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Abstract—Diversifying return results is an important research
topic in retrieval systems in order to satisfy both the various
interests of customers and the equal market exposure of providers.
There has been growing attention on diversity-aware research
during recent years, accompanied by a proliferation of literature
on methods to promote diversity in search and recommendation.
However, diversity-aware studies in retrieval systems lack a sys-
tematic organization and are rather fragmented. In this survey,
we are the first to propose a unified taxonomy for classifying
the metrics and approaches of diversification in both search and
recommendation, which are two of the most extensively researched
fields of retrieval systems. We begin the survey with a brief discus-
sion of why diversity is important in retrieval systems, followed
by a summary of the various diversity concerns in search and
recommendation, highlighting their relationship and differences.
For the survey’s main body, we present a unified taxonomy of
diversification metrics and approaches in retrieval systems, from
both the search and recommendation perspectives. In the later part
of the survey, we discuss the open research questions of diversity-
aware research in search and recommendation in an effort to
inspire future innovations and encourage the implementation of
diversity in real-world systems.

Index Terms—Diversification, recommendation systems, search
systems.

I. INTRODUCTION

ITH the ever-growing volume of online information,
Wusers can easily access an increasingly vast number
of online products and services. To alleviate information over-
load and expedite the acquisition of information, information
retrieval systems have emerged and begun to play important
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roles in modern society. Search and recommendation are two
of the most important applications of retrieval systems; both
can be viewed as ranking systems that output an ordered list.
Search systems aim to retrieve relevant entities with respect
to the information need(s) behind a query launched by users
from a collection of resources. Recommendation systems utilize
the user-item interaction history to predict personalized user
interests, hence recommending potentially satisfactory items to
users.

For a long time, relevance dominates the research in both
search and recommendation, where the key is to measure if
the system is able to retrieve those items that are regarded as
“relevant” given part of the ground truth labels [1], [2], [3]. Al-
though these systems are able to retrieve or recommend the most
relevant items, they may jeopardize the utilities of stakeholders
in the system. Take the recommendation scenario as an example,
systems with only high relevance have potential harms for both
sides of the two most critical stakeholders: customers (the user
side) and providers (the item side). Customers generally suffer
from the redundancy issue that recommends redundant or very
similar items, which may cause “filter bubble” [4] and harm the
customers’ satisfaction in the long term. For instance, a movie
recommendation system keeping recommending Marvel action
movies to a customer who once clicked “The Batman” may
block out the opportunity for her from observing other genres
of movies. This does not necessarily indicate the customer
only likes Marvel action movies. It is highly possible that the
customer has various interests but the recommender never ex-
plores other choices, thus jeopardizing the customer’s long-term
user experience. Providers generally suffer from the exposure
unfairness due to the “super-star” [5] economy phenomenon
where a very small number of most popular items and providers
take up an extremely large proportion of exposure to customers.
Such unfairness may make those new-coming or less popular
providers feel disappointed in attracting customers and finally
quit the platforms. Once only several most popular providers
remain, monopoly is highly possible, harming a healthy mar-
ketplace and society.

From the perspective of search which is less concerned with
personalization compared to recommendation, similar limita-
tions occur when merely focusing on relevance. Assuming there
is an image search system, it will always retrieve images for
“jaguar vehicles” when the query “jaguar” is entered. Although
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it cannot be disputed that the output of this search system is
significantly relevant to the input query, it cannot be considered
ideal because the query “jaguar” has additional meanings, such
as “jaguar as an animal”, which are never retrieved. Customers
can be dissatisfied with the system for the inability to obtain
the various desired information. On the other hand, the system
may also suffer from the similar exposure unfairness described
in the recommendation scenario for providers who offer jaguar
animal pictures. This is another example in the field of search
that demonstrates how a singular focus on relevance can have
negative effects on numerous stakeholders in a system.

Thus, in recent years, many criteria other than relevance have
gained tremendous attention in information retrieval systems,
and diversity is one of the paramount. It has been recognized
that diversified search and recommendation can not only in-
crease the likelihood of satisfying various needs of customers
in both the short term and long term, but also assist to increase
item exposure, especially for those less popular providers [6],
[7]. Considering the critical role of diversity in maintaining a
satisfactory and healthy information retrieval marketplace, we
hereby offer a comprehensive review of definitions, metrics, and
techniques of diversity studied in search and recommendation.

Necessity of this Survey: Although many papers have been
published on this topic recently, to the best of our knowledge,
none of them has provided an unified picture of diversity in
both search and recommendation, as well as the corresponding
diversity metrics and techniques. We find that the usage of the
terminology “diversity” in recent works is usually inconsistent
across papers, without a clear claim as to which diversity per-
spective is emphasized. In addition, some studies lacked an
explanation of why they chose particular diversity criteria for
measurement. Given the growing awareness of the importance
of diversity and the rapid development of diversity techniques
in both search and recommendation, we believe our survey
can provide a comprehensive summary and organization of the
diversity concerns in these fields and offer future researchers a
better comprehension of the current state-of-the-art and open-
ness problems on this topic.

Difference with Existing Surveys: A number of surveys in
search and recommendation have been published recently, fo-
cusing on different perspectives. For instance, in the field of
search, Azad and Deepak [8] review the Query Expansion (QE)
techniques and Azzopardi [9] summarizes the usage of cognitive
bias. In the field of recommendation, Huang et al. [10] provide a
summary on privacy protection in recommendation systems and
Chen et al. [11] focus on bias and debias techniques. Some other
well-cited surveys focus on more general problems in search and
recommendation, such as [12] and [13]. However, the perspec-
tive of diversity has not been well reviewed in existing search and
recommendation surveys. To the best of our knowledge, there
exist several surveys on the diversity in recommendation [6],
[14], [15], but they do not systematically organize the diversity
concerns in both search and recommendation, and the contents
are not comprehensive or up-to-date. To offer a comprehensive
review of this topic, we make the following contributions in this
survey:
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e Collecting the latest works and summarizing the types,
metrics, and techniques of diversity in both search and rec-
ommendation systematically under a unified organization.

® Conducting a detailed analysis and presenting a taxonomy
of existing diversity techniques, as well as discussing their
strengths and drawbacks.

e Recognizing open research problems and discussing future
directions to inspire more research on diversity in search
and recommendation.

Papers Collection: We collect over 100 papers that analyze
the diversity issues or propose novel techniques in search and
recommendation. We first search the related top-tier conferences
and journals to find related work, including KDD, NeurIPS,
CIKM, RecSys, ICDM, AAAI, WSDM, The WebConf, SI-
GIR, SIGMOD, TKDD, TKDE, TOIS, etc., with the keywords
“search”, “recommendation”, “ranking” or “retrieval” combined
with “diversity”, “serendipity” or “coverage” till 2022. We then
traverse the citation graph of the identified papers, retaining the
papers that focus on diversity. Fig. 1 illustrates the statistics of
collected papers with the publication time and venue.

Survey Audience and Organization: This survey is useful for
researchers who are new to diversity problems and are looking
for a guide to quickly enter this field, as well as those who wish
to stay abreast of the most recent diversity strategies in search
and recommendation.

The rest of the survey is organized as follows:

e In Sections II and III, we summarize the categories and

concerns of diversity in search and recommendation.

¢ In Section IV, we provide the background and preliminar-
ies on search and recommendation systems, followed by
listing the notations we used in this survey.

e In Section V, we review the metrics of diversity generally
used in search and recommendation, and systematically
categorize them using a unified taxonomy.

e In Sections VI and VII, we review the approaches for
enhancing diversity in search and recommendation, from
both the offline and online perspectives.

e In Section VIII, we discuss the applicability of diversity
metrics and approaches to various models.

e In Section IX, we summarize the openness and future
directions.

II. DIVERSITY IN SEARCH

Diversifying search results has received attention since the
end of last century, where one of the earliest works is Max-
imal Marginal Relevance (MMR) proposed by Carbonell and
Goldstein [16] in 1998. Later, Clarke et al. [17] present a
framework that systematically rewards novelty and diversity
for measuring information retrieval systems, which promotes
a series of works on diversity measurement and improvement in
search. As summarized by Radlinski et al. [ 18] in the 2009 SIGIR
Forum, diversity in search can be generally categorized into two
classes based on whether the diversity is treated as uncertainty
about the information need, or part of the information need.
These two concerns are named as (i) extrinsic diversity and
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Fig. 2. Diversity in search and recommendation. Pink boxes indicate that they were originally proposed and generally used in search, while blue boxes indicate

that they are generally used in the recommendation.

(i) intrinsic diversity respectively, which are demonstrated as
follows.

A. Extrinsic Diversity

Extrinsic diversity is related to the situation where uncertainty
occurs in search, which can be further divided into the ambiguity
of the query meaning and the variability of the user intent [18].
Generally, these two uncertainties co-occur in a search, as with
the query “jaguar”. In other cases, even if there is no ambiguity
in the query, the user intents may still contain variability. For
instance, considering a query “BioNTech, Pfizer vaccine”, a
patient may seek more information on the vaccination’s effect,
whereas a doctor may be more concerned with the pharmaceu-
tical ingredients and an entrepreneur may be more interested in
the company operations of BioNTech. The greater the ability of
search results to encompass various query meanings and satisfy
multiple user intents, the greater the extrinsic diversity.

