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A key challenge in personalized product search is to capture user’s preferences. Recent work attempted tomodel
sequences of user historical behaviors, i.e., product purchase histories, to build user profiles and to personalize
results accordingly. Although these approaches have demonstrated promising retrieval performances, we
notice that most of them focus solely on the intra-sequence interactions between items. However, as there is
usually a small amount of historical behavior data, the user profiles learned by these approaches could be
very sensitive to the noise included in it. To tackle this problem, we propose incorporating out-of-sequence
external information to enhance user modeling. More specifically, we inject the external item–item relations
(e.g., belonging to the same brand), and query–query relations (e.g., the semantic similarities between them),
into the intra-sequence interaction to learn better user profiles. In addition, we devise two auxiliary decoders,
with the historical item sequence reconstruction task and the global item similarity prediction task, to further
improve the reliability of user modeling. Experimental results on two datasets from simulated and real user
search logs respectively show that the proposed personalized product search method outperforms existing
approaches.
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1 Introduction
In recent years, more and more people have been buying products on online platforms such as
Amazon.com and JD.com. They issue queries on these platforms and then are provided with a list of
products by the web sites’ ranking systems, on which they can click and make purchases. Similar
to the web search scenario [29, 30, 35, 36], it is shown that leveraging user history to provide
personalized product search results can improve user satisfaction [1, 3]. For example, if a user
used to buy Logitech’s computer accessories, it is more reasonable that the search engine ranks
Logitech’s products higher when the user searches for “keyboard.” Many personalized product
search models [1–4, 7, 8, 11, 13, 16–18, 20, 24, 25, 27, 31, 32] have been proposed to accomplish
this task.

Recently, several models [1, 7, 16, 17] are proposed to build query-dependent user profiles
over historical user behavior sequences and calculate products’ personalized ranking scores by
comparing them with the profiles. For example, AEM [1] applied the query attention mechanism to
generate query-dependent user profiles. Comparedwith the query-independent user representations
captured by latent space models [3] or knowledge-centric model [4] without considering current
queries, these query-dependent profiles can pay more attention to the historical items more related
to the current intent, hence can bring more satisfying results to users.

Although the aforementioned sequential personalized product search models have achieved
encouraging performances through attention mechanisms to build dynamic user profiles, they suffer
from limited and noisy user histories. There are usually a small number of products purchased by a
user, and the profiles learned based on them might be inaccurate and unstable since the calculated
attention can only refer to limited information within user sequences. In this manner, the products
randomly purchased by the user (they are irrelevant to the user’s main interests) can strongly
affect the built user profiles. In this article, we claim that some external out-of-sequence knowledge
can supplement the original sequences and help learn more informative and stable user profiles.
Indeed, different from documents in web search, products typically have richer global relations
with each other. For instance, two products may belong to the same brand/category or have been
bought in the same transaction. We argue that these global item–item relations can help us build
better user profiles. For example, if a user kept buying Apple products in her history, we can
strengthen the interactions between these products during user profiling, thereby profiling her as a
passionate Apple fan and recommending relevant Apple products when she issues new related
queries. The weights of other products in her histories for capturing user interests will also decrease
correspondingly, leading to a more accurate user profile. Furthermore, additional query–query
relations are also helpful to user interest modeling: the items purchased under similar queries should
be highly correlated and have similar contextualized representations while constructing the user
profiles. In contrast, if the meanings of two historical queries are different from each other, their
corresponding items should also be irrelevant. In summary, by introducing this out-of-sequence
knowledge and information, the user profiling process can focus more on the primary preferences
and ignore other secondary and noisy ones.

As discussed above, we argue that the aforementioned external item–item and query–query
relationships should be incorporated into the modeling of user behavior sequences, yet they remain
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Fig. 1. Comparison between the existing sequential user interest modeling in personalized product search
and our proposed model using additional attention bias. Because 81 and 83 have the same brand and @3 and
@4 are similar, the interactions between (81, 83) and (83, 84) are strengthened.

overlooked by existing approaches.Themost natural strategy for encoding these relations is to build
a global Knowledge Graph (KG) including these relations and construct pre-trained knowledge
embeddings to initialize sequential models. However, as the KG is built from all existing relations,
the knowledge embeddings cannot focus on the current user sequences. Such overall knowledge
tends to be too general to enrich the current user profile. Besides, it is difficult to incorporate the
query relations into the knowledge embeddings. In this article, to supplement the KG initialization,
we propose to extract the corresponding external relations relevant to the current user sequence and
incorporate them with the original intra-sequence interaction. By this means, only the item–item
and query–query relations contained in the current sequences are considered. These relations
should be more specific and effective to pilot the intra-sequence profile building and understand
the current user.

To achieve this goal and build better user profiles, we propose a Biased Attention-based
Transformer AutoEncoder (BATA) model. Inspired by the existing works [33, 34], we propose
adjusting the transformer-based user encoder, which is widely used in previous models [7, 8, 20],
by modeling external item–item relations and query–query dependencies as attention biases in
the attention network. More specifically, for items, we build an item–attribute graph based on
the metadata of products, measure the distances between items, and use them as external global
item relation bias. For queries, we calculate similarities between their semantic representations as
additional historical query dependency bias. These attention biases can serve as prior knowledge
about the item proximity in the current sequence and provide signals to guide the intra-sequence
item interactions, which is shown in Figure 1. We hope this prior knowledge will help filter the
noisy behaviors in user history and yield better sequence representations.

However, this external knowledge, together with the input features in user sequences, may
vanish during the propagation in the stacked attention layers of the transformer encoder without
additional supervision. To further enhance these external relations and force the encoder to capture
the important characteristics in the input data, we adopt the AutoEncoder [5] paradigm and
enrich the sequence encoder by devising auxiliary decoders which try to reconstruct the global item
relations and the original sequence.With the adjusted attention and the global item relation recovery
task, we expect to improve the robustness and reliability of the generated user representations.

Experimental results on four sub-categories of simulated Amazon datasets and JDsearch dataset
[23] based on real user search logs show that the proposed method outperforms existing approaches.
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The main contributions of our article are three-fold:

(1) We propose incorporating supplementary out-of-sequence item–item and query–query
relations into user behavior sequence modeling for personalized product search.

(2) We modify the attention mechanism in the transformer encoder by adding a bias term to
incorporate the above external relationships to guide user interest modeling.

(3) We devise two auxiliary decoders to ensure the information contained in the input sequences
and global relations is well captured in user encoders.

The rest of the article is organized as follows. We introduce related works in Section 2. Following
this, we introduce the model framework in Section 3. We describe experimental settings in Section 4,
and analyze experimental results in Section 5. We conclude the article in Section 6.

