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Encoding Group Interests With Persistent
Homology for Personalized Search

Yuchen Meng, Rong-Hua Li , Hongchao Qin , Xiang Wu , Huanzhong Duan, Yanxiong Lu, and Guoren Wang

Abstract—Personalized search aims to customize search results
based on users’ search history. The key of personalized search
is to learn the representations of users’ interests from users’
search history. The state-of-the-art personalized search methods
often encode group-level features of similar users to improve per-
sonalized search. However, existing group-level feature encoding
methods are sensitive to noisy users, which are often contained in
real-world search data. To overcome this problem, we propose a
novel approach to encode group features based on a topological
data analysis technique, namely, persistent homology analysis.
Such topological features are typically robust to noisy data,
thus can improve the personalized search quality. To the best
of our knowledge, we are the first to use topological features
for improving personalized Web search. We conduct extensive
experiments on two real-life datasets to evaluate the proposed
approach; and the results show that our solution is significantly
better than the state-of-the-art personalized search models in
terms of several widely used precision measures.

Index Terms—Persistent homology, personalized search, rips
complex, rips filtration.

I. INTRODUCTION

SEARCH engine is a useful tool using in our daily life to
get specific information from the Web. Given a document

list and a query, the main task of a search engine is to return
a ranked document list which is ordered by the relevance with
the query. However, returning the same result to all users is
obviously not the optimal choice, because with the same query,
different users may have different query intents. That is why
we need personalized search, which aims to adjust the ranking
list for each user by the search engine. By returning a specific
ranking list to each user based on his/her interests, the result
can better fit the user’s intent, thus improving the personalized
search quality.

Previous studies [3], [12], [15], [17], [21], [43] usually build
users’ profiles based on their historical behaviors and take the
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relevance between the profiles and documents as the ranking
score. Some of the other existing methods are based on groups
with similar users and use these group-level profiles to enrich
the user’s profile [36], [37], [42], [47]. Most of these group-
based methods generate the group-level profiles based on the
topic similarities between queries and documents.

Such group-based methods have several limitations. First,
although the users’ profiles are extracted based on their his-
torical behaviors, both the interest and the knowledge base of
the users often evolve over time. That is to say, two users have
similar knowledge level before, but they may have significantly
different knowledge level now. Therefore, it is often very
hard to represent a user’s interest or knowledge base when
he/she has similar behaviors with another user from his/her full
history. Second, the topic similarity between the queries and
documents used in existing group-based methods [36], [37],
[42], [47] may involve too many noisy users. For example,
consider a similar user group which is constructed based on
the same hot-news documents clicked by the users [14]. Then,
there may exist many users clicked those hot documents even
when they did not have similar interests in this area; they
were just clicking to take a look and they can probably never
click documents in this area again. Clearly, such a similar user
group may contain too many noisy users, thus reducing the
performance of the group-based personalized search methods.

To alleviate the limitations of existing group-based methods,
we propose a novel approach to construct user groups and
derive the group profile features based on a topological
data analysis technique, namely, persistent homology analysis.
Such persistent-homology-based topological features are often
robust to the noisy data, thus can significantly improve the
performance of personalized search. To summarize, the main
contributions of this article are as follows.

1) Instead of using the entire users’ click history, we
propose to use snapshots to extract the users’ profiles,
where a snapshot denotes a fixed-length partial click
history of a user, and each user’s click history can be
divided into a set of consecutive snapshots. Compared
to existing methods that uses the entire click history,
the advantage of our snapshot representation is that it
can better reflect the interests of users at a certain time,
because users’ interests are often evolve over time.

2) To construct a more reliable and helpful user group,
we propose to use topological features, extracted by
a persistent homology analysis algorithm, to calculate
the similarity between snapshots. Armed with the con-
structed groups, we can derive the users’ group profiles
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and then use the group features to improve personalized
search. To the best of our knowledge, our work is
the first to use the topological features for improving
personalized search.

3) We conduct comprehensive experiments to evaluate
our method using two large-scale real-world query log
datasets. The results demonstrate that our solution sig-
nificantly outperforms the state-of-the-art personalized
search model. For example, on the AOL dataset, our
method can improve the search precision by 7.6% over
the state-of-the-art model.

II. RELATED WORK

A. Personalized Search

The goal in personalized search is ranking the documents to
fit the user’s interest and his current aim which were extracted
from the user’s search logs. The key problem is how to build
users’ interest profile from their search history. The existing
research generally focuses on the following two directions.