B. Intrinsic Diversity

Different from extrinsic diversity which treats diversity as
uncertainty about the information need, intrinsic diversity treats
diversity as part of the information need itself, even given a single

well-defined intent. Under this definition, intrinsic diversity
can be comprehended as the need for avoiding redundancy in
the result lists, which is comparable to the novelty definition
by Clarke et al. [17]. The motivation for intrinsic diversity is
intuitive: presuming the input query is “jaguar as an animal”
with little ambiguity, users may anticipate the search results
to contain images of different jaguars from diverse views and
angles, rather than the same jaguar with the same view. As such,
the less redundancy in the search results, the greater the intrinsic
diversity.

To clarify the distinction between extrinsic diversity and
intrinsic diversity, the former is a response to a scenario with
various search intents, whereas the latter is a response to a
scenario with a single search purpose. In real-world cases, both
diversity concerns are significant in search and can be measured
in a hierarchical and joint way. For instance, a search system
may be expected to satisfy various information needs for diverse
search intents, while avoiding redundancy for each specific one.

III. DIVERSITY IN RECOMMENDATION

As one of the most significant applications of information
retrieval, the diversity in recommendation systems has also been
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explored. Although the definition of diversity in search is also
applicable in the field of recommendation, researchers study the
diversity in this field from other perspectives. There are generally
two categories of diversity in recommendation across different
works: (1) individual-level diversity and (ii) system-level (ag-
gregated) diversity. Each diversity concern is relevant to one of
the two most significant stakeholders: customers and providers,
which represent the user side and the item side, respectively.
The individual-level diversity is relevant to the satisfaction of
customers, while the system-level diversity is relevant to the
fairness of providers. In this section, we offer a review and
comparison of these two diversity concerns in recommendation
systems.

A. Individual-Level Diversity

The customer is one of the two most significant stakeholders in
recommendation systems, whose satisfaction can be influenced
by not only the recommendation relevance but also the diversity,
serendipity, novelty, etc. Therefore, one category of diversity
in the recommendation, individual-level diversity, puts the cus-
tomer at the core and is intended to quantify the degree to which
recommended items are unique to each individual customer. As a
result, the recommendation list for each individual is considered
separately. From another perspective, individual-level diversity
focuses on the problem of how to avoid recommending redun-
dant (but still relevant) items to a customer given the previous
recommendation list. Thus, a higher degree of individual-level
diversity can provide customers with the opportunity to view
more novel items, thereby satisfying diverse demands and facil-
itating the exploration of various interests.

B. System-Level Diversity

Rather than focusing on the redundancy of recommended
items to each customer, system-level diversity reflects the ability
of the entire system to recommend those less popular or hard-to-
find items. Under this category, all customers are aggregated all
together at a system level and the diversity measures the dissim-
ilarity among all the recommended items the entire system had
made. A high degree of system-level diversity now indicates that
the system can recommend a wide range of items rather than only
those bestsellers or popular items, and is especially beneficial
to those minority provider groups. In other words, system-level
diversity is relevant to exposure fairness among providers, which
is important for maintaining a healthy marketplace.

It is worth noting that individual-level diversity and system-
level diversity address two distinct concerns with little overlap.
System-level diversity is not a simple average of individual-level
diversity across all customers. It is conceivable for a system
to have a high degree of individual-level diversity but a low
degree of system-level diversity, and vice versa. For example, if
the system recommends to all users the same five best-selling
items that are not similar to each other, the recommendation
list for each user is diverse (i.e., high individual-level diversity),
but only five distinct items are recommended to all users and
purchased by them (i.e., resulting in low system-level diversity
or high sales concentration). In the other case, if the system
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Fig. 3. Toy example to show that the individual-level diversity and system-
level diversity in the recommendation are different concerns with little overlap.
In this illustration, different shapes refer to different categories. Consider a top-3
recommendation and assume that there is an extremely large number of users
and items in the system (the same as the real-world scenarios). In case 1, the
system recommends the same 3 categories of items to each user; in case 2, the
system always recommends a unique category of items to each unique user.
Therefore, in case 1, the individual-level diversity is high and the system-level
diversity is low, while in case 2, the individual-level diversity is low and the
system-level diversity is high.

TABLE I
DESCRIPTION OF NOTATIONS

Notation  Description

Uu,D The set of all users and items

Du The set of interacted items of user u

u,d An individual user / item

€] Learnable embeddings of users, items, and subtopics (if applicable)
M The interaction matrix between users and items

o A ranking list of items

ot The list of items from position i to position j extracted from o
o~ 1(d) The ranking position of item d in o

ng The total number of subtopics (categories)

S(d) The set of subtopics covered by item d

ck The number of items covering subtopic s in list [

e; The exposure of item d; in the entire system

o(d|u) The score of item d with respect to user u
p(s|u) The user u’s interest in subtopic s
p(d|s) The relatedness of items d to subtopic s

recommends the same and unique category of items to each user,
then the individual-level diversity is low, while the system-level
diversity can be high. A toy example is provided in Fig. 3.

IV. NOTATIONS

The notations we used in this paper are shown in Table 1.

V. METRICS OF DIVERSITY IN SEARCH AND
RECOMMENDATION

Although many diversity metrics were proposed separately
in either the field of search or recommendation, they can ac-
tually be applied interchangeably in both fields, since they all
commonly aim to measure the dissimilarity and non-redundancy
among a list of items. Coming up with a unified classification
rationale for diversity metrics is necessary but not easy since
diversity can be measured from multiple perspectives in search
and recommendation. For example, some [19], [20] adopt the
dissimilarity to define diversity and use the Intra-List Average
Distance (ILAD) to measure diversity. Others [17], [21] consider
the item position and relatedness to different subtopics to deter-
mine the diversity of the recommendation list and use «-NDCG
to measure diversity. Some other researchers [22], [23] define
diversity in a way where the relevance also being inherently
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used in recommendation.
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Fig. 5.

Diversity approaches in search and recommendation, from both offline and online perspectives. Approaches in blue boxes indicate that they are generally

used in recommendation, the pink box indicates it is generally used in search, while those in yellow boxes are equally widely used in search and recommendation.

considered. For instance, Agrawal et al. [22] state the problem
of result diversification as: “Suppose users only consider the
top k returned results of a search engine. Our objective is to
maximize the probability that the average user finds at least one
useful result within the top k results”. The word “useful’ here is
related to relevance inherently. The diversity metrics Agrawal et
al. [22] later defined (i.e., the Intent-aware family (IA-family)
of metrics) are also related to relevance themselves, since the
metrics have captured user preference on recommended items
based on the user intents.

In this survey, motivated by prior analysis and studies [14],
[23], [24], we summarize the metrics of diversity in both fields
under one unified taxonomy as follows. We first categorize

diversity metrics into two classes based on whether the relevance
of items' to the user (query) is taken into consideration: (i)
Relevance-oblivious Diversity Metrics and (ii) Relevance-
aware Diversity Metrics. We further classify these metrics into
sub-classes in a more fine-grained manner. A summary table
is maintained to highlight the applicability of all these metrics
in either search, recommendation, or both. These metrics and
corresponding works are summarized in Table II.

ITo clarify, the term “item” in the rest of this paper can refer to both “enti-
ties retrieved from search systems” and “goods displayed by recommendation
systems”.
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TABLE II
LOOKUP TABLE FOR THE PUBLICATIONS PROPOSING OR USING DIFFERENT DIVERSITY METRICS IN SEARCH AND RECOMMENDATION

Diversity Metrics Related Work
Cosine Diversity Distance [;g’ gg’ ;13/ gg’ gg’ 27,28,29, 30,31, 32]
Distance-based - - - [33, 34, 35, 36, 37]
Jaccard Diversity Distance [38, 39]
Gower Diversity Distance [40]
P-Coverage [35,41, 42,43, 44, 45, 46]
.. g C-Coverage [37,41, 42,47, 48, 49]
Rglie:inicte-?\l/)[h;lious Rank-unaware SCoverage [21. 31,4250, 51]
erstty Metries Coverage-based E-Coverage [52, 53]
S-RR@100% [54]
Rank-aware S-Recall@K [37,54, 55, 56, 57]
S-Precision@K | [54]
. SD Index [50, 58]
Social Welfare Gt Tndex [49. 59, 60, 61]
0-nDCG@K [:13;, é;, 24;, 50, 55, 56, 62, 63, 64, 65, 66]
Novelty-based [37,57, 671
Relevance-aware NRBP [55, 57, 66, 67]
Diversity Metrics nDCU@K [68, 69]
TA-family M-TA [22, 34, 55, 56, 57, 63, 64, 65, 66, 67, 70]
D-family D-M, D#M [56,70,71,72,73, 74]
A. Relevance-Oblivious Diversity Metrics ILMLD = min dis;;. 3)
d;.djco,i%j,

The relevance-oblivious metrics do not take the relevance
between items and user (query) into consideration, while merely
focus on the diversity measurement of a ranking list itself.
We further categorize these metrics into the following three
sub-classes: Distance-based Metrics, Coverage-based Metrics,
and Social Welfare Metrics.

1) Distance-Based Metrics: One of the most widely used
metrics for measuring diversity is the distance-based metric.
As the name says, it evaluates the diversity by calculating the
pair-wise distance among all the items in a list, where a smaller
distance value indicates a poorer diversity. Given a specific cri-
terion for computing the pair-wise distance, most works follow
the ILAD and ILMD (short for Intra-List Average Distance
and Intra-List Minimal Distance) paradigm for obtaining the
diversity value of the item list. These two paradigms originated
from paper [19] for measuring the diversity of a list, which
extended the metrics of intra-list similarity proposed by Ziegler
et al. [20]. We denote ¢ as a retrieval or recommendation list,
dis;; as the distance between item d; and d;. Then the ILAD
can be defined as the average dissimilarity of all pairs of items
in the list, while the ILMD can be defined analogously.