2 Related Work
2.1 Personalized Product Search
Personalized product search usually either builds general user profiles or utilizes sequence-based
mechanisms to construct sequential user profiles from their histories.

2.1.1 General Personalized Product Search Approaches. Most early approaches for personalized
product search belong to this category. HEM [3] followed the non-personalized product search
model LSE [19] to adapt the latent space model to calculate user and item representations through
user reviews. DREM [4] built a KG containing users, items, and attributes based on the adequate
relations in the metadata of items. CAMI [24] improved it by replacing the single user profile in
KG with multiple preference vectors and their category indications. GraphSRRL [25] tried to find
the designed patterns in the user–item graph to optimize the model. Recently, hypergraph [11]
was introduced into personalized product search, allowing to inclusion of queries in the graph.
However, in these general approaches, a unique model is built for a user or an item, regardless of
the user’s query being considered. Such approaches run the risk that the general user profiles may
be useless or even harmful to the current user’s query.

2.1.2 Sequential Personalized Product Search Approaches. To capture query-specific user in-
terests, some approaches try to consider current queries to help aggregate user histories from a
sequential perspective. ALSTP [17] introduced hierarchical Recurrent Neural Network (RNN)
to encode user behaviors at both long-term and short-term levels. AEM and ZAM [1] applied query
attention to build query-specific user profiles. Several approaches [7, 8, 20] further improved them
by replacing the single attention layer with the transformer encoder structure and bringing the
sequential or temporal information into modeling. RTM [8] substituted the product embeddings
in TEM with embeddings of words in their reviews to capture fine-grained interactions. TEM [7]
improved ZAM by using the transformer encoder structure and adding position embedding to
bring the order information into modeling. RTM [8] substituted the product embeddings in TEM
with embeddings of words in their reviews to capture fine-grained interactions. CoPPS [13] further
improved it by applying contrastive learning methods. HIFN [27] disentangles the short-term
and long-term interests and captures them, respectively. MRA [20] focused on the time interval
between two purchases to enhance temporal signals instead of order signals. Nevertheless, as
previously stated, the majority of these approaches concentrated solely on item interactions in
the current user’s sequence, ignoring the external item–item relations and dependencies among
historical queries. SBG [16] and HGN [2] tried to alleviate the problem by boosting item and user
representations with the graph embedding leveraging other users’ histories. However, they still
neglected historical queries, and no improvement in profile building is observed with limited user
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histories. Besides, the graph embeddings introduced are global embeddings and do not focus on
the current histories.

2.2 Attention Bias in Transformer
The transformer [28] structure has been successfully used in many areas such as natural language
processing [14], Information Retrieval (IR) [7, 35], and CV [15]. Based on a multihead self-
attention network, the transformer encoder can perform deep interactions between inputs to obtain
contextualized output embeddings and sequence representations. Recently, some researchers [33,
34] find that adding a bias term to the attention matrix can better leverage out-of-sequence features.
For example, Graphormer [34] introduced the distance matrix and edge features between nodes,
and this improved the graph node classification performance. This additional bias term can be
considered as prior knowledge [22] injected into the interaction process. In our model, we adopt
the same way to capture the external item–item and query–query relations and incorporate them
as biases.

2.3 AutoEncoder in Information Retrieval
AutoEncoders have been widely adopted to learn representations of data such as images and texts.
They compress the high-dimension inputs into low-dimension dense embeddings by encoders
and design decoders to perform the reconstruction. Recently, this idea has been applied to IR [21,
26] to learn better representations of documents. Studies have shown that a shallow decoder can
improve the performance of the encoder by verifying whether the dense encoded representations
contain enough information and the limited parameters in the decoder can prevent the overfitting
problem. For example, SEED-Encoder [26] designed an auxiliary non-fully connected transformer
decoder with three layers to support the full-size 12-layer transformer encoder. In the search
scenario, we can consider the user behavior histories as sequences of web sites or items visited,
which is similar to considering document contents as sequences of terms. So, it becomes natural to
exploit AutoEncoder for personalized product search. In our model, we use two weak and shallow
decoders based on RNN and Multi-Layer Perceptron (MLP) to decode the user histories and
global relations between items to improve the performance of the user encoder.

3 The BATA Model
As mentioned earlier, most of the approaches in sequential personalized product search focus
on current sequences and ignore the out-of-sequence relationships between items (e.g., items
belonging to the same brand). The dependencies between historical queries are also overlooked in
most models. Besides, the design based on encoder-only architecture makes it difficult to guarantee
that the important input information is correctly encoded in the encoding process. To solve
these problems, we propose the BATA model, which incorporates these external item–item and
query–query relationships as attention biases into a transformer-based user encoder. We also design
two decoders to provide auxiliary signals for user encoders and augment user profiles.

3.1 Overview
We start with the problem formulation. Given the user u, the current query @2 , and the candidate
item i, we need to grade the item i with score ( (8 |D, @2 ) to rank the item for user u. We assume
that there is a sequence of historical queries & = [@1, · · · , @<] issued by user u and a sequence
of historical items � = [81, · · · , 8<] purchased by user u. Notice that we assume the lengths of
historical queries and historical items are the same, which means users interacted with one product
under each query. However, if users interact with multiple ones under one certain query, we can
repeat this query to align the number of products and to make these two sequences consistent.
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For simplicity, we assume that the length of all users’ histories equals m. Shorter sequences are
padded, while longer sequences are truncated, to fit them into the required length.

First, we project the item and word1 IDs into dense representations. To initially encode the
item–item relations in our model, we first utilize the relationships among users and items in the
datasets to build a global KG and employ a KG model to initialize item and word embedding
tables. Then, we apply the generative language model to further optimize them through the text
information of reviews following existing approaches for query–item matching. It aims to use the
items’ embeddings to generate each word’s embedding in their descriptions and reviews. For user
representations, attention-based models have shown effectiveness in capturing sequential features
in many areas [7, 10, 35]; therefore, we apply the transformer model to build user interests based on
their histories. Furthermore, as we mentioned in Section 1, relations among purchased items and
semantic similarities among historical queries can provide additional knowledge for constructing
user profiles. Therefore, we design a transformer-based user encoder in which attention is biased
by these item–item and query–query relations. However, while this external knowledge along with
the input features is provided to the transformer encoder, they may not be well-captured by the
module without extra guidance. To ensure that the important item features are well captured by the
user encoder, following the principle of AutoEncoder, we further introduce auxiliary sequence and
graph decoders to reconstruct the input data and item relations from the output user embedding
and contextualized item representations. Finally, we can score the candidate items based on their
matching scores with the query and the user and personalized features. To optimize our model, we
design four losses to tune parameters:

—Generative language model loss !gl: it aims to jointly tune product and word embeddings for
query–item matching;

—Sequence and graph decoder losses !sd and !gd: they evaluate the informativeness of user
encoders;

—Personalized product search loss !ps: it maximizes the similarities between user profiles and
ground truth items.

