an IR system that has been designed to answer genuine multi-modal queries. It relies on a heterogeneous network
embedding, so that features from diverse modalities can be incorporated when representing both, a query and the data over which it
shall be evaluated. By embedding a query and the data in the same vector space, the relations across modalities are made explicit and
exploited for more accurate query evaluation. At the same time, multi-modal queries are answered with a single pass over the data. An
experimental evaluation using diverse real-world and synthetic datasets illustrates that our approach returns twice the amount of
relevant information compared to baseline techniques, while scaling to large multi-modal databases.

Index Terms—query embedding, graph embedding, heterogeneous information network

✦

1 INTRODUCTION

The Web is built from heterogeneous representations of
information, including texts, images, and videos. Recently,
the rise of social media led to further rich and complex data
modalities gaining increasing importance, among them user
profiles, hashtags, and keywords. Given the rich semantics
of heterogeneous data and the large data volumes faced in
practice, retrieval of relevant information remains a chal-
lenging task for data on the Web [1].

A multi-modal information retrieval (IR) system takes
as input a set of multi-modal queries and returns a ranked
list of elements selected from a corpus of multi-modal data.
It generalizes the model for uni-modal queries over textual
corpora of webpages and documents, which has been the
primary concern of IR systems for several decades [2]. Var-
ious systems that support non-textual retrieval have been
proposed recently [2], [3]. Here, a user searches for informa-
tion represented as images or audio based on queries that
include several modalities beyond textual keywords.

Existing IR systems deal with heterogeneity of the
queried data by constructing a vectorized representation of
it. However, these systems lack support for multi-modal
queries and focus on textual queries. This has negative
implications on the retrieval accuracy due to the inherent
textual ambiguity. In addition, textual queries limit users in
effectively formulating their information needs [4]. Consider
a scenario in which a user searches for a song in a music
library. Instead of relying only on keywords without any
semantics, a multi-modal query supports the explicit specifi-
cation of a composer or album of the song. By incorporating

these modalities, retrieval becomes more effective.
Multi-modal queries as outlined above are different from

faceted search. The latter classifies data into semantic cate-
gories (facets) to filter results after retrieval [5]. Multi-modal
queries, in turn, incorporate modalities in the identification
of the relevant results that shall be retrieved.

Recently, first IR systems started to support the specifi-
cation of multi-modal queries [3], [6]. Yet, they do not gen-
uinely evaluate multi-modal queries, but consider them as a
combination of several uni-modal queries, each of which
covering a different modality. Then, the retrieval results
are constructed by combining the answers to different uni-
modal queries via fusion. To this end, late fusion [7], [8], [9]
combines the results obtained for each modality in isolation,
which is inefficient as it requires several passes over the
data. Another approach is using early fusion [10], [11], [12],
which embeds uni-modal queries based on different feature
vectors that are combined with an aggregation function.
While such an approach requires only a single pass over the
data, it ignores the relations between modalities. Hence, it
breaks the semantic structure of the data, so that features of
retrieved elements may not belong to the same data entity.

In this paper, we provide a novel angle for multi-modal
IR based on a vectorized representation of a heterogeneous
information network (HIN). The HIN model captures the
rich semantics of both, multi-modal data and queries. Our
contributions are summarized as follows.

• A model for heterogeneous data: We introduce a rep-
resentation of heterogeneous data based on HINs to
capture the semantic relations between data of different
modalities of the same entity [13], [14]. This includes a
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network embedding model to produce a feature vector
for each node in the HIN based on its modality.

• Multi-modal query model: We propose a query model that
enables users to incorporate different modalities. We
construct a query embedding based on the HIN embed-
ding of the queried data through novel mapping and
combination operators. This way, we ensure that query
and data embeddings are defined over the same space,
which facilitates an accurate relevance assessment.

• Scalable information retrieval: Striving for query evalu-
ation over large-scale datasets, we propose a parallel
variant of our network embedding. It divides a HIN
into subnetworks and performs embedding on each of
them separately. However, since the resulting embed-
dings may belong to different spaces, we also show how
to construct a unified embedding space.

We evaluated the proposed approach with a set of diverse
real-world and synthetic datasets. Our techniques turn out
to be both efficient, scaling linearly to hundreds of thou-
sands of data elements, and effective, retrieving twice the
amount of relevant tuples compared to baseline techniques.

The remainder of the paper is organized as follows.
Next, we motivate and formulate the addressed problem
in §2. Then, §3 gives an overview of our approach. The
embedding of HINs is discussed in §4, while query embed-
ding is explained in §5. §6 describes the scalable version of
our approach. Experimental results are presented in §7. §8
reviews related work, before we conclude in §9.

2 PROBLEM FORMULATION

Below, we first present a motivating example (§2.1) and
a formal model (§2.2), before we formulate the problem
addressed in this work (§2.3).

2.1 Motivation

Running example. Let us consider the following setting, in
which a user searches for a song.

Example 1. A user searches for the song ‘Jenny of Oldstones’, but
does not remember its title. The user recalls that it is a song from
the soundtrack of ‘Game of Thrones’. Yet, using this as a keyword
is not effective, since the retrieved results are mostly related to the
movie itself. Specifying a query that explicitly includes a modality
‘music album’ with the value being ‘Game of Thrones’ is more
precise, but still leads to many songs that have been included
in the soundtrack. A user may then try to identify the song by
querying for other modalities. For instance, the user may recall
some terms of the lyrics, such as ‘winter’. Also, the user may
search for songs of specific singers, e.g., ‘Florence’, or composers,
such as ’Dan Weiss’. Yet, considering each of these queries in
isolation, long lists of songs will be returned, as each modality on
its own does not enable a precise identification of a specific song.

The above is a common example of a retrieval task in
which a user needs to specify multiple queries in several
modalities. In the end, a user has to identify the relevant
results in large collections of retrieved elements, with the
risk of not finding the requested element at all. Note that
we use a music database as an example for multi-modal
information retrieval. Yet, our techniques are independent

of a specific domain since they adopt a generic graph-based
representation of heterogeneous data.
Limitations of traditional approaches. Traditional IR sys-
tems fail to satisfy information requirements such as il-
lustrated above, as they support search over one modality
only. Consequently, they potentially miss out on important
semantics. The limitation is not bound to modalities that are
textual, but is also observed for other types of data, such
as videos and images. Again, limiting a user to formulate a
single, unimodal query may make it impossible to capture
the users’ true intention. In practice, this limitation is often
addressed by incremental algorithms, such as query refine-
ment and user feedback [15]. Since the user intent cannot be
specific precisely, multiple passes over the data are needed
to refine a search result.