ILAD = ILMD = min

mean  dis;;, g A0

diS,jj.
di,djco,iF]

(D
In some specific applications such as sequential recommenda-
tion, items are displayed as a sequence to the user, and the
diversity is only required for w successive items [25]. We denote
o~ 1(d) as the rank position of item d in o, then we can obtain
two variants of ILAD and ILMD as ILALD and ILMLD (short
for Intra-List Average Local Distance and Intra-List Minimal
Local Distance), which can be defined as:

ILALD = mean

d;,djeo,it],
lo=1(d;)—o~1(d;)|<w

2

diSij,

lo=1(dj)-o~1(d;)|cw

Based on different ways to calculate the pair-wise distance
dis;;, several specific metrics are summarized below.

® Cosine Diversity Distance: The most traditional and widely
adopted way for defining the pair-wise distance is to use
the cosine similarity between item embeddings, where
dis;; is generally defined as dis;; = 1 — cos(dj;, d; ), where
cos(-, -) refers to the cosine similarity. One of the primary
advantages of cosine similarity is its simplicity, especially
for sparse vectors — only non-zero entries need to be
considered. This is also how the original ILAD and ILMD
proposed by Ziegler et al. [20] define the pair-wise distance.
After computing the cosine distance between any pair of
items within the list, the Cosine diversity distance of the
whole list can be obtained using the paradigm in (1).

® Jaccard Diversity Distance: Proposed by Yu et al. [75], the
Jaccard diversity distance is calculated similarly to a stan-
dard Jaccard index paradigm. However, the exact distance
is not computed based on item embeddings, but relies on
explanation between user-item pairs. The explanation is
defined differently given different recommendation mod-
els. If an item d; is recommended to user u by a content-
based strategy, then an explanation for recommendation d;
is defined as:

Expl(u, dl) = {d] S D\sim(di, d]) >0A dj S Du}
(4)
Thereafter, the Jaccard diversity distance (JDD) between
two items recommended to a specific user can be defined
using the pre-computed explanation:

[Expl(u, d;) N Expl(u, d;)|
[Expl(u, ds) U Expl(u, ;)|
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Then the Jaccard diversity distance of the whole list can be
defined as (1).

® Gower Diversity Distance: Another metric belonging to the
distance-based category is the Gower diversity distance,
proposed by Haritsa [40], focusing on retrieving K nearest
and diversified items with respect to a given query.
Motivated by the Gower coefficient [76], they define the
distinction between two items as a weighted average of the
respective attribute value differences. Assuming dy, is the
difference of the kth attribute between two items and wy, is
the corresponding weight on that attribute, then the Gower
diversity distance (GDD) between two items d; and d; can
be defined as:

GDD(di,dj) = Zwk : 5k(d27dj) (©6)
k

The rest of the computation over a whole list follows the

same paradigm in (1).

2) Coverage-Based Metrics: Coverage-based metrics, pop-
ular for diversity measurement in search and recommendation,
are often designed to quantify the breadth of subtopics > within
a list of unique items. Depending on whether item ranks matter,
we classify metrics as rank-unaware or rank-based. The first
category disregards the ranking positions of items.

a) Rank-unaware: Rank-unaware metrics are similar to
the conventional metrics on accuracy in search and recommen-
dation (e.g., Precision@K and Recall@K) since both of them
will not be influenced by the rank positions of items in a given
list. Depending on the coverage of “what” they measure, we
can classify these metrics into three sub-classes: P-Coverage,
C-Coverage, and S-Coverage.

® P-Coverage (short for Prediction Coverage): The measure

of prediction coverage is the number of unique items for

which the predictions can be formulated as a proportion of
the total number of items [41], [42]. We denote D as the
set of all available items, D, as the set of items for which

a prediction can be provided. Then the P-Coverage can be

defined as follows:

_ Dyl
P-Coverage D] . (7)

The construction of D,, is highly dependent on the task
formulation and chosen models. For instance, paper [42]
mentioned that some collaborative filtering systems are just
able to make predictions for items that have more than a
fixed number of ratings assigned. In such a case, D, can
be considered as the set of items for which the number
of available ratings meets the requirement. P-Coverage
generally focuses on the system level, and is hardly used
for measurement on a single or several ranking lists.

From another view, we can also understand the P-Coverage

as the system’s ability to address the “cold-start” prob-

lem. However, as more and more research on ‘“cold-start”

>The term “subtopic” originates from information retrieval, indicating the
presence of multiple themes or keywords relevant to the input query. For
consistency, we use “subtopic” to represent (i) category of items, (ii) aspect
of queries, and (iii) intent of users in this survey.
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problem emerges, most models are capable of making
predictions for those items even with very few interactions.
Thus, P-Coverage is not widely used in search and recom-
mendation.

® (C-Coverage (short for Catalog Coverage): In order to
quantify the proportion of unique items that can be re-
trieved or recommended in the system, the catalog cov-
erage metric directly focuses on the output result list and
generally considers the union of all lists produced during
the measurement time [41], [42]. C-Coverage can be used
to measure the diversity of either a single ranking list or a
group of lists, but is more widely used at a system level.
Assuming there are N lists, the metric can be formulated
as follows, where set(-) is to convert a ranking list to a set:

U, set(r)
o

e S-Coverage (short for Subtopic-Coverage): This metric is
one of the most widely used measurements for diversity
in search and recommendation [42], [51]. Differing from
C-Coverage, which focuses on the items themselves, S-
Coverage considers the variety and richness of different
item categories or genres within the list. This aligns more
naturally with human perceptions than distance-based met-
rics, as people typically do not compute pair-wise distances
based on embeddings to assess list diversity, but rather
identify whether diverse topics are as frequent as possible.
S-Coverage can be gauged on either a single list or multiple
lists, corresponding respectively to individual-level and
system-level diversity measurements. If we denote NV as
the number of lists in consideration, S(d) as the set of
subtopics covered by item d, and ng = ||Jep S(d)| as
the total number of subtopics, then S-Coverage can be
expressed as follows:

C-Coverage =

®)

U (Uier, (@)

ns

(€))

S-Coverage =

® Density is another member in the family of coverage-based
metrics, which derives from the network science and is

widely applied on graphs and information networks [52],

[53]. The density of a graph is defined as the number

of edges (excluding self-links) presenting in the network

divided by the maximal possible number of edges in the
network. We re-name it as E-Coverage (short for Edge-

Coverage) in our survey.

b) Rank-aware: It has been realized in many works that
users do not provide all items in a ranking list with the same
amount of attention due to users’ patience may decay exponen-
tially as they browse deeper through a list. As a result, those
items ranked higher (i.e., at the top of the list) may receive more
exposure. Thus, when considering relevance, many metrics have
been proposed to offer a higher score for ranking relevant items
at the top of a list, such as the normalized discounted cumulative
gain (nDCG).

A similar idea is also applicable when considering the di-
versity of a list: a user may feel the list is redundant if those
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items ranked in top positions are similar to each other, even
if there are many diverse items in later positions. This nuance
cannot be captured by prior described metrics since they are
invariant when the ranks of items change. Here, we summarize
the rank-based metrics on measuring coverage-based diversity,
where most of them are defined upon the conventional metrics
for measuring accuracy in search and recommendation. These
metrics care about not only how diverse the items are but also
what locations they appear.

® S-RR@]100% (short for Subtopic-Reciprocal
Rank@100%): This metric is proposed in [54] for
evaluating the diversity of solutions for subtopic
retrieval problems. The subtopic retrieval problem is
originally concerned with finding documents that cover
many different subtopics given a query of keywords.
S-RR@100% is a variation to Reciprocal Rank (RR),
defined as the inverse of the rank position on which a
complete coverage of subtopics is obtained. Thus, the
output value of this metric cannot be smaller than the total
number of different subtopics. Using the same notation as

before, S-RR@100% can be defined as:

E
S-RR@100% = min U S(d;)| = ns (10)
i=1

® S-Recall @K (short for Subtopic-Recall@K): As the name
says, this metric is a variation of the Recall@K metric
that is widely used for measuring relevance in search and
recommendation. S-Recall @K is also proposed in [54] and
can be defined as the percentage of subtopics covered by
the first k items given a retrieved or recommendation list:

UL, S(d)
= 1 (11)
ns

® S-Precision@K (short for Subtopic-Precision@K): Anal-
ogous to S-Recall@K, this metric is a variation of the
Precision@K. It can be defined as below:

UL, ()
e

3) Social Welfare Metrics: Diversity is not only a research
problem of information retrieval in computer science. Addi-
tionally, it has received lots of attention in other disciplines
such as ecology and economics. Recently, several works borrow
the diversity notions from other fields for evaluating search
and recommendation results. We summarize these metrics as
follows.