The overall structure of the proposed model is shown in Figure 2. In the following parts, we will
describe the details of different modules in BATA.

3.2 Product andQuery Representation
First, we create two global embedding tables for items and words following the most personalized
product search approaches. As we mentioned before, we first construct a KG to initialize the
embedding tables to incorporate global item relations. Following previous KG-centric methods
[2, 4] which suggests that including rich relations can yield better performances, we include five
types of entities in our KG: users, items, words, brands, and categories. Seven types of relationships
are included:

—Write: Word w is occurred under the review for item i (8 → F ) or is written by user u (D → F ).
— Is_brand : Item i belongs to brand b (8 → 1).
— Is_category: Item i belongs to category c (8 → 2).
—Also_bought : Items 81 and 82 have been purchased by the same user(s) (81 → 82).
—Bought_together : Items 81 and 82 have been purchased under the single transaction (81 → 82).
—Also_viewed : Items 81 and 82 have been viewed by the same user(s) (81 → 82).
—Search&Purchase: User u issues a query q and then purchases an item i (D + @ → 8).

1The word means the terms in user queries, product descriptions, and product reviews.
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Fig. 2. The main structure of BATA model for personalized product search.

All these relations are originally included in the metadata of the experiment datasets. For
the construction process, we first add all entities in datasets into the graph. Then, we add the
corresponding relations between entities if they exist in the datasets. Specifically, the first six types
excluding Search&Purchase are static relations, which means they can be modeled into a certain
embedding in spite of the head and tail entity in the KG. However, the Search&Purchase is included
to model the purchase behaviors between a user u and an item i with a dynamic query q, thus the
relation embedding should be dynamic according to the contents of the query q. Specifically, it
adopts the query embedding in Equation (2) as the relation representation. To build embeddings for
these relations and entities, we use TransE [9]-based model DREM [4] to acquire the knowledge
embeddings of words and products.

To align items with users’ queries, we need to link these two embeddings together. Similar to
existing approaches [1, 3, 7], we assume that the embeddings of items should be able to generate the
words related to them, e.g., the reviews. Therefore, we can maximize the likelihood of generating
review words of all purchased items including historical ones to bridge the gap between embeddings
of words and items. The generative language modeling loss is defined as follows:

!gl = −
∑

purchased item 8

log
∑
F∈'8

exp(w> · i)∑
F′∈V exp(w′> · i) , (1)

wherew and i are the embeddings of word w and item i by embedding look-up, V is the whole
vocabulary in corpus, and '8 is the reviews of product i. Notice that due to the large vocabulary,
we adopt a negative sampling technique to accelerate the computation.

For query embedding, following existing approaches [1, 4, 7], we adopt a learnable non-linear
function to project the average query word embedding. For example, for the current query @2 , its
representation is calculated by:

q2 = tanh(, ·
∑
F∈@2 w

|@2 |
+ 1). (2)

In this manner, we can build the sequences of historical item and query embeddings for the
subsequent user encoder module as follows:

W = [q2 , q<, · · · , q 9 , · · · , q1], (3)
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O = [ icls, i<, · · · , i 9 , · · · , i1], (4)

where q 9 , i 9 is the corresponding embedding of query@ 9 and item 8 9 . Notice that the above sequences
are in reverse order. We insert the current query embedding q2 and a special embedding icls2 at the
beginning of the sequences. For convenience of description, we may use W, O instead of q, i in the
following parts, where W0 = q2 ,W: = q<−:+1 (1 ≤ : ≤ <) and O0 = icls, O: = i<−:+1 (1 ≤ : ≤ <).

3.3 User Encoder Module
To model user interests, we choose to build user profiles from her historical behaviors following
sequential approaches. We assume that a user’s profile is reflected by the items she purchased in
the past. We leverage the transformer encoder and feed historical item embedding sequence I into
it to model interactions and build the final user profile. We have:

Õ = TrmL (O ) = Trm(Trm(· · ·︸           ︷︷           ︸
!

(O ))), (5)

where TrmL is a L-layer transformer encoder and Õ denotes the contextualized output embeddings.
The transformer encoder layer Trm is defined as follows:

Trm(O ) = LN(^ + FFN(^ )), (6)

^ = LN(O + SA(O )), (7)

SA(O ) = Attn(,& O ,,  O ,,+ O ), (8)

Attn(&, ,+ ) = softmax

(
& >
√
3

)
+ , (9)

where SA, LN, and FFN denote the self-attention network, layer normalization, and feed-forward
network, respectively. Attn(&, ,+ ) is the attention, we use the multihead technique but omit it
here to simplify the description.

The special token icls we concatenated at the beginning of item sequence I is intended to capture
the next item the user would buy. Its corresponding contextualized output reflects both the current
intent and the historical behaviors. We use this representation as the user profile embedding, i.e,

u = Õ0 . (10)

The above user profile does not reflect only the user’s long-term interests, as in most previous work.
Instead, it reflects the user’s interest at a specific moment. We can rely more on it to determine the
next item.

However, the above user profile is only built on interactions with historical items, which is
prone to noisy purchase behaviors. Although item–item relationships have been encoded into
the initial knowledge embeddings, these representations remain too generic to effectively capture
specific user interests, as the KG is constructed based on global relations across all entities. A
more promising way is to localize these global item–item relations to guide profile construction. In
addition, KG is often unable to capture query–query relations. To address this issue, we further
introduce an attention bias term into the transformer to leverage these external references for
better sequential modeling. Finally, the bias is composed of global item relations and history query

2Implemented as zero vector in our model.
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dependencies related to the current sequence. The modification is made to the attention mechanism
in the transformer encoder. Specifically, we change the original Attn() equation to:

BiasAttn(&, ,+ ,") = softmax

(
& >
√
3

+"
)
+ , (11)

where M is the bias matrix built from the external information. In this manner, we expect that the
biased attention transformer can absorb the prior knowledge contained in M [22]. We will discuss
how we build this bias term for personalized product search in the following sections.

3.3.1 Global Item Relation Bias. As we discussed before, the relations among items can pilot
and benefit the user profile building. These out-of-sequence item–item relations have been encoded
into item embeddings through KG embedding initially. However, as the built KG is composed
of relations among all items, the proximity between items in the current user’s history has not
been emphasized. Thus, we need to zoom into the current sequences to effectively capture the
potential of global item relationships. For instance, if two products with historical interaction
records have been co-purchased previously or share the same brand affiliation, they should exhibit
higher correlation strength and more significant interaction weights compared to other product
pairs. To better embrace these global relations for guiding the user profile building, we choose to
embed the proximity between current items into attention bias to provide prior knowledge for
integration in the transformer encoder. We build an item–attribute graph to measure the proximity
between current items. In the graph, there are three kinds of nodes: item, brand, and category, and
three kinds of edges:

— Is_brand : One item belongs to one brand.
— Is_category: One item belongs to one category.
— Is_related product : Two items are related products. Their relations could be “also bought,” “also
viewed,” or “bought together.”