Traditional Personalized Search Models: Early studies on
personalized search focus mainly on constructing the features
from search logs, such as click features. Dou et al. [16]
predicted the click probability of a certain document by
counting the times the documents are clicked in the user’s
search history. Some other models [8], [20], [33], [41] try
to extract the features in a topic space which is constructed
from the clicked documents and queries. Another line of
the studies [5], [43] focus on using the current query and
users’ history to extract features and put these features into
a ranking model. However, these methods generally perform
poorly compared to machine learning approaches.

Deep Learning-Based Personalized Search: Except for
the traditional methods, the deep-learning-based personalized
search methods are also used for personalized search which
can be roughly classified into two different types. The first type
of method is the adaptation framework [35], the other kind of
method is to learn an explicit representation of the user interest
profile from the click history. For example, Lu et al. [24]
devised PSGAN which take the generative adversarial network
(GAN) into the personalized searching model. Yao et al. [46]
proposed PEPS which applies personal word embedding for
personalized search. However, most of the methods use only
the history and current query, the knowledge level is seldom
considered in personalized features.

B. Group-Based Personalized Search

In addition to the methods using users’ own search logs
discussed above, group-based search aims to enhance the
personalized search method with the similar search logs of
other users. To extract similar search logs, there are two main
existing methods, based on users’ search behavior or based on
users’ social relations.

The search behavior-based methods correlate users accord-
ing to their search history then enhance the search method.
The G-Click model proposed by Dou et al. [16] can find
users with the most similar search behavior and using these
users to score the documents. Morris et al. [26] tried using

group behaviors to enhance the quality of traditional Web
search. Teevan et al. [36] tried different grouping ways
and find out that grouping method could help identify the
documents that users thought more relevant to the query.
Vu et al. [41] proposed to construct the group dynamically in
response to the input query. This model considered the users’
different interests when facing different topics and build the
corresponding group.

The second method were proposed to correlate users based
on the social relations and using these relation to enhance
the search method. Bender et al. [25] designed an approach
to exploit social relations. Specifically, they put the users,
tags, and documents into a friendship graph and combining
semantic and social signals then applied PageRank on it.
Similarly, Kashyap et al. [2] constructed six social groups and
a social aware search graph for ranking. Bjorklund et al. [38]
and Carmel et al. [13] build the social network with the help
of social applications and using these social relations while
ranking.

Some of the studies tried to combine these two method to get
a better result. Zhou et al. [47] build two relationship network
according to the users’ search log and their social relationship
extracted from the social chat app, respectively. These models
achieve the state-of-the-art performance by using the personal
and group interest profile. Unlike these work, we propose a
novel topological-based approach to enhance users’ interest
profiles so as to improve personalized search performance.
However, for the group-based method, the search history of
noisy users can usually affect the model significantly.

C. Persistent Homology

Previous works have tried to link the different users to
enhance the performance of ranking method. However, these
previous group constructions are mostly not stable or need
additional data support. For example, grouping users based
a generally clicked documents can cause the users with less
similarity gathered in the same group. As a result, many of
the results are easily been affected by the noisy data or cannot
be used on the data without social relation information. Our
proposed method, by contrast, applies tools from statistical
persistent homology theory to build stable user groups using
only the search logs of users. Persistent homology is a topo-
logical data analysis technique which has been successfully
applied to medical image analysis and brain network analy-
sis [10], [11], [22], [23], [28], [34]. It can extract topological
features from a network or a point cloud data, captures struc-
tural information from the data using the language of algebraic
topology. The extracted information is a kind of powerful
and stable feature because it weakens the characteristics of
specific document in the users’ logs. Such feature can be used
in various contexts, such as medical field [9], [27], sensor
network coverage [40], and cosmology [44]. Recently, it has
also been used for image segmentation [45], clustering and
graph representation learning [19]. For graph-structured data,
topological features have been used for node classification and
graph classification. In this work, we extend the applications
of the topological data analysis method to extract topological
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features in personalized search. To the best of our knowledge,
we are the first to use the topological data analysis technique
for personalized search.

III. PROPOSED METHOD

As discussed in the Introduction, most existing models can
only represent users’ interests while ignoring their knowledge
base, rendering that the search engine may misunderstood
users’ search intents. For example, if a man is searching a kind
of cosmetic, he is more likely trying to figure out what it is.
However, if he is a makeup artist, he may try to figure out how
to make up with it better. To handle this problem, we propose
a new model, called persistent homology-based personalized
search (PHPS), to find users who not only have the same
interest categories, but also have similar knowledge level in
a specific interest category. These categories can be extracted
based on the documents clicked by the users. Specifically,
for each category, we first partition the user’s search history
(including a set of query-document pairs) into a set of fixed-
length partial search history (e.g., 20 query-document pairs as
a partial search history). We refer to such a fixed-length partial
search history as a snapshot. Then, we construct a group of
users’ snapshots in different categories, and then we aggregate
the most similar snapshots in the same category which we
called friend snapshots in the following. Based on these friend
snapshots, we can build a group-level profile for a user. The
detailed architecture of our model is shown in Fig. 1, which
will be interpreted in the following sections.