® SD Index (short for Simpson’s Diversity Index): SD Index

originated from paper [58] for measuring the biodiversity
in a habitat. Regarding each subtopic (category) in rec-
ommendation as a kind of species in ecology, SD Index
can be defined as the probability that two items selected
randomly and independently without replacement belong
to the same category. Thus, a smaller SD Index indicates a
higher diversity. We denote ng as the number of different
subtopics, [ as the list of items under consideration (which
can be a single recommendation list or the concatenation

S-Recall@K =

S-Precision@K = (12)
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of multiple lists), and ci as the number of items covering
the subtopic s; in the list /. Then the SD Index over the list
[ can be defined as follows:

1]

ZZL:sl [C{n ) (Ciz
LIRS
To better demonstrate this, we assume 3 subtopics in to-
tal. System A recommends 10 items and the number of
items covering each subtopic is 8, 1, 1. System B also
recommends 10 items, while the number of items covering
each subtopic is 4, 3, 3. Then we can compute the SD
Index of both systems and find out that the index value of
system A is larger than that of system B: W >
%. This means that system A’s recommenda-
tionis less diverse than system B’s recommendation, which
is aligned with our intuition.
® Gini Index: The Gini Index proposed by Gini [61] is
originally a measure of the distribution of income across a
population. A higher Gini Index indicates greater inequal-
ity, with high-income individuals receiving much larger
percentages of the total income of the population. Recently,
some researchers also adopt the Gini Index in the field of
recommendation to measure the inequality among values
of a frequency distribution, e.g., the number of occurrences
(exposures) in the recommendation list. This measurement
is generally at the system level by aggregating all the rec-
ommendation lists across all users, which can also indicate
how diverse the system is in regard to all the items it can
retrieve or recommend. Assuming the occurrence of the ith
itemis e;, where i = 1, ..., |D|, the Gini Index over all the
items of the whole system is calculated as:

SD Index =

13)

[Pl D
. 1
Gini Index = 3D Z Z lei — €],

i=1j=1

(14)

where € = %I Z‘Zi'l ¢; is the mean occurrence of items.
Thus, a sma{ler Gini Index indicates a more fair distribution
of the occurrences of items in the output results. This may
indicate a higher diversity since different items have more

equal opportunities to be exposed.

B. Relevance-Aware Diversity Metrics

Although diversity is an important property algorithm design-
ers need to consider, relevance is still at the heart of the ranking
problems in both search and recommendation. Therefore, a
metric that is solely concerned with diversity cannot adequately
assess a system’s effectiveness. For instance, one can randomly
select items from various topics to ensure that the ranking list
performs exceptionally well on metrics such as S-Coverage
and S-RR@100%. However, the overall relevance of the list
obtained in such a way may be extremely low. Therefore, if the
algorithm designer aims to use the relevance-oblivious metrics to
measure the diversity, she has to use other metrics (e.g., nDCG,
rank-biased precision (RBP) [77]) to measure the relevance.

In contrast to those relevance-obvious metrics on diversity,
there exist relevance-aware metrics that attempt to incorporate
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both relevance and diversity into a single measurement, where
almost all of them originated from research in search. Several
works conduct axiomatic analysis on the relevance constraints
of diversity metrics [78], [79]. Here, we highlight two of the
most critical properties on the relevance in ranking, priority and
heaviness, that the relevance-aware metrics in any ranking task
must satisfy.
® Property 1. Priority: Swapping items in concordance with
their relevance scores should increase the overall score of
the whole ranking.
We denote o(d) as the relevance score of an item with
respect to the query or user, (o) as the overall score of
the ranking list o, “+” as swapping two items. Formally,
the priority property requires that: if o(d;) < o(d;) and
o H(d;) < o (d)), then Q(04,6:a,) > Q(0).

® Property 2. Heaviness: Items with the same relevance score
contribute more when at earlier positions in the ranking.
Using the same notations, the heaviness property
requires  that: if o(d;) = o(d;) < o(dy) = o(d;),
U_l(di/) —O'_l(di) > 0, U_l(dj) —O'_l(di) =
o Hdy) — o~ (dy) > 0,then Q(04,6a,) > Q(0d;5d,)-

It is easy to see that those widely used relevance metrics in
information retrieval and recommendation, such as the nDCG,
satisfy both of the two properties. Now, we categorize the
relevance-aware diversity metrics that satisfy the above prop-
erties into the following two categories.

1) Novelty-Based Metrics: As a metric with a close connec-
tion to diversity, novelty was also studied in prior works. Clarke
et al. [17] point out the precise distinction between novelty and
diversity in the field of information retrieval: novelty refers to
the need to avoid redundancy, while diversity refers to the need
to resolve ambiguity in the query, which corresponds to intrinsic
diversity and extrinsic diversity, respectively. However, even
with this difference, we still find out several works in the litera-
ture categorize the novelty-based metrics as part of the metrics
in the diversity family, since novelty on topics and categories
can also be regarded as an improvement on diversity. We fol-
low this paradigm and summarize the novelty-based metrics as
follows.

® a-nDCG@K (short for Novelty-biased Normalized Dis-

counted Cumulative Gain@K): This metric is proposed by
Clarke et al. [17], using to balance the trade-off between
retrieving both relevant and non-redundant items. This is
also one of the earliest metrics aiming to combine the
measurement of both relevance and diversity. Prior to this,
most metrics in information retrieval and recommendation
such as mean average precision (MAP) and nDCG assume
that the relevance of each item can be judged in isolation,
independently from other items, thus ignoring important
factors such as redundancy between items.

To address this, the authors present a framework for assess-
ing diversity and novelty based on the cumulative gain.
The key is to define the utility gain of adding the kth item
(d*) in the list to be considered in the left of all items
ranked above position k. The authors assume that subtopics
are independent and equally likely to be relevant, and the
assessment of positive relevance judgments of an item for a

subtopic o(d|s) involves an uncertainty that can be modeled
with a fixed probability « of success in the judgment.

We denote cgj”“ as the number of items covering subtopic
s; till position k in the ranking list o, then we can first
formally define the a-DCG@K over a ranking list o as
below, where 0 < o < 1 [17]:

ns

Gain(d*) = 3 o(d*[s,)(1 - )%, (15)
i=1
al 1
— — - . 1 k
a — DCG@K k; Y Gain(d®).  (16)

Analogous to the definition of nDCG @K, we can find an
“ideal” ranking that maximizes a-DCG@K, denoting as
the a-iDCG@K. The ideal ranking computation is known
to be an NP-Complete problem, pointed out by Carterette
[80]. The ratio of a-DCG@K to a-iDCG@K defines the
a-nDCG@K.

® NRBP (short for Novelty- and Rank-Biased Precision):

Following the paper [17], Clarke et al. [81] propose an-
other metric built upon the rank-biased precision (RBP),
rather than the nDCG, with a very similar motivation and
paradigm. Described by Moffat and Zobel [77], the RBP
model assumes that the user browses a list of items in
sequential order and with a probability 5 (i.e.,0 < 5 < 1)
to continue at each position. In other words, a user has
a probability of 3* to observe all the items till the kth
position. Based on this idea and using the same notation as
a-nDCG@K in (16), the NRBP can be formally defined as
follows:

1-(1-a)p

ns

NRBP =

o] ns

« 3BT o(dMs)(1— )L (17)
k=1 =1

Here, the normalization factor includes division by the
number of subtopics, allowing us to average the measure
across multiple queries with varying subtopic counts. It
is also worth mentioning that in contrast to a-nDCG@K
which is typically presented at a particular browsing depth,
NRBP is more of a summary metric that illustrates the
diversity/novelty of the entire list.

nDCU@K (short for Normalized Discounted Cumulative
Utility@K): The nDCU@K was proposed by Yang et al.
[68] around the same period when the a-nDCG@K was
proposed. It is also motivated by extending the original
nDCG@K metric.

Given a list of retrieved items based on a query, the authors
define the utility of an item d* at the kth position as:

Utility (d*) = Gain(d*) — Loss(d"), (18)

where the Gain(d*) refers to the information users receive
for observing d* depending on the relevance and novelty,
while Loss(d*) denotes the time and energy spent in going
through the item. There are various ways to define these
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two terms. Yang et al. [68] adopt a very similar formulation
as that in (15) to define the Gain(d*), and they define the
Loss(d*) as a constant. Then the DCU@K can be defined
as:

K
o . . k
DCUGK = ; - Utility(d¥).  (19)

— log(k + 1)

Analogous to the nDCG@K, the ratio of DCU@XK to the
ideal DCU@K defines the nDCU@K.

Considering that nDCU@K is well-defined only for a
single ranking list [68], Yang and Lad [69] extend the
nDCU@K metric to make it be capable of measuring
multiple ranking lists conditioned on different user brows-
ing patterns. Specifically, they compute the mathematical
expectation of (18) over n ranking lists and n user browsing
models (one list and one browsing model for each user),
where each browsing model corresponds to a list of n
different stop positions in the n ranking lists. Since this
is just a slight modification of nDCU@K, we do not treat
it as a separate metric in this survey.

2) IA-Family Metrics: Sometimes, a simple combination of
diversity and per-intent graded relevance is still not enough.
When considering diversity, it is not always ideal to retrieve
or recommend different items covering various topics without
distinguishing which topic is more important. Take the search
problem as an example, “intent” is defined as the “information
needs”, which can also be referred as users’ expectations on
distributions of different “subtopics” in the search result with
respect to a query.

The motivation begind intent-aware metrics can also be de-
picted by the following example described in paper [22]. Con-
sidering a query q that is related to two subtopics s; and ss, but
is much more related to so than s;. Now we have two items d
and d», where d; rated 5 (out of 5) for s; but unrelated to so, do
rated 4 (out of 5) for s, but unrelated to s;. Traditional relevance
metrics tend to rank d; over ds, but users may find do is more
related than d; on average.