An example of an item–attribute graph is shown in the right-middle part of Figure 2.The distances
between items in such a graph can represent the out-of-sequence proximity among products. Since
the item relation graph only includes limited attributes and items as nodes and limited relations as
edges, the distances between items can be meaningful. The distance 1 between item pairs infers
they may be bought or viewed together, which implies a strong relation. The distance 2 between
item pairs infers they may belong to the same categories or brands, which may suggest they have
some common features but are not as strong as the previous one. Item pairs with distance 3 are
less co-related.

The following distance matrix bias is defined to represent the item–item relations:

"�
9:

=

{distance(8<− 9+1, 8<−:+1) ( 9, : ≠ 0)
0 ( 9 = 0 or : = 0) , (12)

Notice that because we reverse the history list and attach the current search behavior to the
beginning of it in Equation (3), we reverse the indexes and fill the first row and column with zero
in the distance matrix.

Due to the large number of nodes in the graph, it is too expensive to compute the exact shortest
distance between every item pair. The time complexity of the Floyd algorithm is $ ( |V|3), which
is slow and unacceptable in larger datasets. However, since we only want to leverage closer item
pairs to better guide user interest profiling, we can ignore item pairs with far distances. Specifically,
we accelerate the computation of "�

9:
by only calculating the distance between items less than a
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threshold gval and approximately set the distances of all the rest item pairs with a larger value gpad.
The details of distance calculation can be found in Algorithm 1 in Section 4.2.3.

3.3.2 Historical Query Dependency Bias. In addition to the item–item relations, the historical
query sequence can also help infer user historical intents. For example, if the current query is
“computer,” items under query “cellphone” should receive more attention than items under query
“cloth.” Besides, items with similar queries should be grouped to strengthen user interest in the
specific intent behind these similar queries.

To accomplish this, some existing approaches [35] add the query representations to the item
embeddings as the position and segment embeddings added in BERT [14]. However, different
from the web search scenario, in personalized product search, there are acute language mismatch
issues [3, 19] between queries and product reviews. For example, a user may search with the
word “cellphone” but write reviews about the screen or battery of the cellphone she purchased.
Therefore, the semantic meanings behind the embeddings of products derived from reviews can
be different from those of queries. It is thus sub-optimal to directly fuse them. This is confirmed
in our preliminary experiments (in our ablation study in Section 5.2), even though we tried to
project the query representations into product spaces via non-linear functions. Thus, we propose to
disentangle the representation between products and queries instead of mixing them up. However,
in datasets with lower query-product semantic discrepancy, directly adding them together can
yield achieve competitive performance.

Thus, we build a query similarity matrix to model their relations and regard it as a part of the
attention bias term to guide the interactions between item embeddings. In this way, we maintain the
query dependencies as references for item aggregations without explicitly mixing representations
of queries and items together. To obtain this query dependency matrix"& , we adopt the cosine
similarity distance and leave more complex ways for future work:

"
&

9:
= W>

9 · W: · (‖W 9 ‖ · ‖W: ‖)−1. (13)

These two relationship matrices in Equations (12) and (13) can be regarded as external references
to provide prior knowledge of item interactions and profile building. We add them together as
attention bias terms. Notice that the monotonicities of these two matrices and scales of values
are different: "& is a similarity matrix with values ranging in [−1, 1], while "� is a distance or
dissimilarity matrix with non-negative values. We learn a negative coefficient a for "� during
training to make them consistent:

" = "& + 0"� + 1 (0 < 0). (14)

Finally, we feed the history item sequence into the biased attention transformer encoder to obtain
contextualized item embedding sequence �̃ and user profile u as follows:

Õ = BiasTrmL (O , "), u = Õ0, (15)

BiasTrm(O , ") = LN(^ + FFN(^ )), (16)

^ = LN(O + BiasSA(O , ")), (17)

BiasSA(O , ") = BiasAttn(,& O ,,  O ,,+ O , "). (18)

So far, we have built the sequential user profile by leveraging external item–item and query–query
relations. However, as the transformer encoder is stacked with L attention layers, the knowledge
in original input sequences and attention bias introduced may vanish during propagation. The
extent to which the information input to the encoder is encoded into the user embedding remains
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quantitatively uncharacterized. To force the model to sufficiently encode the input information, we
design two decoders to decode sequence-based and graph-based encoder input, respectively.

3.4 Sequence Decoder Module
As we discussed before, the absence of decoders in the current approaches to personalized search
does not guarantee that important information in the input has been encoded.The sequence decoder
aims to reconstruct the original item sequence from the built user profile to ensure the encoder
captures important features in the input sequence. Specifically, we leverage the built user profile
embedding in Equation (10) as input to decode the item embedding of user histories in a step-by-step
manner. We adopt an auto-regressive loss for decoding the original user sequence:

!sd = −
1∑

:=<

log % (8: |8:+1:< ; u). (19)

Notice that as we reversed the original purchasing item list, the decoding process is also reversed
(from the last purchased product to the first one). The probability of decoding the ground-truth
item 8: is estimated as:

% (8: |8:+1:< ; u) =
exp( i>

:
· î: )∑

8′∈I exp( i′> · î: )
, (20)

where î: is the predicted item embedding by the sequence decoder and I is the item corpus.
Similarly, we adopt negative sampling for higher efficiency due to a large number of products. To
generate more difficult negative samples for the decoder, we also add items at other positions in
user sequences as hard negatives. This is used to supplement the randomly sampled negatives.

In this paradigm, we need to devise a decoder to rebuild the historical item list step by step. It
has been shown [26] that a shallow decoder can benefit the encoder. Therefore, we design a simple
RNN-based decoder to improve the transformer-based encoder. The predicted item embedding
is obtained through GRU [12] cell fed with the hidden vector h:+1 and the last predicted item
embedding î:+1:

h: = GRUcell(h:+1, î:+1), î: =, sdh: + 1sd, (21)

where, sd, 1sd are trainable parameters. We set h<+1 = u and î<+1 = icls to initialize the decoding
process. With the requirement of rebuilding the historical item sequences from the user profile, it
is expected that the former is encoded into the latter.