A. User Personal Interest Profile Construction

We make use of a user’s click history in the current search
session and user’s full click history, respectively, to construct
the user’s interest profile. Here, the search session means a
short time period from the user begin to use the searching
function until he stop using it for a fixed time. These two
parts of click history are corresponding to the short-term user
profile and long-term user profile, respectively.

Let Hl
u = {(q1, d1), . . . , (qn, dn)} be the full click history

of a user u, which is also referred to as the long-term history
of u. Each item in Hl

u is a pair consisting of a query and a
clicked document. We also consider the recent click history
of a user as his/her short-term history, denoted by Hs

u =
{(qk+1, dk+1), . . . , (qn, dn)}. Here, k is the split point of the
click history. In our method, we define the beginning of the
under-going search session as the split point.

To construct user personal profile, we use a pretrained
sentence transformer [29] to turn the query text and the
clicked document into vectors, which are denoted by q and
d, respectively. Such sentence transformer is a kind of BERT
network using Siamese and triplet networks. It can tackle the
query ambiguity and document noise at word level. Moreover,
it can combine contextual information from the neighboring
words to enhance the sentences vectors. It shows the state-of-
art performance on sentence classification and sentence-pair
regression tasks, so we choose it as the structure to convert
the query text and clicked documents. With these vectors, we

use si = qi⊕ di to represent a click behavior of a user, where
⊕ denotes the concatenate operator.

With the representation of the click behavior, we are
capable of representing the short-term history as Hs

u =
{sk+1, sk+2, . . . , sn} and take it as the input of the short-term
profile Transformer

pshort = Transformershort
(
Hs

u, P
(
Hs

u

))
(1)

where P(·) denotes the position embedding of the vectors in
Hs

u. Transformershort is a Transformer encoder whose last
output is the user’s short-term profile represented as pshort.

Similarly, we can get the long-term history Hl
u as the input

of the long-term profile Transformer

plong = Transformerlong

(
Hl

u, P
(

Hl
u

))
(2)

where the Transformerlong is a Transformer encoder and
plong is the last output of the Transformer representing the
user’s long-term profile. P(·) is the position embedding of the
vectors si.

B. User Group Interest Profile Construction

For a user u, we use the snapshots of his/her short-term
click history to identify the most similar snapshots of the
other users in the same category. For convenience, we refer
to such similar snapshots as the friend snapshots for u. All
the documents contained in the friend snapshots of u will be
used to extract the group interest profile for the user u. The
key point is how to define a similar metric to identify the
friend snapshots. A simple solution is to use a cosine similarity
metric to measure the similarity between the representations
of two snapshots. Such a method, however, is often sensitive
to noisy users, because some hot documents in the snapshots
may be clicked by too many noisy users in real-world search
scenarios (as analyzed in the Introduction). In this section, we
propose a novel persistent-homology-based method to define
a similarity metric to measure the similarity between two
snapshots. Such a persistent-homology-based method is often
robust with respective to noisy data.

Document Graph Construction: To perform persistent
homology analysis, we first construct a document graph from
the search history of all users, which models the adjacency
relationships between the documents in users’ search history.
Specifically, we build a graph Gi for each category ci which
contains all clicked documents in the category ci. Each node
in Gi represents a clicked document in the category ci. If two
nodes (i.e., documents) in Gi are clicked by the same user, we
add an edge between these two nodes. For each edge (di, dj),
we compute the similarity weight of (di, dj), denoted by
R(di, dj) as follows. First, we initialize R(di, dj) = 0. Then, if
the document di and dj are clicked by the same user, we add an
quality ruser to R(di, dj). Further, if both di and dj are clicked
by a user in the same search and in the same session, we add
rsearch and rsession to R(di, dj), respectively. Here, ruser, rsearch

and rsession are hyperparameters which satisfy ruser � rsearch =
rsession (e.g., ruser = 1, rsearch = rsession = 1000). This is
because two documents appears in the same search or the same
session should be much more similar than the two documents
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Fig. 1. Architecture of PHPS. We use users’ click history, snapshots, and the current query as the inputs of the model. The model can be divide into three
modules: 1) a module generates user’s long-term profile and short-term profile from user’s click history; 2) a module generates the user’s group profile from
the snapshots which have the highest similarity with the user’s own snapshots; and 3) a module evaluates the scores of the candidate documents based on the
extracted profiles.

clicked by the same users but within different search or
sessions. For each edge (di, dj), we define the distance between
(di, dj) as D(di, dj) = μ/R(di, dj), where μ is a positive
constant. Algorithm 1 shows the detailed implementation of
computing the distance between two adjacent documents.