As such, Agrawal et al. [22] propose the family of intent-
aware metrics for search results diversification. Formally, given
a distribution on the subtopics for a query and a relevance label
on each item, they compute the outcome over alist o by applying
the intent-aware scheme on a conventional relevance metric M
as follows:

ns

M-IA(0) = Zp(silq) -M(a|s;), (20)

where s is the subtopic, denoting the user intent. M is the tra-
ditional metric for measuring the ranking quality on relevance,
such as nDCG, MRR, and MAP. When computing the intent-
dependent M QK (o|s), they simply treat any item that does not
match the subtopic s as non-relevant items, then compute the
same way as the original M @K (o). Thus, the family of M-IA
metrics takes into account the distributions of intents, and force
a trade-off between adding items with higher relevance scores
and those that cover intents with higher weights.
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3) D-Family Metrics: The intent-aware metrics are sub-
optimal in that they are not guaranteed to range between 0
and 1: it is generally not possible for a single system output
to be ideal for all intents at the same time. As such, Sakai and
Song [72], [73] propose an alternative way to evaluate diversified
search results, given intent probabilities and per-intent graded
relevance assessments. While intent-aware measures combine
multiple measure scores using the intent probabilities, the D-
family combines per-intent relevance grades of each document
using the intent probabilities.

Given the intent probabilities p(s;|q) and per-intent graded
relevance assessments, where g(d¥|s;) is the gain value for
document at rank position k for intent s;, the global gain at
rank position k can be defined as:

ns
GG(k) =Y p(silg) - g(d*]s;). 1)
i=1
For a launched query, an ideal ranking list can be obtained by
sorting all documents by the global gain. Denoting the global
gain of the document ranked at position % in the retrieval list and
the ideal ranking list, D-metrics can be computed by using these
gain values instead of the traditional pre-set values.

Apart from the fact that D-metrics avoid the undernomali-
sation problem of intent-aware metrics by relying on a single
“globally ideal” list, these two metric families are quite similar.
However, Sakai and Song [73], Sakai et al. [72] also propose
a simple method to explicitly encourage high intent recall (S-
Recall) in a search output within the D-metric framework. Then
D#-metrics are defined as:

D#M@K = ~ - S-Recall@K + (1 — v) - D-M@K. (22)

where 7 is a parameter, M is the traditional metric for measuring
the ranking quality on relevance, such as nDCG, MRR, and
MAP. Several other works such as [74] propose further exten-
sions of D/D#-metrics by introducing intent hierarchies to model
the relationships between intents, and present various weighing
schemes. In this survey, we do not classify them separately and
still treat them as instances of the D-family metrics.

VI. OFFLINE APPROACHES FOR ENHANCING DIVERSITY

We intend to use a unified framework to categorize the ap-
proaches for enhancing diversity in both search and recommen-
dation since there are lots of similarities in these two scenarios. In
this section, we focus on offline processes, where the methods do
not need to care about users’ real-time feedback based on the dis-
played results from the last round. Based on when the approaches
of diversity intervene relative to the training procedure, the
offline diversity approaches can be divided into three categories:
(i) pre-processing, (ii) in-processing, and (iii) post-processing.
Pre-processing methods are adopted prior to the model training
process. They typically pre-defined diversity-aware techniques
with the expectation that these designs will result in a diverse
output. In-processing methods directly participate during the
model training. They guarantee a diversified outcome through
learning matching scores for users and items where the diversity
constraints or scores are added. Post-processing methods are
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TABLE III
SUMMARY FOR THE PUBLICATIONS PROPOSING OR USING DIFFERENT DIVERSITY APPROACHES IN SEARCH AND RECOMMENDATION

Diversity Approaches

Related Work

Pre-processing Methods

Pre-defined User Types [48]
Pre-defined Sampling Strategies | [49]
Pre-defined Ground-truth Label | [21, 43]

Diversity as Regularization

[27, 33,36, 44, 50, 60, 82, 83]

Offline Approaches | In-processing Methods

Diversity as Score

[37, 55, 63, 65]

Post-processing Methods

Greedy-based

MMR
DPP

[16, 34, 46, 53, 64, 84]
[25, 26, 29, 30, 38, 47, 85]

Refinement-based

[20, 28, 39, 45, 46, 52, 53, 66, 67, 86, 87]

Online Approaches

. . Diversity as Score [88, 89, 90, 91]
Bandit Strategies Diversity as Architecture [92, 93]
Reinforcement Learning [35, 94]

used after the model is well-trained. They generally re-rank
the final item lists to improve diversity. All approaches and
corresponding works are summarized in Table III.

A. Pre-Processing Methods

Pre-processing methods intervene in the system before the
model training. We review the following three sub-classes (i)
pre-defined user types, (ii) pre-defined sampling strategies, and
(iii) pre-defined ground-truth label.

1) Pre-Defined User Types: Kwon et al. [48] improve the
diversity in recommendation through pre-defining user types.
They first interview fashion professionals and categorize the
user purchase behavior into four types: (i) gift type: purchas-
ing items to give to others; (ii) coordinator type: purchasing
items associated with previous purchases; (iii) carry-over type:
purchasing items similar to existing purchases; and (iv) trend-
setter type: purchasing items affected by the trends of other
people’s purchases. For each type, they use a specific algorithm
to recommend top-5 items to each user. Since each user may
have multiple purchase behaviors, they adopt a hybrid strategy to
simply combine the recommendation lists of four algorithms to
generate up to 20 item candidates for each user. The C-Coverage
improves from 24% (using the CF algorithm) to 78%, coupled
with a 3.2% increase in the purchasing rate and a $13 increase in
the average purchase amount per customer in the experimental
group.

2) Pre-Defined Sampling Strategies: Since the interactions
between users and items can be naturally represented as a
graph, a number of graph-based recommendation algorithms
are widely used nowadays, such as the Graph Neural Network
(GNN)-based models. These models represent the users and
items as nodes in a graph, followed by learning their embed-
dings through message passing: at each layer, they aggregate
the neighbor’s information for each target node. Due to their
ability to capture higher-order connectivity between user nodes
and item nodes, GNN-based methods can generally achieve
state-of-the-art accuracy and relevance.

Since higher-order neighbors of a user tend to cover more
diverse items, GNN-based approaches have the potential to
improve recommendation diversity as a byproduct. Without
specific design, those items from the popular categories tend to
be learned more often, because they take up the majority of the

positive items

items of positive categories

items of negative categories

Fig. 6. Illustration of the category-boosted negative sampling. Negative items
are sampled from outside positive items. The strategy boosts the probability of
sampling from items of positive categories (the light green area). The figure is
borrowed from paper [49].

edges on the graph. To address this, Zheng et al. [49] propose
two pre-defined sampling strategies for two processes in the
model. The first strategy aims to re-balance the neighborhood
sampling process in the message passing to increase the selecting
probabilities for those items from the less popular categories and
decrease those from the popular categories. In such a way, those
less popular items can still have a chance to be sampled and
well-learned. The second strategy affects the negative sampling
process. In contrast to random negative sampling in paper [1],
they propose to select similar (from the same category) but
negative items with an increased probability, so that less similar
(not from the same category) items are not pushed too far away
from the user in the embedding space. As a result, items from
different categories are likely to appear in the recommendation
list for each user, thus enhancing the individual-level diversity.
An illustration of this category-boosted negative sampling is
shown in Fig. 6.

3) Pre-Defined Ground-Truth Label: Cheng et al. [21] con-
struct ground truth labels via diversity constraints to directly
idealize the optimization target. Employing supervised learning,
each user becomes a training instance with a heuristically chosen
subset of relevant, diverse items as their ground-truth label.
Their two-step labelling method involves: (i) filtering high-rated
items into a candidate set C,,, and (ii) selecting items from C,, to
maximize the relevance-diversity balance. An item d qualifies
as high-rated for user u if o(d|u) >~ -9(-|u), where o(d|u)
denotes the observed score of d by w, 0(+|u) is the average score
across all items by u, and + is a trade-off parameter.

All selected items in step (i) form the set of candidates C,,. In
step (ii), they select a subset ), from C,, (i.e., Vi, C Cy, [Vu| =
K) as the ground-truth label for user u by balancing the trade-off
between relevance and diversity, using a metric similar to the
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F-measure [95]. Specifically, the selected ), aims to maximize
the following equation:

max 2 f(Vu) - 9g(Vu)
Yu J(Du) +9(Vu) ’

sty Vu CCu, |Vu| = K.

Here, f(),) and g()/,,) represent the measurement for relevance
and diversity over the whole set ), respectively. For the rele-
vance, denoting the set of items rated by u as D,,, Cheng et al.
[21] define f(-) as a pair-wise comparison on the ratings between
the items in Y, and D, \ Y, as follows:

(23)

(24)

> > compare (o(di|u) — o(dju)>
i€V d;eD,\V,

T = Dl D] |
es)

where compare(x) equals 1 if x > 0; else, equals —1. For the
diversity measurement g(+), the authors define it as the ILAD as
described in (1). Afterward, the obtained ground-truth label ),
for user u can guide the model training.

B. In-Processing Methods

In-processing methods act during the model training process.
We categorize them into the following two sub-classes: (i)
diversity as regularization and (ii) diversity as score.