Against this background, it was suggested to combine
the results of several uni-modal queries [16]. Yet, fusing
search results of different queries neglects that the relevance
ranking obtained for different modalities might be incom-
patible. In addition, such an approach does not scale well to
large data, since it requires multiple passes over the data to
answer the uni-modal queries. A different angle is followed
by IR systems with ‘querying by example’ functionality over
multimedia databases. Here, a user may conduct retrieval
by specifying a data sample [17]. Yet, the respective systems
are highly domain-specific and are not applicable in the
absence of such a sample, as in Example 1.

2.2 A Multi-Modal Query Model
We design a model for multi-modal queries as follows.
Data model. We capture heterogeneous data by a set
of tuples D = {d1, . . . , dn} and a set of attributes
A = {A1, . . . , Am}. Each attribute is considered as a
modality, which defines a set of possible attribute values
Ai = {ti1, ti2, . . .}. Each tuple is defined as a vector
d = (a1, . . . , am) where ai is a subset of Ai. This model
is generic and applicable for various types of data [18].
For instance, a set of relational tables can be flatten into a
single table and domain-specific features, such as the audio
embedding of a song, may also be represented through a
concatenation of features in the tuple vector [19].

Example 2. A song is be modelled as a tuple of (title, album,
lyrics, singer, composer). The song described in Example 1 is
then represented as ({Jenny of Oldstones}, {Game of Thrones},
{winter, etc.}, {Florence}, {Dan Weiss, etc.}).

Query model. A user’s query over multi-modal data is
captured by a set of uni-modal queries Q = {Q1, . . . , Qm}.
Each of them relates to a different modality and specifies a
subset of its domain, Qi ⊆ Ai. With all queries except one
being empty, the model captures the setting of traditional
uni-modal information retrieval. Multi-modal information
retrieval happens, if Q contains at least two non-empty
queries. We denote the set of all values of all modalities
as Ω = ∪A∈A A. Similarly, the set of all queried values is
q = ∪Q∈Q Q, which is a subset of Ω.

Note that, in addition to user-specified queries, this
model also supports the paradigm of ‘querying by example’.
In that case, the queried values are derived directly from a
selected sample of the database.
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album=GoT, lyrics={winter}, = , etc.

Fig. 1. An example of a multi-modal query.

Example 3. The user’s information need in Example 1 can be
captured by a multi-modal query that comprises several uni-modal
queries: Qlyrics = {winter}, Qalbum = {Game of Thrones},
Qsinger = {Florence}, and Qcomposer = {Dan Weiss}.
A user could even provide an audio sample, so that query
Qaudio = {wav -file} would point to an audio file, if available.
Fig. 1 illustrates an example of a multi-modal query.

2.3 Problem Statement
Given the above model, we consider the problem of identi-
fying tuples that are most relevant for a multi-modal query.
Formally, we capture the underlying notion of relevance by
a function f∗ : D × Ω → R that assigns a relevance score
to each tuple r ∈ D and the set of queried values q. Based
thereon, the top-k tuples may be identified in terms of their
relevance to the given query (i.e., the set of queried values).

Let R = (r1, . . . , rk) be a relevance-ordered sequence
of k-tuples, i.e., it holds that ri ∈ D and i < j implies
that f∗(ri, q) ≤ f∗(rj , q). The sequence is referred to as a
top-k result, denoted by R∗ = (r∗1 , . . . , r

∗
k), if for any other

relevance-ordered sequence of k-tuples R′ = (r′1, . . . , r
′
k) it

holds that
k

i=1 f
∗(r′i, q) ≤

k
i=1 f

∗(r∗i , q). We phrase the
problem of identifying a top-k result as follows:

Problem 1 (Multi-Modal Information Retrieval). Given a
multi-modal query Q and a set of tuples D, the problem
of multi-modal information retrieval is to retrieve a top-k
result, i.e., a relevance-ordered sequence of k-tuples R∗ =
(r∗1 , . . . , r

∗
k).

The relevance function f∗ is commonly unknown.
Hence, any IR system will employ its own relevance func-
tion f that aims to approximate f∗. The quality of the em-
ployed relevance assessment may then be quantified based
on some ground truth information, i.e., a top-k result for a
specific multi-modal query. To this end, let R = (r1, . . . , rk)
be a relevance-ordered sequence of k-tuples returned for a
multi-modal query by an IR system that employs a rele-
vance function f . Then, we assess the quality of the result
retrieved through this relevance function by the normalised
discounted cumulative gain [20]:

nDCG(f) =

k
i=1

f(ri,q)
log2(i+1)

k
i=1

f(r∗i ,q)
log2(i+1)

. (1)

Note that nDCG(.) ∈ [0, 1], while a value of 1.0 indicates
perfect result quality.

3 APPROACH OVERVIEW

In this work, we propose an approach for multi-modal
information retrieval that is generally applicable in diverse
domains. In §3.1, we first explain the design principles
for our approach. Then, in §3.2, we discuss several core
concepts and representations, before §3.3 summarises our
overall approach to multi-modal information retrieval.

3.1 Design Principles
A generic approach to multi-modal information retrieval
shall respect the following principles:
(DP1) Domain-independence: An IR approach should unify

the relevance computation of tuples regardless of the
modalities that are considered in a particular domain.
Traditional systems for uni-modal IR learn an em-
bedding for one modality and define relevance based
on a distance between the resulting embeddings [19].
However, the respective embedding model is not appli-
cable for another modality and the choice of a distance
function also depends on the application in question.

(DP2) Fusion-independence: State-of-the-art approaches for
multi-modal IR treat each modality separately, which
requires several passes over the data. Moreover, the
final step of fusing the results of several uni-modal
queries is challenging since the rankings obtained for
different modalities are incomparable [4]. Multi-modal
IR should, therefore, avoid any dependency implied by
the need to fuse the results of different modalities.

(DP3) Embedding-independence: Vectorization of diverse
modalities leads to different embedding spaces, so that
additional reconciliation of vector-spaces is needed [21].
This, however, introduces a potential source of errors,
so that multi-modal IR should not depend on such
reconciliation. Moreover, the chosen embedding tech-
nique shall be invariant to certain transformations of
heterogeneous data, such as rotation and illumination
for images or watermarking and time-scale modifica-
tion for audio and video data [16], [22], [23].

3.2 Core Concepts and Representations
Our approach to multi-modal IR is based on the notion of a
heterogeneous information network, which we summarize
below before turning to the definition of its schema and its
vectorized representation.
Heterogeneous Information Networks (HIN). A HIN is a
undirected graph G = (V,E) with typed nodes V and edges
E ⊆ [V ]2 between them [24], where [V ]2 are all subsets of V
of size two. A type function φ : V → A maps each node to
a modality φ(v). A node represents a value of its assigned
type. Specifically, the value may be a vector of features of its
modality (aka intrinsic characteristics of the node), such as
the audio representation of a song.

Subgraph

Multimodal data

Fig. 2. A HIN.

Song

Lyric

Singer

Composer

Fig. 3. A HIN schema.

