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ABSTRACT

1

Personalized search is a task to tailor the general document ranking
list based on user interests to better satisfy the user’s information need. Many personalized search models have been proposed
and demonstrated their capability to improve search quality. The
general idea of most approaches is to build a user interest profile
according to the user’s search history, and then re-rank the documents based on the matching scores between the created user
profile and candidate documents. In this paper, we propose to solve
the problem of personalized search in an alternative way. We know
that there are many ambiguous words in natural language such
as ‘Apple’, and people with different knowledge backgrounds and
interests have personalized understandings of these words. Therefore, for different users, such a word should own different semantic
representations. Motivated by this idea, we design a personalized
search model based on personal word embeddings, referred to as
PEPS. Specifically, we train personal word embeddings for each
user in which the representation of each word is mainly decided
by the user’s personal data. Then, we obtain the personalized word
and contextual representations of the query and documents with
an attention function. Finally, we use a matching model to calculate
the matching score between the personalized query and document
representations. Experiments on two datasets verify that our model
can significantly improve state-of-the-art personalization models.

The search engine is one of the major approaches for us to obtain
information from the Web in our daily life. Given a query, it returns
a ranked document list in which documents are ordered by their
relevance to the query. Obviously, it is not an optimal solution to
return the same search results to various users for the same query,
because there are many ambiguous words in natural language and
different users may have different query intents when they enter
these keywords. Let us take the query ‘Apple’ as an example. An
IT engineer may use this query to search for information about
the ‘Apple’ company or products, while a fruit farmer tends to
seek information related to the ‘Apple’ fruit using the same query.
From this example, we can find that the IT engineer and the fruit
farmer have different understandings of the word ‘Apple’ due to
their knowledge background and interests. Returning more specific
ranking results to each user based on the user’s interests can improve result quality and user satisfaction, and this is the target of
personalized search.
Many models have been proposed for search results personalization. Traditional personalized search models [5, 6, 10, 11, 13, 16,
19, 36–38] mainly depend on click-based and topic-based features
extracted from the search history to analyze user interests. With the
emergence of deep learning, new personalized models [17, 24] have
achieved better personalization by learning user interest profiles
based on neural networks. The common idea of most existing personalized search methods is building a user interest profile with the
search history at first and then tailoring the general document list
on account of the matching scores between the created user profile
and candidate documents. In this paper, we attempt to solve the
problem of search results personalization from an alternative perspective of clarifying the ambiguous keywords with
personal word embeddings.
As shown in the previous example, there are lots of ambiguous
words in queries and different users have personalized understandings of such words’ meanings due to their knowledge background
and interests. To clarify the specific meaning of such ambiguous
words that each user wants to express, we claim that the same
word for different users should be viewed as different words and
own different semantic representations. Therefore, we propose a
personalized model that sets personal word embeddings for each
user enhanced from the global word embeddings with her individual search history as the training data. This model has several
advantages in solving the problem of personalized search. First,
the embedding of each word trained on the user’s search log is
personalized which mainly contains the meaning that the user is
interested in. Secondly, the user’s personalized query intent can be
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clarified by the contextual vector of the query represented with the
personal word embeddings. Thus, the documents which meet the
user’s query intent can be better matched. Thirdly, we can directly
re-rank the documents based on the relevance scores between the
personalized representations of the query and documents. The user
interests reflected in the search history have been contained in the
personal word embeddings after training the model on the user’s
search log. Hence it is not necessary for us to analyze the user’s
search history and build the user interest profile every time we
re-rank the documents for a new query issued by the user, saving a
large amount of time for maintaining the user profile.
Specifically, we design a personalized search model PEPS (Personal
Embedding based Personalized Search model), which consists of
four modules. To begin with, we construct a personalized word
embedding layer, including embedding matrices for each user, to
get personalized representations at the word level. Then, personalized contextual representations of the query and document are
calculated through a multi-head self-attention layer to fuse the
contextual information. With personalized word and contextual
representations ready, we compute the matching score for document ranking with the KNRM component. Finally, we utilize two
tasks, personalized document ranking and query reformulation, to
jointly train the personal word embeddings and ranking model in
an end-to-end way. Before model training, we initialize the personal word embeddings with personalized word2vec [25] trained
on the logs of similar users or the global word2vec model. And we
devise online update approaches to capture the user’s new interests
along with the search process. To compare our PEPS model with
state-of-the-art baselines, we conduct experiments on the public
AOL dataset and a query log from a commercial search engine.
Experimental results show that our method can yield significant
improvements in ranking results over existing models.
To conclude, our main contributions are three-fold: (1) We attempt to solve the problem of search results personalization from an
alternative perspective of clarifying the ambiguous keywords with
personalized word representations, without building user interest
profiles. (2) Based on this idea, we propose a personalization model
to train separate personal word embeddings for each user, and compute ranking scores by matching the personalized representations
of the query and documents. (3) We design three approaches to
update the personal word embeddings to capture the changes of
user interests reflected in the newly issued queries.
The rest of the paper is organized as follows. Related works are
introduced in Section 2. In Section 3, we elaborate each component
of our proposed model. We describe the experimental settings in
Section 4, then present and analyze the experimental results in
Section 5. Finally, the whole paper is concluded in Section 6.