Distance Computation for Any Pair of Documents: Note that
by Algorithm 1, if R(di, dj) = 0, we have D(di, dj) = +∞.
That is, two nonadjacent documents in the graph Gi have
infinite distance. In real-world search scenarios, however,
some nonadjacent documents may also be highly similar. To
remedy the limitation, we propose to compute the shortest-path
distance between two documents in the graph Gi. However,
computing all-pair shortest path distances is often intractable
for large graphs. To improve the efficiency, we propose a
landmark-based heuristic method to approximate the shortest
path distance. Specifically, we choose nlm nodes in Gi as
the landmarks, which are represented by L = {l1, l2, . . . , ln}.
Then, we use the Dijkstra algorithm on these landmark nodes
to compute the single-source distance between the landmarks

Algorithm 1 D(di, dj) Between Two Adjacent Documents
1: Initialize R(di, dj) = 0, μ > 0
2: for cx, cy in click history do
3: if cx.userID = cy.userID then
4: R(di, dj)← R(di, dj)+ ruser
5: end if
6: if cx.sessionID = cy.sessionID then
7: R(di, dj)← R(di, dj)+ rsession
8: end if
9: if cx.searchID = cy.searchID then

10: R(di, dj)← R(di, dj)+ rsearch
11: end if
12: end for
13: D(di, dj) = μ/R(di, dj)

and all other nodes in Gi. Using these landmarks and the
shortest path distances, we can approximate the distance
between any two nodes di, dj which have R(di, dj) = 0 by

D
(
di, dj

) = min
k=1,2,...,nlm

(
D(lk, di)+ D

(
lk, dj

))
. (3)
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Simplicial Complex on Point Cloud: Before involve the
persistent homology analysis into our model, we first introduce
the basic concepts used in persistent homology and relate them
to group interest profile constructing.

For a set of document point cloud data X with p points,
we can compute the distance D(di, dj) between two points
from the document graph. Let ε be a distance threshold. We
give a definition of the network constructed by thresholding
correlations between the nodes. If the two points di and dj

satisfies that D(di, dj) ≤ ε, then we connect two points with
an edge. The collection of all those edges is denoted as E. The
graph consisting of the node set X and the edge set E is called
binary network B(X, ε) at threshold ε. This network can also
be seen as a topology.

Generally, given a point cloud data set with a rule for
connections, the topological space is a simplicial complex and
its element is a simplex. To give a brief understanding, a node
is a 0-simplex, an edge is a 1-simplex, and a triangle (including
the space between the edges) is a 2-simplex. More generally, a
complete graph with p nodes represents the edges of a (p−1)-
simplex. Based on the description above, a simplicial complex
is defined as following [23].

Definition 1: A simplicial complex K is a finite collection
of simplices such that: 1) any face of σ ∈ K is also in K and
2) for σ1, σ2 ∈ K, σ1 ∩ σ1 is a face of both σ1 and σ2.

From the definition of simplicial complex, the binary
network can also be seen as a simplicial complex consisting
of 0-simplices (nodes) and 1-simplices (edges). There are
many kinds of different simplicial complexes, in this article,
we choose to employ the Rips complex which is defined as
following:

Definition 2: Given a point cloud data X, the Rips complex
R(X, ε) is a simplicial complex whose k-simplices correspond
to unordered (k+1)-tuples of points which are pairwise within
ε distance.

The difference between binary network B(X, ε) and Rips
complex R(X, ε) is that there can have at most 1-simplices
(edges) in B(X, ε) while there can have at most (p − 1)-
simplices in R(X, ε). Such difference is shown in Fig. 2.

Persistent Homology Analysis: Based on the above approx-
imate distances and the basic concepts of topology analysis,
we can perform persistent homology analysis over the clicked
documents. For each snapshot in a specific category c, we
can regard all the documents in this snapshot as a point cloud
sc, where each document corresponds to a point. Let ε be a
distance threshold. If the two points di and dj satisfies that
D(di, dj) < ε, then we connect two points with an edge.