1) Diversity as Regularization: Since relevance is the pri-
mary goal of search and recommendation systems, the most
intuitive way to enhance diversity through an in-processing way
is to treat diversity as a regularization on the loss function to
guide the training. Wasilewski and Hurley [33] first propose
a prototype to constrain the relevance loss with a trade-off
parameter A:

m@in Erel(e)) + A Ediv((%), (26)
where O is the learnable embeddings, L, (+) and Lgy (-) refer to
the relevance loss and diversity regularization which can be both
self-defined. For instance, Wasilewski and Hurley [33] define the
relevance loss as the pair-wise ranking loss [1], and the diversity
loss as the negative of the intra-list average distance (ILAD)
[19].

Several later works follow this line of research, such as paper
[27]. Rather than only modeling the dissimilarities among items
for defining the diversity, the authors take the user intents into
consideration. Here, the user intents can be comprehended as the
user’s interest in different subtopics (categories). Specifically,
the authors define the diversity of a recommendation list o,, to
user u as the probability of each subtopic s; having at least one
relevant item in o, then the regularization can be formulated
as:

o= Yoplsl- (1= [T -p(@s). @
=1 deo,

Here, p(s;|u) represents u’s interest in subtopic s;, and p(d|s;)
refers to the relatedness of d to the subtopic s;. Both terms can

5365

be computed through a softmax function using the embeddings
of users, items, and subtopics.

In addition to merely focusing on the diversification of re-
trieval results, some researchers also care about how to gen-
erate diverse explanations for the output results. For instance,
Balloccu et al. [44] conceptualize, assess, and operationalize
three novel properties (linking interaction recency, shared entity
popularity, and explanation type diversity) to monitor explana-
tion quality at the user level in recommendation, and propose
re-ranking approaches able to optimize for these properties.
They optimize these three indicators for measuring the quality of
explanations as a regularization term in the re-rank stage. Here
we classify this as an in-processing method.

2) Diversityas Score: Another widely adopted in-processing
method for diversity is to treat diversity as a score during ranking.
As such, the score of an item is composed of two parts: one from
the perspective of relevance, and the other from the perspective
of diversity. The most significant difference between these two
types of scores is that the relevance score typically assumes the
independence of items in a list, but the diversity score is highly
dependent on the other items.

Following this line, Li et al. [63] propose one of the earli-
est methods of diversified recommendation. They focus on a
sequential recommendation process, where the model recom-
mends one item at a time to form the entire recommendation list.
They define the score of an item at the current position as the
sum of a relevance part and a discounted subtopic diversification
part. In detail, for user u, given an un-selected kth item d* and
a list of selected k — 1 items o:*~1 (i.e., the list of first k& — 1
items in the ranking list o,,), they define the score of dF as:

o(d*|u) = 0™ (d¥|u) + 1 - o™ (d¥|o Lt u),  (28)

where 0™ (d*) and 0" (d*) denote the score of d* from the view
of relevance and diversity, respectively. Specifically, the authors
define the relevance score as the inner product between the
user and item embedding: o™ (d*|u) = ©,, - ©7,. They define
the diversity score as discounted subtopic’s contribution, which
reduces exponentially as the number of items covering that
subtopic increases in the entire list:

) S Lk
Odlv(dk|0_11;kfl7 ’LL) — Z Bcsi . @u . @IL’ (29)
1=1
ol* = gLk=1 append(dF). (30)

Here f3 is the decay factor (i.e.,0 < 8 < 1), O, is the embedding

of user u, ©,, is the embedding of subtopic s;, c;’}:k denotes
the number of items covering subtopic s; in ol*. As such,
for each user, the model greedily selects an un-selected item
to maximize the score in (28) at each position to form the final
recommendation list.

To train embedding ©, Li et al. [63] assume that the ideal
recommendation lists for some sample users are available. Then,
the learning process aims to penalize those generated recommen-
dations which do not respect the sequence in ideal lists. Taking
an individual user u as an example, the loss function on a pair
of sampled items (d;, d;) can be formulated through a binary
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cross-entropy loss:
Lo (diydj) = —yij - log(pij) — (1 — yij) - log(1 — pij), (31)

where y;; = 1 if d; is ranked above d; in the ideal ranking list
of u, p;; refers to the probability of ranking d; above d; in the
current model, which is computed as p;; = sigmoid(o(d;|u) —
o(d;u)).

Other works also follow a similar idea to treat diversity as
a score. For instance, Yu [65] presents a novel framework for
search result diversification based on the score-and-sort method
using direct metric optimization. They express each item’s diver-
sity score specifically, which determines its rank position based
on a probability distribution.

C. Post-Processing Methods

Earliest diversity approaches follow the re-ranking paradigm:
they achieve diversity after the training procedure by re-ranking
the list based on both relevance scores and diversity metrics.
Due to the separation of model training and diversified ranking,
these approaches are regarded as post-processing, which can
be applied to any recommendation models as a consecutive
layer with excellent scalability. Based on how the diversified
list is generated, we categorize them as (i) greedy-based and (ii)
refinement-based.

1) Greedy-Based Methods: As the name suggests, greedy
selection methods iteratively select the item that maximizes
a joint measure of relevance and diversity to each position,
and finally provide an output ranking list. Two of the most
representative post-processing methods in this category are (i)
Maximal Marginal Relevance (MMR) and (ii) Determinantal
Point Process (DDP).

a) MMR: Maximal Marginal Relevance (MMR) [16] is
the most pioneering diversity approach in this category. Car-
bonell and Goldstein [16] propose “marginal relevance” as a
linear combination of the relevance and diversity of each item,
in response to the fact that user needs include not only relevance
but also novelty and diversity. In particular, an item has high
marginal relevance if it is both relevant to the user and has low
similarity to previously selected items.

Based on this protocol, MMR greedily selects the item that
can maximize the marginal relevance to form the final ranking
list. We can formulate the process of MMR selecting the kth
item for user u as follows:

dk _ [Orel(dlu) +A- Odiv(d|0;:k71,u)},

(32)
where set(o1#~1) is the set of items composed by the first k — 1
items in the ranking list o,.

Different researchers adopt similar ways to model 0™ (-) as the
inner product between the embeddings, while adopting different
ways to model the 0% (-). Carbonell and Goldstein [16] define
the diversity term as:

odiv(d|set(oi:k_1),u) = —

max
de(D\Dy,)\set(oik 1)

max 33
djeset(otF1) )

sim(d, d;).

One may observe that the recommendation generation pro-
cess of MMR is quite similar to that of paper [63], which
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falls under the category “In-processing - Diversity as Score”.
The difference between these two works is as follows. MMR
is a post-processing method that performs a greedy selection
based on already learned model embeddings. In contrast, paper
[63] adopts an in-processing method, whose greedy selection
is not based on well-trained embeddings. In other words, the
diversification of MMR is added after model training, while the
diversification in paper [63] is added during the model training
procedure. This is also the primary distinction between any
post-processing and in-processing approaches.

b) DPP: Determinantal Point Process (DPP) is one of the
cutting-edge post-processing methods for diversity enhance-
ment in search and recommendation. First introduced by Macchi
[85] with the name “fermion process”, DPP was originally used
to precisely describe the repulsion and diversity phenomenon for
fermion systems in thermal equilibrium. Recently, it has been
applied in search and recommendation for enhancing diversity
[30].

Prior to the application of DPP in the recommendation,
most diversity approaches, such as the basic version of MMR
[16], compute the similarity between items in a pair-wise way
and avoid recommending redundant items to improve diversity.
However, these methods are sub-optimal since the pair-wise
dissimilarities may not capture complex similarity relationships
within the whole list, also the relevance and diversity are cap-
tured separately [30]. Thanks to DPP’s outstanding ability to
capture the global correlations among data with an elegant
probabilistic model [96], DPP-based methods directly model
the dissimilarities among items in a set-wise way using a unified
model.

The idea of DPP can be demonstrated as follows. A point
process P on a set D (e.g., a set of |D| items) is a probability
distribution on the powerset of D (the set of all subsets of
D). That is, VC C D, P assigns some probability p(C), and
> ccpp(C) = 1. Although a DPP defines a probability distri-
bution over an exponential number of sets, it can be compactly
parameterized by a single positive semi-definite (PSD) matrix
L € RIPIIPI [97]. The probability of a subset C represented by
a DPP can be written as:

p(C) x det(Lc). (34)
where L¢ = [Lija,,a;cc. However, it is still unclear how the
determinant unifies the relevance and diversity. To show this,
we offer two views. The first comprehension is based on the
geometric meaning of determinant. Since L is PSD, we can
find a matrix B such that L = BTB. Then we have det(L¢) =
Vol?({B;}icc), which can be represented as the squared volume
of the parallelepiped spanned by the columns of B correspond-
ing to elements in C. The volume here is determined by two
factors: the magnitude of column vectors and the orthogonality
among them. If we treat the columns of the matrix B as item
embeddings, then it is clear to see that a larger magnitude
of the vectors (higher relevance) and stronger orthogonality
among them (higher dissimilarity) lead to a higher volume
(higher determinant). Thus, the determinant of a matrix unifies
both relevance and diversity. The second comprehension is based
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on a simple case where the matrix is 2 x 2: Ly =

lhia
ho o
whose determinant is det(L¢) = l11 - lag — l21 - l12. Assuming
the diagonal entries indicate the relevance of items and the
off-diagonal entries indicate the similarity among items, then the
determinant can be represented as relevance minus similarity.
Although this comprehension is for a 2-dimensional case, a
similar intuition holds for higher dimensions. Based on the
above comprehension and intuition, Chen et al. [30] construct
user-specific L as L = diag(&) - S - diag(&), where diag(€) is a
diagonal matrix whose diagonal entries are the relevance scores
between items to the user, and the (7, j)th element of S is the
similarity score between the ith item and the jth item. Thus, (34)
can also be written as:

p(C) ox det(Le) = (H §3> ~det(Se). (35)
icC

Finally, to obtain the diversified top-K recommendation for

user u given the whole item set D, we first construct a user-

specific matrix L as aforementioned. Then the task can be

formulated as follows:

set(oy,) =  argmax  det(L¢). (36)

CS(D\Dw),[Cl=K
However, directly solving this task is expensive. Approximate
solutions to (36) can be obtained by several algorithms, among
which the greedy solution was previously considered the fastest
one. Initializing o, as empty, an item d that maximizes the
following equation is added to o, iteratively. Specifically, the
selection of the kth item for user u can be described as follows:

d" = (det(Lset(aH*)u{d})

argmax
de(D\Dy)\set(oLF1)

- det(Lset(U}L:k—l))) .