2

RELATED WORK

Personalized search has been proved to effectively improve the
search results [16, 17, 33], and there are many related studies.
Traditional Personalized Search Model. Traditional personalized
models rely on some heuristic rules to analyze user interests. Motivated by the user’s refinding behaviors, Dou et al. [16] proposed
the P-Click model which evaluates the relevance by counting how
many times the documents have been clicked by the same user
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under the same query. Many models [11, 19, 29, 36, 37, 40] applied
a topic model such as Latent Dirichlet Allocation (LDA) [7, 40]
to extract topic-based features from the clicked documents and
issued queries, then built user interest profiles in the topic space.
Some other studies [6, 35, 38] realized personalization through feature engineering. They extracted many features from the current
query and the user’s search history, including the original rank
position, click-based features and so on. Then, learning to rank
algorithm [8, 9] is used to combine these features to train a ranking model. In addition to the features related to queries and clicks,
location information and the user’s reading level [5, 13] were also
considered. Traditional personalized models have achieved great
progress, but most of them only focus on using some specific features to describe user interests, thus ignoring other information
that is the same valuable.
Deep Learning based Personalized Search. As deep learning becomes popular, many personalized search models based on learning
have been studied, and the problem that the representation ability
of traditional manual-designed features is limited has been gradually relieved. These learning-based models mainly follow two kinds
of approaches. One is the adaptation framework [30], which adapts
the general ranking model to a personalized model by training with
a few queries from that user. The other more common method is to
learn an explicit representation of the user interest profile from the
search history. Ge et al. [17] designed a hierarchical RNN model
(HRNN) to learn both the user’s long-term interests and short-term
interests, obtaining a comprehensive user profile. And Lu et al. [24]
devised PSGAN which applied the generative adversarial network
(GAN) [18] to enhance the training data and promote the learning of user profiles. These models tailor the original document list
based on user interest profiles and achieve state-of-the-art performance. In this paper, we propose a novel personalized model from
a different perspective, without building user interest profiles.
Word Embedding for Personalization. Recent years, there are a
few models [3, 20, 23, 26, 28] attempting to apply word embeddings for personalization. Typically, Samarawickrama et al. [28]
first trained personalized neural language model on the user’s history to create a synonym table for the user, and then re-rank the
documents based on the cosine similarity between the query’s synonyms and documents. Amer et al. [3] applied word embeddings
to find similar words to expand the query, and computed relevance
scores between the expanded query and documents. These search
models used word embeddings to find some synonyms to indicate
user interests and help document re-ranking, while our model is
different which directly trains personal word embeddings containing user interests and computes relevance score by matching the
personalized query and document representations. Furthermore,
these existing models trained word vectors by merely unsupervised
language model, without the user’s click labels, which are the most
credible indication of user preferences.
Our PEPS is a novel end-to-end personalization model, which
trains personal word vectors with the user’s click information in a
supervised way to embed the user interests into the personal word
embeddings, solving the problems faced by the models above.
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to find users with similar interests. We create a user similarity
matrix W and the interest similarity between two users ui and u j
represented as Wi j is calculated as:
Í
1

PEPS - A PERSONAL WORD EMBEDDING
BASED PERSONALIZED SEARCH MODEL

As we stated in Section 1, most existing personalized search models either extract features related to the user interests or learn a
user interest profile from the search history to achieve personalization. Differently, we propose a personalized search model from
the perspective of personalized word representations to tackle this
problem in an alternative way. Through training personal word
embeddings for each individual user, we obtain word representations that mainly contain the meanings the user already knows
or she is interested in. Using such personal word embeddings to
represent the query, the user’s real query intent can be clarified
and personalized search results can be improved.
To begin with, we formulate the problem with notations. Suppose
that there are a lot of individual users, represented as u 1, u 2, . . .,
and each user ui has her own search history HiT at the current
time T . The search history HiT includes a sequence of queries
{qi,1, qi,2, . . . , qi,N T } issued by the user ui , the clicked document
i
+ and unclicked document set D − under each query q .
set D i,j
i,j
i,j

Wi j =

p

|N (ui )||N (u j )|

.

(1)

N (ui ) and N (u j ) represent the clicked document sets of user ui and
u j , and N (d) is the set of users who clicked the document d.

3.2

Personalization Model

After the pre-training stage, we obtain rough but not exactly accurate personal word embeddings for each user. Because word2vec [25]
is an unsupervised model, it can capture the co-occurrence or semantic relationships between words but is hard to learn user interests reflected in the user’s click behaviors. Therefore, we further
design a supervised personalization model to finetune the personal
word embeddings with the user’s click information, obtaining personal word vectors which really contain user interests.
The whole architecture of our ranking model is illustrated in
Figure 1, and we divide it into four parts. In the first part, we set
a personalized word embedding layer with a global word embedding matrix and personal word embeddings for each user. In the
second part, we get representations of the query and document
from different granularities and perspectives. Thirdly, we use the
neural matching component KNRM [41] to compute the match
score between the query and document, and apply the pairwise
LambdaRank [8] to train the ranking model. Finally, we add a query
reformulation module to promote the learning of personal word
embeddings. In the following, we will describe the details.
3.2.1 Personalized Word Embedding Layer. To obtain personalized
word representations, we design a specific word embedding layer
in our model, in which we keep a personal word embedding matrix for each user and a global embedding matrix, shown as the
left module in Figure 1. We use two signs to identify a word, i.e.
the word and the corresponding user id, so that the same word of
different users are identified as different words. For example, the
word ‘Apple’ in the word embedding matrix of the user ui should
be represented as ‘Apple + ui ’, while ‘Apple + u j ’ is for the user
u j . We fine-tune the personal word embeddings with only the corresponding user’s click data. Thus, the well-trained embedding
of a specific word is not a general representation of various
meanings of this word in the overall logs, but mainly the
personalized meaning that the user is interested in.
We also have to decide the personal vocabulary for each user.
There is a global vocabulary over the whole search log, but copying
the global vocabulary for each user as the personal vocabulary
yields several drawbacks: (1) Most words in the global vocabulary
don’t appear frequently in a user’s query log, so it is unnecessary
to maintain a complete global vocabulary for each user, which will
take up a large amount of memory space. And (2) some words
are not obviously ambiguous, thus we argue that it is better to
train the embedding of these words on the whole log. Based on
these considerations, we keep a shared global word embedding
matrix and train it with the whole query log. As for the personal
vocabulary, we filter the words according to several rules:

NiT is the total number of queries in HiT . Currently, the user ui enters a query q, and the underlying non-personalized search engine
returns a candidate document list D = {d 1, d 2, . . .}. Personalized
search models are required to tailor the candidate document list
taking user interests into account, and give higher priority to the
documents that match the user’s query intent and interests.
Our proposed personalized search model PEPS mainly includes
three stages: the pre-training stage of the personal word embeddings, the supervised training stage of the model, and the online
update stage. Next, we first describe the pre-training stage, and
then introduce each component of our personalization model. In the
final, we present three approaches for online update in real-world
situations and make some discussions about our model.

3.1

d ∈N (u i )∩N (u j ) log(1+ |N (d) |)

Pre-training

According to existing works [6, 16, 17], user interests are mainly reflected in the historical issued queries and clicked documents under
each query. Therefore, the most direct approach to obtain personalized word representations containing user interests is to train word
embeddings on the personal corpus which consists of the issued
queries and clicked documents [3, 28]. We implement this approach
as one of our baselines, introduced as PPWE in Section 4.2. But we
know that training reliable word vectors from scratch usually relies
on a large corpus, and the individual query log is not enough. Here,
to initialize the personal word embeddings in our personalization
model, we propose two methods taking both user interests and the
amount of training data into consideration.
(1) We train a global word2vec model [25] on the whole query
log, and initialize the global and personal word embeddings for
each user with this global model.
(2) Considering the user interests, we adapt the global word2vec
model to a personalized model with the query logs of that user and
other top k users with similar interests. Then, the personal word
embeddings are initialized with the adapted word2vec model and
the global word embeddings are initialized with the global word2vec.
We refer to the user-based collaborative filtering algorithm [39]

• words that are not stop words
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Figure 1: Structure of the PEPS. In the embedding layer, each user ui owns personal word embeddings pre-trained by a word2vec
on the user’s data, and each word is identified by the word and user id such as ‘Apple + ui ’. Given a query issued by ui and a
candidate document, the embedding layer maps the words to global and personal word representations, which are fed into the
multi-head self-attention layer to obtain contextual representations. A GRU encodes the word representations to get query
intent vectors used for query reformulation based on Seq2Seq model. Finally, we match representation vectors to compute the
document relevance score with neural matching component KNRM and train the model through joint learning.
at the query level to further clarify the personalized query intent,
we use a multi-head self-attention layer [34] on the top of the personalized word representations outputted by the embedding layer,
obtaining two matrices CP q ∈ Rdim× |q | and CP d ∈ Rdim× |d | . As
for the calculation of the personalized query contextual representation CP q , the input is the query word vectors P q . We first process it
with different linear functions to dq , dk and dv dimensions, where
q, k, v are notations of the query, key and value in the attention
mechanism respectively. Then, we conduct attention function on
the processed results of different heads in parallel, yielding several dv dimensional output values. These outputs are concatenated
together and processed again with a dense layer to get the final
attended result CP q . The concrete computation formulas are:

• words that occur in the user’s query log more than c times
• words with word entropy no less than a threshold ent
In this paper, we define word entropy of a word w as the average
click entropy [16] of all queries containing the word, computed as:
Í
q ∈Q (w ) ClickEntropy(q)
WordEntropy(w) =
,
(2)
|Q(w)|
Õ
ClickEntropy(q) =
−P(d |q) log2 P(d |q).
(3)
d ∈D(q)

Here, Q(w) represents the set of queries that contain the word w,
and D(q) is the collection of documents clicked under the query
q. P(d |q) is the probability of the clicks on document d among all
|Clicks(q,d) |
clicks of the query q, calculated as P(d |q) = |Clicks(q, ·) | .
With the selection of personal vocabulary, we can effectively
control the space of storage used by personal word embeddings
and the computation cost of updating the embeddings.

CP q = Concat(head1, head2, . . . , headh )W A ,
headi = softmax(

3.2.2 Query and Document Representation. With the well-designed
personalized word embedding layer, we are able to map the query
q q
q = {w 1 , w 2 , . . .} and document d = {w 1d , w 2d , . . .} into a highdimensional vector space and obtain their text representations. In
our model, the text representations are composed of four parts.
(1) Personalized word representation: We obtain this part of
representation by passing the query and document through the
corresponding user’s personal word embedding matrix, getting
P q ∈ Rdim×|q | for the query and P d ∈ Rdim× |d | for the document.
The word vector mainly contains the meanings that the user knows
or is interested in, achieving personalization at the word level.
(2) Personalized contextual representation: To model the interactions between contexts and obtain personalized representation

Q

Q
P qWi (P qWiK )T

p
dk

)(P qWiV ),

(4)
(5)

where Wi ,WiK ,WiV and W A are parameters of linear functions.
In the same way, we can obtain the personalized contextual representation CP d for the document. CP q and CP d fuse the contextual
information to further clarify the ambiguous words.
(3) Global word representation: In actual situations, every
user’s interests are variable and knowledge is growing. Like the
IT engineer in our previous example, in most cases, he issues the
query ‘Apple’ to seek for the Apple company or products. However,
it is also inevitable that he would use other meanings of ‘Apple’
to search for information that has never been searched before,
such as the apple fruit. Therefore, in addition to the personalized
representations, we also pay attention to the representations in
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the global vector space. We get global word representations G q ∈
Rdim×|q | for the query and G d ∈ Rdim× |d | for the document from
the global word embedding matrix.
(4) Global contextual representation: Similar to the personalized contextual representation, we obtain global contextual vectors
CG q and CG d by conducting a multi-head self-attention layer on
the global word representations.
With the four parts, we obtain comprehensive query and document representations of different granularity and aspects. They are
helpful for matching the query and document more accurately.