As illustrated in Fig. 3(a), we can clearly see that when
changing the threshold ε from zero to ∞, the graph derived
from the point cloud data will change. Specifically, in
Fig. 3(a), we begin with the distance threshold is 0. At this
point, none of the nodes are connected with edge. When the
distance threshold increase to 1, which is the distance between
node x1 and x2, these two nodes are connected with an edge.
Similarly, when it increase to 2, which is the distance between
node (x2, x3) and (x4, x5), (x2, x3), and (x4, x5) are connected.
The threshold ε keeps growing and while the ε grows to ∞,
the connectivity between the points in the graph changes. We

Fig. 2. Difference between point cloud, binary network, and Rips complex.
(a) Set of point cloud data X with 6 points. (b) Binary network B(X, ε) based
on X at threshold ε. (c) Rips complex B(X, ε) based on X at threshold ε. The
orange part represents a 3-simplex and the gray part represents a 2-simplex,
which are the simplices not shown in the B(X, ε).

can finally obtain a sequence of graphs during such procedure
which represented by the so-called Rips complex (a well-
known concept in topological data analysis [11])

R(
sc, ε0

) ⊆ R(
sc, ε1

) ⊆ · · · ⊆ R(
sc, εn

)
(4)

where ε0 < ε1 < · · · < εn. R(sc, εi) denotes a Rips
complex based on the point cloud data sc and the distance
threshold ε. This sequence of Rips complex is called a
Rips filtration which is the key component of persistent
homology analysis [11], [34].

The topological changes of the Rips filtration can be
represented by a set of barcode [7], [31], which is constructed
by plotting the changing topological features over different
filtration values. We choose the Betti number as the topological
feature described by the barcode. By definition, the kth Betti
number βk shows the number of (k+1)-dimension holes in the
graph. For example, zeroth Betti number β0 shows the number
of connected components in the graph, first Betti number β1
shows the number of holes in the graph. For example, if we
need the filtration that contains information of the nodes and
edges, then we can use β0 (information of components) to
derive such a filtration.

Each bar represents the birth and death time of a specific
topological feature. Fig. 3(c) illustrates a barcode generated
by the Rips filtration. The length of the barcode shows the
persistence of a specific topological feature. For example, the
sixth barcode in Fig. 3(c) shows that one of the connected
components in the graph birth at the beginning, and dead when
ε grows to 1. That is because when the threshold ε grows to
1, node x1 and x2 are connected by an edge so the number
of connected components went from 6 to 5. We can also
visualize this evolving procedure by another way as illustrated
in Fig. 3(d) which is called persistent diagram. It transforms
the barcode into a point in the diagram which can also be used
to derive the topological feature. Specifically, in Fig. 3(d), the
blue node (1, 0) correspond to the sixth barcode in Fig. 3(c).
The persistence of a specific topological feature reflects, to
some extent, the importance of that feature across the entire
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Fig. 3. Results of persistent homology analysis with barcode and persistent diagram. (a) Rips filtration generated from the point cloud data [shown in (b)] at
different ε values (0, 1, 2, 3, and 5). (b) Point cloud data X. (c) Topological changes visualized by the barcode which represent the zeroth Betti number β0.
The horizontal axis represents the filtration value. Each of the barcode represents a connected component. (d) Topological changes visualized by the persistent
diagram which represent the zeroth and first Betti number β0, β1. The H1 point shown on the diagram represents the presence of a hole that born when the
x2, x3, x4, and x5 are connected as a rectangle and die when the (x2, x5), (x3, and x4) are connected.

graph because it implies that the feature will persist regardless
of how significant the perturbations are. Therefore, we aim to
use the persistently existing topological features on the graph
as a basis for assessing the correlation between graphs.

After deriving the filtrations from the snapshots, we can
define a similarity metric to measure the topological similarity
between two snapshots based on the filtrations of these
snapshots. Specifically, for two filtrations F, G in the same
category, we can compute the distance between them by using
the persistence scale-space kernel [30] which is defined as

kσ (F, G) = 1

8πσ

∑

y∈F,z∈G

exp

(

−‖y− z‖2
8σ

)

− exp

(

−‖y− z‖2
8σ

)

(5)

where k(·) represents the scale-space kernel and y ∈ F, z ∈ G
are the pair of birth and death time. The notion z is defined as
z = (b, a) if z = (a, b), and σ is a hyperparameter. We choose
this kernel mainly because it is defined via an L2-valued
feature map which can maintaining the stability property of
persistent homology. The scale parameter of the kernel also
provides our method with a higher level of generality. Based
on (5), we define the normalized similarity S as follows:

Sσ (F, G) = 2kσ (F, G)

kσ (F, F)kσ (G, G)
. (6)

Constructing Users’ Group Interest Profile: With (5), we
can compute the similarity between two snapshots by using a
topological method. The next step is to use these snapshots to
construct the users’ group interest profile.