3.5 Graph Decoder Module
The sequential decoder incorporated in our model enables the injection of sequential signals,
including historical items, into the encoding process. We also maintain an item–attribute graph
that encodes global proximity metrics between items through structural distance measures. To
enforce the encoder to incorporate such global information, we employ a graph decoder to predict
the pairwise item distances, i.e."� in Equation (12), based on the contextualized item embeddings
after interactions in the transformer. We concatenate the first-order and second-order interaction
features to predict the distance for item pairs, i.e.,:

"̂�
9:

= MLP([Õ 9 ; Õ: ; Õ 9 · Õ: ]), (22)

where "̂�
9:

is the predicted distances in the item–attribute graph between historical item 8<− 9+1 and
8<−:+1. Accordingly, the graph decoder loss is defined as the MSE loss between the ground-truth
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item distance matrix and the predicted one:

!gd =
∑

1≤ 9≤:≤<
("̂�

9:
−"�

9:
)2 . (23)

Designing this item distance prediction task, together with the introduced attention bias, the
model can better leverage the global item relations related to current sequences into the generated
user representations.

We need to further state that both the sequence decoder module and the graph decoder module
will not be applied during inference time and there is no information leakage problem. These
modules serve as the autoencoder structure in our BATA model which aims to guarantee the user
encoder module indeed memorizes and utilizes the given information.

3.6 Personalized Ranker Module
Having built the reliable and informative user profile vector u, we can calculate the matching
score between a user and an item i. This would lead to a personalized product search. However,
this personalization is query-independent, i.e., it is the same for any submitted query. To make a
query-specific search, we also need to measure the similarity between query @2 and item i as an ad
hoc matching score. So, the matching score combines both user–item and query–item scores as
follows:

(mat (8 |D, @2 ) = _ × u> i + (1 − _) × q>c i, (24)

where _ is initialized as 0.5 and tuned in the training process.
Besides the matching scores, we can also assess the personalization of scoring item i through its

distances to historical items I. We denote this distance vector asJ in whichJ 9 = distance(8, 8 9 ). This
distance vector J can also be regarded as a simple version of Short- and Long-Term Behavior
(SLTB) features [6] under the personalized web search scenario, which aims to represent the
similarities between current candidates and historical clicked/purchased ones. Thus, the feature
score in the personalized product search situation can also be calculated through an MLP layer in
the same way as SLTB:

( fea (8 |D, @2 ) = MLP(J). (25)

Finally, the final ranking score ( (8 |D, @2 ) for item i is determined by combining the two scores in
Equations (24) and (25):

( (8 |D, @2 ) = MLP( [(mat (8 |D, @2 ); ( fea (8 |D, @2 )]). (26)

Following previous approaches, we optimize the personalized product search task by maximizing
the probability of the ground-truth purchase triplet 〈8, D, @〉, which means that item i is purchased
under the query q issued by user u. The personalized product search loss is calculated as:

!ps = −
∑
〈8,D,@〉

log
exp(( (8 |D, @2 ))∑

8′∈I exp(( (8′ |D, @2 ))
. (27)

Similar to the generative language modeling loss !gl in Equation (1) and sequence decoder loss
!sd in Equation (19), we use negative sampling. Finally, we add all four losses together:

! = !ps + !gl + U!sd + V!gd, (28)

where U and V are hyper-parameters to balance the weight of two decoding losses.
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Table 1. Statistics of the Datasets

Dataset #Users #Items #Categories #Brands #Interactions

Cell Phones and Accessories 27,879 10,429 206 955 194,439
Clothing, Shoes, and Jewellery 39,387 23,033 1,193 1,182 278,677
Sports and Outdoors 35,598 18,357 1,443 2,412 63,001
Electronics 192,403 63,001 983 3,525 1,689,188
JDsearch Dataset 173,831 12,872,636 76 182,585 26,667,260

4 Experimental Setup
4.1 Datasets
In our experiments, we collect two types of datasets to evaluate the performance of models: the sim-
ulated Amazon datasets3 and the JDsearch dataset4 [23] collecting real user search logs.The statistics
of datasets are shown in Table 1. We will introduce the details of the datasets in the following part.

4.2 Amazon Datasets
4.2.1 Dataset Collection. Following previous studies [1–4, 7], we first use the public Amazon

5-core datasets to conduct experiments, which filter long-tail products and users with less than
five interactions. As the dataset is initially designed as a recommendation dataset without queries,
we need to create queries for products to simulate the search scenario. Following previous work
[1–4, 7], we concatenate the words in the category list of products and remove the duplicated words
and stopwords to construct the pseudo queries for products. For example, if the category list of
one product is [Electronics, Camera, Camera Lenses], the constructed query would be “Electronics
Camera Lenses.” We conduct our experiments on four categories among all Amazon datasets: Cell
Phones and Accessories, Clothing, Shoes and Jewellery, Sports and Outdoors, and Electronics.

4.2.2 Evaluation. To evaluate the performance of models, we split the Amazon dataset into the
training set, validation set, and test set according to the ratio 0.8:0.1:0.1 in chronological order to
ensure there is no data leakage in training. To construct the queries of current purchasing behaviors,
we distribute the pseudo queries of each item to the training set and the test set according to the
ratio 0.7:0.3. This guarantees that no valid or test query has been seen and memorized by the model
during the training process. The test set and the validation set share the same query corpus. If
all queries about one item are in the test set, we will move one of the random queries back to
the training set so that all products have at least one query seen in the training process. For the
queries of historical items, we randomly choose one of the pseudo queries to put into the historical
sequence. We use Mean Reciprocal Rank (MRR) , Normalized Discounted Cumulative Gain
(NDCG)@10, and Precision@1 as evaluation metrics.

4.2.3 Implementation Details. We set the length m of all user histories as 20. We set the embed-
ding dimension of all models as 128 and train them for 20 epochs. For the knowledge embedding
initialization in Section 3.2, we directly use the DREM’s embeddings of items and words as DREM
can be regarded as a modified translation-based knowledge embedding method. For our BATA
model, we choose the coefficient U, V of the sequence decoder and the graph decoder in {0.1, 0.3,
0.5}. We choose the learning rate from {0.0005, 0.001, 0.003}. The number of transformer layers is
chosen from {1, 2}, and the number of attention heads is set to 8. We use the original settings for

3http://jmcauley.ucsd.edu/data/amazon/.
4https://github.com/rucliujn/JDsearch.
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Algorithm 1: Distance Calculation in Item–Attribute Graph

position embedding in the transformer to encode order information. For all negative sampling in
our model, we randomly choose five negative samples in the uniform distribution over the corpus.
To construct the item–attribute graph, we utilize the metadata of products to build edges between
nodes. The distance threshold gval is set to 3 and gpad is chosen from {4, 5}.

To measure the distances in the graph, we visit the edges and the neighbors of their corresponding
nodes to avoid loops on nodes in algorithms such as Floyd. The algorithm is shown in Algorithm 1
and its time complexity is $ ( |E |3̄2) compared with the Floyd’s $ ( |V|3), where 3̄ is the average
degree of nodes.