of the λ and cross entropy between the real probability distribution
of the relative relationship and the predicted probability. We have:
loss = (−p̂(i >j) log(p(i >j) ) − p̂(i <j) log(p(i <j) ))|λi j |.

p̂(i >j) is the true probability that di is more relevant than d j , and
p(i >j) is the predicted probability computed as the score difference
(score(di ) − score(d j )) normalized by a logistic function.
3.2.4 Query Reformulation. In most situations, it is difficult for
users to express their query intents with accurate queries. In our
model, we have the personalized query representation so that we
are able to infer the user’s real query intent and reformulate the
query to promote the ranking, which can also help the learning
of personal word embeddings in return. Based on this motivation,
we design a query reformulation module and construct a multitask framework to jointly train it with the personalized ranking
model. Due to lacking manually labeled reformulated queries which
express the user’s true query intents, we follow [21, 31] to use the
next query in the same session as the learning target of this task,
which is thought to express the user intent more accurately than the
current query. Referring to existing query generation models [21,
31], we implement the query reformulation task with the sequence
to sequence structure [32]. The input is the personalized word
representations of the query P q and a GRU is used as the encoder to
q
compute the hidden state of each step ht = GRU (Pt , ht −1 ). The last
hidden state h |q | of the encoder is regarded as the representation
of the user’s real query intent, and is used to calculate a matching
score f Q R (q, d) with the document by cosine similarity as a part
of the final relevance score for ranking. In the decoder, a GRU [12]
with the attention mechanism [4] is applied, and each token ot in
the target sequence is predicted based on the current hidden state st ,
the previous decoded tokens {o 1, . . . , ot −1 } and the context vector
c t computed by attention function, i.e:

3.2.3 Query-Document Matching and Ranking. With the personalized and global representations of the query and documents, we are
able to compute the personalized matching scores to re-rank the
original document list. In this paper, we adopt the neural matching
model KNRM [41]. For the personalized word representations, we
first construct a similarity matrix S P where SiPj is the embedding
q

similarity between the query word w i and the document word w dj
calculated by cosine similarity. Then, many RBF kernels are used on
the similarity matrix S P to extract multi-level soft-match features
ϕ(S P ) between the query and document.
ϕ(S P ) =

|q |
Õ
i=1

® P )),
log(K(S
i

(6)

® P ) = {K 1 (S P ), . . . , K K (S P )},
K(S
i
i
i
Kk (SiP ) =

Õ
j

exp(−

(SiPj

− µk
2σk2

)2
).

(7)
(8)

Here, |q| is the query length, and K is the number of RBF kernels.
µ k and σk are the center and variance of the k t h kernel.
After obtaining a series of query-document ranking features
ϕ(S P ), we use a multi-layer perceptron (MLP) with the tanh(·) activation function to combine all these features and compute the
matching score f P (q, d) between the personalized word representations of the query and document, i.e.:
f P (q, d) = tanh(WPT ϕ(S P ) + b P )

(10)

p(ot |{o 1, . . . , ot −1 }, h |q | ) = softmax(W [st , c t ] + b),
(11)
Í |q |
where st = GRU (st −1, ot −1, c t ), c t = j=1 α t j h j and the weight
exp(a(s t −1 ,h j ))

α t j = Í|q |

(9)

k =1

exp(a(s t −1 ,h k ))

. The function a can be a simple dot prod-

uct or a trainable MLP. Then, the probability of the target sequence
p(o) is defined as the joint probability of all the tokens.

Same as the calculation process above, we use three KNRM
components with different parameters to compute the matching
scores for other query and document representations in the last
section, getting three scores f C P (q, d), f G (q, d) and f CG (q, d).
In addition to the interactive match scores between the query and
document, we also calculate a match score f Q R (q, d) of the query
hidden state in the query reformulation module and the document
by cosine similarity. And we follow [17, 24] to incorporate some
click-based features and relevance features to help ranking, which
are proved to be effective in [6]. We input these features into an
MLP with the tanh(·) activation function to calculate a relevance
score. Finally, all these six scores are combined with an MLP to get
the personalized score for the document.
We apply a pairwise LTR algorithm LambdaRank [8] to train
our ranking model. First, we create training document pairs on the
whole log, with the clicked documents as positive samples and the
skipped documents as negative ones. λ for each document pair is
the change value of the metric MAP when swapping the positions
of the two documents. And the final loss function is the dot product

p(o) =

T
Ö
t =1

p(ot |{o 1, . . . , ot −1 }, h |q | ).

(12)

We train the query reformulation module by minimizing the negative log likelihood of the target sequence. And the whole multi-task
framework is optimized by minimizing the sum of the negative log
likelihood and the pairwise loss.

3.3

Online Update

The PEPS model trained offline on the query logs has contained
the user interests reflected in the search history. In real-world application scenarios, users will continuously issue new queries that
may show new user interests. To ensure that our personal word
embeddings contain the latest user interests, we should finetune the
personal word embeddings according to the newly issued queries
along with the search process, keeping the ranking model fixed. In
this paper, we design three different approaches to adjustment.
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embeddings contain user interests, so that the ambiguous keywords
and personalized query intent can be clarified by representing the
query with the personal embeddings. Secondly, the PEPS model
improves the efficiency of personalized search significantly, without
obviously increasing pressure on the space occupation.