Specifically, for a user u, we can extract the most recent
snapshot sc of u in a certain category c. Then, we make use
of the scale-space kernel to identify the nf snapshots which
has the highest similarity with sc. We refer to these highly
similar snapshots as friend snapshots of sc. Based on those
friend snapshots, we build a group interest profile for u as
follows.

First, we use a Transformer [39] to generate a representa-
tion for each friend snapshot si as follows:

si = Transformersnapshots(d1, d2, . . . , dm) (7)

where d1, d2, . . . , dm are the documents in the friend snapshot
si. Equipped with the representations of these snapshots, we
can use another Attention [39] layer to construct the user’s
group interest profile in the category c by

Sc = Attentioncategory
(
s1, s2, . . . , snf

)
(8)

where si is a vector of the top nf similar snapshots in c.

C. Personalized Search Model

Armed with all the users’ profiles obtained by the proposed
method, we are ready to present our personalized search
model. First, for each user u, we build the user’s group
interest profile from his/her search history, denoted by �u =
{Sc1

u , Sc2
u , . . . , Scn

u }. Here, n is the number of the categories of
the documents in u’s search history. When the user u issues a
query q, we put �u and the short-term profile together into a
attention layer to get a new snapshot profile pi,s which captures
both his/her group interest and his/her current search intent by
the following way:

pi,s = Attentioni,s
(
�u, pshort

)
. (9)

Second, we use the user’s personal profiles and the group
profile to calculate the similarity score with the document d. To
obtain a more comprehensive representation of the document,
we also use the additional features Fd extracted by the method
proposed in [5]. We put these features directly into the scoring
module, and obtain the final score from a MLP layer

scorei = MLP
(
sim

(
pi,s, di

)
, sim

(
plong, di

)
,

sim
(
pshort, di

)
,Fd

)
(10)

where the sim(·) denotes the cosine similarity metric. After
obtaining the score for each document, we adopt the
LambdaRank algorithm [6] for ranking in our personalized
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TABLE I
SUMMARY OF DATASETS

search model. The input of this model is a pair of documents
in the candidate documents. Formally, each input pair includes
a positive document di and a negative document dj and their
distance is computed with a sigmoid function denoted by xij.
The loss function of the model is defined as the cross entropy
between the real distance and the predicted one

L = −|�|(xijlog
(
xij

)+ xjilog
(
xji

))
(11)

where xij denotes the real distance and � represents the change
of ranking quality when we change the document di and dj. By
minimizing the loss using the Adam optimizer, we can obtain
our final personalized search model.

IV. EXPERIMENTS

A. Experimental Setup

Datasets: We use two different search logs datasets in our
experiments. The detailed statistics of the datasets are outlined
in Table I. The AOL dataset is a public query log dataset
which contains users’ anonymous ID, search ID, the timestamp
when the document is clicked, the URL that has been clicked
and the query text. Following [1], [4], we divide the users’
history into sessions according to the similarity between two
consecutive queries and get session ID for the query log. To
train our model, we also need irrelevant documents which
can be obtained by a method used in [1] and [4]. By using
this method [1], [4], we can obtain five documents, including
both irrelevant and positive documents for each query in the
train stage and 50 documents in the test stage. The original
ranking result of this dataset can be derived by using the BM25
algorithm [32]. The dataset is divided into training, validation
and testing sets with a ratio of 6:1:1.

We also collect a commercial dataset from WeChat to
evaluate our model. WeChat is the biggest social network
platform in China which also has a built-in search engine.
We select 100 000 users from WeChat which contains a query
log with more than 100 clicked docs in a time period from 4
September 2021 to 4 October 2021. For each user u, the search
history of u contains the following information: an anonymous
user ID, a query text, and a timestamp when the document
is clicked, the rank of the documents returned by the search
engine, a search ID, a session ID, and a boolean variable
denoting whether the document is clicked or not, the primary
category of the document. Differ from AOL, the session here
is determined based on a user’s consecutive search behavior
within a certain period of time. Specifically, we define a

session as the continuous search history of a user within a 30-
min timeframe. The dataset is divided into training, validation
and testing sets with a ratio of 4:1:1.

Baselines: In addition to the original ranking method (the
BM25 algorithm in the AOL dataset and the WeChat original
ranking algorithm in the commercial dataset), we also select
several state-of-the-art methods as baselines.

1) P-click [16]: This method ranks the documents base
on the number of clicks by the user under the same
query, and generates the personalized results by fusing
the original ranking.

2) SLTB [5]: It first extracts 102 features from the click
history, including click-based features, topic-based fea-
tures, short and long-term features, time decay, etc. They
sent all these features to the ranking model and use the
LamdaMart algorithm [6] to generate the ranking list.