4.3 JDsearch Dataset
4.3.1 Dataset Collection. Different from the stimulated scenario, in real situations, users may

issue a variety of queries based on the different attributes such as titles, brands, and categories to
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search products. The simple pseudo query generation process in the Amazon datasets cannot mimic
the real search behaviors well. Besides, the Amazon sub-category dataset has also been cleaned by
excluding long-tail products from user history and keeping only the products that belong to one
single category. This is different from the real situation where diverse and sparse user behaviors
are common. Therefore, we use the JDsearch dataset [23], which collects real user queries and has
no restrictions on products or users, to conduct our experiments to test the approaches in a more
realistic situation. Furthermore, from the statistics shown in Table 1, we can find that the JDsearch
dataset is much sparser than the Amazon dataset, which is more challenging for models.

4.3.2 Evaluation. We use the test queries and their candidate products in the JDsearch dataset
as the test set and utilize their behavior histories as the training set. Specifically, the queries and
items in the test set are exactly the last issued and interacted items of each user. Different from the
full ranking strategy in the Amazon datasets consistent with previous approaches [3], we only rank
the candidate products of the test queries in the JDsearch dataset. We also use MRR, NDCG@10,
and Precision@1 as metrics to evaluate the ranking results.

4.3.3 Implementation Details. For privacy reasons, this dataset lacks the review information of
users and products. The textual elements such as queries and product titles in the dataset are also
anonymized and only word IDs are provided. It is challenging to optimize the word embeddings
from the beginning because this dataset is much more sparse than the Amazon datasets. Therefore,
word2vec is used to initialize the word embeddings in models. Additionally, unlike the conditions
in the Amazon datasets, the products in the test set are not guaranteed to be observed during
training, so simply optimizing the product embedding table as existing approaches may cause severe
overfitting. As a result, we derive the product representation by calculating their semantic-based
vectors. Specifically, we compute the product vectors using the similar non-linear function in
Equation (2) based on their titles, brands, and categories. Given the absence of reviews, we remove
the generative language modeling loss for items and users from all models. Thus, in HEM [3],
DREM [4], we directly apply the non-linear function to create user embeddings from all the terms
in their historical interacted items. For KG-based DREM, HGN [2], and our BATA model, as the
JDsearch dataset doesn’t provide us with the relationships between products (such as “bought
together” and “also bought”), so we only take the category and brand information to construct
the item–attribute graph. For the hyper-parameter settings, the settings of models are the same as
the configurations in the Amazon datasets, except that we train the models for 30 epochs and the
length of user histories is set to 50.

4.4 Baselines
We compare several baselines in ad hoc and personalized product search:

(1) Ad Hoc Product Search Method
LSE: LSE [19] is a non-personalized model. It adopts the latent space model to learn the
representation of items.

(2) General Personalized Product Search Methods
HEM: HEM [3] is a latent vector-based personalized model. It builds users’ and items’ vectors
by generative language models on reviews.
DREM: DREM [4] is a KG-based personalized model. It utilizes the metadata of items to

establish a KG between users, items, and several attributes including categories and brands.
(3) Sequential Personalized Product Search Methods

AEM, ZAM : AEM [1] is an attention-based personalized model. It aggregates the user’s
historical interacted items with the current query to construct a query-specific user profile.
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Table 2. Overall Performances on the Amazon Datasets

Amazon Dataset

Model Cell Phones and Accessories Clothing, Shoes and Jewelry Sports and Outdoors Electronics

MRR NDCG Prec MRR NDCG Prec MRR NDCG Prec MRR NDCG Prec

Non-Personalized Product Search Method

LSE 0.013 0.011 0.002 0.007 0.008 0.003 0.007 0.006 0.002 0.030 0.041 0.001

General Personalized Product Search Methods

HEM 0.027 0.027 0.014 0.009 0.010 0.005 0.002 0.001 0.001 0.104 0.116 0.047
DREM 0.100 0.106 0.049 0.021 0.023 0.006 0.043 0.043 0.021 0.149 0.155 0.078

Sequential Personalized Product Search Methods

AEM 0.044 0.050 0.021 0.006 0.007 0.002 0.003 0.001 0.001 0.121 0.136 0.078
ZAM 0.049 0.056 0.021 0.005 0.005 0.001 0.008 0.008 0.004 0.135 0.143 0.098
TEM 0.061 0.052 0.038 0.022 0.024 0.008 0.071 0.079 0.032 0.102 0.118 0.056
CoPPS 0.094 0.097 0.042 0.027 0.030 0.012 0.073 0.084 0.034 0.128 0.137 0.066
HGN 0.092 0.108 0.033 0.030 0.033 0.014 0.073 0.078 0.028 0.140 0.152 0.073

Our Methods

BATA-v 0.100 0.116 0.049 0.033 † 0.038 † 0.013 0.075 † 0.089† 0.038 † 0.160 † 0.166 † 0.117 †

BATA 0.137† 0.164† 0.061† 0.038† 0.043† 0.016† 0.081† 0.089† 0.042† 0.171† 0.189† 0.120†

The best and the second results are denoted in bold and underlined fonts, respectively.
†Indicates the model outperforms all baselines significantly with paired t-test at p < 0.05 level.

ZAM improves AEM by concatenating a zero vector to the item list to adjust the extent of
conducting personalization.
TEM : TEM [7] is a transformer-based personalized model. It directly concatenates the

current query at the end of purchased item lists of users and feeds them into the transformer
to capture user profiles.
CoPPS: CoPPS [13] is a transformer-based personalized model. It proposes several con-

trastive learning tasks to improve the transformer-based model’s performance. The original
CoPPS utilizes fine-grained product term representations to build user profiles, which is
slow and inefficient. For a fair comparison, we use the TEM model as the backbone model in
CoPPs in our experiments.
HGN: HGN [2] integrates DREM and ZAM models. It uses the relations in KG to boost the

representations of products and users.
BATA-v, BATA: These are our models. In BATA-v (BATA-vanilla), we initialize the embed-

dings with random values, while in BATA, we initialize them by the KG representations in
Section 3.2.

5 Experimental Results
We present the overall results in Section 5. To verify the effectiveness of each module in the
BATA model, we perform an ablation study in Section 5.2 and a knowledge initialization study in
Section 5.3. We analyze the decoders in the BATA model in Section 5.4. Finally, we conduct a case
study of the biased attention in Section 5.6.