Based on the strength of DPP, Gong et al. [38] propose a
diversity-aware Web APIs recommendation methodology for
choosing diverse and suitable APIs for mashup creation. The
APIs recommendation issue for mashup creation is specifically
treated as a graph search problem that seeks the smallest group
of Steiner trees in an API correlation graph. Their method
innovatively employs determinantal point processes to diversify
the recommended results.

2) Refinement-Based Methods: Unlike greedy-based meth-
ods that iteratively select items to form the entire ranking list,
refinement-based methods adjust positions or replace items in
existing ranking lists. Typically, using refinement-based meth-
ods, items are initially ranked using relevance metrics and sub-
sequently refined by introducing diversity metrics.

Several earlier works follow this line of approach. For in-
stance, Ziegler et al. [20] construct two ranking lists for re-
trieving the diversified top-K items: o,¢; and o4;,, Where the
first list is constructed merely based on the relevance score,
while the second one is constructed based on the diversity score
of each item in the whole candidate sets. Both lists rank the
items in descending order based on scores. For achieving a
single diversified ranking list, the authors merge the two lists

(37
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using a scaling factor to trade-off how much to rely on the
rankings in o, Or 0g4;,. A similar strategy is used by Yu et al.
[86]. Starting from one ranking list with the K highest scoring
items, the authors swap the item that contributes the least to
the diversity of the entire set with the next highest scoring item
from the remaining. They set a threshold for the relevance when
replacing the items in order to avoid a dramatic drop in the overall
relevance.

VII. ONLINE APPROACHES FOR DIVERSITY

So far, we have reviewed the offline approaches for enhancing
diversity in search and recommendation. These methods gener-
ally train the model in an offline manner using the existing data
with ground-truth labels. However, in some situations, these
labeled data are insufficient or unavailable, especially in the
recommendation scenario. For instance, one of the most well-
known challenges is the “cold-start” problem where new users
join the system. To resolve these problems, one effective way
is to use online approaches where the systems first display item
lists to users, gather user feedback, and then update the model
for the next turn. Based on whether the user preference change,
we further divide them as (i) bandit strategies (i.e., invariant
user preference) and (ii) general reinforcement learning (i.e.,
dynamic user preference). In this section, we review how to
achieve diversity in these approaches.

A. Bandit Strategies

As one of the simplest examples of reinforcement learning
(RL), the bandit problem was first introduced by Thompson
[98] in 1933. The most classical bandit problem is known as the
multi-armed bandit (MAB), whose name comes from imagining
a gambler at a row of slot machines, who has to decide how to
play these machines to gain as much money as possible in a
time horizon [99]. A bandit problem can be generally defined as
a sequential game between an agent and an environment [100].
The game is played over 7" rounds (i.e., the time horizon), while
ineachround ¢ € [T, the agent first chooses an action A; from a
given set 4, and the environment then reveals a reward r; € R.
The goal of the agent is to maximize the 7-step cumulative
reward or, equivalently, minimize the 7T-step cumulative regret.
Here, the cumulative regret is defined as the expected difference
between the reward sum associated with an optimal strategy and
the sum of the collected rewards p =T - p* — Z?:l r¢, where
w* is the maximal reward mean associated with the optimal
strategy.

It is intuitive to model online search and recommendation
as an MAB, where the algorithm is the agent, items are arms,
displaying an item is selecting the corresponding arm, and user
feedback is the reward. However, MAB does not use state
information, or context (i.e., user and item features), which
can limit performance, particularly in recommendation where
personalization is key. To address this, most works use an
MAB extension called Contextual MAB (CMAB) for online
search and recommendation problems. Abundant work shows
that CMAB typically outperforms MAB in the relevance of
output lists.
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Due to the simplicity of implementation and capability of
making real-time decisions, recent research also aims to incor-
porate diversity in bandit algorithms for search and recommen-
dation. There are generally two ways to enhance diversity in
these methods: either to treat diversity as part of the scores of
each arm or to design a different bandit architecture that can lead
to a diversified result. We review both of these two ideas in the
following paragraphs.

1) Diversity as Score: Most works interpret diversity as part
of the score on each arm (item) in the bandit algorithms for search
and recommendation. For instance, Li et al. [88] formulate the
diversified retrieval of top-K items as a bandit problem with
cascading user behavior, where a user browses the displayed
list from top to bottom, clicks the first attractive item, and stops
browsing the rest. If the user clicks an item, the reward is 1,
otherwise 0. Then the objective is to minimize the following
T'-step cumulative regret:

T
R(T) = ZE[T(U*, a) — (ot o). (38)
t=1

Here, r(-) is the binary reward from the user feedback. o' is

the displayed ranking list at time step ¢, while ¢ is the optimal
ranking list, with constraint that |o?| = |0*| = K. o is a vector
of length K, indicating the attraction of each arm (item) in the
ranking list at time step ¢, where is how diversity comes in.
Specifically, the authors define the attraction as a combination
of relevance and diversity, following a very similar way to (28)
in Section VI-B2. Again, all the definitions of diversity are appli-
cable, while both paper [88] and [89] use the gain on coverage
of subtopics (S-Coverage) of adding item d; as the attraction
score of which from the diversity component. Several other
works choose different ways to define the diversity score. For
instance, Qin et al. [90] use the entropy regularizer, while Wang
et al. [91] propose three separate solutions, borrowing from
MMR [16], entropy regularizer [90], and temporal user-based
switching [101].

2) Diversity as Architecture: Rather than merely treating
diversity as part of the score, Parapar and Radlinski [92] design
a different bandit architecture for enhancing diversity. Differ-
ent from prior works that interpret each arm as an individual
item, the authors first make each arm represent a unique item
category, and further consider retrieving different items under
each category. Such a two-stage design can not only guarantee
the items are diverse (i.e., satisfy the distance-based metrics),
but also guarantee different categories are covered as much as
possible (i.e., satisfy coverage-based metrics). In such a way, the
algorithm can be efficiently used to construct user profiles with
diverse preference elicitation.

All the works above lie in the recommendation scenario,
where the personalization is at the core. However, the output
of a conventional web search is typically static, so it is more
concerned with satisfying a population of users as opposed to
each individual. Following this line, Radlinski et al. [93] propose
to learn diverse rankings in web search systems through MAB.
Their proposed approach, Ranked Bandits Algorithm (RBA),
runs an MAB instance MAB; for each rank 7 (i.e., 1 <1 < K),
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where the arm of each MAB indicates a unique item. When user
uy arrives at time ¢, each MAB; sequentially and independently
decides which item to select at the rank ¢ for displaying to u;.
Assuming u; follows a cascading browsing behavior (i.e., click
at most one relevant item in the list), if u; clicks on an item
actually selected by an MAB instance, the reward for the arm
corresponding to that item for the MAB at that rank is 1. The
reward for the arms corresponding to all other items is 0. As
such, each MAB can update the value of each item iteratively
through multiple rounds. Although RBA shows effectiveness
both empirically and theoretically, it is worth noting that it is
hard to be extended to non-binary payoffs.

B. Reinforcement Learning

Although bandit strategies show efficieny and effectiveness in
online search and recommendation, there exist several obvious
limitation in them. First, bandit algorithms has only one state
with several actions that lead back to the same state. In other
words, they assume that user preference will always remain
the same, which does not hold in most real-world scenarios.
Second, bandit algorithms only care about the immediate reward,
while the long-term reward is still significant to real-world
users. To address these, most research naturally brings in the
reinforcement learning (RL) framework to model the problem,
where the state can be affected by the action of agents and the
long-term reward is also captured during recommendation.

In the RL setting, diversity has been promoted by employing
efficient exploration-exploitation strategies. Zheng et al. [94]
firstuse a Deep Q-Learning Network (DQN) [102] to capture the
long-term award of users’ actions. As for the diversity, they adopt
a Dueling Bandit Gradient Descent (DBGD) [103], [104], [105]
algorithm to do exploration in the DQN framework. Specifically,
during their exploration strategy, the agent aims to generate a
recommendation list o using the current network () and another
list o’ using an explore network @', which shares the same archi-
tecture as () with a small disturbation added on the paratemers
of . Then the authors conduct a probabilistic interleave [103]
to generate the merged recommendation list based on L and
L’ for obtaining a diversified ranking list. Other researchers
such as Stamenkovic et al. [35] first define and presente the
next item recommendation objective as a Multi-objective MDP
problem. Thereafter, they propose a Scalarized Multi-objective
Reinforcement Learning (SMORL) model, which works as a
regularizer, incorporating desired properties into the recommen-
dation model to balance the relevance, diversity, and novelty of
recommendation.