Example 4. The construction of a HIN from a multi-modal tuple
is illustrated in Fig. 2. Here, node types include a title, a singer,
lyrics, and an audio representation of a song. The edges capture
the relations between the nodes. For instance, an edge represents
the fact that the respective singer has recorded the song.
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TABLE 1
Overview of important notations.

Notation Explanation

D = {d1, . . . , dn} A multi-modal database of tuples
A = {A1, . . . , Am} A set of modalities
Q = {Q1, . . . , Qm} A multi-modal query: A set of uni-modal queries
Ω = ∪A∈AA All possible values of modalities
q = ∪Q∈QQ The set of queried values
G = (V,E) A heterogeneous information network (HIN)
G = (V, E) A HIN schema

HIN schema. To capture the characteristics of the entities
represented by nodes types in a HIN, a HIN schema specifies
multi-modal constraints by restricting the types of nodes
that can be connected by edges. A HIN schema is a graph
G = (V, E) where V ⊆ A are modalities and E ⊆ [V]2 are
edges between them. A HIN G = (V,E) is an instance of
the HIN schema G, if for all nodes node v ∈ V it holds
that φ(v) ∈ V and for all edges {v1, v2} ∈ E it holds that
{φ(v1),φ(v2)} ∈ E . The definition of a HIN schema is akin
to the indexing of database attributes in IR frameworks [14].

Example 5. For our running example, a HIN schema as shown in
Fig. 3. It comprises four modalities, singer, song, composer, and
lyric. The previous HIN in Fig. 2 is an instance of this schema.

Network embedding. A vectorized representation of a HIN
may be derived by network embedding, which is realized
by an encoder and a decoder [25]. The former is a function
hθ : V → Rd that constructs a d-dimensional vector
(where d ≪ |V |), aka embedding, for the node. The latter
is a function that maps these vectors to domain-specific
quality metrics. In case of a graph-based model, the decoder
is typically a similarity metric that reflects the proximity
of two embeddings in the vector space. The accuracy of
the representation of the proximity between nodes by the
similarity of their embeddings is captured by a loss function,
denoted by L. When learning an embedding model, one
tries to minimize this loss function by finding an optimal
set of parameters for the encoder and decoder.

Table 1 gives an overview of the most important nota-
tions used throughout the paper.

3.3 Multi-Modal IR based on Network Embedding
Using the above concepts and representations, the prob-
lem of multi-modal information retrieval as phrased in
Problem 1 is lifted to HINs. That is, retrieval aims at the
extraction of a top-k result, but not in terms of tuples, but in
terms of nodes of a target modality:

Problem 2 (HIN Information Retrieval). Given a multi-
modal query Q and a HIN G, the problem of HIN in-
formation retrieval with target modality A is to retrieve a
relevance-ordered sequence of k nodes R∗

v = (v∗1 , . . . , v
∗
k)

with φ(vi) = A.

Once the respective nodes have been retrieved by solv-
ing Problem 2, the result for Problem 1 can be derived: For
each retrieved node, a tuple is constructed by concatenating
its value with those of neighbouring nodes in the HIN.

Following the idea to solve the problem of multi-modal
IR through HIN IR, Fig. 4 gives an overview of our ap-
proach. In the first step, tuples are transformed into a

: Query
embedding

Multi-modal Query

Subgraph
Query

Result Point

Heterogeneous Information Network

Multi-modal Database

Query Point

Network
embedding

Multi-modal Vector Space

On
lin

e
Of
fli
ne

Fig. 4. The proposed approach to multi-modal information retrieval.

single HIN to represent their relations and modalities. Based
thereon, a network embedding is constructed for each node
of the HIN. This embedding captures both the intrinsic
characteristics of the nodes as well as their relations in the
HIN. This construction, detailed in §4, is done once and the
results are indexed to speed up retrieval.

Given the queried values of a multi-modal query, we
construct a query embedding in the same space. Such in-
tegration of different modalities at the query level enables
query processing with a single pass over the data. The
embedding of the queried values is explained in §5.

The retrieval of tuples that are relevant to the query
is then grounded in the respective embeddings. Given the
embedding of the query, zq , and the set of embeddings of
nodes of the HIN, Z , we identify the k nodes of the HIN that
have embeddings zv ∈ Z closest to zq , according to some
similarity function s(zq, zv) (e.g., Euclidean similarity).

Turning to the design principles of §3.1, the universal
nature of the HIN model enables us to achieve the required
independence properties: Relevance computation becomes
independent of the modalities and similarity measures em-
ployed in a specific domain (DP1). Moreover, our approach
does not depend on fusion of retrieval results obtained for
separate modalities (DP2). Finally, by constructing query
embeddings in the embedding space of the data, we avoid
the need for potentially erroneous reconciliation (DP3).

4 HETEROGENEOUS NETWORK EMBEDDING

This section introduces our process of embedding a multi-
modal database. We first show how to construct a HIN
from the database (§4.1). Then, we propose a novel model
for network embedding based on message-passing (§4.2),
which is subsequently instantiated to embed the HIN (§4.3).

4.1 HIN Construction
Given a HIN schema, the construction of HIN for a multi-
modal database D is done in a bottom-up manner. First,
for each tuple d ∈ D, we construct a subgraph. The
nodes are the respective attribute values of the tuple, i.e.,
Vd = {ai ∈ d}, and while edges are defined between
all pairs of values for which the HIN schema defines an
edge between the respective attributes. Fig. 2 illustrates this
construction. The subgraphs created for all tuples are then
connected through their shared nodes (of the same type) to
construct the final HIN. Fig. 5 gives an example where three
subgraphs are connected through nodes that represent the
same singer and the same composer.
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Fig. 5. A HIN for music information retrieval (right) is created by merging
shared nodes of different subgraphs of multimodal data tuples (left).

Example 6. Consider two tuples representing songs: ‘Paint it,
Black’ and ‘Sympathy for the Devil’. To construct a HIN, we
derive a subgraph for the first tuple with the respective song node;
a singer node ‘The Rolling Stones’; composer nodes ‘Mick Jagger’
and ‘Keith Richards’; and a lyrics node. The nodes are connected
according to the HIN schema in Fig. 3. Given the subgraph for
the second tuple, the two subgraphs are connected since they share
the compose nodes for ‘Mick Jagger’ and ‘Keith Richards’.

4.2 Network Embedding with Message-Passing

Requirements. A model for network embedding that shall
be applied for HINs should capture the following aspects:

1) Connectivity: Embeddings for nodes shall capture their
relations. Following the homophily principle, the dis-
tance of nodes in the graph should be reflected by the
distance of their embeddings in the embedding space.

2) Node types: The different types of nodes shall be incor-
porated in the embeddings.

3) Node values: The values of nodes, potentially involving
multiple features that capture the nodes’ characteristics,
shall be represented in the embeddings.