5.1 Overall Results
The overall results are shown in Tables 2 and 3. We can see that the performances on the Amazon
datasets and commercial dataset show different patterns. So we will analyze them separately.
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Table 3. Overall Performances on the JDsearch Dataset

Model JDsearch Dataset

MRR NDCG Prec

Non-Personalized Product Search Method

LSE 0.177 0.172 0.072

General Personalized Product Search Methods

HEM 0.196 0.191 0.085
DREM 0.165 0.158 0.063

Sequential Personalized Product Search Methods

AEM 0.197 0.192 0.085
ZAM 0.197 0.192 0.085
TEM 0.223 0.219 0.105
CoPPS 0.225 0.220 0.108
HGN 0.166 0.159 0.063

Our Methods

BATA-v 0.230† 0.220 0.120†
BATA 0.215 0.206 0.108

The best and the second results are denoted in bold and underlined fonts, respectively. †Indicates the
model outperforms all baselines significantly with paired t-test at p < 0.05 level.

(1) On the Amazon dataset, compared with both the general and the sequential personalized product
search models, our BATA model achieves significant improvements. BATA-v model has absolute
improvements of 1.0%/1.9%, 1.5%/0.8%, 4.6%/0.5%, and 1.1%/2.9%, respectively, on four datasets in
terms of NDCG over DREM/CoPPS model. The improvements over general models indicate that our
approach is able to focus on the historical items related to current queries, resulting in more accurate
user profiles than the general profiles for specific user intents. The comparisons between BATA-v
and CoPPS models demonstrate that the prior bias term introduced in the attention provides useful
guidance for item interactions and profile building. Combining these extra signals, our model can
incorporate the out-of-item-sequence dependencies with original sequences. Besides, the designed
decoders can ensure that the input information is incorporated into the user encoding.

The absolute improvements of our BATA model in terms of NDCG over the HGN model are
5.8%, 1.0%, 1.1%, and 3.7%, respectively, on four datasets. HGN model upgrades the ZAM model
by enhancing the historical sequences with attributes of products such as brands and categories.
These findings demonstrate the inferiority of the simple ensemble method for integrating general
and sequential models in HGN. Besides utilizing the global KG to improve the representations of
users and products, we also need to leverage external information such as relations in KGs to guide
the combination of user history to better represent user preferences.

By initializing the input with KG embeddings, the overall performances of BATA are improved
compared with BATA-v. It indicates that the pre-trained knowledge embeddings considering the
rich relations between products in Amazon datasets can provide useful prior information for model
training. These results show a promising knowledge initialization pipeline for training personalized
product search models.
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(2) On the JDsearch dataset, our BATA-v model brings improvements over existing models. We can
observe that the BATA-v model outperforms all baselines, which verifies the effectiveness of our
model under real scenarios. Different from Amazon datasets, the real queries in the JDsearch dataset
can better represent user intents. As previous models ignore these queries to directly aggregate
the user histories and conduct personalization, they may introduce noisy and irrelevant history
behaviors into user profiles. However, our model can explicitly capture the query dependencies
through the query dependency bias. Therefore, it can pay more attention to the historical products
more related to current user intents and construct a more accurate user profile.

Besides, different from that of Amazon datasets, the KG-based models including DREM and HGN
achieve lower results.The inconsistency is primarily due to the different richness levels of item–item
relationships in the two datasets. In Amazon datasets, there exist adequate item–item relationships
such as “bought together” and “also view” and review information, the KG representations trained
on these datasets are effective. Therefore, they can helpfully initialize the representation of product
and word embeddings, which yields better results of BATA. However, due to the sparse item–item
relationships and absence of review in the JDsearch dataset, the quality of the KG representations is
low. Besides, KG models also ignore query–query similarities in user sequences and most relations
are query-independent. This makes the DREM and HGN models perform badly. This also leads to
the poor performance of the knowledge initialization BATA model. For the performances of the
CoPPS model, since the training data in the JDsearch dataset is more sufficient, contrastive learning
based pre-training doesn’t bring too much improvement.

5.2 Ablation Study
In this section, we conduct an ablation study to verify the impact of modules. We use BATA-v as
the backbone to avoid the knowledge initialization impact. The ablation models include:

w/o. Global Relation (GR) and w/o. Query Dependency (QD). We remove the distance matrix "�

between items in the item–attribute graph and the query similarity matrix"& from the attention
bias term respectively.

w/o. QD + Add Query Embedding (AQ). Based on the w/o. QD model, we add the historical query
embedding Q to the historical item embedding I as the input embedding to the user encoder.
w/o. Sequence Decoder (SD) and w/o. Graph Decoder (GD). We remove the sequence decoder

module and graph decoder module respectively from our model.
The results of the ablation study are shown in Table 4. We find that removing the sequence

decoder (w/o. SD) causes the slightest (or even no) performance drop among all ablations.The reason
may be that the sequential information is fed directly into the encoder and is easy to reconstruct.
From the ablation results on the JDsearch dataset, we can find that the improvements of our model
mainly originate from the query dependency QD. Compared with the Amazon datasets, the real
user queries in the JDsearch dataset can provide more useful information for user modeling. The
QD module can provide external information about which part of history is relevant to the current
user query. The efficacy of the QD module can also confirm our hypothesis in the analysis of
performances on the JDsearch dataset in Section 5. However, since the pseudo queries in Amazon
datasets are constructed from the category lists of items and may be already modeled into item
embeddings, the improvements caused by QD module are not as significant as those on the JDsearch
dataset. Further, the graph decoder module GD offers additional self-supervision signals for product
embedding fine-tuning on the JDsearch dataset. Different from the conclusion on the JDsearch
dataset, the global relations GR among items in the encoder in the BATA-v model contribute the
most improvement on Amazon datasets, as there are richer product–product relations compared
with those of the JDsearch dataset. In model w/o. QD + AQ, we can observe that simply adding the
item embeddings and query embeddings together is worse than the disentangling strategy adopted
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Table 4. Performance of Ablation Models in NDCG

Model Cellphones Clothing Sports Electronics JDsearch

BATA-v 0.116 0.038 0.089 0.166 0.220

w/o GR 0.045 0.027 0.068 0.112 0.219
w/o QD 0.086 0.029 0.068 0.161 0.183
w/o SD 0.106 0.035 0.083 0.168 0.219
w/o GD 0.057 0.029 0.071 0.151 0.213
w/o QD+AQ 0.085 0.028 0.058 0.154 0.232

The best and the second results are denoted in bold and underlined fonts, respectively.

in our model on Amazon simulated datasets. These results confirm that directly mixing up two
heterogeneous embeddings is a sub-optimal solution as we mentioned in Section 3. Specifically,
item embedding is calculated through one embedding table while query embedding is built from
word embeddings. However, because the query and product embeddings are both semantic-based
embeddings derived from the word vectors in the implementation and are homogeneous on the
JDsearch dataset, simply adding them together may better integrate information. Therefore, the
results of this ablation model on the JDsearch dataset are higher than the original BATA-v model.