3) RPMN [49]: This is a deep learning-based method
uses two refinding parts: a) query-based refinding and
b) document-based refinding to enhance user refinding
behavior for personalized search.

4) HTPS [48]: It no longer generate the users’ profile,
instead, it first applies the click history to build a context,
and then uses this context to disambiguate the queries
of the users by a transformer encoder.

5) PSGAN [24]: It is a model based on a GAN framework
to construct the embedding of queries which can well
capture users’ current search intents. Moreover, it can
select the document pair more valuable for generating
users’ profile.

6) HRNN [18]: This is a model which dynamically builds
short-term, long-term user interests and highlight rel-
evant interests with a hierarchical RNN model and a
query-aware attention layer. It is also the first model
leverage sequential information with a deep learning
framework.

7) PSSL [50]: It is a model that adopts a contrastive
sampling method to extract self-supervised information
from sequences of users’ history. It also introduced a
Pretrained model in the reranking stage.

In addition, it is worth mentioning that there also exists
a group-based personalized search model [47]. This model,
however, requires the users’ friendship information to con-
struct user groups, which is prohibited by WeChat due to the
privacy policy. Since the AOL dataset also does not contain the
friendship information between the users, we cannot compare
our method with such a group-based personalized search
model [47].

Evaluation Metrics: We use the commonly used ranking
metrics mean average precision (MAP), mean reciprocal rank
(MRR) and P@1 (precision@1) to evaluate different models.
For ablation experiments, we also make use of the average
rank, NDCG@3, NDCG@5, and NDCG@10 to evaluate the
effect of different parts of our model.

Model Settings: In our model, we use a pretrained sentence-
transformer [29] to get the sentence embedding of the
document title and the query text. Specifically, we use a
384-dimension embedding for the AOL dataset and a 100-
dimension embedding for the commercial dataset. Since we
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TABLE II
COMPARISON OF PHPS AND THE BASELINES. THE PERCENTAGE REFLECTS THE IMPROVEMENTS OVER THE SOTA METHOD (PSSL)

cannot obtain enough user history if we divide the documents
in the AOL dataset into categories, we regard all documents as
the same category. On the contrary, on the commercial dataset,
we divide the documents into 43 categories which is defined
by WeChat based on the documents’ content. For all multihead
attention layer, we use eight heads with 64-dimension for each
head.

To generate the group profiles, we only use the zeroth
Betti number to extract topological features. The reason why
we only use the zeroth Betti number is that we hardly find
hole or voids in the document graph in our datasets. In other
words, most of the snapshots’ first Betti number and second
Betti number are 0 in our datasets. To compute the scale-
space kernel, we set σ as 0.5. For the Transformershort we
use, we define it as a 2-layer encoder, where each layer
consists of an 8-head multihead attention layer, and the hidden
feature dimension is 512. In the commercial dataset, we build
the snapshots by a sequence of 20 clicked documents and
refresh the user’s snapshots when he have clicked ten more
documents. In the AOL dataset, since the length of users’
history are much shorter than the commercial dataset, we build
the snapshots by a sequence of ten clicked documents and
refresh the user’s snapshots when he have clicked ten more
documents. During the training process, we set the batch size
and the learning rate as a dynamic number to ensure that we
have the same group profile in the same batch. We train the
model for 10–20 epochs and choose the model weight which
show the best result on the validation set, and choose the it is
result on testing set as the final result.

B. Experimental Results

1) Overall Performance: Table II reports the results of
different models. From Table II, we can obtain the following
observations.

1) PHPS significantly outperforms all the baselines in terms
of all metrics, which demonstrate the high effectiveness
of our solution. For example, compared to the state-of-
the-art PSSL model, our model improves the ranking
quality by 3.8% and 2.4% in terms of the MRR metric,
on the AOL dataset and the commercial dataset, respec-
tively.

2) Compared to all the baselines, PHPS achieve much
better performance in terms of the P@1 metric on
the AOL dataset. The reasons could be that the users’
clicks in the AOL dataset is highly centered. Most of
the users’ clicks in this dataset concentrate on a few
URLs. Such click features are helpful for constructing
the document similarity graph as used in our model,
thus may boost the performance of our group-based
personalized search model. Moreover, our method shows
comparative performance in retrieval time compared to
the PSSL.