A graph convolutional network (GCN). Given the above
requirements, a Graph Convolutional Network (GCN) [26],
[27] provides a starting point for an embedding model. A
GCN directly reflects the connectivity of the original graph
as well as the node values that are given as feature vectors.
A traditional GCN applies a k-hop aggregation, which is a
function that incorporates the values of the neighbourhood
of a node through recursive computation with a predefined
depth k. Here, the initial embedding of the recursion is
given by the node value. If the value is undefined, the
embedding is initialized randomly or through a one-hot
vector of its degree [28].

Yet, a traditional GCN is agnostic to the types of nodes
and k-hop aggregation would always incorporate the com-
plete neighbourhood of a node. Applying such a model to a
HIN would mix up the values of different modalities.
A GCN with message-passing. To overcome this limita-
tion and achieve fine-granular control about the interplay
of neighbouring nodes in the construction of an embed-
ding, we propose a new GCN model based on message-
passing [29], [30]. Each forward pass then includes three
phases, also illustrated in Fig. 6: (i) a sending phase, in which
messages are broadcast to neighbours; (ii) a receiving phase,
in which messages from neighbours are consumed; and (iii)
a updating phase, which updates the embeddings.

Sending: Given a node v at the l-th iteration, we send
a message to its neighbours constructed from its current
embedding z

(l)
v :

m(l)
v→u = M (l)z(l)v

where M (l) is a matrix that differs between iterations.
Receiving: For a node v, the messages received from its

neighbours are aggregated into a community embedding:

z
(l)
N(v) = aggl({m(l)

u→v, ∀ u ∈ N(v)})

where aggl is an aggregation function and N(v) is the set
of neighbours of v. Informally, the community embedding
zN(v) reflects how node v is related to its neighbours.

Updating: For a node v, a new embedding z
(l+1)
v is

computed based on its current embedding z
(l)
v and its

community embedding zlN(v):

z(l+1)
v = combinel(z

(l)
N(v), z

(l)
v )

where combinel is a vector aggregation function that bal-
ances the intrinsic characteristics of a node and the influence
of its neighbours.

Functions aggl and combinel are parametrized and in
each iteration, we may use a different function. In a tra-
ditional GCN, the aggregation is commonly defined as
a component-wise maximum of the neighbouring embed-
dings after applying some linear transformation [28]:

aggl({m
(l)
u , ∀ u ∈ N(v)}) = max({σ(W (l)

aggm
(l)
u + b(l)), ∀ u ∈ N(v)})

Function combinel is typically a simple concatenation of the
neighbourhood embedding zlN(v) and the current embed-

ding z
(l)
v ), before applying some non-linear transformation:

combinel(z
(l)
N(v), z

(l)
v ) = σ(W

(l)
concatconcat(z

(l)
N(v), z

(l)
v ))

In this setting, M (l),W
(l)
agg, b(l),W

(l)
concat are the parameters

of the GCN that need to be learned.

4.3 HIN Embedding
The above GCN with message-passing mechanism enables
us to incorporate types of nodes in the construction of
embeddings, as required for HINs. To this end, we provide
an instantiation of the above model, which we refer to as a
heterogeneous GCN, or h-GCN for short.

h-GCN. The model adapts the message-passing procedure
and incorporates node types (i.e., the modalities of the HIN)
in the sending and receiving phases.

Sending: The sent message now depends on the type s =
φ(v) of the sending node v and the type t = φ(u) of the
receiving node u:

m(l)
v→u = M

(l)
s,tz

(l)
v (2)

where M
(l)
s,t is a separate matrix for each pair of types (s, t).

Receiving: Instead of using the maximum as an aggrega-
tion function, we sum up the messages from neighbours of
a node v to avoid the loss of modality information.

aggl({m(l)
u→v, ∀u ∈ N(v)}) =



u∈N(v)

σ(W (l)
aggm

(l)
u→v + b(l))

(3)
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6

Fig. 6. GCN with message-passing. Fig. 7. From a multi-modal query to a graph model to a unified embedding.

The idea being that neighbouring nodes potentially belong
to different modalities, so that the sum retains information
about all of them. An aggregation based on the maximum,
as in a traditional GCN, in turn, would only keep the
information of one modality. Moreover, it is known that an
aggregation based on the maximum, in some cases, cannot
distinguish between two different neighbourhoods [31].

Algorithm. We describe the procedure to embed a HIN
with a h-GCN in Alg. 1. The algorithm corresponds to the
forward pass in a deep learning setting, in which the pa-
rameters of the h-GCN (M

(l)
s,t ,W

(l)
agg , b(l),W

(l)
concat) have al-

ready been derived. Initially, these parameters are assigned
randomly, while, later, they are learned gradually using
Stochastic Gradient Descent (SGD), taking into account a
loss function.

Algorithm 1: HIN embedding with h-GCN.
input : HIN G = (V,E); input features {xv, ∀ v ∈ V };

number of iteration L; weights M
(l)
s,t,W

(l)
agg , b

(l),W
(l)
concat

output: Embedding zv for all nodes v ∈ V

1 z0
v ← xv , ∀ v ∈ V ;

2 for l = 1 . . . L do
3 for v ∈ V do

// Sending

4 for u ∈ N(v) do m(l)
v→u = M

(l)

φ(v),φ(u)
z(l)
v ;

// Receiving
5 I(l)

v = {m(l)
u→v, ∀u ∈ N(v)};

6 z
(l)

N(v)
=


m

(l)
u→v∈I

(l)
v

σ(W (l)
aggm

(l)
u→v + b(l));

// Updating

7 z(l+1)
v = σ(W

(l)
concatconcat(z

(l)

N(v)
, z(l)

v ));

8 return {zL
v , ∀ v ∈ V }

Alg. 1 starts by assigning an embedding to each node
based on the node’s features. Then, in each iteration l,
the following steps are performed for each node: sending,
receiving, and updating. For each node v in the HIN, a
message is sent to its neighbour u (line 4). The message is
constructed based on the node types φ(v) and φ(u). In the
receiving step, given the messages that a node v received
from its neighbours I

(l)
v , the function aggl is applied to

obtain the community embedding of node v, i.e., z
(l)
N(v)

(lines 5-6). In the updating step, the new embedding of v at
iteration l+1 is obtained by applying the function combinel
to the community embedding z

(l)
N(v) and its embedding of

the previous iteration z
(l)
v . Finally, after L iterations, we

return the obtained embeddings (line 8).

Parameter Learning. We learn the model parameters, i.e.,
the message matrix M and parameters of functions agg and
combine, using SGD over the following loss function:

L(zv) = − log(σ(zTv zu))−Q.Eun∼Pn(v) log(σ(−zTv zun)) (4)

This loss function minimizes (maximizes) the distance
between embeddings of nodes that are close (distant) in the
original HIN. Here, the exact definition of which nodes are
deemed close and distant depends on a chosen notion of
proximity (e.g., 1-hop or 2-hop). That is, Pn(v) is a sam-
pling function to select distant nodes (since their number is
commonly much larger than the number of close nodes) and
Q is the number of samples.