5.3 Ablation Study with Knowledge Initialization
From the results of overall experiments and ablation study, we can conclude the main improvements
of the BATA model on Amazon datasets originate from the introduced global relations between
items in the dense KG. We introduce them in three different ways:

—Initializing embeddings by the KG model.
—Measuring the distances in the item–attribute graph as attention bias.
—Devising the knowledge decoder to rebuild the distance matrix.

To further investigate how these global relations between items benefit our model, we conduct
an additional ablation study of the knowledge initialization model BATA. These ablation models
include:

BATA w/o. (GR) and BATA w/o. (QD): We remove these two parts but retain the knowledge
initialization.
KE + TEM : We initialize the embeddings of products and words with knowledge embeddings in
TEM as the BATA model does in Section 3.2. This method can be regarded as a naive version of
the BATA model without attention bias and devised two decoders.

The results are shown in Table 5. First, we can see that both the global relation matrix "�

in Equation (12) and the graph decoder benefit the performance even if the global item–item
relations have been modeled through KG previously. Removing them, the information in pre-
trained embeddings cannot focus on the current sequences and will soon vanish during the training
process. We need to introduce them to guide the aggregation process to boost user profiling.
Second, our BATA model achieves better or comparable performances to the naive KE+TEM model.
These results further infer the introduced modules are useful and beneficial for performance as
supplementary support to the ablation studies in Section 5.2. The comparable results on Clothing,
Shoes and Jewellery may be due to both the small scale of the datasets compared with Electronics
and the sparse item relations (only 28.1% item pairs’ distances are lower than gval) in it. The small
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Table 5. Performance of the Knowledge Initialized Ablation Models in NDCG on the Amazon
Datasets

Cellphones Clothing Sports Electronics

BATA 0.164 0.043 0.089 0.189

w/o GR 0.152 0.033 0.061 0.170
w/o GD 0.126 0.034 0.065 0.180
KE+TEM 0.131 0.043 0.082 0.148

Relation Sparsity 71.3% 28.1% 32.8% 18.4%

The relation sparsity means the percentage of item pairs whose distances are lower than gVal.
The best and the second results are denoted in bold and underlined fonts, respectively.

size and rates give the KG model a chance to memorize all relations exactly and can easily transfer
to current sequences without information loss.

5.4 Analysis of Decoders
In this section, we analyze the two auxiliary decoders in our model. We show the learning curves
of losses in the training process in Figure 3. We can see similar general trends of personalized
product search loss !ps and two decoding losses !gd and !sd. This indicates that the personalization
product search task and reconstruction task are not incompatible with each other. Moreover, after
the personalization loss !ps converges, the two decoding losses keep going down. These results
confirm that decoding tasks can provide additional self-supervised signals as a supplement to the
sparse personalization label for better training. Further, we show a decoding case in the test set in
Figure 4. We can see that the decoded distance matrix is very similar to the ground truth distance.
This result shows that our model has the ability to retain the external prior knowledge about global
relations.

5.5 Complexity Analysis
In this section, we discuss both the time and space complexity of the proposed BATA model.
Compared with previous personalized product search models such as TEM, the main additional
modules of the BATA model are two auxiliary decoders and the attention bias term.

First, the two auxiliary decoders only participate in the model training and don’t bring any
additional computational costs in the inference. These two modules also only utilize the information
that is already encoded in the main biased attention-based user encoder module without extra
processing during training.

Second, for the attention bias term part, since we can previously calculate the relationship
between items (not requiring running-time calculation and update) during both the training
and inference process, the global item relation bias term "� also doesn’t introduce additional
training computations. The computation costs of historical query dependency bias"& are similar
to those of original attention matrix computation and these two matrices can be calculated in
parallel. Furthermore, during online serving, since the word embeddings are fixed after training,
the historical query representations are also fixed and can be computed and stored in advance.
We only need to leverage the representations for current queries into the computations of the
historical query dependency bias term"& . Therefore, the inference time complexity of our model
is comparable to the previous transformer-based personalized product search model TEM.
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Fig. 3. The losses in all datasets.

Fig. 4. Decoding case in Cell Phones and Accessories dataset.

For the training complexity, the overall training time on each dataset on 2 10 G Titan V GPUs
is less than 24 hours. We also compare the averaged training time on each step compared with
the TEM model in Table 6. We can infer that the BATA model only has about a 1.2× increase in
training time over the TEM model on Amazon datasets. The relative increase is slightly higher on
the JDsearch dataset which may be caused by the larger size of this dataset as our model needs
to process more information between items. In general, the additional training cost of our BATA
model is applicable compared with previous sequential personalized product search models.

For the space complexity, compared with previous personalized product approaches, the main
additional part is the precalculated item distance, which is relatively small considering the word
and item embedding storage.
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Table 6. Averaged Training Time on Each Step of TEM and BATA

Model Cellphones Clothing Sports Electronics JDsearch

TEM 29.61 s 29.12 s 23.42 s 28.61 s 19.20 s
BATA 36.65 s 34.88 s 28.48 s 32.27 s 29.78 s

Relative Increase 1.23× 1.20× 1.22× 1.13× 1.55×

Fig. 5. An attention heatmap case in Amazon Cell Phones and Accessories dataset. The items include: 81:
Samsung Galaxy S3 Replacement Battery; 82: Sports Gym Jogging Armband for Samsung Galaxy S3 III; 83:
USB Charger for Samsung Galaxy Note; and 84: InvisibleShield for Motorola Droid RAZR.

5.6 Case Study of Attention
In this section, we show a case of attention weights in the TEM model and the BATA-v model on
the same user historical item sequence. The product distance matrix"� , query similarity matrix
"& , and two attention heatmaps are shown in Figure 5. We can observe that the attention weight
distribution in the TEM model is uniform, which implies similar interaction intensities among
all items. However, our BATA-v model can perform stronger interactions among the first three
items (they are all Samsung cellphone accessories), especially between 81 and 82 as they have been
bought together before (their distance in the item–attribute graph is one). While two item pairs
have the same distance in the graph, the BATA-v model can focus on the item pairs with larger
query similarities (e.g.,(83, 82) has a larger attention weight than that of (83, 81)). Therefore, our
model can leverage external item–item and query–query relations to better guide item interaction
and user profiling.

6 Conclusion
In this work, we proposed a sequential personalized product search model that utilizes additional
item–item and query–query relations to guide the user profilemodeling.We employ query similarity
matrices and distances in the item–attribute graph based on metadata to represent these two types
of external information.They are introduced as biases in the attention mechanism in the transformer
encoder. Furthermore, we devise sequence decoders and graph decoders to reconstruct the sequence-
based and graph-based input to force the user encoder to retain important information in user
profile modeling. Experimental results confirm that our model can outperform existing approaches.
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