VIII. APPLICABILITY OF DIVERSITY METRICS AND
APPROACHES

We now delve into the applicability of diversity metrics and
approaches across various recommendation models.

Diversity metrics are largely model-agnostic, offering a ver-
satile toolkit for evaluating across a wide array of models.
However, there are exceptions where the effective application
of certain metrics hinges on the availability of specific types of
data. For instance, coverage-based metrics require knowledge

Authorized licensed use limited to: MICROSOFT. Downloaded on June 22,2025 at 01:32:01 UTC from IEEE Xplore. Restrictions apply.



WU et al.: RESULT DIVERSIFICATION IN SEARCH AND RECOMMENDATION: A SURVEY

of item categories, whereas distance-based metrics rely on the
availability of item embeddings, illustrating that while metrics
are broadly applicable, their utility may vary depending on
certain specifics.

When it comes to diversity approaches, our discussion is
primarily centered on offline approaches due to their prevalent
use in current research and applications. These approaches can
be broadly categorized into pre-processing, in-processing, and
post-processing strategies, each with its unique considerations
and potential exceptions regarding their integration with dif-
ferent recommendation models. Pre-processing strategies, such
as defining user types, establishing sampling strategies, and
setting ground truth labels, offer broad applicability but vary in
necessity depending on the model’s loss function. For instance,
pair-wise loss models [49] may benefit more from sampling
strategies than point-wise loss models, yet all models can lever-
age user types and ground truth labels to enhance recommenda-
tion precision. In-processing approaches, characterized by their
ability to treat diversity either as regularization or directly within
the scoring function, show flexibility across models. Although
intuitively aligned with list-wise loss models due to their holistic
assessment of recommendation lists, these approaches can also
be adapted for pair-wise and point-wise models, demonstrating
the potential for wide applicability through creative adaptations
like constructing lists from pair-wise or point-wise scores to
apply diversity constraints [33], [63]. Post-processing strategies
stand out for their universal compatibility, enabling the inte-
gration of diversity enhancements after model training, thereby
maintaining their efficacy across all types of models.

The emergence of Large Language Models (LLMs) intro-
duces new considerations for the application of diversity ap-
proaches. LL.Ms, with their advanced natural language process-
ing capabilities, present unique challenges and opportunities for
integrating diversity metrics and approaches. Diversity metrics
are still applicable, while the direct application of diversity
approaches to LLM-based recommendation systems may not
be that straightforward. For instance, applying in-processing
approaches to models utilizing LL.Ms for recommendations via
prompt engineering is challenging, due to their unique architec-
tures and data representation [106], [107]. However, when LLMs
are used to augment existing recommendation frameworks by
enhancing data quality or providing auxiliary information [108],
[109], the potential for applying diversity approaches remains
viable.

In summary, while diversity metrics and approaches generally
maintain a high degree of model-agnosticism, enabling their
application across a spectrum of models, certain exceptions
and considerations must be acknowledged. This includes the
unique challenges posed by the integration of LLMs into the
recommendation landscape, underscoring the need for adaptive
and flexible strategies to ensure the effective incorporation of
diversity considerations in modern search and recommender
systems.

IX. OPENNESS AND FUTURE DIRECTIONS

Researchers have realized the importance of improving
diversity in retrieval systems and have started the exploration.

5369

However, we argue that there still exists openness in this area.
In this section, we discuss a number of open challenges and
point out some future opportunities in an effort to encourage
additional research in this field.

A. Time Dependency

Existing research on diversity-aware retrieval systems focuses
primarily on a single time point without taking a continuous time
span into account. In real-world systems, however, time plays
an important role in the study of user behaviors and intentions,
as humans may require varying degrees of diversity at different
stages of their interaction with the system. We argue that an
intriguing future research direction is to investigate how to en-
sure personalized and time-dependent diversity in a continuous
learning setting in which data arrive in a time-series fashion. For
instance, when a new user first joins a system, it is reasonable for
the algorithm to display more diverse results in order to help the
user better explore her interests. As more data is collected about
the user’s interaction with the system, the algorithm should be
able to adjust itself to adaptively balance relevance and diversity
in order to not only provide items that the user likes based on
the user’s past preferences, but also show serendipity to the user
at some point in order to attract and retain the user.

B. Direct Optimization of Metrics

One of the challenges in enhancing the diversity of search
results in retrieval systems is that some metrics are difficult
to optimize directly. Although methods have been proposed to
make some metrics differentiable (e.g., «-nDCG, Gini Index)
[110], [111], most metrics, such as coverage-based metrics and
SD Index, are difficult to optimize directly. This hinders the
capacity of in-processing methods to achieve trade-offs between
diversity and other metrics. Exploring a more general method
for differentiating these metrics for end-to-end training could be
an intriguing line of research.

C. Diversity in Explainability

While much of the diversity-aware research on search and
recommendation concentrates on presenting a diverse item list to
users, diversity can also pertain to other dimensions like explain-
ability, equally important for user retention and satisfaction. For
example, it is not ideal if a recommender system always explains
to a user as “based on your previous history” or “similar users
also like...”. This research direction has received scant attention,
with only a few works exploring this area [28], [44]. We think itis
intriguing to explore what user and item features cause varying
degrees of diversity in output lists, as this understanding can
guide the generation of diverse user explanations.

D. Multi-Stakeholder Trade-Offs

Managing multi-stakeholder interests in search and recom-
mendation systems presents a complex challenge, involving
balancing the needs and preferences of users, content creators,
platform owners, society, etc [112]. Currently, there is a dearth of
exploration in how to simultaneously ensure relevance, diversity,
and fairness among these entities. For example, while a user
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might desire a highly personalized and diverse set of recommen-
dations, content creators could desire a broad distribution of their
content to reach a wider audience. Similarly, platform owners
might want to maximize user engagement and the time spent
on their platform while maintaining a fair playing field for all
content creators. Current literature on diversity in search and rec-
ommendation, however, predominantly centers on users or con-
tent creators, rather than embracing a system-wide perspective.
Consequently, this has resulted in a scarcity of comprehensive
reviews on diversity that incorporate these broader stakeholder
perspectives. We observe that there exist strong relations among
different stakeholders, for instance, promoting diversity at the
individual level (to meet user satisfaction) and at the system
level (to cater to content creators) can be seen as enhancing the
overall diversity of the system, which in turn satisfies platform
owners. Additionally, when including “society” as a stakeholder,
the social welfare metrics discussed in Section V-A3, such as
the Simpson’s Diversity Index and the Gini Index, become
crucial targets for optimization. Future research in this area could
investigate mechanisms to navigate these trade-offs and model
the dynamics between multiple stakeholders, providing a more
holistic approach to designing diversity-aware retrieval systems.

E. Diversity in Multi-Modal Recommendation

Multi-modal recommendation systems, such as those inte-
grating text, images, and audio, pose unique challenges and
opportunities for diversity. So far, most diversity-aware systems
have focused on single-mode recommendation, such as text-only
or image-only recommendations. However, as our digital world
becomes increasingly multi-modal, the concept of diversity must
expand to consider how different modalities contribute to or de-
tract from diversity. This can be a complex task, given the distinct
characteristics and inherent diversity within and across different
modalities. For instance, diversity in text might relate to content
topic or writing style, while diversity in images might be related
to color, style, or content theme. In audio recommendations,
diversity could be associated with various factors like genre,
artist, or mood. Identifying how to effectively measure and
optimize diversity in a multi-modal context is an open challenge
that requires further investigation. Future research in this area
can bring new insights into how different modalities interact and
how they can be combined to create more diverse and enriching
user experiences.

F. Relation to Other Metrics

Diversity cannot be viewed in isolation; it is interconnected
with other important metrics. In our survey, we touch upon
how diversity relates to relevance and novelty. Another critical
metric that is often discussed in conjunction with diversity
is fairness [113], [114]. Enhancing diversity can align with
efforts to increase fairness in recommendations, contributing
to a more balanced and equitable distribution of content across
users, which may further benefit the entire society. Exploring
the trade-offs between diversity and fairness metrics presents a
compelling future direction.
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Moreover, with the rise of LLMs, the evaluation of diversity
in natural language generation has garnered more interest. For
example, Tevet and Berant [115] provide a summary of diversity
metrics in this domain and assess their effectiveness. There
is potential for overlap between diversity measures in natural
language generation and those in search and recommendation
systems, particularly as the use of LLMs in search and informa-
tion retrieval becomes more prevalent. Adopting these metrics
in search and recommendation contexts could offer a richer
evaluation framework, allowing for insights from diverse angles.

X. CONCLUSION

In this survey, we introduce the foundations, definitions, met-
rics, and approaches of diversity in retrieval systems from the
perspective of search and recommendation. We begin the survey
with a introduction of why diversity is important in retrieval
systems for the benefit of multiple stakeholders. To help better
understand the diversity concepts, we summarize the different
diversity concerns in search and recommendation, highlighting
their connection and distinctions. For the main body of the
survey, we provide a unified taxonomy to classify the metrics and
approaches of diversification in both search and recommenda-
tion. To close the survey, we discuss the open research questions
of diversity-aware research in retrieval systems in the hopes of
inspiring future innovations and encouraging the deployment of
diversity in real-world systems.
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