5 EMBEDDING MULTI-MODAL QUERIES

In this section, we show how to embed a multi-modal query,
in the same space as the embedding of the HIN. Below, we
first discuss how to transform a multi-modal query into
a subgraph query (§5.1), before turning to its embedding
(§5.2) and the question of how to learn the parameters for
the embedding model (§5.3).

5.1 From Multi-modal Queries to Subgraph Queries
Recall that a multi-modal query is represented by a set
of queried values q ⊆ Ω (see §2.2). Since a database is
modelled using a HIN G = {V,E}, a query q corresponds to
a subgraph of G with a set of nodes q ⊂ V . Also, according
to Problem 2, each query q is associated with a modality
(type) of interest t ∈ A, denoted by a query subscript, qt.
Hence, the result for a query qt is a set of nodes of type t.

Example 7. Fig. 7 illustrates a query of a user looking for a
song by specifying information on two singers, keywords in the
lyrics, and a composer. In a first step, this query is converted into
a subgraph.

5.2 Multi-modal Query Embedding
To facilitate retrieval, an embedding of a query q needs to be
in the same space as the embedding of the database, i.e., the
HIN. In addition, the query embedding must be constructed
based on all information available. Since q is a set of queried
values and each value is captured by a node (q ⊂ V )
for which an embedding is available already, the problem
becomes the combination of embeddings of queried values
to represent the whole query.
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A straight-forward approach to query embedding is to
take the average over the respective embeddings of nodes.
That is, the embedding of q, denoted by zq , is computed as
zq = (1/|{v ∈ q}|)


v∈q zv . By computing a linear combi-

nation of node embeddings, the resulting query embedding
is in the same space as the HIN embedding. However, this
approach neglects the multi-modal nature of the query, since
the types of queried values are not distinguished. Below, we
address this shortcoming.

Multi-modal space mapping. To incorporate the different
types of queried values, we adopt the following view when
constructing a query embedding: The nodes of each type
are mapped into an embedding space that is specific to that
type. For instance, we cannot expect the representation of
a singer to be in the same space as the representation of a
song title. However, the embeddings of a set of singers will
be in the same space.

Adopting this view, we construct the embedding for a
query qt by mapping the embeddings of the queried values
(and, thus nodes) of all types to the embedding space of t,
the type of interest. Subsequently, the mapped embeddings
are combined to obtain the unified embedding for the whole
query. To this end, we define two embedding operators,
which, following [32], are referred to as mapping P and
combination C of the embeddings of nodes in the query.
While operator P maps an embedding from one space for a
type to another one, operator C combines information from
several embeddings in the space of a single type.

Mapping operator: The mapping operator P takes as input
an embedding zv of a node v of type s and a destination
type t. It returns a new embedding z′v , i.e., z′v = P (zv, s, t).
The new embedding z′v can be considered as the embedding
of v in the space of type t. Formally, P is defined as:

z′ = M(z, s, t) = Ms,tz (5)

where Ms,t ∈ Rd×d is a mapping matrix from type s to t.
The matrix Ms,t needs to be learned during a training phase.

Combination operator: This operator combines different
embeddings in the same space. As there is no ordering of the
queried values (i.e., the nodes) in query qt, the operator shall
be invariant to input permutation. For a set of embeddings
Z = z1, . . . , zm of type t, it returns an embedding z′:

z′ = C({z1, . . . , zm}) = Mtσ(φ(Z)) (6)

where σ is a non-linear function, such as the Rectified Linear
Unit (ReLU), φ is a permutation-invariant function that can
be applied on set, and Mt is a matrix that is trained for type
t. In its simplest form, the operator is defined with φ being
the summation and Mt as the identity matrix:

z′ = σ(


i

zi).

Algorithm. Given the operators P and C , Alg. 2 captures
the process of constructing an embedding for a query qt.

The algorithm starts with the embedding of each node v
of query qt. It converts the embedding of each node to the
space of type t using the mapping operator (line 3), which
yields a set of mapped embeddings Q (line 4). Finally, we
apply the combination operator C to the set Q to obtain the
query embedding zq (line 5).

Algorithm 2: Construction of a query embedding.
input : Node embeddings {zv}; query qt = {v};

mapping operator M ; combination operator C;
output: embedding for qt : zq

1 Q = ∅;
2 for v ∈ qt do // 1. Mapping step
3 z′

i ← M(zv,φ(v), t);
4 Q ← Q ∪ {z′

i};

5 zq ← C(Q) ; // 2. Combination step
6 return zq ;

Example 8. Taking up Example 7, after obtaining the graph of
the query, the mapping operator converts the singer, lyric, and
composer embeddings to the embedding space of a song, see Fig. 7.
Note that the respective embeddings of the singers, lyric, and
composer are available from the construction of an embedding for
the HIN. Then, the mapped embeddings are combined to obtain
the query embedding.

A major advantage of our framework is its flexibility, as
the training of the query embedding process is independent
of the HIN embedding. Hence, we learn the parameters of
operators P and C using the available HIN embedding.

5.3 Parameter Learning
To learn the parameters of the operators for the query
embedding process, we need to define (i) a loss function
that captures our objective, and (ii) training samples used to
optimize the parameters. From Problem 1, we derive that
training data shall contain pairs of a query and a top-k
result, (q,R∗). This would allow to optimize the parameters
to obtain a retrieval result R for query q, such that R
approximates R∗. However, such training data is commonly
not available and their manual construction is infeasible, as
a large amount of queries would be required.

Generate sample queries. Against this background, we fol-
low a training approach that employs top-1 queries. Such an
approach has the advantage that training is efficient, since
the result for each query is a single node. The generated
sample queries are then used to define our loss function.

Given a type t, we define a training set of top-1 queries
that have as a result a single node of type t. We consider
queries of varying levels of precision based on the number
of neighbouring nodes of the result node that are part of the
query. The most precise queries are defined as follows:

Q
(1)
t = {(q,R)} = {(N(v), (v)), ∀ v ∈ V : φ(v) = t}.

That is, if the query contains all neighbours of a node v, v is
the best retrieval result. We generalize this idea to the set of
queries with ρ-precision. It includes all queries that remove
at most ρ-1 neighbours of a node v, when querying for v.
The set of respective queries is defined recursively:

Q
ρ
t = Q

(ρ−1)
t ∪

{(N ′, (v)), ∀ v ∈ V,N ′ ⊂ N(v) : φ(v) = t ∧ |N(v) \N ′| = ρ− 1}.

Note that, with larger ρ, queries become less precise and
may not have a unique answer any more. As such, relatively
small values should be used for parameter ρ.