Table 1: Statistics of the datasets.
AOL Dataset
Train
Valid Test
#session
187,615 26,386 23,040
#query
814,129 65,654 59,082
avg query len 2.845
2.832 2.895
avg #click
1.249
1.118 1.115
Dataset

Commercial Dataset
Train
Valid Test
71,731 13,919 12,208
188,267 37,951 41,261
3.208
3.263 3.281
1.194
1.182 1.202

4 EXPERIMENTAL SETTINGS
4.1 Dataset and Evaluation Metrics

We evaluate our model on two non-personalized search logs. The
statistics of the processed datasets are listed in Table 1
AOL Dataset: This is a publicly available query log dataset
collected from 1st March 2006 to 31st May 2006. Each piece of
data contains a user anonymous id, a query text, the time when the
query was issued, a clicked URL, and the rank position of the URL.
Following [1, 2], we segment the user query sequences into sessions
with boundaries decided by the similarity between two consecutive
queries. To ensure that every user has enough search history for
building a user profile, we set the first five weeks log as the history,
and the remaining data are used for model training, validation and
testing with the proportion 6:1:1. AOL dataset only records clicked
documents that are regarded as relevant documents under each
query, without unclicked documents, so we refer to [1, 2] to find
irrelevant documents and construct original result list with the
BM25 algorithm [27]. Following [1, 2], we construct 5 candidate
documents for each query in the training and validation set, while
50 candidates for each testing query. Each document corresponds
to a title. After the process, the dataset includes 110,869 users. We
count the number of queries issued by each user and find that most
users only have a small amount of search data. Considering that
we need enough individual query log to train the corresponding
personal word embeddings, we sample about 30,000 users with the
most training data and set personal word embeddings for each of
them, global word embeddings for the other users.
Commercial Dataset: This is a large-scale query log collected
from a non-personalized commercial search engine between 1st
Jan. 2013 and 28t h Feb. 2013. Each query record contains a user id,
a query string, query issued time, the top 20 retrieved URLs, click
labels and their dwelling time. Each URL corresponds to a document
with the text body. Following [17], we view clicked documents with
longer than 30 seconds of dwelling time as relevant documents.
With 30 minutes of user inactivity as the boundary [6], we segment
the search process into sessions. Then, we divide the logs in the
first six weeks as the historical data and the last two weeks as
the experimental data which is further split into the training set,
validation set and testing set by sessions with 4:1:1 ratio. There are
a total of 5,998 users in the dataset and we select 4,000 users with
the most training data to build personal word embeddings.
Evaluation metrics We apply the most widely used ranking
metrics MAP, MRR and P@1 to evaluate our model. Considering the
fact that users’ recorded click actions are inevitably influenced by
the original order and some documents are not clicked may not due
to their irrelevance but their low rankings, we use a more credible
metric P-Improve [24] based on reliable relevance preferences in
this paper. Following [14, 22, 24], we construct inverse document
pairs viewing only the documents skipped above the clicks and the
non-clicked next document as irrelevant, and compute P-Improve

Update by stage: In the first step, we train a model offline with
all users’ search history before the current moment. In the second
step, we set a fixed duration of a stage. During this stage, we collect all the click behaviors but don’t change the word embeddings.
Thirdly, at the end of the stage, we finetune the personal word
embeddings with the collected data, keeping other parameters of
the model static. Lastly, we repeat the second and third steps to
track the newest user interests in the search process.
Update by session: Sessions are usually regarded as search
activities with independent query intents, which contain complete
user interests. Therefore, based on the update process above, we
propose to adjust the word embeddings at a session interval.
Update by query: Many personalized models [6, 17] divide
the user interests into long-term and short-term user interests,
where the short-term interests are defined as interests in a session.
The method to update the word embeddings by sessions can’t capture the impact of the short-term user interests on the subsequent
queries in the same session. Thus, we also design an approach to
update the word embeddings in units of queries to capture more
fine-grained interests.
All the three methods are applied to finetune the personal word
embeddings with the latest queries issued online based on the offline
well-trained model. But it may be difficult for the model to achieve
the global optimal state by such methods of incremental finetuning,
and a long-term adjustment may make the model perform worse.
With this consideration, we suggest fine-tuning the model in a short
time, and then a large batch of new training samples can be added
to the original dataset to retrain an optimal model offline, achieving
a balance between the effectiveness and efficiency.

3.4

Discussion about PEPS

Here, we discuss the performance and feasibility of PEPS. Although
we set a personal word embedding matrix for each user in the
model, we have stated in Section 3.2.1 that we filter the words in
personal vocabulary strictly and merely some necessary ambiguous
words should be maintained, which will not take up too much space
and computing resources. If there are numerous users, we can set
a max number of users on a single model, and distribute all users
on multiple models. In addition, through embedding user interests
into personal word representations, our model is not required to
keep the search history in memory and process the history to build
the user interest profile. PEPS only needs to compute the query and
document representations and their matching score with a shallow
matching model, which takes little time compared to processing
the history with RNN [17], improving the performance and saving
memory space. Thus, we can conclude that our model provides
several advantages for personalization: Firstly, the personal word
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Table 2: Overall performances of models. Relative performances compared with PSGAN are in percentages."†" indicates significant improvements over all baselines with paired t-test at p < 0.05 level, and ‡ for t-test at p < 0.01 level. The best results
are shown in bold. PEPS(fix) means the personalized word embedding layer is fixed during training.
AOL Dataset
MAP
MRR
Adhoc search model
Ori.
.2504 -54.3% .2596 -53.6%
KNRM
.4291 -21.7% .4391 -21.6%
ConvK
.4738 -13.5% .4849 -13.4%
User profile based personalized search model
PClick
.4224 -22.9% .4298 -23.3%
SLTB
.5072 -7.5%
.5194 -7.3%
HRNN
.5423 -1.0%
.5545 -1.0%
PSGAN
.5480 –
.5601 –
Embedding based personalized search model
PWEBA
.4284 -21.8% .4368 -22.0%
PPWE
.6542‡ 19.4% .6668‡ 19.1%
PEPS(fix) .6971‡ 27.2% .7107‡ 26.9%
.7127‡ 30.1% .7258‡ 29.6%
PEPS
Model

P@1

P-Imp.