2) Ablation Experiments: Our PHPS model has three main
components: 1) the short-term profile generator; 2) the long-
term profile generator; and 3) the group profile generator.
Thus, we conduct a ablation experiment to study the effect
of the short-term profile, long-term profile, and group profile
features. The results on the AOL dataset and the commercial
dataset are shown in Tables III and IV, respectively. As can
be seen, without the group profile features, the performance
of our model decreases significantly on both two datasets.
For example, on AOL, the MAP and NDCG@3 decreases by
6.9% and 7.8%, respectively. We also observe that both the
short-term and long-term profiles are useful for our model.
In addition, we also observe that the effect of the short-term
profile feature is not very significant to our model on both
two datasets. The reason could be that the short-term profiles
are partially included in the group profiles in our model, thus
resulting in little effect in our model.

To evaluate the effect of persistent homology analysis, we
compare two various methods to build the snapshot group
in our model (i.e., finding similar snapshots for a given
snapshot). One is our persistent homology-based method
(i.e., (6)), and the other is based on the cosine similarity
metric (computing the similarity between two snapshots using
the cosine similarity, i.e., no persistent homology analysis
is done). As shown in Tables III and IV, we can see that
our persistent homology-based solution outperforms the cosine
similarity-based method, especially on the commercial dataset.
For example, the MAP and NDCG@3 decreases by 2.4%
and 3.2% using the cosine similarity-based solution, respec-
tively. The reason could be that in the commercial dataset,
there are very few users with similar click history, thus the
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TABLE III
RESULTS OF ABLATION EXPERIMENTS ON THE AOL DATASET

TABLE IV
RESULTS OF ABLATION EXPERIMENTS ON THE COMMERCIAL DATASET

cosine similarity-based method is ineffective. Our persistent
homology-based solution, however, can capture the topological
features of user’s click history which is often more robust
compared to the cosine similarity-based method.

3) Improvements in Snapshot Establishment: When first
using the snapshots to build groups, we found that some of
the snapshots in the same group have few or none similar
documents but still have high similarity when we using per-
sistent homology analysis. After a closer inspection, the high
similarity appears to be caused by the high-local similarity in
the graph we build. Review the persistent homology analysis
mentioned earlier, it mainly considers the relative position
relationship between the points by calculating the distance
between them. However, when the graph is big enough, there
can be some similar subgraphs in different location of the
graph. As Fig. 4(b) shows, these subgraphs may confuse the
persistent homology analysis, making it hard to distinguish
them and thus causing high similarities over those dissimilar
snapshots.

To alleviate such situation, a conceivable method is adding
some fixed markers into the snapshots, which is shown in
Fig. 4(c). These markers can emphasize the absolute position
of other points in the subgraph by calculating the distance
between the markers and other points. Specifically, we ran-
domly choose some of the documents in each graph and add
them into the snapshots. These new snapshots can contain
more information of the documents and the improvement is
shown in Figs. 5 and 6. We can find the new snapshots
have high degree of distinction, especially on the commercial
dataset which have a bigger graph. For example, the MAP and

Fig. 4. Persistent homology analyze on graph (a) persistent homology analyze
cannot distinguish the two subgraphs (green points and orange points) in
(b) though they are at different positions on the graph. By adding markers
(red points) into these two subgraphs as (c), the persistent homology can find
the difference between them by calculating the distance between the points
from markers and points in the subgraphs.

NDCG@3 increase by 0.6% and 0.8% when using the new
snapshots, respectively.

V. CONCLUSION AND DISCUSSION

In this article, we propose a new model, called PHPS, which
encodes users’ short-term, long-term and group-level profiles
for personalized search. The novelty of our model is that we
extract group-level features of users’ search history by using a
topological data analysis method, namely, persistent homology
analysis. Such persistent-homology-based topological features
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Fig. 5. Results of comparing the new snapshots and old snapshots on the
commercial dataset.

Fig. 6. Results of comparing the new snapshots and old snapshots on the
AOL dataset.

are often robust with respect to noisy data and thus they are
very useful for improving the performance of personalized
search. We conduct extensive experiments to evaluate our
model using two real-world datasets. The results show that our
solution significantly outperforms the state-of-the-art models
according to three commonly used precision metrics.

Based on the analysis conducted in this study, it is evi-
dent that the persistent homology-based method demonstrates
remarkable performance in personalized search tasks, show-
casing its robustness and effectiveness in constructing user’s
group profile, especially in the case with significant amount
of noisy data. Moreover, there is still significant potential
for further advancements in practical applications of topol-
ogy analysis. Therefore, future research efforts should be
directed toward the development and implementation of novel
topological data analysis techniques that can facilitate more
efficient and accurate retrieval of similar user. In addition,
researchers can explore diverse models for user interest profile
construction. One promising approach is aggregating more
comprehensive topological information into the user profile
extraction process, which has the potential to significantly
augment the expressive capacity of the user interest profile.
Such improvement in models’ performance while preserving
topological features can be the key to increased effectiveness
of personalized search.
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