Loss function. In our setting of vector-based retrieval, a
query embedding shall be close to the embeddings of
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the queries constructed above. That is, given the training
queries, we expect dist(zq, zv) to be small where q and v is
a pair of a training query and a node of the result of a top-1
query with ρ-precision, whereas the distance shall be large
for all other nodes. We therefore define a loss function based
on triplet loss [33] as follows:

L(zq, z
+, z−) =

1

2
max(0,m+ dist(zq, z

+)− dist(zq, z
−)) (7)

where zq, z
+, z− are the embeddings of the query, a node

of the query result (i.e., a positive sample), and node that
is not part of the query result (i.e., a negative sample),
respectively, and m is a margin. This function is minimal,
when dist(zq, z

−)−dist(zq, z
+) > m, i.e., when the distance

between embeddings of the positive sample and the query
is small, and the distance between the query embedding and
the negative sample is large.

6 EMBEDDING LARGE NETWORKS

Several directions may be followed to scale the construc-
tion of embeddings to large networks. Most prominently,
model parallelism may be employed [34]. However, these
approaches have the drawback that they require a strong
coordination between the parallel processes used for train-
ing, making them not fault-tolerant [35].

In this section, we therefore propose a method for net-
work embedding that parallelizes the learning of parame-
ters. Our approach involves two steps. First, we partition the
HIN into several overlapping subnetworks and embed each
of them separately. Second, we reconcile the embeddings
obtained for different subnetworks since they are defined
over different embedding spaces.

Network partitioning. Before partitioning the HIN, we
first select anchor nodes that are shared among different
subnetworks and serve as the basis for later reconciliation.
We propose to select nodes have a high degree, i.e., they are
well-connected, as anchors. Intuitively, when constructing
the network embedding, these nodes will affect the embed-
dings of many nodes in their neighbourhood. Once anchors
are mapped to the same embedding space, their neighbours
are likely to be in the same embedding space as well.

Once anchor nodes have been selected, we leverage tra-
ditional network partitioning techniques such as hMetis [36]
to split the HIN, excluding anchor nodes, into subnetworks.
Subsequently, the anchor nodes are added again to the
obtained subnetworks.

Reconciliation of subnetwork embeddings. To reconcile
the embeddings obtained per subnetwork, we exploit the
anchor nodes as illustrated in Fig. 8. The anchor nodes will
be assigned different embeddings in different subnetworks,
so that they indicate how the respective embedding spaces
relate to one another.

Consider a partitioning of a given HIN into subnet-
works H1, . . . , Hk, for which we obtained the embeddings
Z1, . . . , Zk for the nodes of the respective subnetworks. We
strive for a mapping of embeddings Z1, Z2, . . . , Zk into a
single embedding space, which, without loss of generality,
is one of the k spaces, denoted by Z0. We propose to learn
a mapping function h(Zi) (e.g., h(Zi) = W × Zi) that takes
a source set of embeddings as input and returns a mapped

Fig. 8. Reconciliation of embeddings.

set of embeddings, such that the embeddings of the anchor
nodes are close in Z0. Our objective can be captured by the
following loss function:

L(h, Zi, Z0, T ) =


v∈T

||h(zi,v)− z0,v||F (8)

where ||.||F is the Frobenius norm, T is the set of anchor
nodes, and zi,v is the embedding of anchor node v in the
embedding space of Zi. The parameters of the mapping
function h(Zi) are trained using SGD to minimize the above
loss function. While the learning is guided solely by the
anchor nodes, the resulting mapping function is able to
map the whole embedding space, i.e., it is applicable to the
embeddings of all nodes of the respective subnetwork.

7 EXPERIMENTAL RESULTS

This section reports on an experimental evaluation of the
proposed framework using a diverse set of real-world and
synthetic datasets. Our experimental setup is discussed in
(§7.1), before the following aspects are evaluated:

• The general efficiency of our approach (§7.2).
• The effectiveness of HIN embedding (§7.3).
• The effectiveness of query embedding (§7.4).
• The efficiency and effectiveness of information retrieval

in comparison to baseline techniques (§7.5).
• The scalability through network partitioning (§7.6).

7.1 Setup

Datasets. We use four real-world datasets from a wide range
of domains, see Table 2.

TABLE 2
Statistics for real-world datasets.

Dataset flickr dbis fma citation

#Nodes 19’471 150’858 244’360 1’511’035
#Edges 105’425 708’502 426’296 2’084’019

Real-world datasets: The flickr dataset includes several
modalities, including images, image groups, terms, and
users [24]. Relations link images and users, images and
terms, and images and groups. The dbis dataset [37] includes
modalities such as papers, authors, venues, and terms in
the research domain of databases and information systems.
Relations link papers and authors, papers and venues, and
papers and terms. The fma dataset [38] contains songs and
related information such as short audio segments, albums,
artists, and genres. We enrich the fma dataset with al-
bum arts, further increasing its heterogeneity. Relations link
songs with the other types, except album arts, which are
linked to albums.
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For each of these datasets, we generate 100 multi-modal
queries of varying sizes, ranging from 1 to 10. The values for
a query are selected using truncated random walks around
a node in the respective HIN. This way, we ensure that
the queries are semantically meaningful. For each set of
queries of the same size, we ensure that the query contains
different modalities (1-3 for flickr/dbis and 2-4 for fma). The
retrieved result is judged by three hired experts, who score
the relevance of top-20 results on a scale of 0 to 5.

For a scalability analysis, we use the citation dataset [39]
with more than 1M nodes. It contains different modalities,
including authors, affiliations, bibliographic metrics, and
research interests. This dataset is intended to evaluate the
efficiency of our approach to network embedding that em-
ploys a partitioning scheme, as proposed in §6.

Synthetic datasets: In addition to the real-world datasets,
we also rely on synthetic data for sensitivity analysis. In par-
ticular, we study the effects of dataset size and the number
of modalities, which includes several control parameters: m,
the number of tuples; α, the HIN density (#tuples/#nodes);
n, the number of nodes; H , the structure of the HIN schema;
l, the heterogeneity degree (#attributes); and δ, the distribu-
tion controlling how many attributes are HIN nodes. We
first generate n nodes and then divide the nodes into l
clusters according to δ. Then, we construct m tuples by
selecting from each attribute a set of nodes according to
a HIN schema. Given the tuples and the schema H , we
can construct the HIN following the process described in
§4. If not stated otherwise, we use the following parameter
configurations: n = 1M , m = 500K , l = 5, δ is a uniform
distribution for l-1 attributes while the last attribute contains
m nodes, and H is a star schema.
Evaluation Metrics. Two main metrics are used:

Runtime: We evaluate efficiency in terms of the retrieval
time needed to answer a multi-modal query, and the train-
ing time required to construct embeddings.

Normalized Discounted Cumulative Gain (nDCG): The ef-
fectiveness is evaluated using nDCG (see also §2.3), a state-
of-the-art IR metric that incorporates the relevance and
ranking position of results.
Hyperparameters. Unless stated otherwise, we use the pa-
rameters suggested in [28] for network embedding. The
learning rate is set to 0.0001 for all experiments. The batch
size for experiments with real-world data is 256, and 16 for
the synthetic data. As for the loss function (Eq. 4), for each
node, we use 50 random walks with a length of 5. All models
use a Rectified Linear Unit as a non-linear function.