.1534
.2704
.3266

-68.6%
-44.7%
-33.2%

.7399
.4916
.5872

-9.1%
-39.6%
-27.8%

.7506
.5001
.5977

-8.8%
-39.3%
-27.4%

.6162
.2849
.4188

-14.1%
-60.3%
-41.6%

.0655
.1422

-73.7%
-42.9%

.3788
.4657
.4854
.4892

-22.6%
-4.8%
-0.8%
–

.7509
.7921
.8065
.8135

-7.7%
-2.6%
-0.9%
–

.7634
.7998
.8191
.8234

-7.3%
-2.9%
-0.5%
–

.6260
.6901
.7127
.7174

-12.7%
-3.8%
-0.7 %
–

.0611
.1177
.2404
.2489

-75.5%
-52.7%
-3.4%
–

.2687
.5613‡
.6153‡
.6279‡

-45.1%
14.7%
25.8%
28.4%

.7415
.8138
.8209†
.8221†

-8.9%
0.1%
0.9%
1.1%

.7529
.8249
.8310†
.8321†

-8.6%
0.2%
0.9%
1.1%

.6201
.7187
.7232†
.7251†

-13.6%
0.2%
0.8%
1.1%

.0433
.2338
0.2516
.2545†

-82.6%
-6.1%
1.1%
2.3%

as the ratio of the correctly ranked inverse pairs. We only use
the P-Improve metric on the commercial dataset whose recorded
document lists were actually presented to users. The candidate lists
of the AOL dataset are constructed by us with the BM25 algorithm
which are not the lists shown to users, hence the P-Improve value
calculated on the AOL dataset is unreliable. Because of this, we do
not use the P-Improve metric for the AOL dataset.

4.2

Commercial Dataset
MRR
P@1

MAP

(6) PPWE: This is a pipeline personalized word embedding based
model we implement as a baseline. To re-rank the documents for
the current query, we first train personalized word embeddings on
the user’s search data before this query by word2vec model [25] to
obtain the query and document representations, and then compute
the relevance scores using the KNRM model with SLTB features.
(7) PWEBA: This is a personalization model for Twitter search [28].
It first trains personal word embeddings on the user’s history and
creates a word-synonym table based on word vector similarity.
Then, it re-ranks the generic list with cosine similarities between
the query’s synonyms and documents.

Baselines

In addition to the original ranking (on the AOL dataset, it is generated by BM25. On the commercial dataset, it is returned by the
search engine), we select several state-of-the-art ad-hoc ranking
models and personalization models as baselines, listed as follows:
(1) KNRM & Conv-KNRM: KNRM [41] is a kernel-based neural ranking model for ad-hoc search. It conducts a kernel-pooling
technique on the word similarity matrix to extract multi-level soft
match features, which are combined with a pairwise LTR algorithm
to get the ranking score. Conv-KNRM [15] was proposed on the
basis of KNRM to model n-gram soft matches with CNN.
(2) P-Click: Dou et al. [16] proposed P-Click to re-rank documents based on the number of clicks made by the same user under
the same query in history, satisfying the user’s refinding behaviors.
(3) SLTB: It [6] extracts 102 features from the user’s search
history, including click-based features, topic-based features and so
on. Then, all the features are combined with the LTR algorithm
LambdaMart [9] to generate the personalized ranking list.
(4) HRNN: This model [17] dynamically builds short and longterm user interest profiles with a hierarchical RNN and queryaware attention mechanism. Documents are re-ranked based on the
similarities with the user profile and the additional SLTB features.
(5) PSGAN: It [24] is a personalized framework that applies GAN
to generate queries that match the user’s query intent better and
select document pairs more valuable for learning user interests. In
this paper, we take the variant PSGAN-D as our baseline.

4.3

Model Settings

In our model, we initialize the personal word embeddings with a
100-dimensional word2vec model trained on all users’ historical
and training data for both datasets. For the AOL set, the words
with less than 5 occurrences and entropy less than 0.7 are filtered
from the personal vocabulary. The min occurrence is set as 8 and
the word entropy is 0.65 for the commercial dataset. We set the
max length of a query as 20 for both datasets, the max length of
document titles is 50 for the AOL dataset, and the max document
length is set as 300 for the commercial dataset. As for the multihead self-attention mechanism, we use 8 heads and the dimension
of each head is 50. The KNRM component has 11 kernels with
µ ∈ {−0.9, −0.7, . . . , 0.9, 1} and σ is set as {0.1, 0.001} [41]. The
size of hidden states in GRU is 100. Model optimization uses the
Adam optimizer, with batch size as 200, learning rate as 1e-3 and
ϵ = 1e − 5. We train the model for 5-10 epochs and store the one
performing best on the validation set.