Regarding the GCN, we found that by training the node
embeddings at iteration 0 together with the model, we
achieve better results. Following [28], for the aggregation
and combine functions, we use max and concat, respec-
tively. Regarding the query embedding, the margin for the
loss function in Eq. 7 is set to 0.1, as suggested in [33].
Environment. All experiments have been obtained on an
Intel Core i7-6700K server with a NVIDIA GTX 1080Ti
and 32GB RAM. For k-NN search, we leverage nmslib1 for
indexing, which facilitates fast retrieval.

1https://github.com/nmslib/

7.2 General Efficiency

We analyse the general efficiency of our approach in terms
of its runtime, using the synthetic dataset.

Model for query embedding. We assess the training time
needed to learn the parameters for query embedding (see
§5.3), relative to the HIN’s density level and its number of
nodes. Fig. 9 depicts the runtime (in minutes) for different
configurations.

Fig. 9. Training time for the model for query embedding vs. #nodes.

In general, the training time increases linearly with the
number of nodes in the HIN. This is expected as the number
of training queries increases linearly w.r.t the number of
nodes. For example, the training time is 3min when the
network size is 100k, but increases to 79min when the
network size is 1M. On the other hand, the embedding size
has little effect on the training time.

Fig. 10. Training time of the whole framework vs. #node.

End-to-end embedding co-training. We further analyse the
training time of the end-to-end process, incorporating both
models for query and network embedding, see Fig. 10.
The measured training time is higher than solely for the
model for query embedding (Fig. 9), due to a higher overall
number of parameters. Yet, it is significantly lower than
the sum of training times if the models for query and
network embedding are learned separately. For instance,
for a network with 500k nodes, the end-to-end process
for co-training takes around 2h, whereas isolated training
would require 3h for network embedding and 0.5h for query
embedding.

Retrieval time. Finally, we evaluate the time required to
answer a query using our proposed approach, relative to
the query size and the number of nodes in the HIN. Fig. 11
illustrates that, unlike training times, retrieval times are
extremely short. For instance, for a query of size nine and
a network with 1M nodes, retrieval is done in 23ms. Also,
the query size has little effect on the retrieval time. Also,
for common queries of rather small size, there is virtually
no difference in retrieval time. For example, increasing the
query size from three to nine, for a network of 200k nodes,
the retrieval time remains stable at 4ms.

A key observation is that the embedding size does not
affect the retrieval time. The is explained by the fact that we
need to consider solely the relative difference between the
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embeddings. By indexing these differences beforehand, we
remove any effect of the embedding size on retrieval time.
Another observation is that the retrieval time scales linearly
with the network size. This is expected as increasing the
network size also increases the retrieval space.

Fig. 11. Effects of query size on retrieval time.

7.3 Effectiveness of HIN Embedding

Quantitative evaluation. This experiment compares our
embedding model, h-GCN as presented in §4.3, against two
baselines, i.e., traditional GCN [28] and node2vec, in terms
of the normalized Discounted Cumulative Gain (nDCG).
The embedding of a query is generated by averaging the
embeddings of all nodes in the query. Moreover, we employ
the loss function defined in Eq. 4.

Fig. 12. Effectiveness of HIN embedding.

Fig. 12 shows the nDCG (the higher, the better) related to
the query size. Clearly, our model outperforms all baselines
by a large margin. For example, using the dbis dataset, h-
GCN achieves an nDCG of 0.184, which is 11.5× better than
the best baseline, when the query size is five. The worst
results are obtained with node2vec, since it neglects intrinsic
characteristics of nodes.

Fig. 13. Visualization of the embeddings.

Qualitative evaluation. Fig. 13 shows the t-SNE visualiza-
tion of node embeddings for the flickr dataset. It illustrates
three clusters: terms (red), images (blue) and users (light
blue). This confirms our hypothesis that the terms, images,
users belong to different embedding spaces.

7.4 Effectiveness of Query Embedding
To evaluate the effectiveness of our approach to query
embedding, we first construct the network embedding for
the HIN using traditional GCN. Based on the node embed-
dings, we then learn the query embedding following Alg. 2.
Our model is compared with a baseline which computes
the query embedding by averaging the query nodes. The
comparison is performed with different query sizes.

Fig. 14. Comparison of different query embedding methods.

Fig. 14 illustrates that the approach proposed in this
paper outperforms the baseline technique. For the flickr
dataset, the nDCG values are 0.3 and 0.22, respectively,
when the query size is six. Our approach achieves this im-
provement by incorporating the heterogeneous information
available in the query to retrieve more relevant results.

7.5 End-to-end Comparison

Comparison with traditional baselines. We compare our
approach with several traditional retrieval methods, such
as tfidf [40], CCA [3], MSAE [1]. To make tfidf work in a
multi-modal setting, we represent other modalities by their
respective textual descriptions. For CCA and MSAE, which
are cross-modal retrieval methods, we compare the obtained
results with our method by performing retrieval from text
to image on the flickr dataset and text to audio on the fma
dataset. For the dbis dataset, CCA is ignored as it does
not support text-to-text retrieval. We further vary the query
heterogeneity, i.e., the number of considered modalities.

TABLE 3
Comparison with baselines in terms of nDCG.

Dataset flickr dbis fma

Query
hetero. 1 2 3 1 2 3 2 3 4

tfidf 0.36 0.37 0.35 0.47 0.45 0.49 0.42 0.47 0.52
cca 0.42 0.45 0.44 N/A N/A N/A 0.52 0.54 0.57
msae 0.52 0.51 0.55 0.36 0.37 0.33 0.57 0.62 N/A
Ours 0.55 0.63 0.87 0.41 0.77 0.93 0.83 0.84 0.87

Table 3 shows that our method generally outperforms
the baseline techniques. It achieves an nDCG value of 0.63,
whereas CCA reaches 0.45, MSAE reaches 0.31, and tf-idf
reaches 0.37 on the flickr dataset with a query heterogeneity
of two. Our technique yields better results than CCA and
MSAE, since these techniques handle image/audio/text
as separate modalities. Both of them try to map different
modalities to a pair of embeddings that are close. Yet, the
embeddings for different modalities are learned separately,
so that relations between them are not directly captured.

Also, as the query becomes more heterogeneous, the dif-
ferences between our approach and the baseline techniques
becomes larger. This is due to the baselines not leveraging
the query heterogeneity in their models.
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Moreover, tfidf yields the best results for the dbis dataset
with a query heterogeneity of one, since tfidf is optimized
for text-to-text retrieval. Yet, our method performs better
than tfidf when the query becomes more heterogeneous.

Comparison with multi-pass retrieval. Next, we compare
our approach that requires only a single pass over the data
with baseline techniques that combine the results from sev-
eral passes over the data, one per queried modality. Specifi-
cally, we use the tfidf baseline to retrieve results using each
attribute separately and then combine their rankings. We
also construct another baseline based on tfidf, which com-
putes the representation for each attribute separately and
generates the query embedding by averaging the attribute
representations. The two baselines represent early and late
fusion approaches in heterogeneous retrieval, respectively.

The effectiveness and efficiency of the considered ap-
proaches is visualised in Fig. 15. Here, our technique clearly
dominates in terms of retrieval quality. While all techniques
have a similar retrieval time for a query heterogeneity of
one, our technique is able to retrieve answers faster than
fusion-based approaches for heterogeneous queries. This
trend stems from late fusion requiring several passes over
the data, while early fusion requires several passes over the
query to construct the embedding.

7.6 Scalability through Network Partitioning
Finally, we evaluate the efficiency of our approach to em-
bedding through network partitioning, as introduced in §6.
Measuring the end-to-end training time, we explore the
influence of the #nodes and #subnetworks. We keep the
density level α = 0.1 and the embedding size at 32. Instead
of training all subnetworks in a parallel manner, we train the
subnetworks in a sequential manner and report the average
training time for all subnetworks.

In Fig. 16, increasing the network size, the training time
increases. However, this trend is much less pronounced
when using multiple subnetworks. For instance, with four
subnetworks, the training time is only 30min, instead of 2h
in the sequential case (network with 1M nodes). We also
evaluate the scalability of our approach when applied to
the citation dataset using five subnetworks. We observe that
the training time is extremely short, around 40min, for an
embedding size of 32. This shows that our method is able to
handle large networks.

Concerning the effectiveness, we observe a slight de-
crease in the quality of retrieval results when increasing the
number of subnetworks. That is, without network partition-
ing, we obtain an nDCG value of 0.874 for the flickr dataset.
With four subnetworks, this value is reduced to 0.827. The
reason for this effect are neglected connections between
the subnetworks. However, the reduction in effectiveness
is relatively moderate.

8 RELATED WORK

Heterogeneous information network. The notion of a HIN
was first proposed in [24], for the setting of similarity
search. Since then, HINs have been used in various appli-
cations [13], [14], such as clustering [41], [42], link predic-
tion [43], or recommendation [44]. In these applications, a

HIN enables to capture complex relations between data tu-
ples, so that meta-paths are used to define tuple similarity, as
required for classification, clustering, and recommendation.

Our approach is the first to apply a HIN in an in-
formation retrieval setting [14]. Unlike the aforementioned
techniques that are based on an assessment of meta-paths,
we follow the paradigm of representation learning. That is,
we represent the nodes of a HIN as embeddings in order to
facilitate retrieval. The universal nature of our HIN model
enables us to apply it for diverse retrieval settings that
involve multiple modalities.

Multi-modal information retrieval. Multi-modal IR sys-
tems can process homogeneous queries or heterogeneous
queries. While systems to support homogeneous queries
are easier to implement and have been employed in first-
generation commercial applications [2], [1], heterogeneous
queries become more popular due to extending information
needs of users. Yet, systems designed for homogeneous
queries cannot directly handle heterogeneous data. It was
therefore suggested to create a common representation of
heterogeneous data [2], [45], [3], before transforming a ho-
mogeneous query to this common space and determining
the relevant results via nearest-neighbour search.

To provide more direct support for querying hetero-
geneous data, cross-modal retrieval systems, such as [3],
[6], have been proposed. Here, a query is specified in
one modality, while the retrieved results are captured in
another modality. Most of the existing systems focus on two
modalities, though: images and texts. Such models cannot
be extended for more than two modalities easily.

Moreover, systems that support queries with multiple
modalities have been proposed [46], [3], [6]. These sys-
tems answer a multi-modal query through a combination
of several uni-modal queries. Some systems perform late
fusion [7], [8], [9] by solving querying each modality sep-
arately and then merge the respective results. For instance,
in [7], results for images and texts are obtained separately
and then combined. Due to the need to pass over the data
multiple times, these systems show performance issues.
Other systems employ early fusion [10], [11], [12], which
computes different representations for the modalities and
embeds the multi-modal queries into these vector spaces.
While this avoids multiple passes over the data, the repre-
sentation ignores the relations between modalities, thereby
breaking the semantic structure of the data. As a conse-
quence, features of retrieved elements may not belong to
the same data entity. Going beyond the state-of-the-art, we
process multi-modal queries with a single pass over the
data, while incorporating the relations between modalities.

Network embedding. Representation learning for a net-
work constructs a vector model of the nodes, such that
the node representations reflect the network structure [47],
[25]. Approaches for network embedding are distinguished
based on how the network structure is incorporated. Shal-
low encoders [48], [49] compute for each node a unique
embedding directly. They are typically fast to train and can
be used without initial node features. Deep encoders [28]
compute a node embedding based on its neighbourhood.

While our network embedding can be seen as a deep
encoder, it differs from traditional approaches as we also
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Fig. 15. Our technique for one pass retrieval vs techniques for multi-pass retrieval.

Fig. 16. The effect of network partitioning on the training time.

capture the heterogeneity of the nodes in the embeddings.
Closest to our work is the HIN embedding proposed in [50].
However, this approach is limited in various aspects: It does
not support multiple queries, neglects the transformation
from multi-modal data to a HIN, and does not scale to large
networks. The approach presented in this article overcomes
these limitations.

Turning to the specifics of representing the network
structure, most approaches are based on a random walk
to capture a node’s neighbourhood [48], [49]. Two nodes
are considered to be close, if one occurs on the random
walk from the other one. Network embedding based on
random walks can be considered as an application of word
embeddings for graphs. Other approaches to capture the
network structure consider two nodes to be similar, if their
neighbourhoods are highly overlapping [51], [52], which is
commonly referred to as second-order node similarity. Yet,
all these approaches target a different use case compared
to the one addressed here: We do not aim to preserve the
network structure, but strive for a network embedding that
is suitable for multi-modal information retrieval.

9 CONCLUSIONS

In this paper, we presented a new direction for multi-
modal IR that relies on an embedding of a heterogeneous
information network. Such a HIN enables us to capture
the rich semantics of both, multi-modal data and queries.
Based thereon, we proposed a novel network embedding
model to obtain a vectorized representation of a HIN and a
technique to construct a query embedding based on the HIN
embedding through mapping and combination operators.
As a result, we obtain embeddings that are defined over
the same space to achieve accurate relevance assessment.
We further introduced a network partitioning scheme to
increase the scalability of the network embedding. Our
experimental results for real-world and synthetic datasets
illustrate the efficiency and effectiveness of our approach.

In future work, we will explore the dynamic evolution
of a network to enable the retrieval of data that has not
been considered in the training phase. This way, we aim at
support for applications based on streaming data.
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