5 EXPERIMENTAL RESULTS AND ANALYSIS
5.1 Overall Performance
To begin with, we compare the overall performances of all baselines
and PEPS. We train all models on the training set, and then evaluate
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Table 3: Results of ablation experiments. Relative performances compared with complete PEPS are in percentages. PWE/GWE
means personal/global word embeddings.
PEPS Variant

MAP
PEPS
.7127 w/o Attn.
.6869 -3.62%
w/o Attn, PWE
.6693 -6.09%
w/o Attn, GWE
.6686 -6.19%
Ablation on query reformulation
w/o Multi-task
.7113 -0.20%
w/o Query Ref
.7101 -0.36%

AOL Dataset
MRR
.7258 .7008 -3.44%
.6823 -5.99%
.6822 -6.01%

P@1
.6279 .6021 -4.11%
.5771 -8.09%
.5796 -7.69%

MAP
.8221 .8145 -0.84%
.8126 -1.07%
.8139 -0.91%

Commercial Dataset
MRR
P@1
.8321 .7251 .8254 -0.83% .7196 -1.18%
.8242 -0.97% .7181 -1.39%
.8249 -0.89% .7191 -1.25%

P-Imp.
.2545 .2446 -4.08%
.2388 -6.35%
.2418 -5.18%

.7246
.7232

.6266
.6247

.8186
.8202

.8295
.8306

.2513
.2392

-0.17%
-0.36%

-0.21%
-0.51%

them on the testing set without any update. The reason for using
P-Imp only on the commercial dataset has been stated in Section 4.1.
Results are shown in Table 2. We find:
(1) Compared to all the baselines, our PEPS model achieves
significant improvements in terms of all the evaluation metrics, with paired t-test at p<0.01 level on the AOL query log
and paired t-test at p<0.05 level on the commercial dataset.
Especially for the two state-of-the-art personalized search models
HRNN and PSGAN, our model outperforms them greatly. On the
AOL set, our model improves PSGAN by 30.1% in MAP and 29.6% in
the MRR metric. In addition, it promotes 1.1% in MAP and 2.3% in
P-Imp which evaluates models from a more credible perspective on
the commercial set. Both HRNN and PSGAN models tailor the original document list by building user interest profiles. These results
prove that the PEPS model proposed in an alternative way is also
effective for personalization and achieves the best performance.
(2) Comparing with the closer baseline PPWE, our PEPS
model still performs much better whether to fix the personal
word embeddings or not. PPWE is our proposed pipeline personalized model which trains static personal word vectors with the
word2vec for ranking, without supervised fine-tuning. Compared
to PPWE, the end-to-end PEPS introduces the idea of fine-tuning
the pre-trained personal word embeddings with the click labels,
and it uses the multi-head self-attention mechanism to capture the
interactions between contexts to clarify the personalized meaning
of a specific word. The obvious promotion on the PPWE model
confirms that it is not only the static personal search data but also
supervised training with the click labels that produce personal word
embeddings containing accurate user interests. Furthermore, the
contextual information is also important.
(3) Generally, all personalized search models improve the
original ranking results greatly, indicating that personalization is helpful for promoting users’ search experience. The
increase of P-Click model validates the effectiveness of refinding behaviors. SLTB model realizes personalization by extracting various
interests-related features from the search history. HRNN and PSGAN which both build user interest profiles with a hierarchical RNN
achieve great results, and the great performance of PSGAN confirms
the importance of high-quality data for the training of personalized
models. The word embedding based models PWEBA, PPWE and
PEPS also show great improvements. However, we find the PClick
and PWEBA perform worse than the neural adhoc-ranking models
KNRM and Conv-KNRM. We analyze it may because the ability of

-0.34%
-0.15%

-0.34%
-0.20%

.7256
.7253

-0.36%
-0.40%

-1.45%
-6.20%

deep learning based models is stronger than traditional models, and
the word embedding in PWEBA trained on a single user’s history
is unreliable.
In a word, the overall performances strongly verify that our
PEPS can obtain personal word embeddings that contain accurate user interests and clarify personalized query intents
of ambiguous queries to improve personalization.

5.2

Ablation Experiments

The PEPS model includes several main components: the personal
word embedding layer, text representations and the query reformulation module. To figure out the role of each part for personalization,
we perform several ablation experiments. We illustrate the experimental results in Table 3 and make some discussions.
Personal & global word embeddings In order to confirm the
respective effects of the global and personal word embeddings, we
alternatively strip off the two parts to conduct experiments. We also
turn off the attention mechanism to make the comparison results
more clear. The results are presented at the 3r d , 4t h row in Table 3.
We find the model loses 6.09% in MAP and 8.09% in P@1 without the
personal word vectors on the AOL dataset. As for the commercial
set, the performance of PEPS drops 1.07% and 6.35% in the MAP and
P-Imp. After removing the global word embeddings, the impacts
on the model are similar. This indicates that the personal word
embeddings containing user interests is critical for personalization.
But every user has changing interests and growing knowledge, and
they are likely to use new meanings of a word that have never been
involved in their history. In such cases, the global embedding can
be helpful to provide general great results.
Contextual representation On the word representations, we
apply a multi-head self-attention layer to obtain the contextual representations taking the word interactions into account. We disable
the attention layer to analyze the contribution of the context, and
report the results in Table 3. Without the attention layer, the MAP,
MRR, P@1 metrics drop 3.62%, 3.44%, 4.11% on the AOL dataset
and 0.84%, 0.83%, 1.18% on the commercial dataset respectively.
This demonstrates that the specific meaning of a word not only
depends on itself but also the context, thus the multi-head attention
contributes to clarifying the meaning of a word.
Query reformulation We add a query reformulation task to
help figure out the user’s real query intent through joint learning.
To analyze the impacts carefully, we remove the whole query reformulation module or only turn off the joint learning (i.e. the decoder)
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AOL Dataset

0.5

0.150
0.125

△MAP

△MAP

0.3

navigational queries with entropy < 1. Figure 2 (a) and (b) show
the performance of our model and baselines on the two datasets.
First, although the relative performance on the two query sets of
all models is opposite on the two datasets, which we think may due
to the data distribution, we find our model consistently outperforms
all baselines on both query groups of the two datasets. Specifically,
compared to the best baseline PSGAN, our model also has obvious
improvements no matter the query is clear or ambiguous, especially
on the informational query set. It confirms the ability of PEPS to
perform well on queries that more require personalization.
Repeated & Non-repeated Queries In personalized search,
the user’s behaviors on the relevant queries in the search history
are critical to analyze the user’s interests for the current query.
Some studies [6, 16] even directly use the click features to promote
document ranking, but such methods lack the ability of generalization. To further explore the generalization and learning abilities of
our model, we categorize all testing queries into repeated or new
queries according to whether they have appeared in the search
history. The comparison results are shown in Figure 2 (c) and (d).
Consistently, we find all personalized search models achieve
greater improvements on the repeated query set for the two datasets.
This demonstrates that most personalized models can satisfy the
user’s re-finding needs well, but some may fail on the non-repeated
queries, especially the traditional feature-based SLTB model. Our
PEPS shows the best results on both query sets and the proportion
of improvement on the non-repeated queries is greater, which verifies that our model can not only apply the click-based features to
support the user’s re-findings but also can learn the user’s real interests to improve the personalized results of newly issued queries.

Commercial Dataset

SLTB
HRNN
PSGAN
PPWE
PEPS

0.4
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0.2

0.100

SLTB
HRNN
PSGAN
PPWE
PEPS

0.075
0.050

0.1

0.025

0.0

Entropy < 1

0.000

Entropy >= 1

(a)

AOL Dataset
0.150

0.4

0.125

△MAP

△MAP

0.5

0.3

Entropy >= 1

0.100
0.075

SLTB
HRNN
PSGAN
PPWE
PEPS

0.050

0.2

0.025

0.1
0.0

(b)

Commercial Dataset

SLTB
HRNN
PSGAN
PPWE
PEPS

0.6

Entropy < 1

Non-repeated queries

(c)

0.000

Repeated queries

Non-repeated queries

(d)

Repeated queries

Figure 2: Experimental results on different query sets. (a)
and (b) are results about queries with different entropies, (c)
and (d) are results on repeated/non-repeated queries.

AOL Dataset

0.20

0.70

AOL Dataset
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MAP
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0.60
HRNN
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update by day
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0.55
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day1 day2 day3 day4 day5 day6 day7 day8

Commercial Dataset

0.84

0.0200

0.83

Commercial Dataset
static
update by query

0.0150

△MAP
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MAP

day1 day2 day3 day4 day5 day6 day7 day8

0.0175

0.82

0.80
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HRNN
static
update by day
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day3

day4

0.0125
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5.4

0.0075
0.0050
day5

day6

day7

day8

0.0025

We design three approaches to finetune the word embeddings along
with the user’s search process to capture the user interests reflected
in the newly issued queries. To explore the effects, we perform
simulation experiments on the last 8-day testing data. We set a day
as a stage and adjust the word embeddings with two approaches. We
calculate MAP on the data of each day, obtaining the performance
curves and MAP improvements on HRNN shown in Figure 3.
Focusing on the left graphs in Figure 3, we can find that all the
performance curves show similar change trends, which should be
determined by the distribution of the testing data. And the curves
of our model lie above that of HRNN. Comparing the two different
adjustment approaches, the method of updating by query outperforms the other on both datasets. It indicates that the short-term
user interests in the same session are very effective for improving
the results of the subsequent queries. In general, both the update
methods improve the MAP compared to the static test in the first
several days, but only the update by query method performs better
than the static test in the latter days on the AOL set, and the other
method is worse. We analyze the possible reason is the incremental finetune approach is unstable and difficult to make the model
achieve the global optimal state, and a long-term finetune may make
the model perform worse. As for this problem, we also propose a
solution that we continuously update the word embeddings in a
short time, and then a batch of new samples are added to train a
global optimal model after a long time.

day1 day2 day3 day4 day5 day6 day7 day8

Figure 3: Performance of different online update methods.

and report their performance in Table 3. On the AOL log, when only
the decoder is removed, there is a slight impact on the results, but
the performance drops obviously without the whole module. As for
the commercial set, the results of the P@1 and P-Imp metrics also
follow this changing trend. These illustrate that the personalized
query intent representation is helpful but the contribution of the
joint learning is limited. We conjecture it is because the training of
the ranking model relies more on the click information.

5.3

Experiments with Online Update Methods

Experiments on Different Query Sets

To better analyze how our model improves the personalized search,
we divide all queries into different sets, and compare the improvement of MAP based on the original ranking result of our PEPS and
several baselines. The whole results are illustrated in Figure 2.
Informational & Navigational Queries Click entropy is an
effective measure of whether a query is ambiguous. Studies [16, 33]
have shown that it is more necessary to personalize the search
results for queries with higher click entropy. Thus, we divide all
queries into informational queries with click entropy >= 1 and
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CONCLUSION

In this paper, we implemented search results personalization in
an alternative way. Different from existing personalized search approaches that mainly create user profiles and personalize results
based on the created profiles, we explore the idea that different users
have personalized understandings of the same word. We proposed
PEPS - a model in which we set personal word embeddings for each
individual user. Furthermore, we applied a self-attention mechanism to obtain the personalized contextual query representations
to clarify query intent. Then, we designed a multi-task framework
including personalized ranking and query reformulation to jointly
train the personal word embeddings and ranking model. We also
worked out three approaches for online update to track the new
user interests. Experimental results on two large-scale query logs
verified the effectiveness of our model. In the future, we will explore
better user interest learning algorithms.
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